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Abstract—Answer Extraction is very important component in Statistical Question Answering systems. The goal of Answer 
Extraction is to generate a list of answer candidates to be ranked in the Answer Selection component. We designed hybrid 
approach architecture to increase both precision and binary recall of the answer candidates list without hurting the end-to-end 
system accuracy. The proposed approach is the top of the fruits of three precision-oriented approaches and one recall-oriented 
approach. We delivered a robust design that can be applied to other languages by replacing the current language components 
with targeted language components. 

1 INTRODUCTION 
A common architecture of Question Answering (QA) system consists of three main components. These main components 
are: 1) Question Processing Component whose heart is the question analysisand query generation components, 2) the 
Information Retrieval also called Document Processing or Search component, and 3) the Answer Processing Component 
whose heart is the Answer Extraction and Selection.  Figure 1 shows the pipelined architecture and the interaction of 
these components. 

 
The Question Processing identifies the focus of the question, classifies the question, gets the set of keywords and terms, 
derives the expected answer type, and generates semantically equivalent formulations of the question. The formulation 
set beside a set of keywords, terms are used to generate both expanded and non-expanded queries against the targeted 
information retrieval system.  

 
The Search component uses the generated queries from the previous step to retrieve collections of related documents and 
passages to the queries. QA uses corpus of documents, web corpus, web search engines, knowledge-bases and/or triple 
storages in the Search phase. 

 
The Answer processing is the final component in question answering system. Both answer extraction and selection is the 
effective factor on question answering system for the final results. It is also the most important component because it is 
responsible for delivering the right precise answer to the user. 
 
Answer Extraction is a key component in any Question Answering system and it is the focus of this paper. Answer 
Extraction is the process of extracting candidate answers from documents and passages retrieved by the search 
component. These passages and documents may be web documents, Wikipedia documents, Newswire documents, 
knowledge peace and/or triples. In other words, Answer Extraction is the process of candidate generation [4]. The result 
of Answer Extraction component will be a set of initially scored candidate answers that will be ranked or classified using 
Answer Selection component. 

2 ANSWER EXTRACTION APPROACHES 
There are two types of approaches based on answer type ontology, in another way – the targeted set of questions to be 
answered. 

A. Answer Extraction independent on type ontology 
This approach is very useful in domains where type-based answer extraction and reliable type identification is impossible. 
The scenario where type-independent answer extraction fits is introduced by [6] in developing IBM Watson’s QA system 
that compete against humans in Jeopardy! quiz. [3, 4] proposed a type-independent approach for search and candidate 
generation used in Watson’s QA. They exploited the unique nature of Wikipedia documents and its metadata. The goal of 
this approach is to increase the recall of answer extraction and eliminate the usage of answer type ontology. To apply this 
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idea, they began with the search and applied a three-pronged search strategy (Document Search, Title in Clue (TIC) and 
Passage Search). 
 

 

 
Figure 1: Common Architecture of QA systems 

 
 

 
The next step was Candidate Generation from the retrieved content using Wikipedia metadata. In [4] they proposed dual 
strategies (Title of Document candidate generation and Anchor Text candidate generation). The Title of Document 
candidate generation strategy is effective for retrieved document with title that may be or contain an answer. Anchor Text 
candidate generation extracts the candidate answers using anchor text and redirects metadata from Wikipedia documents. 
The main concept they depend on here is salient concepts are often hyperlinked only in its first occurrence in a Wikipedia 
document. All salient concepts connected to the title of the document contains the retrieved text segment are retrieved. 
All salient concepts present in the text segment are extracted as candidate answers. This approach increases the binary 
recall of candidate generation in both Jeopardy! And TREC data sets. 
 
The same authors of [4] completed their work in Watson’s QA [3] by using extra approach beside the previous ones. 
They used the famous Answer Lookup approach. This approach tries to translate natural language into formal machine 
language (i.e. first order logic or Bayesian logic) then either looked up the answer from a structured knowledge base or  
use it to help in driving other answer using reasoning for known facts. Watson tries to exploit the capability to extract 
some useful relations in the question and convert it into a query against structured sources such as DBpedia [7] and the 
Internet Movie Database (IMDB) [8] and the retrieved results will be candidate answers. This approach increased both 
binary recall and end-to-end system accuracy. 

B. Answer Extraction dependent on type ontology 
This approach is widely used in QA systems due to the fact that if the system knows the expected answer type, this will 
help in getting a list of answer candidates with high precision. High precision will make the job easier for the next step, 
Answer Selection. There are a variety of techniques that depends on type ontology as follows: 

1)  Pattern-based Answer Extraction:  Early QA systems used surface text information such as hand-crafting patterns 
and automatically acquiring surface text patterns [10, 11]. Gonzalez et al. [12] used regular expressions to extract answer 
candidate from the retrieved passages. It applies on Spanish language and they retrieve answer candidates depending on 
answer type. CINDI QA [13] extracts candidate answers from pre-defined lexical patterns and they call it templates. It’s 
almost the same approach. There are a few shortcomings of pattern-based approach. Firstly, manually constructed surface 
patterns usually return a list of candidate answers with good precision and poor recall [9]. Ravichandran et al.[11] tries to 
address this issue by introducing an automatic learning approach for these patterns, but still got low recall. 

These text patterns are collected automatically in an unsupervised fashion using a collection of trivia question and 
answer pairs as seeds. A seed is a sample containing the question term and the correct answer for a given question 
category. Consider the same example of the authors: the term is ‘Mozart’ and the correct answer is ‘1756’, for the 
question category ‘year’. The pair is submitted to a search engine and the top N results containing both terms are used to 
extract a pattern able to match the question term and answer. Those patterns are then generalized, by swapping the 
question term and answer by the <NAME> and <ANSWER> tags, respectively. In this example, patterns like: 

a. born in <ANSWER> , <NAME> 
b. <NAME> was born on <ANSWER> , 
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c. <NAME>( <ANSWER> - 
d. <NAME>( <ANSWER - ) 

could be extracted. The process is repeated with other seed pairs, learning thus more patterns and reining the existing 
ones. After this, new queries are created from the seeds with only the question terms (without the answer this time) and 
the obtained patterns are used to extract the answers. The answers retrieved with the patterns are then compared with the 
expected answer. The ratio of correctly extracted answers becomes the precision of the pattern that originated such 
answer. The values found represent a probability of each pattern to  find the correct answer and are used later to decide 
what candidate answers are returned as the correct ones. 

The problem of low recall is that it is the main cause of bad performance in many pattern-based approaches [14]. To 
solve this problem, [15] combine patterns with other statistical methods. They followed the approach described in [11] to 
extract a set of 22,353 patterns, and then they used a maximum-entropy classifier on a training set that has 4,900 
questions to learn the appropriate weights of these patterns. 

Another problem discussed by [11] is that surface patterns cannot capture long-distance dependencies. This problem 
can be solved by approach proposed by [16]. The approach aims to recover syntactic structures in the answer sentences, 
and enhance the patterns with such linguistic constructs. 

2)  Named Entity-based Answer Extraction:Almost all question answering systems uses named entity (NE) to extract 
candidate answers. The idea is that factoid questions can be classified into several distinctive types, such as “location”, 
“date”, “person”, etc. [9]. Let’s assume that we can recognize the question type correctly, then the potential answer 
candidates can be limited down to a few NE types that correspond to the question type. This will increase the precision of 
answer candidates list and make it easier for answer selection phase. 

For example, if the question is asking for a date, then an answer string that is identified to be a location type named-
entity is not likely to be the correct answer and will be discarded from the very beginning. However, it is important to 
bear in mind that neither question type classification nor NE recognition is perfect in the real world. They still have a lot 
of work because NE classifiers still work on three to seven classes, although question type ontology at least consists of 
50 classes. Therefore, although systems can benefit from having fewer answer candidates to consider, using question 
type and named-entity to rule out answer candidates deterministically [17 - 18] can be harmful when classification and 
recognition errors occur. 

3)  N-grams-based Answer Extraction:  This approach is to get N-grams from retrieved sentences from IR as a 
candidate answers. Deepak et al. 2003 [5] parse each of these sentences and get a set of chunks, where each chunk is a 
node of the parse tree. Each chunk is viewed as a candidate answer. They restrict the number of potential answers to be at 
most 5000. 

Aranea [1, 2] generates all n-grams of terms, from unigrams to tetra-grams, from retrieved passages. These n-grams 
have an initial score, depending from which query they are from, and are considered the candidate answers. 
 
The aforementioned type ontology-dependent approaches – pattern-based answer extraction and named entity-based 
answer extraction – both come from the answer sentence side. The only information we have extracted from the question 
side is the question type, which is used for selecting patterns and NE types for matching. 

3 SYSTEM ARCHITECTURE 
We are motivated to get the advantages of both main approaches form the literature to maximize the binary recall and 
don’t hurt the precision since we are focusing on factoid questions. It’s very important for Answer Extraction and the 
whole QA system to include the correct answer among answer candidates without add more noise that will affect the 
Answer Selection badly. Being large, candidate answers list will make Answer Selection fail to identify the correct final 
answer. So, we proposed a new hybrid Answer Extraction component as shown in Figure 2. 

A. Knowledge-based Answer Extraction component 
As we mentioned later, early QA systems tries to parse a natural language question into useful semantic representation 
that the machine can understand. Although this task is very old, it stills an open problem and no one provide a generic 
solution. This approach has high precision and very low recall but still can find right answers for some question while 
other approaches can’t. The parsed question will be translated into structured query representation against some 
knowledge-bases like DBpedia and IMDB. To construct such structured queries, a semantic relation like first-order logic 
should be extracted as a part of Question Analysis component. In our architecture, we used a pattern-based approach to 
detect some relations for frequent question types with the aid of our hybrid Named Entity Recognition (NER) component. 
This logic will be translated into a query written in a query language supported by the knowledge-base. (i.e. SPARQL). 
For example: consider the question “What is the capital of Syria?” (TREC 11, question number 1447) the question could 
be interpreted into the form “<Syria><capital> ?result” where “<Syria>” and “<capital>” are the resource link for Syria 
entity and capital property in the knowledgebase respectively and “?result” is the expected list of search results. The 
Answer Extraction will use this list and add it to candidate answers set. An example of a question that this component 
succeed to retrieve the correct answer among other candidate answers while other approaches fail is “What lays blue 
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eggs?” (TREC 11, question number 1410). The question could be interpreted into the form 
“?resultEntity<eggcolor><blue>” where “<eggcolor>” is the property name, “<blue>” is a label represents the value of 
that property and “?resultEntity” is the expected list of search results which will contain entities that can lay blue eggs. 
 
 

 
Figure 2: Hybrid Answer Extraction and its dependencies system architecture 

 
 

B. Pattern-based Answer Extraction component 
Our pattern-based approach is a semi-supervised learning approach and flows from Question Analysis component to 
Answer Extraction component. The learning is done in offline step. We will discuss this approach via an example to 
make everything clear. Consider the question “What is the capital city of New Zealand?” (TREC 11, question number 
1530) is our example. We used a set of questions and there answers from TREC to train the system. We expanded this set 
manually to provide more generalization for the form that the question can be asked in and provide some synonyms of 
properties and entities appeared in the original question.  
 
For the above example, a valid set of expanded question could be {“What is the capital of New Zealand?”, “What is New 
Zealand’s capital?”, “What city is the capital of New Zealand?”}. We annotate these questions with the aid of our hybrid 
NER as follows: The Question Analysis component detects entity, property and zero or more context parameters. In our 
example entity will be “New Zealand”, property will be “capital” and there are no context parameters. It will interpreted 
to be “What is the <PROPERTY> of <ENTITY>?”. This analysis will be used in query generation. The generated queries 
will also contain the correct answer (ex: “New Zealand” “capital” “Wellington”) and will be submitted to a web search 
engine to get a set of relative sentences which contains both important question parts and the correct answer.  
 
Consider a sentence “Wellington, the capital city of New Zealand …” will be analyzed and the result will be 
“<ANSWER>, the <PROPERY> of <ENTITY> …”. Another sentence could be “Wellington is the capital city and 
second most populous urban area of New Zealand” will be interpreted into“<ANSWER> is the <PROPERTY> and 
second most populous urban area of <ENTITY>”. A third sentence could be “Wellington - New Zealand’s capital city - 
is also known ….” will be interpreted into “<ANSWER> - <ENTITY>’s <PROPERTY> - is also known ….”. 
We can then learn the pattern(s) from these interpreted forms by unifying them in one or more generic regular expression. 
It should be:  

“<ANSWER>\s*(,|-| )\s*(is)?\s*the\s+<PROPERTY>\s+(.*?)\s*of<ENTITY>” 
“<ANSWER>\s*(,|-| )\s*<ENTITY>’s\s*<PROPERTY>” 

Then, in Answer Extraction we can extract <ANSWER> to be candidate answer. 
Because this approach requires manual work and it’s too hard to figure out a lot of possible questions, it has a high 
precision and low binary recall. 
 

C. Named Entity-based Answer Extraction component 
Named Entity-based answer selection is used in majority of QA systems. It depends heavily on two components; 
Question type classifier and NER. Consider the question: “When is Mexico's independence?” (TREC 11, question 
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number 1820). The question type classifier will classify this question to be “DATE” and this will help in formulating the 
appropriate query. Some search results could be “Independence Day is a Mexican holiday to celebrate the cry of 
independence on September 16, 1810, which staked a revolt against the Spaniards.”. Here, the NER will detect 
“September 16, 1810” as a DATE entity and the named entity-based component will count it as an answer candidate and 
will discard all other named entities like “Independence Day”, “Mexican” and “Spaniards”.  
 
Another example is: “Where are the British Crown jewels kept?”. The question type classifier will classifies this question 
as of type “LOCATION”. A search result could be “The Crown Jewels have been kept at the Tower of London since 
1303 after they were stolen from Westminster Abbey.”. A possible candidate answers could be “Tower of London” and 
“Westminster Abbey” because they are of type “LOCATION” and other named entities from other types like “The Crown 
Jewels” and “1303” will be discarded.  
 
It’s now clear that this approach is highly precise but has low binary recall because question type classifier and NER are 
not perfect. Although, question type classifier accuracy is above 90%, NER accuracy still not that big especially in open 
domain. Beside if the question type classifier messes up in detecting the right question type, the problem will propagate 
in the whole system with a wider spectrum. For example: if the question originally asks for “PERSON” and misclassified 
to be of “LOCATION”type, then Named Entity-based component will mess up and the answer candidates will not 
contain the right answer. 
 
It will be not valid to consider all named entities in the search result because this will increase the binary recall and harms 
the precision. We will not consider this as a solution because our hypothesis depends on getting advantages from other 
approaches to solve the current approach problems. To solve the problem, we consider a hybrid NER to increase the 
accuracy and both precision and recall of extracting candidate answers based on question type. This hybrid NER 
combines advantages of statistical classifier, extraction patterns and gazetteers. This will increase the binary recall of 
Answer Extraction phase with reasonable percentage.  
 
Another solution to solve the decrease of binary recall in both Pattern-based and NamedEntity-based components which 
are precision oriented approaches is to use a recall oriented approach beside the precision oriented ones as in the next 
component. 

D. Wikipedia Metadata-based Answer Extraction component 
This component is responsible for offline indexing of Wikipedia text and its metadata (Extended Wikipedia Index in 
Figure 2) as in [3, 4]. The indexed metadata is document title, entities and its synonyms gathered by entities links 
redirects. This approach based on heuristics that the encyclopaedias’ title may contain the answer of some questions 
because these encyclopaedias are much organized than other documents. Another heuristic is most of questions’ answers 
are entities while Wikipedia have annotated entities (anchor text) in its documents body and also appears in the context 
of the question asked. The final heuristic is entities redirects are a natural source of how entities can be called in many 
contexts. All these heuristics are covered in Wikipedia. After submitting the query to Extended Wikipedia search, beside 
the retrieved passages all salient concepts (entities) connected to the title of the document contains the retrieved text 
segment are retrieved.All salient concepts present in the text segment are extracted as candidate answers. All the 
retrieved concepts are considered candidate answers. This component extracts candidate answers independent on the 
question type and so, it will enhance binary recall in the questions where question type classifier fails to get the correct 
type of. This approach proved an increase in binary recall on non-numbered factoid questions dataset from TREC 11 and 
12. 
 

4 CONCLUSIONS 
We proposed a robust architecture for a hybrid Answer Extraction component of a QA system. The design is robust 

and not coupled to a single system. It can be applied to other language by replacing language components. It exploited 
the unique nature of each of the used approaches to build all-in-one approach that increase both precision and binary 
recall. It can be used in domains that the question types are easy to be extracted from the questions and in other domains 
that lack question type information. The hybrid approach depends heavily on other components like hybrid NER, search 
and question analysis components. The question interpretation can be enhanced in the future to convert more questions 
into structured queries. Also, Pattern-based Answer Extraction component could be enhanced in the future to cover more 
patterns without hurting precision. 
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 :ملخص

العملیة ویكون الھدف من ھذه . مھمة جدا فى أنظمة اجابات الأسئلة القائمة على الإحصاء"استخراج الإجابات المقترحة"تعتبر عملیة 
لقد قمنا ". اختیار الإجابة"ھو تولید واستخراج قائمة من الاجابات المقترحة أو المرشحة لترتب وتصنف فى المكون التالى وھو 

ودقة استدعاء  (precision) بتصمیم ھیكلیة معتمدة على طریقة مختلطة الھدف منھا زیادة كلا من الدقة والانضباط
تعتبر الطریقة المقترحة . د قائمة الاجابات المقترحة بدون الایذاء بدقة نظام اجابات الأسئلة ككللتولی (binary recall)البیانات

قدمنا تصمیم قوى ومتین ومن . خلاصة الفائدة من ثلاث طرق موجھة تجاه الدقة و طریقة أخرى موجھة تجاه دقة استدعاء البیانات
 .نات اللغویة المستخدمة بأخرى تخص اللغة المستھدفةالسھل أن یطبق على لغات أخرى عن طریق استبدال المكو
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Abstract-- Requirements analysis phase is the first step of software building process. This phase formed a Software 
Requirements Specification document (SRS). SRS document will be the base for development team to build a software 
application. The document contains sentences and statement that state the functional and nonfunctional requirements. 
Sentences in SRS document are likely to contain ambiguous words. The ambiguity means that every word could have a 
different meaning for every person who reads it, in this case the development team.  Therefore, it is necessary for a tool that 
can solve the ambiguity of SRS document.  The tool helps the developers to extract a specific need in SRS document into UML 
diagrams. It can help system analyst in determining and removing the ambiguity of a requirement statement. In this paper, we 
describe an automated approach to identify and remove ambiguity, which occurs when text is interpreted differently by 
different readers.  
 
Key words: Software Requirements Specification, Natural Language Processing, Ambiguity 

1 INTRODUCTION 
In industrial practice, the requirements documents are written in natural language (NL), and so run the risk of being 
ambiguous. Ambiguity is a phenomenon essential in natural language. It means the capability of being understood in two 
or more possible senses or ways. The description of the functionality of the system has to be unambiguous, meaning that 
it is free of different interpretations. If a description has more possible interpretations, the software developer may 
interpret an ambiguous word in a way the customer did not mean. This may result in a system that does not meet the 
requirements of the company. Since ambiguity in the requirements can lead to specifications which do not accurately 
describe the desired behavior of the system to be developed. For example, if the customer’s interpretation of the 
requirements is not the similar as that of the system’s stakeholders, then the system might not be accepted after customer 
validation. 
 
Stakeholders are often not even aware that there is an ambiguity in a requirement. Each stakeholder gets from reading the 
requirements an understanding that differs from that of others, without knowing this difference. So, the software 
developers design and implement a system that does not behave as intended by the users, but the developers honestly 
believe they have followed the requirements. Berry and his colleagues [1] illustrated the ambiguity phenomenon in 
requirements documents, and, following common practice in linguistics, classified them into four main categories, 
depending on whether the source of the ambiguity lies at the level of words (lexical ambiguity), syntax (syntactic 
ambiguity), semantic interpretation (semantic ambiguity), or the interaction between interpretation and context 
(pragmatic ambiguity). Previous work on ambiguity in RE tried to address the problem from at least two perspectives. 

• Providing users with a restricted NL, tool, or handbook to assist with writing less ambiguously. 
• Detecting ambiguity by investigative the text using lexical, syntactic, or semantic information, or with the help 

of quality metrics. 
The remainder of the paper is structured into the following sections: First, Section 2 presents an overview of related 
work.  Second, Section 3 states architecture of approach used to detect ambiguities and removing it. Finally, Sections 4 
presents the conclusion of the paper and the future work. 

 
2 RELATED WORK 

A few scientists have proposed various approaches to identify and measure the typical ambiguities in NL based software 
requirements specifications. Different techniques exist to minimize the ambiguity in requirements. These techniques can 
be applied during the elicitation, specification and validation of requirements. However, decreasing the level of 
ambiguity in requirements is a labor-intensive activity, and it remains unclear whether investing effort is worthwhile, 
resolving requirements ambiguities that are likely problematic to requirements engineers. And it used as the basis for the 
presented tool [1]. Chantree et al. present an interesting approach with a focus on identifying ambiguities that are likely 
to lead to misunderstandings that deals with the coordination ambiguity [2]. Kiyavitskaya, Zeni, Mich, and Berry did 
some case studies with prototypes of a proposed tool for identifying ambiguities in NL RSs in an effort to identify 
requirements for such tools and find the reason of ambiguity. Their approach was to apply ambiguity measures to 
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sentences identified by a parser based tool to try to increase the precision of the tool with respect to reporting genuine 
ambiguities. The measures are based on using lexical and syntactic proxies for semantic criteria and the WordNet 
thesaurus. The case studies found that many of what the tool thought was ambiguous were not problematic given the 
normal knowledge that the analyst user would have about the domain of the specification and that the tool failed to find 
many of what one analyst who was particularly attuned to finding ambiguities found manually [3]. 
 
Wilson et al. defined general quality criteria for RSs and developed an analysis tool ARM (Automated Requirements 
Management) to assess the structure of a given RS, the structure of the RS’s RStats, the vocabulary used to write the RS, 
and thus to determine if the RS meets the quality criteria. It identifies potential problems, such as ambiguity, inaccuracy, 
and inconsistency, in natural language specification statements [4]. QuARS (Quality Analyzer of Requirements 
Specification) is a linguistic language tool based on a quality model for NL requirements specifications. It aims to detect 
lexical, syntactic, structural, and semantic defects including ambiguities. In QuARS, certain terms or syntactic structures 
are considered “dangerous” by themselves; for example, use of certain adverbs or syntactic structures are marked as 
potentially nocuous. The main obstacle to applying this approach in practice is the rather high number of false positives; 
in fact, there is no analysis of which among the potentially dangerous constructs are likely to really cause interpretation 
problems to the stakeholders [5].  
 
Gervasi and Zowghi studied the nature of ambiguity in requirements specifications and provided deeper analysis on the 
causes and effects of different types of ambiguity in the system development process in order to help better understand 
the role of ambiguity in RE practices. In that work, Gervasi and Zowghi propose a role for the linguistic feature of 
markedness as a predictor of whether any ambiguity is intentional on the part of the writer, or not [6]. The definition of 
what constitute ambiguity is given a priori by describing the metrics apodictically [7]. Boyd et al. describe a controlled 
natural language to help reduce the degree of lexical ambiguity of requirements specifications. By substituting synonyms 
or hyponyms with corresponding terms, and thus obtaining a reduced vocabulary. This approach helps with pronominal 
anaphora in that it reduces the chances for multiple references [8]. Kamsties and his colleagues describe a pattern-driven 
inspection technique to detect ambiguities in NL requirements; the technique however is essentially human driven, and 
thus can draw on the knowledge of an expert inspector [9]. Goldin and Berry provide good examples of concept 
extraction techniques: they analyze occurrences of different terms, and basing on occurrence frequency, extract 
application specific terms from requirements documents [10]. RequirementsAssistant [11] is able to recognize lexical, 
syntactic, semantic, and pragmatic ambiguity. For all the ambiguity categories, there are rules defined to detect their 
instances. 

3 Overall System Architecture 
We will develop an automated system to detect and remove ambiguities from full text documents. The system 
architecture is shown in Figure 1. The initial input is a complete requirements document. The output is UML diagrams. 
 

 
Fig. 1 Overall system architecture 

 
The system consists of three major functional process modules. 

(a) Text Preprocessing Module. The input requirements document is split into separate sentences using an 
established sentence boundary detector. The individual sentences are then passed to Tokenizer, the Tagger which 
identifies the individual words’ part of speech, and marks phrase boundaries and the finally syntactic parser. 

 
(b) Ambiguous Detection and removal Module.  

A tool would apply a set of ambiguity measures to a RS in order to identify potentially ambiguous sentences in the 
RS. The main goals for the tool for identifying and measuring ambiguities in NL RSs are: to identify which 
sentences in a NL RS are ambiguous and, for each ambiguous sentence, remove the ambiguity from the sentence, 
and thus improve the NL RS. 
 

(c) Extraction using heuristics module: Finally, This section focuses in heuristics and their application to improve 
the generation of OO concepts from natural language texts. Usually, candidate classes can be extracted by 
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considering the noun phrases in the requirements text. Candidate relationships can be found in the same way by 
considering verb phrases, with the UML diagrams being presented to the user as the final step. 
 

4 CONCLUSIONS 
Since many requirements documents continue to be written in natural language, we need ways to deal with the ambiguity 
essential in natural language which have a high risk of misunderstanding among different readers. Our overall research 
goal is to develop techniques to detect ambiguity in requirements in order to minimize their side effects at the early 
stages of the software development lifecycle, and removing it. And extract the object oriented information from software 
requirements specification such as classes, instances and their respective attributes, operations, associations, 
aggregations, and generalizations. In future work, we will develop prototype of proposed approach.  
 
 
REFERENCES 
[1] Berry, D.M., Kamsties, E., Krieger, M.M.: "From contract drafting to software specification: Linguistic sources of 
ambiguity," http://se.uwaterloo.ca/˜dberry/handbook/ambiguityHandbook.pdf, 2003. 
[2] Chantree, F., Nuseibeh, B., de Roeck, A., Willis, A.: "Identifying nocuous ambiguities in natural language 
requirements," In: Proceedings of the 14th IEEE International Requirements Engineering Conference, Washington, DC, 
USA, pp. 56–65, 2006. 
[3] Kiyavitskaya, N., Zeni, N., Mich, L., Berry, D.M.: "Requirements for tools for ambiguity identification and 
measurement in natural language requirements specifications," Requirements Engineering Journal 13, pp. 207–240, 
2008.  
[4] Wilson, W.M., Rosenberg, L.H., Hyatt, L.E.: "Automated analysis of requirement specifications," In: Proceedings of 
the Nineteenth International Conference on Software Engineering (ICSE 1997), pp. 161–171, 1997. 
[5] Fabbrini, F., Fusani, M., Gnesi, S., Lami, G.: "The linguistic approach to the natural language requirements, quality: 
Benefits of the use of an automatic tool," In: Proceedings of the Twenty- Sixth Annual IEEE Computer Society – NASA 
GSFC Software Engineering Workshop, pp. 97–105, 2001. 
[6] Gervasi, V., Zowghi, D.: "On the role of ambiguity in RE. In: Requirements Engineering: Foundation for Software 
Quality," pp. 248–254, 2010. 
[7] Mich L, Garigliano R "Ambiguity measures in requirement engineering," In: Proceedings of international conference 
on software—theory and practice (ICS2000), pp. 39–48, 2000. 
[8] Boyd S, Zowghi D, Farroukh A "Measuring the expressiveness of a constrained natural language: An empirical 
study," In: Proceedings of the 13th IEEE International Conference on Requirements Engineering (RE’05), Washington, 
DC, pp. 339-352, 2005. 
[9] Kamsties E, Berry D, Paech B "Detecting ambiguities in requirements documents using inspections," In: Proceedings 
of the First Workshop on Inspection in Software Engineering (WISE'01), pp. 68-80, 2001. 
[10] Goldin, L., Berry, D.M.: "AbstFinder, a prototype natural language text abstraction finder for use in requirements 
elicitation," Automated Software Eng. 375–4124, 1997. 
[11] Driessen, H.: RequirementsAssistant. http://www.requirementsassistant.nl/ 2012. 
 

BIOGRAPHY 
 
Somaia O. Rashad graduated from faculty of the Computer Science in 2009 at Akhabr El Yom Academy, 
Cairo, Egypt. She started working as a teaching assistant in the Computer Science department at Akhabr El 
Yom Academy since Sept 2009 till now. Then she got a diploma in software architect from Information 
Technology Institute, Smart Village, Egypt in 2011. 

 
Dr. Safia Abbas: Shereceived his Ph.D. (2010) in Computer science from Nigata University, Japan, her M.Sc. (2003) 
and B.Sc.(1998) in computer science from Ain Shams University, Egypt. Her research interests include data mining 
argumentation, intelligent computing, and artificial intelligent.  He has published around 15 papers in refereed journals 
and conference proceedings in these areas which DBLP and springer indexing. She was honored for theinternational 
publicationfrom the AinShamsUniversity president. 
 
 
 

 
 
 

10

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



Mostafa Aref is a professor of Computer Science and Vice Dean for Graduate studies and Research, Ain Shams 
University, Cairo, Egypt. Ph.D. of Engineering Science in System Theory and Engineering, June 1988, University of 
Toledo, Toledo, Ohio. M.Sc. of Computer Science, October 1983, University of Saskatchewan, Saskatoon, Sask. 
Canada. B.Sc. of Electrical Engineering - Computer and Automatic Control section, in June 1979, Electrical 
Engineering Dept., Ain Shams University, Cairo, EGYPT. 

 

 UML لتحویلل متطلباتال مواصفات في الغموض حل
 سمیة اسامة، صفیة عباس، مصطفى عارف

 قسم علوم الحاسب، كلیة الحاسبات والمعلومات، جامعة عین شمس
 

مواصفات وثیقة المرحلة ھذه شكلت. البرمجیات بناء عملیة فى ولىالأ الخطوة ھي المتطلبات تحلیل .البرامج متطلبات   لبناء التطویر لفریق ةأساسی والوثیقة  
 أن الغموض یعني. غامضة المعنى كلمات الوثیقة على تحتوي أن المحتمل من الوظیفیة و وغیر الوظیفیة الوثیقة على المتطلبات تحتوي. البرمجیات تطبیقات

الغموض حل یمكنھ عمل نھج  الضروري ولذلك فمن. التطویر فریق الحالة ھذه في مختلفھ تختلف بأختلاف الاشخاص القارئین للوثیقة ، معانى للكلمة یكون  
على ھیئة مخططات المحددة الاحتیاجات لاستخراج المطورین یساعد و  النھج البحث ھذا صفی. الغموض وإزالة تحدید في النظم محلل تساعد أن ویمكن 

القراء مختلف قبل من مختلف بشكل النص تفسیر یتم عندما یحدث الذي الغموض وإزالة لتحدید العام الآلي . 
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Abstract— With the revolution of information available on the internet pages, humans need to extract specific information. This 
paper presents KEYS (Knowledge Extraction sYStem); an information retrieval and extraction system. It searches for information 
inside documents represented in UNL, i.e., in semantic hyper-graphs. This allows for retrieval and extraction practices that are 
language-independent and semantically-oriented. It is expected to provide high-quality knowledge extraction through a shallow 
analysis of the source text into the Universal Networking Language (UNL) using a specific ontological relations and fully-automatic 
generation from the resulting UNL document into several different target languages. This is expected to present a novel approach to 
the topic of identifying the named entity; extracting names with all its types from a natural language form. 

1 INTRODUCTION 

Information extraction (IE) is the process of scanning text for information relevant to some interest, including extracting entities, 
relations, and, most challenging, events{or who did what to whom when and where}. It requires deeper analysis than keyword 
searches, but its aims fall short of the very hard and long-term problem of text understanding. Information extraction technology 
arose in response to the need for efficient processing of texts in specialized domains. For example, an information extraction 
system designed for a terrorism domain might extract the names of perpetrators, victims, physical targets, weapons, dates, and 
locations of terrorist events. An information extraction system designed for a business domain might extract the names of 
companies, products, facilities, and financial figures associated with business activities. Full-sentence parsers expended a lot 
of effort in trying to arrive at parses of long sentences that were not relevant to the domain, or which contained much irrelevant 
material, thereby increasing the chances for error. Information extraction technology, by contrast, focuses on only the relevant 
parts of the text and ignores the rest [1].  
Message Understanding Conferences (MUC) have described IE as consisting of different tasks. These various tasks differ 
mainly in their complexity degree and in the depth of the extracted information. For instance, the named entity (NE) task 
identifying within free text, person, location and organization names, and quantities, such as dates, monetary amounts, etc. Then 
a more complicated task which is the coreference task (CO) that involves the identification of coreferent entities in text. The 
template elements (TE) task is responsible for discovering specific attributes about these entities. Next, the relation extraction 
(RE) task which implies the detection of specific relations (such as employee of, author of, etc.) within the identified entities. 
Finally, the most complex task which is the scenario template (ST) task in which the system is required to identify instances of a 
specific predefined event in the text, and extract the information related to each instance of the found event. The system is 
expected to provide an event template containing various pieces of event information corresponding to each event detected 
within the given text. Thus, locating the various forms of interesting information embedded in free text is highly complicated 
[2]. 
Knowledge extraction has originated from people`s need to obtain and manage the vast amounts of information described in 
free text more accessibly. Free text contains a multitude of information such as (name of people, places, organizations, roles 
played by entities in events, relations between entities, etc) that if effectively extracted, can be of great use to many real-world 
text/web applications, for example, integration of product information from various websites, question answering, contact in 
formation search, finding the proteins mentioned in a biomedical journal article, and removal of the noisy data [2]. 

Lehnert and Cowie [3] have summarized some of the early work done in the field of information extraction, they have 
mentioned the work by DeJong [4], [5] who has analyzed news stories as one of the early attempts in the field of IE. The system 
is called FRUMP; it is a general purpose NLP system designed to analyze news stories and to generate summaries for users 
logged into the system. This system is very similar to the current IE systems, since the generated summaries are essentially 
event templates filled in by FRUMP and presented as single sentence summaries of the events. FRUMP uses hand-coded rules 
for 17 “prediction” and “substantiation” (the two components of the system) to identify role fillers of 48 different types of 
events. FRUMP uses a data structure called “sketchy script”, which is a variation of “scripts” that was previously used to 
represent events or real-world situations described in text [6], [7]. This era of the field of IE has included other approaches as 
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the Prolog-based system by Silva and Dwiggins [8] for identifying information about satellite-flights from multiple text reports. 
Cowie [9] has also implemented a system, based on Prolog that uses “sketchy syntax” rules to extract information about plants. 
By segmenting the text into smaller parts, depending on pivotal points, like pronouns, conjunctions, punctuation marks, etc., the 
system can avoid the need for complex grammars to parse texts. Sager [10] has also developed a system which is applied to 
highly domain-specific medical diagnostic texts (patient discharge summaries) to extract information into a database for later 
processing. The system uses English grammar rules to map the text into a structured layout. Zarri`s work is also worth of noting 
whose goal was to identify information about relationships and meetings of French historical personalities and represent this 
information in a structured form in the “RESEDA semantic metalanguage” [11]. The system uses rules for semantic parsing and 
heuristic rules of identifying slot-fillers required by the RESEDA metalanguage. During this period of NLP research, IE has 
been a field of interest where a fair amount of efforts have been exerted. Much of this work focused on specific domains, used 
hand-crafted rules and did not have standard data sets or standard evaluation procedures. Defense Advanced Research Projects 
Agency (DARPA) has organized a series of Message Understanding Conferences (MUC)[12] as a competitive task with 
standard data and evaluation procedures in the late 1980s and early 1990s. DARPA has also introduced another program 
towards the end of the MUC era, it was called the TIPSTER program [13], [14], [15]. It was designed to advance the state of the 
art in text processing. Naturally speaking research in IE has continued to grow over the years since MUC and TIPSTER. 
Moreover, the definition of IE has also gradually broadened to include many different types of information and tasks that differ 
in their complexity [14]. Many systems, for example, GE [16], SRI [17], UMass [18], NYU [19], etc. have participated in MUC 
tasks, which considerably helped in the advancement of IE research. 
 
However, the field of Information Extraction (IE) still includes vast potentials for large-scale knowledge acquisition, since the 
current systems are still unable to form a coherent theory from a textual corpus which involves representation and learning 
abilities, although, the current IE systems are able to uncover assertions about individual entities with an increasing level of 
sophistication and text understanding. Compared to individual relational assertions provided by IE systems, a theory includes 
coherent knowledge of abstract concepts and the relationships among them. Previous efforts in text-based knowledge 
acquisition can largely be attributed to the field of Information Extraction (IE), where the task is to recognize entities and 
relations mentioned within text corpora. Traditional IE systems focused on identifying instances of narrow, pre-specified 
relations, such as the time and place of events, from small homogeneous corpora. Furthermore, the current IE systems are 
typically designed for a single domain, there is a lot of interest in building systems that are easily applicable to new domains 
[20].  
 
The KnowItAll system is considered as an advancement in the field of IE by capturing knowledge in a manner that scaled to the 
size and diversity of relationships that are present within millions of Web pages. It is a system that aims to automate the tedious 
process of extracting large collections of facts from the web in an autonomous, domain-independent, and scalable fashion. By 
learning to label its own training examples using only a set of domain-independent extraction patterns and a bootstrapping 
procedure, KnowItAll has managed to accomplish this task. KnowItAll is capable of self-supervising its training process; 
however, the extraction is not fully automatic. KnowItAll requires a user to determine the relation before each extraction cycle 
for every relation of interest. When acquiring knowledge from corpora as large and varied as the Web, the task of anticipating 
all relations of interest becomes extremely complicated [20]. 
Some of the previous information extraction tools can deal with Arabic, Such as Rocket AeroText and NetOwl Extracto. Both 
of them are capable of discovering entities (people, products, dates, places, and more) and the relationships between them, as 
well as sentiment analysis in multiple languages. However, both systems are not for free, they were developed as commercial 
products. 
 
Huge amounts of information in natural language forms exist only in lists of documents and to search all these documents to 
find just a certain piece of information will be a waste of time. Implementing the Information Extraction techniques in a certain 
system will with no doubt save a lot of time and efforts while providing precise results. Information Extraction techniques can 
be used to search various types of documents like historical articles, medical researches and newspapers reports. 
Since 1950’s, many research groups have recognized the vital role that the IE plays and started to create projects for tasks like 
the transformation of a whole encyclopedia to structured forms. 
Although these projects have faced some natural language processing problems, modest extraction systems have appeared and 
have been used in extracting information from a relatively small number of forms. 
IE technology still needs mature systems in order to match the human performance. 
 
The IE systems usually support one of two approaches either knowledge engineer approach or automatic training approach. In 
the knowledge engineer approach, after analyzing huge number of natural language data, the designer identifies sets of common 
patterns for which he develops rules manually that get interpreted by the components of the IE system. However, using this kind 
of approach in building the system is considered to be highly time and effort consuming. 
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In the automatic training approach, there is no need to develop the rules manually, since it depends on implementing a machine 
learning algorithm in the system which is able to detect and create these rules. 
The algorithm must get access to a large number of training texts, these texts have to be annotated manually in order to give the 
algorithm a sufficient amount of examples which it can learn from and provide the extraction rules [21], [22], [23]. 

 
This paper adopts the Universal Networking Language (UNL) framework in building a knowledge extraction system. The aim 
of UNL is to provide a large collection of semantically annotated texts belonging to different languages. We will present a 
Knowledge Extraction sYStem named KEYS. It searches for information inside documents that are represented in natural 
language or UNL expression, i.e., in semantic hyper-graphs. It allows for retrieval and extraction practices that are language-
independent and semantically-oriented. With KEYS, we try to start a new fashion in IE by targeting the users aspirations from 
such application. It is based on a philosophy that is different from the mainstream in the field of IE, since it aims to serve the 
public which is similar to Google`s goal. Moreover, KEYS originality stems from the fact that it can identify and understand the 
object depending on its context; it is also able to provide all the suggestions related to this object. KEYS includes SEAN and 
EUGENE. The former is a shallow enhanced natural language analysis system, it represents natural language texts as semantic 
networks in the UNL format. While the latter is a natural language generation system, it generates natural language sentences 
out of semantic networks represented in the UNL format. KEYS is expected to synthesize and normalize the information 
available on the Web, and to provide summaries extracted out of several different input documents. KEYS has been developed 
by the Library of Alexandria. 
 
In what follows, section 2 will present the different techniques of information extraction systems. Section 3 sheds light on the 
project`s history and current status. Section 4 illustrates the basic components of KEYS; the system’s open-source components. 
First, the language resources (dictionaries and grammars). Second, the software used in building and operating the system 
(analysis and generation engines). Each of these components is described and their current state is specified. Section 5 will 
describe KEYS`s interface and illustrate how this system is used. In section 6 KEYS`s output will be evaluated. Finally, section 
7 will conclude the paper. 

2 THE BASIC TECHNIQUES OF INFORMATION EXTRACTION 
 

The basic techniques are pattern matching, lexical analysis, name recognition, syntactic structure, scenario pattern matching, 
coreference analysis and event merging. These techniques are divided into two main parts. First, all the individual facts are 
extracted from the documents, these individual facts are integrated together to form larger facts and translated into the required 
output format, this stage is called the integration phase. Second, coreference analysis is done and inferences are drawn from the 
explicitly stated facts in the document. The final output of the information extraction is called a template [24]. The first step 
consists of developing a set of patterns that matches the various linguistic realizations of the individual facts and these patterns 
are not just sequences of words, they are more complex than that. To develop such patterns many linguistic processes are 
required starting from lexical analysis and ending with name recognition. Most of the current systems use partial syntactic 
analysis just to identify the verbal or nominal constituents in the text. After using these general patterns, task specific patterns 
are used to identify the facts of interest, which are called scenarios according to the Message Understanding Conference (MUC). 
The second step includes conference analysis and drawing inferences from the explicitly stated facts in the document. At the 
end the final output from the information extraction is called template. 
 
The Pattern matching is done through matching the text against a set of regular expressions, when a segment of a text 
(constituent) is matched with one of these regular expressions, the text segment become a label with one or more assigned 
features. When there is any semantic feature associated with the constituent, they are called events or entities. 
 
In lexical Analysis phase, first, the text is split into sentences then into tokens. Each token is looked up in the dictionary to 
assign its features and part of speech.  
 
In the name recognition phase, the different types of names and other special forms like currency and amounts are identified and 
classified. This simplifies the further processing.  
 
Some systems do not have a separate phase for syntactic analysis, others attempt to build a complete parser of sentences. 
However, most of the systems fall in between by building a shallow parser. Identifying some of the syntactic structure 
simplifies the extraction of the information or the knowledge. The argument to be extracted often correspond to noun phrase 
[24]. After dividing the text into syntactic constituents, each constituent has to be associated with some features like the tense, 
voice and root of the verb in the verbal constituents and for nominal constituents information are associated to the head of the 
constituent like its number whether it is a proper name or not and so on. 
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Then, larger nominal phrases are built up by attaching their modifiers to them and in this case these patterns will have some 
semantic constraints. 
 
In the scenario pattern matching phase, the main target is to extract the main events of the scenario. Then the coreference 
analysis phase comes next which includes the task of resolving the anaphoric references by searching for the most recent 
previously mentioned entry of the same type, for example, person if the anaphora was one of the personal pronouns. 
 
In the event merging phase, all the information about an event is collected which may constitute a hard task, because the 
information may be spread over many sentences. Another problem that may face the extraction systems when collecting  
information about a certain event is that its information may be implicit and needs to be more explicit. 

3 PROJECT HISTORY AND CURRENT STATUS 
 

KEYS is a rule based Knowledge Extraction system; this system requires different linguistic resources and tools with certain 
features in its background in order to work efficiently. It requires a dictionary that is enhanced with certain features that 
encompass all the levels of linguistic information whether it is morphological, semantic or syntactic (will be described in details 
in section 4. It also requires a grammar that is capable of providing an adequate semantic and syntactic analysis. Moreover, it 
requires tools that exploit these resources. These tools are called SEAN and EUGNE which have been developed in Bibliotheca 
Alexandrina (will be described in details in section 4. The linguistic resources were developed using the universal networking 
language within the UNL framework. 
 
The UNL project has been originally proposed in 1996. The responsible organization is the Universal Networking Digital 
Language (UNDL) Foundation1 in Geneva, Switzerland [25], [26], [27], [28] and [29]. UNL is the interlingua employed here; it 
is capable of representing the meaning of the content of natural language texts in an abstract universal format that is not 
influenced by any language. UNL aims ultimately to allow people to generate, have access to, information and knowledge, in 
their own native language by breaking down the language barriers that exclude the majority of people from gaining access to 
information in their native language. The UNL also assumes that any information conveyed by natural language can be formally 
and usefully represented by semantic networks (sometimes called UNL expression). In UNL approach; the semantic network 
must be independent of any natural language in particular (i.e., it must be "universal"). This semantic network is made of three 
different types of discrete semantic entities: concepts, relations and attributes. Concepts are nodes in the network; relations are 
arcs linking nodes; and attributes are used to represent information conveyed by natural language grammatical categories (such 
as tense, mood, aspect, number, etc.) [25] which are a standard set of universally-accessible semantic entities. The semantic 
network is derived by passing through different stages; tokenization and disambiguation, morphological analysis, syntactic 
analysis and semantic analysis. 

In the UNL framework, the different linguistic levels of analysis are achieved via three types of grammar: N-Grammar, or 
Normalization Grammar which is a set of rules used to segment the natural language text into sentences and to prepare the input 
for processing, T-Grammar, or Transformation Grammar which is a set of rules used to transform natural language into UNL or 
UNL into natural language.  

The transformation should be carried out progressively, i.e., through a transitional data structure: the tree, which could be used 
as an interface between lists and networks. Accordingly, the UNL grammar states seven different types of rules which is divided 
into two types of grammar; analysis and generation. Three types of rules are common between the two grammars the other four 
depend on the type of grammar. The seven types of rules are (LL, TT, NN, LT, TL, TN, NT), specified as indicated below:  

ANALYSIS (NL-UNL)  

o LL - List Processing (list-to-list)  
o LT - Surface-Structure Formation (list-to-tree)  
o TT - Syntactic Processing (tree-to-tree)  
o TN - Deep-Structure Formation (tree-to-network)  

1 The official website of the foundations is available at http://www.undl.org 
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o NN - Semantic Processing (network-to-network)  

GENERATION (UNL-NL)  

o NN - Semantic Processing (network-to-network)  
o NT - Deep-Structure Formation (network-to-tree)  
o TT - Syntactic Processing (tree-to-tree)  
o TL - Surface-Structure Formation (tree-to-list)  
o LL - List Processing (list-to-list)  

Finally, D-Grammar, or Disambiguation Grammar which is a set of rules used to improve the performance of the transformation 
rules by constraining or forcing their applicability. Grammars are not bidirectional, although they share the same syntax. In the 
UNLization, the N-Grammar contains the normalization rules for natural analysis, the analysis T-Grammar contains the 
transformation rules used for natural language analysis and the analysis D-Grammar contains the disambiguation rules used for 
tokenization as well as for improving the results of the NL-UNL T-Grammar. While in the NLization process, the generation T-
Grammar contains the transformation rules used for natural language generation and the generation D-Grammar contains the 
disambiguation rules used for improving the results of the UNL-NL T-Grammar. 

KEYs takes advantage of the UNL approach along with the new trend in NLP applications, that is being an open-source 
application, because of its vast advantages, opportunities and potentials. A rule-based knowledge extraction system is open 
source only when the source code of its engines and tools are distributed along with the linguistic data of the extraction pairs. In 
addition, tools to maintain and develop the linguistic resources so that they can be used with the engines should also be 
distributed. KEYs fulfills all of the criteria and, hence, can be positively considered an open-source Knowledge extraction 
system. Moreover, not only its components are open-source, they are also free. The basic components of KEYs, its linguistic 
resources and tools will be described in details in section 4. 

4 THE BASIC COMPONENTS OF KNOWLEDGE EXTRACTION SYSTEM (KEYS) 
 
As mentioned before a knowledge extraction system depends on different linguistic resources and tools in order to be able to 
operate. KEYS depends on three linguistic resources which are dictionary, corpus and grammar. It also depends on two tools 
called SEAN and EUGENE. All these resources and tools are developed by Bibliotheca Alexandrina. In this section these 
resources and tools are going to be described in details.  
 

A) Language Resources  

1) Dictionary: it presents the linguistic information that constitutes the linguistic infrastructure of the dictionary (the 
UNL dictionary) used by KEYS application. The linguistic information that appears in the UNL dictionary has been 
assigned to all of the words of the dictionary through UNLarium 2 , encompassing the different linguistic levels: 
morphological information, morpho-syntactic information, syntactic information and semantic information. UNL uses a 
standard and universal list of features (Tagset) to describe all types of the linguistic information concerning every natural 
language word. The words are described using a list of features extracted from the UNDL Foundation Tagset. The UNDL 
Foundation recommends adopting the following tags for some specific and pervasive grammatical phenomena to boost the 
standardization of the lexical resources used in the UNL framework. The Tagset’s features depending on the structure of 
the natural language. Several of those linguistic constants have been already proposed in the Data Category Registry (ISO 
12620)3, see Fig. 1. 

 

2 http://www.unlweb.net/unlarium/ 
3 http://media.dwds.de/clarin/userguide/text/concepts_ISOcat.xhtml 
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Figure 1: List of tags in alphabetical order 

The tagset is providing the technical means for describing any linguistic behavior which should be done in a highly standardized 
manner, so that others could easily understand and exploit the data for their own benefit. The main intention is to create a 
harmonized system in order to make language resources as easily understandable and exchangeable. The dictionary is enhanced 
by morphological information indicating the structure of words, some of this morphological information such as part of speech, 
lexical structure and the inflections of words. 
Part of speech feature: It is used to classify words into main classes and each class may include subclasses. The classes are 
nouns, verbs, adjective, adposition, adverb, affix, classifier, conjunction, determiner, interjection, numeral, particle and pronoun. 
The system is designed as such in order to create much flexibility in describing the different types of words. Moreover, the 
classes are divided into subclasses. For example, the used features in the dictionary differentiate between two types of nouns, 
common noun such as “صندوق” ‘box’ - “باب” ‘door’ – “ورقة” ‘paper’ and proper noun as “نجیب محفوظ” ‘Naguib Mahfouz’ - 
“ - ’Egypt‘ ”مصر“ ونسكوالی ” ‘UNESCO’.  
The dictionary used in the knowledge extraction system differentiates between common and proper nouns and is enhanced with 
information for the proper names such as the names of rivers, mountains, the names of humans which are considered as public 
figures (common Arab and non- Arab first and second names). 
lexical structure: It is used to classify the words into simple words as the Arabic words “قرأ” ‘read’ - “مكتب” ‘office’ - “رائع” 
‘wonderful’, and multiword expressions such as the word “سور الصین العظیم” ‘the great wall of China’. 
Inflectional paradigms: It is a stored feature that is responsible for generating the different word forms out of the stored lexemes. 
The dictionary also includes syntactic information that describes the principles and processes by which sentences are 
constructed. It deals with phrase and sentence formation out of words, such as valency, aspect and subcategorization 
information. Moreover, the dictionary also is enhanced by information that is concerned with the grammatical categories such 
as gender, number, person, transitivity, tense, case, voice and mood. 
 
The most important feature concerning building any knowledge extraction system is the semantic classification of the words; 
the UNL dictionary utilizes a semantic ontology. This ontology classifies the entities existing in the natural world into a 
semantic hierarchy. This hierarchy points out the particular type of each concept and the kind of relation it indicates with other 
concepts in the ontology. Each entry in this hierarchy carries a set of features and attributes and all subclasses of this concept 
inherit the properties of that class. Ontologies are useful in NLP as they play a crucial role in the disambiguation of word senses 
as well as the understanding of a natural language text by determining the exact sense of a word via its position in the semantic 
hierarchy. The semantic ontology adopted in the UNL dictionary is the English WordNet 3.0. ontology. In WordNet, English 
nouns, verbs, adjectives and adverbs are organized into sets of synonymous words (called synsets), each synset representing one 
distinct concept. For example, the words “coast”, “seacoast”, “sea-coast” and “seashore” are all synonyms grouped together in a 
single synset that refers to a unique cognitive concept which is “the shore of a sea or ocean”.  
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Nouns in the WordNet hierarchy are divided into several semantic fields each having a “unique beginner” as the starting node. 
A unique beginner is a semantic entity that probably has no hypernym and from which nouns that belong to this distinct 
semantic field can be pulled out. The WordNet employs a set of 25 unique beginners, 8 of which refer to tangible things or 
“entities”, 5 denote “abstractions” and 3 are “psychological features”. Verbs, modifiers and adverbs are also classified into 
distinct semantic hierarchies see Fig. 2. For more details about the dictionary and the stored features [30]. Moreover, it is 
important to mention that any lexical item that is not included in the dictionary will be labeled as “TEMP”. 

 

 

               Figure 2: The semantic ontology used in the dictionary 

2) CORPUS: In order to build an sufficient corpus for proper names, 1000 pages of proper names have been selected from 
the Wikipedia. These pages represent a rich material for the corpus, since these pages will include these proper names in real 
contexts. Furthermore, these proper names are from Wikipedia which means that the coverage rate will be high and the corpus 
will be considered robust. These pages are segmented into sentences using concordance. The total number of occurrences for 
these proper names is 22,000 with maximum 7 words length; 3 words before and after the proper name. The data is divided into 
training data which includes 17,000 occurrences and testing data which includes 5,000 occurrences. The testing data will be 
used later in the evaluation phase. Fig. 3 represents an example for the corpus of the searched word “ھدسون” with its 85 
instances. 
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Figure 3: Example for corpus 

3) GRAMMAR: In KEYS application, the knowledge extraction process has to pass through different stages. Firstly, lexical 
analysis stage which split sentences into tokens. Each token is looked up in the dictionary to assign its features; part of speech 
and the other features that are stored in the dictionary. Then a pattern matching stage starts to build ontological relations 
between the tokens, but if the grammar fails to match the sentences with any pattern, the grammar will try to retrieve the 
ontological relations using the semantic features that are stored in the dictionary. Finally, if the previous stages fails to figure 
out the ontological relation between the words the context prediction will take place by predicting the identity of the proper 
name from the context. However, it is worth mentioning that not all of the grammar levels that are mentioned earlier are applied 
in this application, since that this application provides a shallow parsing only. 

Lexical analysis module 
This module is responsible for splitting the sentences into tokens, then matches these tokens with the dictionary in order to 
assign the different necessary features to each token. However, some words may be misrecognized, because of spelling 
mistakes or morpho-syntactic changes. For example, the most common mistake in the Arabic writings is /Hamza/ in the initial 
position as in “استقبل” ‘receive’. The rules are able to solve this problem by investigating the morphological pattern of the wrong 
spelled word by the regular expression technique. For example, if a six-letters word begins with the sequence “/ ...است /” as in the 
pattern “استفعل” /?istif؟aal/, the wrong written /Hamza/ ( “إ” ,”أ” or “آ”) will be modified to “ا” according to the Arabic grammar 
as in the rule in (1). 
 
 
 
 
 
 

 (1)  
({SHEAD|BLK|PUT|PFX},%e)(TEMP,"/(ا|ي|وا|و|ت|ن|تم|نا|)...(أ|آ|إ)ست/",%x,^Hamza_modified)(%y,{STAIL|BLK|PUT})
:=(%e)(" 1ا"< ,%x,X,Hamza_modified)(%y); 
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The module also deals with cases of morpho-syntactic changes as in the nominative form “؟/ ”علماؤulamaa?u/ when it is attached 
to the pronoun “ه” ‘its’. Rules are able to extract the deep form “علماء” ‘scientists’ from the surface form “علماؤه” ‘its scientists’ 
as in rule in (2).  
 
 
 
 
After the completion of the task of spelling correction, if some words are still undefined, the feature ‘TEMP’ will be assigned to 
it. Then, it will be considered as a proper name and the ‘PPN’ feature will be assigned to it instead of the feature ‘TEMP’. 
 
                After the lexical analysis module, the semantic relations between the words of the sentences using the UNL 
ontological relations should be established. These relations are stated in table 1 below: 
 

TABLE 1 

 ONTOLOGICAL RELATIONS IN THE UNL SYSTEM 

Tag Relation Definition Example 
ant  opposition or concession  Used to indicate that two 

entities do not share the 
same meaning or reference. 
Also used to indicate 
concession.  

John is not Peter = 
ant(Peter;John) 

cnt  content or theme  The object of an stative or 
experiental verb, or the 
theme of an entity.  

Book about linguistics = 
cnt(book;linguistics) 

icl  hyponymy, is a kind of  Used to refer to a subclass 
of a class.  

Dogs are mammals = 
icl(mammal;dogs)  

iof  is an instance of  Used to refer to an instance 
or individual element of a 
class.  

John is a human being = 
iof(human being;John)  

nam  name  The name of an entity.  The city of New York = 
nam(city;New York) 

pof  is part of  Used to refer to a part of a 
whole.  

John is part of the family = 
pof(family;John)  

fld  field  Used to indicate the 
semantic domain of an 
entity.  

sentence (linguistics) = 
fld(sentence;linguistics)  

 
The following sections discuss the followed techniques to build the ontological relations. Each of the following sub-sections 
represents an attempt to recognize the identity of the proper names that have occurred in the instances; if one attempt fails to 
reach the recognition, the following attempt will take place.  

Pattern matching  
Sometimes the ontological relations mentioned in table 1 would have fixed structures with keywords that are stated in them, 
these structures would represent the type of the relation as in table 2.  
 

TABLE 2  

RELATIONS KEYWORDS AND EXAMPLES FOR THE ONTOLOGICAL RELATIONS 

Relation Tag Relation key words Example 
ant  یقابل -مقابل  –عكس  الحق مقابل الباطل 
cnt  حول -عن  كتاب عن التاریخ 
icl  أحد أنواع  –صنف من / نوع /

 واحد من –أصناف 
 القطط نوع من الحیوانات

iof على/مثال ل  الإسكندریة مثال لبلدان مصر 
nam  محمد اسم انسان تحت اسم- اسم  –تسمى ب 
pof  أحد أجزاء –جزء من ریة جزء من مصرالإسكند   
fld  في علم –في مجال  المورفولوجیا في علم اللغویات 

 

(2) ({SHEAD|BLK|PUT|PFX},%e)("/.+( ؤ|ئ )/",^Y,%x)(POD,%w):=(%e)(%x," ء">"ؤ","ء">"ئ ",Y)(%w); 
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The pattern matching module is responsible for building the ontological relations for structures that have keywords such as 
those mentioned in table (2). For example, the rule in (3) states that if a noun is followed by “جزء” ‘part’ then “من” ‘of’ and is 
followed by another noun, then both nouns would be linked with a ‘pof’ relation. However, not all of the relation keywords that 
are stated in table (2) are found in the corpus, but they are taken into consideration in order to achieve grammar robustness. 
 

Using semantic features 
 
Most sentences of the corpus did not contain keywords that represent the relations. Therefore, the grammar depends on the 
features assigned to the words that need to be related. It specially depends on the semantic classification in order to determine 
which ontological relation should be used. Table 3 lists some semantic features that have been observed: 

TABLE 3 

SEMANTIC FEATURES OBSERVED FOR THE UW1 OF THE ONTOLOGICAL RELATIONS IN THE CORPUS 

Semantic feature Explanation Example 
HUM person (Nouns denoting people.) طبیب 
GRO group (Nouns denoting groupings of 

people or objects.) 
 جامعة

ARF artifact (Nouns denoting man-made 
objects.) 

 شركة

NOB natural object (Nouns denoting natural 
objects (not man-made).) 

 بحر

CGN cognitive noun (Nouns denoting 
cognitive processes and contents.) 

 قانون

LCT location (Nouns denoting spatial 
position.) 

 مدینة

 
For example, in the sentence “أدونیس شاعر” ‘Adonis is a poet’, the two words are defined in the dictionary as [أدونیس  POS=PPN, 
GEN=MCL, SEM=HUM] and [شاعر POS=N, GEN=MCL, SEM=HUM]. A rule can link between “أدونیس” ‘Adonis’ and 
 poet’ with an ‘iof’ relation through depending on the ‘HUM’ (human) feature. The rule in  (4) states that if a noun such‘  ”شاعر“
as “شاعر” ‘poet’ with the semantic feature ‘HUM’ comes after a proper noun such as “أدونیس” ‘Adonis’, then both nouns would 
be linked with a ‘iof’ relation as in Fig. 4. 
 
 
 
 
 

 
Figure 4: The UNL ontological relation using semantic features technique 

Context prediction 
The identity of a proper name can be predicted from the context in which it occurs. For example, the proper noun “ مبردجاك ” 
‘Cambridge’ in “ مبردج أو السوربون أواشھادة الدكتوراه من ك ” ‘PHD from Cambridge or Sorbonne or’ doesn’t have an adjacent noun 
that has one of the semantic features mentioned in table 3, but one of the adjacent nodes (words) can help in predicting the 
identity of the proper name “ مبردجاك ” ‘Cambridge’ which is the noun “شھادة” ‘certificate’. If the rules find this list of words, then 
the noun “جامعة” ‘university’ will be inserted by the rule in (5) in order to be “ مبردجاشھادة الدكتوراه من جامعة ك ” ‘PHD certificate 
from Cambridge university’ that is linked by the ‘iof’ relation as in Fig. 5 . 
 
 
 

(3)           (%a,N)("جزء",%b)("من",%b)(N,%d):=(pof(%d,with_rel;%a,rel=pof)) #L(%a,rel=pof,#CLONE;e); 

(4) (%x , PPN , HUM , ^rel = iof ) (%y , HUM , ^PPN , GEN = %x) ({^N | STAIL }, %q )  := 
(iof(%x , +with_rel ; %y , +rel = iof ) , %01 ) #L(%y ,  #CLONE , +rel = iof ; %q ) ; 

 

(5) (%a,{“التعلیم العالي”|شھادة الدكتوراه“|”شھادة الماجستیر” },^ins):=(%a,ins)(?[جامعة],blk,INS); 
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Figure 5: The UNL ontological relation using context prediction technique 

Knowledge base 
In the sentence “وقع رئیس أذربیجان السابق حیدر علییف” ‘former President of Azerbaijan Heydar Aliyev has signed’, the two nouns 
 Azerbaijan’ cannot be linked with a direct relation, given the fact that the dictionary includes‘ ”أذربیجان“ president’ and‘ ”رئیس“
 ”أذربیجان“ since ,[POS=N, GEN=MCL, SEM=HUM رئیس ] and [POS=PPN, GEN=MCL, SEM=LCT, CAR=ONE  أذربیجان]
‘Azerbaijan’ is not an instance for “رئیس” ‘president’. However, such adjacent words with those semantic features should be 
linked with ‘mod’ relation, but not an ontological one as in rule (6); the mod relation is not displayed in the final output, but it is 
a method to block applying the ontological relation. All of the adjacent nodes; the context around the proper name “أذربیجان” 
‘Azerbaijan’ fail to help in recognizing its identity. Therefore, only the dictionary features can help in predicting the identity of 
 Azerbaijan’, as it is a location ‘SEM=LCT’ and it is the only one in the world ‘CAR=ONE’, so it could be concluded‘ ”أذربیجان“
that it is an instance of a country. In the case of prediction of a proper name identity, the rule inserts the identity noun “دولة” 
‘country’ before the proper name by the insertion rule described in (7). The ‘iof’ relation will link “ انأذربیج ” and “دولة” as in Fig. 
6.  
 
 

 
 
 

 
 
 
 

 
Figure 1: The UNL ontological relation using knowledge base technique 

B) Tools and Engines  

1)  SEAN: is the acronym for Shallow Enhanced ANalyser. It is fully automatic; it does not allow for any human intervention. It 
is a multi-document analyzer . Moreover, it is a word-driven analyzer: the unit of analysis is a word that is provided by the user. 
It is also a shallow analyzer: the analysis targets the surface structure of natural language sentences.  
SEAN is appropriate for information retrieval and extraction task, because it provides a rather rough and partial analysis of the 
natural language input. SEAN has been developed by the engineering team in the Library of Alexandria.  
 
Dictionaries, N-rules, T-rules and D-rules tabs in SEAN are provided the dictionary, normalization rules, transformation and 
disambiguation rules. In the Sean Documents tab, the NL documents can be uploaded either as web links or a text file in the 
UTF8 format. 

 
 

(6) 
(SHEAD,%c)(N,HUM,^with_rel,^INS,%b)(%a,N,PPN,^GEN=%b):=(mod(%b;%a,rel=mod)) 
#L(%c;%a,rel=mod,#CLONE); 
(7) 
({^GRO,^ARF,^HUM,^NOB,^LCT,^CGN|SHEAD 
|LCT,PPN|PPN,GRO|CGN,DEF|HUM,PLR|" س�كان"|"عاصمة "},%a)(%b,LCT,PPN,ONE,{^ins|ins,SPLIT},^with_add,^rel=
iof)({^"دولة",^NOB,^LCT|STAIL|node_left_del|LCT,PPN|COO|PPN,GRO|DEF},%c):=(%a)(?[دول�ة],blk,INS)(%b,ins)(%c
); 
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Moreover, the Process tab, allows the user to search for a word in the uploaded text. The number of words around the searched 
word can be specified from the combo box ‘Concordance’. The process tab consists of 4 sub-tabs; concordance, UNL corpus, 
Knowledge base and trace tabs. By clicking the ‘search’ button under the comb box, search results will be shown in the 
concordance tab in the left pane as shown in Fig. 7. 
 
 
 
 
 
 
 
  
 

 

 

 

 

 
Figure 7: The “Process” tab 

The selected natural language text from the concordance result is processed by the selected dictionary and the selected rules 
files, the UNL expressions of all search results are shown in the sub-tab ‘UNL corpus’. The behavior of the applied rules can be 
viewed in the sub-tab ‘trace’. 

2) EUGENE: This tool is responsible for generating the natural language sentences out of semantic networks represented in the 
UNL format. In its current release, it is a web application developed in Java and available at the UNLdev4. EUGENE is an 
acronym for dEp-to-sUrface GENErator. As a multilingual engine, EUGENE must be parameterized to the target natural 
languages with the following files that are provided through EUGENE's interface: The input document in the UNL document 
structure, i.e., the universal semantic network to be generated in natural language, the UNL-NL (generation) dictionary, i.e., a 
lexical database where UWs are mapped into natural language entries, along with the corresponding features, the UNL-NL 
(generation) transformation grammar, i.e., a set of transformation rules used to convert the UNL graphs into natural language 
sentences and the UNL-NL (generation) disambiguation grammar, i.e, a set of disambiguation rules used to improve the results 
of the tokenization and of the transformation5[31]. 

5 KEYS (KEY’S INTERFACE) 
 

KEYS is an automatic language-independent knowledge extraction system, it automatically extracts structured information, 
from unstructured machine-readable natural language documents. The system is able to work with any language as long as it 
contains the required resources of this given language. The following sub-sections will describe how KEYS works starting from 
the point of files uploading to the point of obtaining the results. 
 

A. Uploading documents  
The user has to select the language of the file that will be uploaded from a dropdown list. The user can also select the desired 
text file or zip folder from his file system by clicking on the browse button then clicking on the upload button. The user can add 
a URL file, by inserting the URL.  
 

B. Search for a query  
The user has to select the desired language, concordance size and documents in order to search in these documents, then enter 
the search query and click the search button. The results will be viewed in tabs (Visualization, Simplified and Eugene). 
 

4 http://dev.undlfoundation.org/index.jsp 
5 http://www.unlweb.net/wiki/EUGENE 
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1) Visualization: The output will be presented in the form of a graph by clicking on the “Visualization” tab. The output of this 
option depends on the results provided through SEAN. In this view, the user can click on each node in the graph to display its 
relations; the thick arrow refers to the most frequent instance of the word as shown in Fig. 8.  

 

  
Figure 8: KEYS output in the UNL view (visualization) 

2) Simplified KB: The output will be presented in the form of UNL expressions by clicking on the “Simplified” tab. The 
output of this option also depends on the results provided through SEAN. The output will appear as shown in Fig. 9. 

 

 
Figure 9: KEYS output in the UNL view (simplified) 

3) EUGENE: The output will be presented in the form of natural language sentences by clicking on the “EUGENE” tab. The 
output of this option depends on the results of the generation tool EUGENE. The output will appear as shown in Fig. 10. 
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Figure 10: KEYS output (Eugene) 

6 EVALUATING THE RESULTS  
 
Evaluation has been performed in order to investigate the accuracy and robustness of the grammar. The used data consists 1000 
proper nouns as keys for search with total number of occurrences being 22,000. The instances are divided into a training set  
which includes 17,000 instances and a testing set which includes 5,000 instances. The same proper name used in the training 
data has been tested in different contexts, different from the trained instances. For example, the output of the proper name 
 Hudson’ in the trained data was (14 instances), while the tested contexts represent 4 instances. The primary scores are‘ ”ھدسون“
precision and recall. Let NRkeyR be the total number of filled slots in the answer key, NRresponseR be the total number of filled slots in 
the system response, and NRcorrectR be the number of correctly filled slots in the system response (i.e., the number which match 
the answer key). Then 
 

          
 

 
 

The F measure was calculated with the equation: F= (2 × precision × recall )/( precision + recall ) and the accuracy was 90.2 %. 
These equations were calculated for each answer key in the corpus, then all of their results were added to provide the total 
accuracy of the corpus. 
 
In addition, a different set of proper names other than those used in the training and testing sets have been used to see whether 
the system has enough knowledge to search for any other entities in other contexts. For instance, Fig. 11, 12, and 13 represent 
the output samples of the proper names “الإسكندریة” ‘Alexandria’, “ھونج كونج” ‘Hong Kong’ and “مونتریال” ‘Montreal’ respectively 
which were not included in the 1000 proper names we worked with. Fig. 11,12 and 13 reflect that the system has learned 
abstracted knowledge that made it able to deal with both new keys and new contexts.  

Precision = = 0.92 

Recall     = = 0.886 

= 19.500/21.000 

= 19.500/22.000 
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Figure 11: Sample of “الإسكندریة” output Figure 12: Sample of “ھونغ كونج” output Figure 13: Sample of “مونتریال” output 

 

7 CONCLUSION 
Many applications depend on the automatic extraction of structure data from unstructured data for better means of querying, 
organizing, and analyzing data. KEYS is a knowledge extraction system that promises to fulfil the human needs in providing an 
easy access to the vast amount of information that is readily available on the internet. The amount of information on the internet 
is rapidly increasing, it is increasing every second, which makes benefiting from this amount of information difficult. Hence, 
the importance of knowledge extraction systems is manifested in providing an easy method to obtain the needed information. 
Knowledge extraction systems maximize the magnitude of utilizing the available information. In this article, the infrastructure 
of KEYS system is discussed. The linguistic resources and the tools involved in KEYS are presented, they are all provided in an 
open-source form for free at www.unlweb.net. The precision measurement of the Arabic grammar was 0.92 while recall 
measurement was  0.886. 
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إن ھدف ف في وجود ثورة المعلومات واتاحة كم كبیر منھا على صفحات الانترنت زاد احتیاج الانسان لاستخلاص معلومات محددة من ھذه الصفحات ، لذلك  —ملخص

كنظام استخلاص معرفي یھدف إلى استخلاص واسترجاع المعلومات إذ یقوم بالبحث عن المعلومات داخل نصوص ممثلة دلالیا ) KEYS( ھذه الورقة البحثیة تقدیم النظام 
المتوقع أن تكون النتائج ذات جودة عالیة  ؛ إذ یتم  مما یجعل مھمة استخلاص واسترجاع المعلومات أكثر دقة  وعندھا یكون من) UNL(باستخدام لغة الشبكات العالمیة  

بعد ذلك یتم تولید آلي لأي لغة  تحلیل النص المصدر تحلیلا سطحیا وتحویلھ إلى شبكة دلالیة تحتوي على علاقات انطولوجیة محددة ممثلة باستخدام لغة الشبكات العالمیة، 
قع أن یقدم ھذا النظام نھجا جدیدا لتحدید الكیان الاسمي وھو استخراج الاسماء بجمیع تصنیفاتھا الانطولوجیة من اللغة وبھذا یكون من المتو. طبیعیة من ھذه الشبكة الدلالیة

 .الطبیعیة أیا كانت ھذه اللغة
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 قضایا صوتیة خلافیة في ضوء التحلیل 
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 :صلخستالم
نطقھ، وبیان الأسس والأسالیب التي تأسست علیھا لغة نشأ علم الأصوات العربي نتیجة طبیعیة لاھتمام العلماء بالقرآن الكریم، ومحاولتھم ضبط طرق 

أدت عنایة القراء بضبط قراءة النص  ، ولقدخاصةم الأصوات بصفة عامة وعلالعربیة كان نزول القرآن الدافع الأساس لظھور العلوم  قدل. القرآن
 . الصوتي العربي القرآني وتلاوتھ تلاوة صحیحة إلى نشأة الدرس

تجوید یعتبر مصدرا أصیلا من مصادر الدراسة الصوتیة العربیة، وھذه نتیجة مبنیة على أساس الإنجازات القیِّمة التي حقَّقھا علماء ولا شكَّ أن علم ال
 بل لعلي لا أتجاوز الحدَّ إن زعمت أن ما وصل إلیھ علماء الأصوات. التجوید في مجال الدراسة الصوتیة، لا على أساس وفرة المصنفات في ھذا العلم

لقد كانت جھود علماء العربیة في دراسة الأصوات اللُّغویة من .  حالیاً إنما ھو تتَمَِّة لما وصل إلیھ علماء العرب قدیما ومن قبلھم علماء الھنود
حْدثین لم یلتفتْ إلى الإنجازات المتمیزة في الدرس اللغوي، وقامت حولھا دراسات لیست قلیلة، ولكن أحدًا من المشتغلین بدراسة الأصوات العربیة الم

 .كتب التجوید التي تتضمن دراسة للأصوات اللغویة لا تقل أھمیتھا عن جھود علماء العربیة
ریة وتنناول ھذه الدراسة مجموعة من القضایا الصوتیة الخلافیة بین علماء اللغة المتقدمین واللغویین المعاصرین، فھي دراسة تجمع بین النظ

الاتكاء على نتائج التحلیل التقني لأصوات اللغة، إلا أن تلك الدراسة لم تكن منبتة الصلة عن جھود علماء العربیة الذین والتطبیق، وذلك من خلال 
سلیمة قدموا وصفاً تفصیلا لأصوات اللغة العربیة بغیة الحفاظ على النطق العربي من اللحن أو التبدیل وحفاظًا على نطق القرآن الكریم بصورة 

 .معیاریة
 
 .علم التشكیل الصوتي، الموجة الصوتیة، منحنى التنغیم الأساسي، الصورة الطیفیة :كلمات المفتاحیةال

Keywords: Arabic Phonology, wave form, Fundamental Frequency, spectrogram. 
 

 الصوتي الحاسوبي قضایا صوتیة خلافیة في ضوء التحلیل
الھمزة "حین حصر الحروف المجھورة في تسعة عشر حرفاً ھي  ، وذلكأصوات مجھورة والطاءالھمزة والقاف  إلى أنَّ سیبویھ ذھب 

، والمیم، والألف، والعین، والغین، والقاف، والجیم، والیاء والضاد، واللام، والنون، والراء، والطاء، والدال، والزاي، والظاء، والذال، والباء
 . ]1["فذلك تسعة عشر حرفاً. والواو

فیما ذھب إلیھ كل علماء اللغة الأقدمین الذین أتوا بعده، ولم یضیفوا جدیداً إلى ھذه المسألة سوى مزید من الشرح والتحلیل  وقد تبعھ
 .والاستدلال

غیر أن ھذه الرؤیة قد انقلبت رأساً على عقب فیما یخص وصف ھذه الأصوات لدى علماء اللغة المحدثین، الأمر الذي أدى إلى سؤالین 
 :مقتضاھما

إذا كان ھذا الخلاف على ھذا القدر من الوضوح فأي الفریقین قد أصاب الحقیقة في وصف ھذه الأصوات وأیھما قد جانبھ : أولاً 
 الصواب؟

 ما الأسباب الحقیقیة التي أدت إلى ھذا الاختلاف؟: ثانیاً 
 :الآتي على النحومحاولة الإجابة عن ھذین السؤالین أشرع في وس
 :بین الجھر والھمس الطاء: أولاً 

 .]2"[لولا الإطباق لصارت الطاء دالاً "واعتبرھا سیبویھ مفخم الدال ورأى أنھ  ،الطاء صوت مھموس في العربیة المعاصرة
ولا فرق بینھما إلا في أن "وصوت الطاء، كما ینطق بھا الیوم، یقابل صوت التاء في التفخیم والترقیق، وكلاھما صوت شدید مھموس، 

 ].3"[لسان ترتفع تجاه الطبق عند نطق الطاء، ولا ترتفع نحوه في نطق التاءمؤخرة ال
وھكذا ینحصر الخلاف بین سیبویھ والعلماء المحدثین في وصف الطاء بین الھمس والجھر، فقد عدھا سیبویھ من الأصوات المجھورة 

وقد ذھب الكثیر من المحدثین إلى اعتبار الطاء صوتاً مجھورًا في  بینما أكد البحث الحدیث على عدم اھتزاز الوترین الصوتیین أثناء النطق بھا،
 ]. 4"[مھموسة الیوم، مجھورة عند القدماء، ونطق الطاء العتیق قد انمحى وتلاشى تمامًا"القدیم وقد تحول إلى الھمس بفعل عامل التطویر، فالطاء 

وف�ي لف�ظ . س�یبویھ یع�د م�ن المجھ�ورة الط�اء والق�اف: "رد ھذا الاخ�تلاف إل�ى الظ�واھر اللھجی�ة أو الجغرافی�ة فیق�ول" شاده"بینما یحاول 
، وأم�ا اللھج�ات فتخالفھ�ا مخالف�ة ]یقص�د الفص�حى الحالی�ة[عصرنا لا نصیب للأوتار الصوتیة في إنتاجھما، ولكن ذلك لا یصح إلا عن لفظ المدارس 

 .، وھذا الرأي ربما لا یجد ما یدعمھ إلا محاولة الإشادة بجھود علماء العرب القدامى]5[......."شدیدة
د وال��ذي أمی��ل إلی��ھ ف��ي ھ��ذه المس��ألة أن��ھ إذا ج��از لن��ا تق��دیم الأع��ذار لعلم��اء العربی��ة الس��ابقین ال��ذین ب��ذلوا وس��عھم ول��م ی��ألوا جھ��دًا ف��ي ح��دو

نقبل منھم شاكرین ما وصلوا إلیھ في ھ�ذه المس�ألة إلا أنن�ا لا نس�تطیع أن نقب�ل بح�ال م�ن الأح�وال أن تبق�ى ھ�ذه  الإمكانات التي أتیحت لھم، إننا إذا كنا

 .4/434بيروت عبد السلام محمد هارون، دار الجيل، / سيبويه،الكتاب، تحقيق] [1
 .4/436سيبويه، الكتاب، ] 2[
 .75: عبد التواب، رمضان، المدخل إلى علم اللغة، ص] 3[
 .9: عبد التواب، رمضان، التطور النحوي، ص] 4[
 .75عبد التواب، رمضان، المدخل إلى علم اللغة، ص ] 5[
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عم�ل  المسألة مسألة خلافیة في وقتنا الحالي، فیكفینا عرض صورة طیفیة واحدة لتثبت بما لا یدع مجالاً للش�ك أن الط�اء ص�وت انفج�اري مھم�وس لا
ج�ھ، غی��ر أن ھ��ذا الص��وت كب�اقي الأص��وات الانفجاری��ة یتك��ون م�ن عملیت��ین ص��وتیتین متت��الیتین؛ حی�ث ین��دفع الھ��واء م��ن لل�وترین الص��وتیین ف��ي إنتا

ینفرج�ا لیح�دث الص�وت الانفج�اري، ش�أنھا ف�ي ذل�ك ش�أن الق�اف والك�اف والت�اء وال�دال  حت�ى انلبث�یالصدر فتقف برھة أمام الوترین الصوتیین ثم ما 
 :صورة طیفیة للطاء ثم أعقب بعدھا بقراءتي لھذا الصوت على النحو التالي في ما یليأعرض وللتدلیل على ذلك . والباء

 
 ]1[رقم شكل ال

 .، مع التركیز على صوت الطاء الانفجاري المھموس]ویقطعون ما أمر الله بھ أن یوصل[: صورة طیفیة لجملة 
 ]wave form[وھذه الصورة تعرض ثلاثة من مستویات التحلی�ل الص�وتي لص�وت الط�اء، ویظھ�ر ف�ي المس�توى الأعل�ى ش�كل الموج�ة 

أم�ا . ویبدو جلیاً أنھا لصوت مھموس؛ حیث لا یوجد أثر للذبذبات التي تقترن دائمًا بالأصوات المجھورة، مثل الص�وت الت�الي لھ�ا وھ�و ص�وت الع�ین
 المستوى الثاني فیعرض الصورة الاسبكتروجرام ویتضح فی�ھ أیضً�ا خل�و ھ�ذا الص�وت م�ن الذب�ذبات المجھ�ورة، أم�ا المس�توى الأخی�ر فھ�و المس�توى

وعلی�ھ . ونلاحظ انقطاع الخط القاع�دي لھ�ا وھ�و أم�ر م�لازم للأص�وات المھموس�ة فق�ط ]Fundamental Frequency[الذي یحدد النغمة الأساسیة 
 .شيء فإن صوت الطاء صوت مھموس لا تظھر فیھ من معالم الجھر

 
 :مھموسة أم مجھورة؟ القاف: ثانیاً

المعاص�رة، أم��ا س�یبویھ وم�ن تبع�ھ م��ن النح�اة والق�راء فق�د ذھب��وا إل�ى أن�ھ ص�وت مجھ��ور، ھ�و ص�وت لھ�وي ش�دید مھم��وس ف�ي العربی�ة 
م�ن وص�ف الق�دامى لھ�ذا الص�وت أن�ھ ك�ان یش�بھ إل�ى ح�د كبی�ر تل�ك الق�اف المجھ�ورة الت�ي نس�معھا الآن ب�ین القبائ�ل "ویستنتج الدكتور إبراھیم أنیس 

 .]6["طقاً یخالف نطقھا في معظم اللھجات العربیة الحدیثة؛ إذ نسمعھا منھم نوعا من الغینالعربیة في السودان، وجنوب العراق، فھم ینطقون بھا ن
القبائ�ل العربی�ة ل�م تك�ن تنط�ق الق�اف بص�ورة "بینما ینحو الدكتور رمضان عب�د الت�واب ف�ي ھ�ذه المس�ألة منح�ى التع�دد اللھج�ي فی�ذكر أن 

. الق�وم؛ فتك�ون الق�اف ب�ین الك�اف والق�اف: الك�وم، یری�د: ف�إنھم یلحق�ون الق�اف بالك�اف؛ فیق�ولفأما بنو تم�یم، : "و ابن درید اللغوي یقولا ھموحدة، فھ
 :وھذه لغة معروفة في بني تمیم، قال الشاعر

 ]8][7["ولا أكول لباب الدار مكفول** ولا أكول لكدر الكوم كد نضجت 
ق�د ألق��ى وق�ال كلمت��ھ ف�ي ھ��ذه المس�ألة باعتب��ار أن ھ��ذه ھ�ل أخط��أ س�یبویھ ف��ي وص�ف ھ��ذه الأص�وات أم أن التط��ور اللغ��وي :ولن�ا أن نس��أل

 الأصوات كانت تنطق مجھورة ثم حدث لھا نوع من التطور اللغوي فتحولت إلى نظائرھا المھموسة؟
ق�رآن والحق أنني لا أمیل إلى ھذا الرأي الأخیر بأي حال من الأحوال، ودلیلي على ذلك أن ق�راء الق�رآن وأئم�ة الأداء م�ا زال�وا یق�رأون ال

 .بھذه الصورة التي لا تختلف عن العربیة القدیمة، وقد ورثوا ھذا الأداء وتعلموه من مشایخھم عن طریق المشافھة والسماع
ومن باب آخر فإن الزعم بالتطور اللغوي یؤدي إلى نتیجة مفادھا أننا نقرأ القرآن الآن بطریقة متباینة في بعض الوجوه عن تل�ك الطریق�ة 

وھ�ذا ال�زعم مح�ال؛ لأن�ھ یخ�الف أص�لاً إس�لامیاً وھ�و حف�ظ الله تع�الى . النبي صلى الله علیھ وسلم  وعلمھا لأص�حابھ رض�وان الله عل�یھمبھا ه التي قرأ
 .للقرآن الكریم من اللحن أو التحریف

أنھ یختلف عن مفھومھم�ا وبتأمل مفھوم سیبویھ للجھر والھمس یتبین لنا  أما الرأي الأول فإنھ ینطوي ھو الآخر على شيء من المجازفة،
 .عند علماء العربیة في العصر الحدیث

حرف أشبع الاعتماد علیھ ، ویجري الصوت، فھذه حال المجھورة في الحلق والفم، إلا أن النون والم�یم : المجھور"حیث یرى سیبویھ أن 
 .]9["أنفك ثم تكلمت بھما لرأیت ذلك قد أخل بھماقد یعتمد لھما في الفم والخیاشیم فتصیر فیھما غنة، والدلیل على ذلك أنك لو أمسكت ب

فالجھر عند سیبویھ صفة صوتیة ترتبط بإشباع الاعتماد في موضعھ، ومنع النفس أن یجري مع أداء الصوت المتصف بتلك الص�فة حت�ى 
 .]10["ینقضي الاعتماد علیھ ویجري الصوت

 .]11["بتذبذب الأوتار الصوتیة حین النطق صفة صوتیة ترتبط" ھوبینما الجھر عند علماء العربیة المحدثین 
صفة صوتیة تتعلق بإض�عاف الاعتم�اد ف�ي موض�عھ بص�ورة تس�مح ب�أن یج�ري ال�نفس م�ع "أما مفھوم سیبویھ عن الھمس فیتمثل في كونھ

 .]12["أداء الصوت المتصف بھ 

 .77: م، ص1971، 4أنيس، إبراهيم، الأصوات اللغوية، مكتبة الأنجلو المصرية، ط ] 6[
، "، ويــروى لحـاتم الطـائي ولغــيرهوهــذا الشـعر لأبي الأسـود الـدؤلي... معـنى تغلـيظ القــاف الـتلفظ بالكـاف الفارسـي: "، وعلـق كرنكـو في الهـامش بقولــه1/5ابـن دريـد، جمهـرة اللغــة، ] 7[

 .36: لصاحبي لابن فارس، صوانظر النص كذلك في ا
 .79: عبد التواب، رمضان، المدخل إلى علم اللغة، ص: انظر] 8[
 .4/434سيبويه، الكتاب، ] 9[
 .199:فتيح، محمد، الأصوات العامة والأصوات العربية، دار الثقافة العربية، القاهرة، ص ] 10[
 .198: فتيح، محمد، الأصوات العامة والأصوات العربية، ص ] 11[
 .199:فتيح، محمد، الأصوات العامة والأصوات العربية، ص ] 12[
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 .القیام بالعملیة النطقیة بینما یرتبط ھذا المفھوم عند اللغویین المحدثین بعدم تذبذب الأوتار الصوتیة أثناء 
 .]13["وربما یرجع الاعتماد المذكور في عبارات سیبویھ إلى شدة الضغط في الحجاب الحاجز

وخلاصة الأمر أن اختلاف مفھوم الجھر والھمس بین سیبویھ من ناحیة وب�ین علم�اء الأص�وات المح�دثین م�ن الناحی�ة الأخ�رى ھ�و ال�ذي 
أثناء تن�اولي لص�وت الط�اء فإن�ھ ل�م یع�د یح�ق  أن قلتولكن كما سبق . القسمین بینصوات العربیة وتوزیعھا أدى إلى الاختلاف في تصنیف بعض الأ

لنا الاكتفاء بعرض ھ�ذا الخ�لاف أو ربم�ا مج�رد قبول�ھ م�ع م�ا أت�یح لن�ا م�ن أجھ�زة تمكنن�ا م�ن إعط�اء ص�ورة حقیقی�ة للجھ�ر والھم�س، وعلی�ھ فس�وف 
 :أعرض الآن صورة طیفیة للقاف متبعًا ذلك بقراءتي لتلك الصورة على ھذا النحو

 
  ]2[رقم شكل ال

 .، مع التركیز على صوت القاف الانفجاري المھموس]إذا تتلى علیھ آیاتنا قال أساطیر الأولین[: صورة طیفیة لجملة
 ]wave form[مس��تویات التحلی��ل الص��وتي لص��وت الق��اف، ویظھ��ر ف��ي المس��توى الأعل��ى ال م��ن وتع��رض ھ��ذه الص��ورة أیضً��ا ثلاث��ة 

أنھا لصوت مھموس؛ حیث لا یوجد أثر للذب�ذبات الت�ي تقت�رن دائمً�ا بالأص�وات المجھ�ورة، مث�ل الص�وت الت�الي أو الس�ابق لھ�ا وھ�و ص�وت  بوضوح
أما المستوى الث�اني فیع�رض الص�ورة الاس�بكتروجرام، ویتض�ح فی�ھ أیضً�ا خل�و ھ�ذا الص�وت م�ن الذب�ذبات المجھ�ورة، أم�ا المس�توى . الفتحة الطویلة

وعلی�ھ . ونلاحظ انقطاع الخط القاعدي لھا، وھو أمر ملازم للأص�وات المھموس�ة فق�ط ]Fundamental Frequency[النغمة الأساسیة  الأخیر فھو
 .فإن صوت القاف صوت مھموس لا تظھر فیھ معالم الجھر

 
 :الھمزةبینیَّة : ثالثاً

الھم�زة  إل�ى أن  الق�دامى عل�ى ح�ین ذھ�ب بع�ض المح�دثین لقد اعتبرھا سیبویھ أول�ى الح�روف المجھ�ورة، وتبع�ھ ف�ي ذل�ك علم�اء العربی�ة
نأخذ بالرأي الذي تبین�اه  "أن كمال محمد بشر  أكدكما ، وأحمد مختار عمر  والعربیة صوت مھموس، وذھب فریق ثالث على رأسھم إبراھیم أنیس، 

ینطبق الوتران انطباقا تاما ف�لا یس�مح بم�رور الھ�واء إل�ى "ذلك أنھ في حال نطق ھذا الصوت   ؛]14["وھو كونھا صوتاً لا بالمجھور ولا بالمھموس
بوسً�ا الحلق مده ھذا الانطباق، ومن ثم ینقطع النفس، ثم یحدث أن ینفرج ھذان الوتران، فیخرج ص�وت انفج�اري نتیج�ة لان�دفاع الھ�واء ال�ذي ك�ان مح

 .]15["فھمزة القطع العربیة إذن صوت صامت لا ھو بالمھموس ولا بالمجھور. قطعحال الانطباق التام، ھذا الصوت ھو ھمزة ال
قد یوضع الوتران ف�ي حال�ة غل�ق ت�ام محك�م یمن�ع تی�ار الھ�واء م�ن تفریقھم�ا، وھ�و "أكده أحمد مختار عمر حین ذھب إلى أنھ  وھذا ھو ما

لا توج�د أعض�اء نط�ق "وذھ�ب إل�ى تعلی�ل ذل�ك بأن�ھ  .]16["]الھم�زة[" ی�ةالوقف�ة الحنجر"وضع ینتج أصواتاً كثیرة غیر لغویة، كما أنھ وض�ع إنت�اج 
وحی�ث . في مجرى تیار الھواء –وإن كان قصیرا  –مستعملة في إنتاج ھذا الصوت، ولكن الأوتار الصوتیة تقوم بدور ھذه الأعضاء، لتنتج غلقا تامًا 

 .]17["بأنھ مجھور أو مھموس أو موشوشإن الأوتار الصوتیة نفسھا ھي المنتجة لھذا الصوت فلا معنى لوصفھ 
 

 إشكالیة الضاد: رابعاً  
صوت الضاد في اللغة العربیة صوت دار حولھ جدل طویل، ولا تكاد تجد في كت�ب التجوی�د ولا ف�ي كت�ب الص�وتیات العربی�ة أكث�ر إث�ارة 

 . للجدل من حرف الضاد، ومن أجل ذلك سمیت اللغة العربیة بلغة الضاد، ولا تكاد تجد بین علماء التجوید خلافاً في غیره
كثیرة في وسط القراء على وجھ الخصوص، فكل یذھب إلى س�داد رأی�ھ وتخطئ�ة رأي مخالف�ھ، م�ع احتج�اج وھذه القضیة قد أخذت أبعادًا 

العدی�د م�ن  صُ�نفوق�د . كلٍّ بتلقیھ ذلك بالإسناد، فكلُّ فریق یكتب تأییدًا لرأیھ، وتسفیھاً لرأي مخالفھ، وھذا في كت�ب المت�أخرین عل�ى وج�ھ الخص�وص
رأیاً واحدًا ھو القول بأن النطق الصحیح للضاد ھو كما یقرأه القراء المصریون الآن، كالش�یخ عب�د الباس�ط عب�د بنى وھي تت ،الكتب في ھذا الموضوع

الش�یخان س�عود الش�ریم -الصمد، والشیخ محمود خلیل الحصري، والشیخ محمد رفعت، رحمھم الله جمیعًا، وكما یقرأ أئم�ة الح�رمین ف�ي ھ�ذا الزم�ان 
 .علي عبد الرحمن الحذیفي وعبد الرحمن السدیس، والشیخ

م�ن  اكبیرا وإلى عھد قریب كانت المصادر التي یمكن الاعتماد علیھا في تتبع صوت الضاد لا تزال مخطوطة، ثم حقق غانم قدوري عدد
ر م�ن النص�وص حمل على عاتقھ عبء الكشف والتنقیب عن مكنونات الدراسات الصوتیة عند علماء التجوید، فانكشف للب�احثین كثی�ھذه المصادر؛ و

 .التي توضح رحلة صوت الضاد الحقیقیة عبر الأجیال حتى وقتنا القریب
 :وقد ذھب غانم قدوري الحمد إلى أن دراسة ھذا الصوت لابد أن تنطلق من قاعدتین

 .]اقرأوا كما عُلِّمتمُ[:لم سنة متبعة یأخذھا اللاحق عن السابق؛ لقول النبي صلى الله علیھ وس وباع، فھأن الأصل في القراءة الاتِّ : الأولى 
، وك�ل م�ن ج�اء بع�ده ینق�ل ]الكت�اب[أن أق�دم وص�ف مكت�وب للض�اد وص�ل إلین�ا ھ�و وص�ف إم�ام النح�اة س�یبویھ ف�ي كتاب�ھ العظ�یم : الثانیة

 .68: أنيس، إبراهيم، الأصوات اللغوية، ص] 13[
 .175: م، ص2000بشر، كمال محمد، علم الأصوات، دار غريب، القاهرة، ] 14[
 .175السابق، ص] 15[
 .128السابق، ص] 16[
 .129السابق، ص ] 17[
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 .]18[عنھ
 :ویمكن تلخیص ما ذكره سیبویھ عن الضاد في النقطتین التالیتین

 .]19["أول حافة اللسان وما یلیھا من الأضراسمن بین "مخرج الضاد، ذكر سیبویھ أنھا تخرج  -1
فالضاد تمیزت بمخرجھا، فھي من حافة اللسان من أقصاھا، مع ما یقابلھ�ا م�ن الأض�راس، وك�ان س�یبویھ ق�د ذك�ر الض�اد قب�ل الج�یم ح�ین 

 .]20[باتجاه طرف اللسان ]ج ش ي [رتب الحروف، لكنھ جعل مخرج الضاد بعد مخرج حروف وسط اللسان 
 .]21[وقد ذكر سیبویھ أنھا تتصف بالجھر، والرخاوة، والإطباق، والاستعلاء، والاستطالة. لضادصفات ا -2

فالض��اد الت��ي وص��فھا س��یبویھ ص��وت رخ��و لا ینح��بس ال��نفس ف��ي مخرج��ھ، مجھ��ور یتذب��ذب ال��وتران الص��وتیان عن��د النط��ق ب��ھ، مطب��ق، 
 .مستعل، یتمیز بالاستطالة

وف�ي الض�اد . كل حرف فیھ زی�ادة ص�وت لا ی�دغم ف�ي م�ا ھ�و أنق�ص ص�وتاً من�ھ"ھب إلى أن وبعد ذكر سیبویھ لمخرج الضاد وصفاتھا ذ
ل�بعض [:استطالة لیست لشيء من الحروف فل�م ی�دغموھا ف�ي ش�يء م�ن الح�روف المقارب�ة لھ�ا، إلا م�ا روي م�ن إدغامھ�ا ف�ي الش�ین ف�ي قول�ھ تع�الى 

وم�ن ث�م أدغم�ت ال�لام والت�اء وال�دال والط�اء والث�اء وال�ذال والظ�اء ف�ي . م�ن الض�ادوسوغ ذلك ما في الشین من تفش یشبھ الاستطالة یقربھ�ا   ]شأنھم
 .]22["الضاد، ولم تدغم ھي فیھا

ل�ولا الإطب�اق لص�ارت الط�اء دالاً، والص�اد س�یناً، : "وعلیھ فإن الضاد بھذه الصفات التي ذكرھا سیبویھ صوت متفرد، ولھذا قال س�یبویھ 
 .]23["الكلام؛ لأنھ لیس من موضعھا شيء غیرھاوالظاء ذالاً، ولخرجت الضاد من 

ب�دأ الانح�راف  نوقد بقي ما كتبھ سیبویھ دستورا للعلماء الذین ج�اءوا بع�ده، وف�ي الق�رن الراب�ع الھج�ري ب�دأ الأم�ر یأخ�ذ منح�ى آخ�ر، ح�ی
لت�ي یظھر في النطق بالضاد وخاصة التباسھا بصوت الظاء؛ مما جع�ل العلم�اء یكتب�ون الكت�ب ف�ي التفری�ق ب�ین الض�اد والظ�اء، وذل�ك بجم�ع الألف�اظ ا

 .تكتب بالضاد والتي تكتب بالظاء
زینة الفضلاء في الف�رق ب�ین [تحقیقھ لكتاب وقد قام رمضان عبد التواب بإحصاء المصنفات التي ألفت في التفریق بین الضاد والظاء في 

 .لأبي البركات الأنباري ]الضاد والظاء
وھناك مؤلفات أخرى لعدد من العلماء تناولت الجانب الصوتي، فتحدثت عن خصائص ص�وت الض�اد النطقی�ة، والانحراف�ات الت�ي تلحق�ھ 

علم��اء التجوی��د مش��اركة واض��حة فعال��ة ف��ي ھ��ذا الأم��ر، وم��ن أھ��م ھ��ذه عل��ى ألس��نة الن��اطقین، والأص��وات الت��ي یخ��تلط بھ��ا أو یقت��رب منھ��ا، وك��ان ل
 :المصنفات

  محسن في مجلة المجمع العلمي العراقي في عدد ذي  حققها  طه، التي ]هـ870[، لابن النجار ]غاية المراد في إخراج الضاد[رسالة
 .هـ1408القعدة عام 

  عبد الجبار المعيبد، ونشرها في مجلة المورد  حققها محمد، التي ]هـ1004[، لابن غانم المقدسي ]بغية المرتاد لتصحيح الضاد[ورسالة
 .العراقية

  وقد طبعت بتحقيق حاتم الضامن. ]هـ1150[ورسالة في كيفية الضاد لساجقلي زاده . 
 :وقد أكدت ھذه الرسائل والمؤلفات حقیقتین

 .لضادأن ھناك تغیرًا صوتیاً یحدث في نطق ا: الأولى
أن علماء التجوید كانوا مشغولین بتحدید ملامح ذلك التغیر، وأنھ�م ك�انوا حریص�ین عل�ى التمس�ك بالص�ورة الأول�ى لنط�ق الض�اد؛ : الثانیة

 .مراعاة لھدف مصنفاتھم الأول وھو البعد عن اللحنین الجلي والخفي
الفرعی�ة غی�ر المستحس�نة لا ف�ي ق�راءة الق�رآن ولا ف�ي  ، وھ�ي أح�د الح�روف]الض�اد الض�عیفة[وقد أشار س�یبویھ إل�ى ص�وت ولی�د أس�ماه 

 إلا أن الضاد الضعیفة تتُكََّلفَ م�ن الجان�ب الأیم�ن، وإن ش�ئت تكلفتھ�ا م�ن الجان�ب الأیس�ر، وھ�و أخ�ف؛ لأنھ�ا م�ن حاف�ة اللس�ان مطبق�ة؛ لأن�ك[الشعر، 
ولھا من الیسار إلى الموضع الذي ف�ي الیم�ین وھ�ي أخ�ف؛ لأنھ�ا جمعت في الضاد تكلف الإطباق مع إزالتھ عن موضعھ، وإنما جاز ھذا فیھا لأنك تح

من حافة اللسان وأنھا تخالط مخرج غیرھا بعد خروجھ�ا، فتس�تطیل ح�ین تخ�الط ح�روف اللس�ان، فس�ھل تحویلھ�ا إل�ى الأیس�ر؛ لأنھ�ا تص�یر ف�ي حاف�ة 
 . ]24][روف اللسان، كما كانت كذلك في الأیمناللسان في الأیسر إلى مثل ما كانت في الأیمن، ثم تنسلُّ من الأیسر حتى تتصل بح

وقد كان علماء اللغة والتجوید والتفسیر على وعي تام بھذا التغیر الطارئ على صوت الضاد، مع وعیھم بالخلط المفتع�ل ال�ذي ق�د یح�دث 
 .قدیمبین صوتي الضاد والظاء، وسوف أسرد بعضًا من كلامھم في الضاد لنعرف أن الانحراف في نطق ھذا الحرف 

رُ فیھ أكث�ر م�ن رأی�ت م�ن [: ]ھـ437ت [قال مكي بن أبي طالب القیسي  ولا بد للقارئ من التحفظ بلفظ الضاد حیث وقعت، فھو أمر یقُصَِّ
لاً وَمُغَیِّ��رًا، والض�اد أص��عب الح�روف تكلفً��ا ف�ي ... الق�راء والأئم��ة  طَ ف�ي ذل��ك أت�ى بلف��ظ الظ�اء أو بلف��ظ ال�ذال فیك��ون مُبَ�دِّ المخ��رج، وأش��دھا ومت�ى فَ��رَّ

 . ]25][صعوبة على اللافظ، فمتى لم یتكلف القارئ إخراجھا على حقھا أتى بغیر لفظھا، وأخل بقراءتھ
وم�ن آك�د م�ا عل�ى الق�راء أن یخلص�وه م�ن ح�رف الظ�اء بإخراج�ھ م�ن موض�عھ، [:ع�ن نط�ق الض�اد  ]ھ�ـ444ت [وقال أبو عمرو الداني 

 .، دار عمار للنشر والتوزیع، الأردن159-146في علم التجوید، ص  الحمد، غانم قدوري، أبحاث :انظر ]18[ 

 .4/433سیبویھ، الكتاب،  ]19[ 

 .4/433سیبویھ، الكتاب، : انظر ]20[ 

 .السابق، نفس الصفحة ]21[ 

 .، بتصرف4/434سیبویھ، الكتاب : لنظر ]22[ 

 .4/436سیبویھ، الكتاب،  ]23[ 

 .4/432سیبویھ، الكتاب،  ]24[ 

 .159-158: تجوید القراء وتحقیق لفظ التلاوة، ص مكي بن أبي طالب، الرعایة في القیسي، ]25[ 
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 . ]26][وإیفائھ حقھ من الاستطالة
والصحیح من مذاھب العلماء أنھ یغُتفر الإخلال بتحریر م�ا ب�ین الض�اد والظ�اء؛ لق�رب مخرجھم�ا وذل�ك لأن : "]ه774ت [ثیروقال ابن ك

 .]27["أنا أفصح مَنْ نطق بالضاد فلا أصل لھ: فلھذا اغتفر استعمال أحدھما مكان الآخر لمن لا یمیز ذلك، وأما حدیث ... الضاد مخرجھا 
وأكثر القراء الیوم على إخراج الضاد م�ن مخ�رج الظ�اء، ویج�ب أن تك�ون العنای�ة بتحقیقھ�ا تام�ة؛ [: ]ھـ461[وقال عبد الوھاب القرطبي 

 . ]28][لأن إخراجھا ظاءً تبدیل
انف��رد  والض��اد[:ق��د ح��دد الأص��وات الت��ي یتح��ول إلیھ��ا الض��اد عل��ى ألس��نة المعاص��رین ل��ھ فق��ال ف��ي النش��ر  ]ھ��ـ833[وك��ان اب��ن الج��زري 

وم�نھم م�ن یمزج�ھ . من یحسنھ، فم�نھم م�ن یخرج�ھ ظ�اءً  بالاستطالة، ولیس في الحروف ما یعسر على اللسان مثلھ، فإن ألسنة الناس فیھ مختلفة، وقلَّ 
 . ]29][وكل ذلك لا یجوز. ھ بالزايمُّ شِ ومنھم من یُ . ومنھم من یجعلھ لامًا مفخمة. بالذال

م أن ھذا الحرف لیس من الحروف حرف یعس�ر عل�ى اللس�ان غی�ره ، والن�اس یتفاض�لون ف�ي النط�ق واعل[: وقال ابن الجزري في التمھید
ومنھم م�ن لا یوص�لھا إل�ى مخرجھ�ا، ب�ل یخرجھ�ا دون�ھ ممزوج�ة بالط�اء . وھم أكثر الشامیین وبعض أھل المشرق... فمنھم من یجعلھ ظاء مطلقاً: بھ

 .]30][وم�نھم م�ن یخرجھ�ا لامً�ا مفخم�ة، وھ�م الزی�الع وم�ن ض�اھاھم. ین وبعض أھل المغربالمھملة، لا یقدرون على غیر ذلك، وھم أكثر المصری
 .]بیل والقالي[وفي بلاد الحمران جنوب مكة المكرمة یقلبونھ لاماً غیر مفخمة إلى الیوم فیقولون في البیض والقاضي 

من أصل حافة اللس�ان وم�ا یلیھ�ا م�ن الأض�راس م�ن والفرق بین الضاد والظاء مخرجا أن الضاد مخرجھا " :]ه 1270ت [وقال الألوسي
ا یم�ین اللس��ان أو یس��اره وم��نھم م�ن ی��تمكن م��ن إخراجھ��ا منھم�ا والظ��اء مخرجھ��ا م��ن ط�رف اللس��ان وأص��ول الثنای��ا العلی�ا واختلف��وا ف��ي إب��دال أح��دھم

ة المشایخ ونقل�ھ ف�ي الخلاص�ة ع�ن أب�ي حنیف�ة ومحم�د، بالأخرى ھل یمتنع وتفسد بھ الصلاة أم لا فقیل تفسد قیاسا ونقلھ في المحیط البرھاني عن عام
م یق�رأ لا استحسانا ونقلھ فیھا عن عامة المشایخ كأبي مطیع البلخي ومحمد بن سلمة وقال جمع أنھ إذا أمكن الفرق بینھما فتعمد ذلك وكان مما ل: وقیل

ى العجم وقد أسلم كثیر منھم في الص�در الأول ول�م ینق�ل ح�ثھم عل�ى بھ كما ھنا وغیر المعنى فسدت صلاتھ وإلا فلا لعسر التمییز بینھما خصوصا عل
 .]31["ل علیھوھذا ھو الذي ینبغي أن یعوَّ  ،قللفعلوه ونُ  الفرق وتعلیمھ من الصحابة ولو كان لازماً 

اض�حا ف�ي الرس�م العرب كانت تف�رق ب�ین ھ�ذین الص�وتین تفریق�ا و"لھذا الخلط بین الصوتین فذكر أن  من المحدثین وأرخ سالم السحیمي
نتیج��ة والنط�ق، وق�د ظھ�ر الف�رق بینھم�ا جلی�ا ف�ي النق��وش الیمنی�ة الت�ي كتب�ت ب�الخط المس�ند، وإنم�ا س�بب الخل��ط بینھم�ا فس�اد اللغ�ة، ولع�ل ذل�ك كان�ت 

ء أن الع�رب كان�ت لاختلاط العرب بغیرھم من الأمم الأخرى، وقد وضح القاضي محمد بن نشوان في مختصره الذي ألفھ في الفرق بین الضاد والظا
 .]32["تمیز بین ھذین الصوتین تمییزا واضحا

بین الضاد والظاء فرق واضحا في اللفظ والمخرج والخط، فأما اللفظ فص�میم الع�رب لا یخلط�ون بعض�ھما ب�بعض ویمی�زون "ثم أكد أن  
بعضھم یمی�ل ف�ي نط�ق الض�اد إل�ى ش�ین لق�رب مخ�رج الش�ین إحداھما عن الآخر، فلا یقع عندھم بینھما اشتباه، كما لا یشتبھ سائر الحروف، حتى إن 

 .]33["من مخرج الضاد، وبعضھم یمیل في نطق الظاء إلى الثاء لقرب مخرجھا منھا
وخلاصة الأمر أن علماء العربیة والتجویدیین وأھل التفسیر كانوا على وعي تام بالمفارقة النطقی�ة ب�ین ص�وتي الض�اد والظ�اء، وكلاھم�ا 

عل��ى خارط�ة الأص��وات اللغوی�ة العربی��ة، غی�ر أنن��ي أرى أن الخل��ط ق�د نش��أ عن�د بع��ض أھ�ل الأداء نظ��رًا لمح�اولتھم تطبی��ق ص��فة  ل�ھ موقع��ھ الخ�اص
م�ن قب�ل  ذك�رتالاحتكاكیة التي أكد علیھا علماء العربیة والتجوید والتفسیر جمیعًا جریاً وراء حدیث س�یبویھ ف�ي وص�فھ لھ�ذا الص�وت، وإذا كن�ت ق�د 

ة التطور اللغوي في الصوت القرآني فإنني سأعود وأؤكد أن صوت الضاد الذي نسمعھ من أئمة القرآن في ھذا العصر ھو ھ�و ب�نفس عدم قبولي لفكر
ل�ین مخرجھ وصفاتھ كما نطقھ النبي صلى الله علیھ وسلم وصحابتھ الكرام منذ بدایة نزول القرآن وحتى عصرنا ھذا، إنھ صوت شدید انفجاري غی�ر 

سوف أختم حدیثي حول ھذه الإشكالیة بعرض صورة طیفیة لھذا الصوت الممیز كما نطقھ فضیلة الشیخ محمود خلی�ل الحص�ري عل�ى أو احتكاكي، و
 :ھذا النحو

 
  ]3[رقم شكل ال

 .]7[، سورة الفاتحة، الآیة ]ولا الضالینصراط الذین أنعمت علیھم غیر المغضوب علیھم [: من قولھ تعالى ]ولا الضالین[صورة طیفیة لصوت الضاد من كلمة 

 .164: م ص1998دوري الحمد، مطبوعات جامعة بغداد، قغانم  الداني، أبو عمرو بن سعید، التحدید في الإتقان والتجوید، تحقیق ]26[ 

 .1/54ابن كثیر، تفسیر القرآن العظیم، مكتبة السنة،  ]27[ 

 .114رطبي، عبد الوھاب، الموضح، الق ]28[ 

 .1/219ابن الجزري، النشر في القراءات العشر،  ]29[ 

 .141-140ابن الجزري، التمھید في علم التجوید،  ]30[ 

 .61/ 30الألوسي، روح المعاني  ]31[ 

 .428سالم السحیمي، إبدال اللھجات العربیة، ص  ]32[ 

 .429: السابق، ص ]33[ 
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للذب��ذبات الت��ي  اً لا نج��د أث��ر ]form wav[ویض��ع لن��ا الش��كل الس��ابق تحل��یلاً لص��وت الض��اد عل��ى ثلاث��ة مس��تویات، فف��ي المس��توى الأول 
، ]Fundamental Frequency[تصاحب الأص�وات المجھ�ورة الاحتكاكی�ة، وف�ي المس�توى الث�اني  نلاح�ظ انخف�اض خ�ط منحن�ى التنغ�یم الأساس�ي 

توزیع�ا عش�وائیاً غی�ر متت�ابع  ]formants[وظھوره على ھیئة مقعرة، الأمر الذي یؤكد عدم احتكاكیة ھ�ذا الص�وت، بینم�ا نج�د ف�ي المس�توى الثال�ث 
ة الانفجاری��ة ولیس��ت مجموع��ة مم��ا ی��دل عل��ى انتم��اء ھ��ذا الص��وت إل��ى مجموع��ة الأص��وات الش��دید ]f1.f2.f3[لق��یم المع��الم الأول��ى والثانی��ة والثالث��ة 

 .وعلیھ فإن صوت الضاد صوت شدید انفجاري ولیس لیناً رخوا .الأصوات الرخوة
 

 :نتائج الدراسة
 wave[أظھر التحلیل الصوتي الحاسوبي لصوتي الطاء والقاف، عدم وجود ذبذبات وتریة في المستوى الأعلى الذي یمثل شكل الموجة  .1

form[ ،الصورة الطیفیة متعلق بالمستوى الثاني ال في حین یوضح]Spectrogram[  خلو ھذا الصوت من الذبذبات المجھورة، أما
انقطاع الخط القاعدي، وھو أمر ملازم فیھ نلاحظ ف ]Fundamental Frequency[المستوى الأخیر الذي یحدد النغمة الأساسیة 

 .أیة معالم من معالم الجھر مار فیھلا تظھ انمھموس انصوتھما وعلیھ فإن. للأصوات المھموسة
وب�ین علم�اء الأص�وات المح�دثین م�ن الناحی�ة الأخ�رى ھ�و ال�ذي أدى  ؛إن اختلاف مفھوم الجھر والھمس بین سیبویھ ومن تبعھ من ناحی�ة .2

 .إلى الاختلاف في تصنیف بعض الأصوات العربیة وتوزیعھا إلى أحد القسمین
؛ فلا یس�مح بم�رور الھ�واء إل�ى تاماً  ذلك أنھ في حال نطق ھذا الصوت ینطبق الوتران انطباقاً الھمزة صوت لا بالمجھور ولا بالمھموس؛  .3

الحلق، ومن ثم ینقطع النفس، ثم یحدث أن ینفرج ھذان الوتران، فیخ�رج ص�وت انفج�اري نتیج�ة لان�دفاع الھ�واء ال�ذي ك�ان محبوسً�ا ح�ال 
حی�ث إن�ھ لا توج�د أعض�اء نط�ق مس�تعملة ف�ي . و ب�المھموس ولا ب�المجھورالانطباق التام، فھمزة القطع العربیة إذن ص�وت ص�امت لا ھ�

وحی�ث . في مجرى تی�ار الھ�واء –وإن كان قصیرا  –إنتاج ھذا الصوت، ولكن الأوتار الصوتیة تقوم بدور ھذه الأعضاء، لتنتج غلقا تامًا 
 .أو مھموس أو موشوش إن الأوتار الصوتیة نفسھا ھي المنتجة لھذا الصوت فلا معنى لوصفھ بأنھ مجھور

أك�د  أما بالنسبة فیما یتعلق بالضاد فإنَّ الخلط بینھ وبین الظاء قد نشأ عند بعض أھل الأداء نظ�رًا لمح�اولتھم تطبی�ق ص�فة الاحتكاكی�ة الت�ي .4
ي قب��ول فك��رة جریً��ا وراء ح��دیث س��یبویھ ف��ي وص��فھ لھ��ذا الص��وت، غی��ر أنن��ي لا یمكنن�� ؛علیھ��ا علم��اء العربی��ة والتجوی��د والتفس��یر جمیعً��ا

التط�ور اللغ��وي لھ��ذا الص�وت القرآن��ي، وعلی��ھ ف��إنَّ ص�وت الض��اد ال��ذي نس�معھ م��ن أئم��ة الق��رآن ف�ي ھ��ذا العص��ر ھ�و ھ��و ب��نفس مخرج��ھ 
 .وصفاتھ كما نطقھ النبي صلى الله علیھ وسلم وصحابتھ الكرام، فھو صوت شدید انفجاري غیر لین أو احتكاكي
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الإسلامیة العالمیة جامعة بال، معارف الوحي والعلوم الإنسانیةبقسم اللغة العربیة بكلیة  مشارك أستاذ - 

اللغة علم  من قسم، مع مرتبة الشرف الأولىفي اللغویات الحاسوبیة  الدكتوراهحصل على . بمالیزیا

لجة الإنحراف وسبل معاالحاسوبي  التحلیل الصوتيوله منشورات عن  بكلیة دار العلوم، جامعة القاهرة،،

اللغوي في الترجمة الآلیة وتطویر آلیات التعلیم الإلكتروني، كما شارك في تطویر مناهج الحوسبة 

 .اللغویة وتكنولوجیا التعلیم بالجامعة الإسلامیة العالمیة بمالیزیا

 

Controversial Voices Issues In the Light of 
Computational Speech Analysis 

 
Ahmed Ragheb Ahmed 

Kulliyyah of Islamic Revealed Knowledge and Human Sciences - International Islamic University 
Malaysia 

ragheb@iium.edu.my 
 

Abstract- Arabic Phonology has a standard pronunciation, language used to recite the Islamic sacred 
book Qu’ran. The first codification of the Arabic language was undertaken by early Arab 
linguistician who regarded the language of the Quran as the model of correctness. This was the first 
time the Arabic language methods was adjusted and standardized with an explicit recitation 
grammar defining correct usage. The codification included all its linguistic levels such phonetics, 
phonology, morphology, syntax and semantics. There is no doubt Qu’ran is a best source, for over 
decade and to the present, this grammar of classical Arabic is still taught to all Arabic speakers in 
their general education courses/studies in Arabic Speech. Thus, the function of Arabic language 
extended beyond the communicative needs of its native speaker as it served as the standard that all 
Arabic speakers aspire to master . This study examines range of contention issues between traditional 
and modern linguists. It is a study to compare both theory and practical based on technical analysis 
of language phonetic sound. It is not to adjust the efforts made by grammarians but to perceive and 
comprehend linguists and preserve the proper standard pronunciation of the Quran. 
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Abstract— in this research different clustering techniques are applied for grouping transcribed textual documents obtained out 
of audio streams. Since audio transcripts are normally highly erroneous, it is essential to reduce the negative impact of errors 
gained at the speech recognition stage. In attempt to overcome some of these errors, different stemming techniques are applied 
on the transcribed text. To further improve the clustering accuracy, documents causing topic confusion are detected by using 
fuzzy and possibilistic techniques and then excluded from the dataset. The goal of this research is to achieve automatic topic 
clustering of transcribed speech documents, and investigate the impact of applying stemming techniques in combination with a 
Chi-square similarity measure on the accuracy of the selected clustering algorithms. The evaluation has showed that using 
rule-based light stemming in combination with spectral clustering technique achieved the highest accuracy, and this accuracy 
is further increased after excluding the confusing documents by using the possibilistic GK algorithm. 

1 INTRODUCTION 

The growing amount of audible news broadcasted on TV channels, radio stations and on the Internet demands reliable 
and fast techniques to organize and store those vast amounts of news in order to facilitate future search and retrieval. 

 
In this work, Automatic Speech Recognition (ASR) – a technology that converts spoken words to written text – is applied 
to audible Arabic news documents. Then a set of pre-processing and clustering techniques are applied on the transcribed 
documents in order to categorize them into a set of predefined topics. 
 
Since the transcription process is normally highly erroneous [11] and as an attempt to overcome some of these errors two 
pre-processing steps: words formatting and stemming are considered to evaluate their impact on limiting the negative 
impact of such errors. Three stemming techniques are selected: light stemming [17], root-based stemming [13], and rule-
based light stemming [12].  
 
At the clustering stage, two similarity measures are used: Chi-square and the traditional cosine similarity measure. Chi-
square similarity measure is based on the Chi-square method [11]. This similarity measure is designed to eliminate non 
informative words (usually erroneous words when applied on transcribed documents). Two clustering techniques are 
utilized to achieve topic clustering: k-means, [24] and spectral clustering, [18]. K-means is selected as a simple and fast 
traditional clustering algorithm. Spectral clustering is selected as it is one of popular, effective, and simple to implement 
modern clustering techniques. 
 
To further enhance the topic-clustering accuracy, the fuzzy c-means [8] and a possibilistic [15] version of the fuzzy 
clustering algorithm “Gustafson–Kessel (GK)” [10] is used to measure the degree of membership of each document to 
every topic cluster, hence all documents that don’t belong vividly to one topic can be identified and scheduled for manual 
topic assignment. 
 
This research is organized as follows: in section 2, speech transcription challenges are overviewed. In Section 3, the used 
ASR system’s accuracy is evaluated. In Section 4, data set pre-processing steps are discussed. In Section 5, topic 
clustering is discussed in details. In Section 6, experimental results are evaluated and discussed in section 7. The last 
section concludes the research. 

2 SPEECH TRANSCRIPTION CHALLENGES 

The process of transcribing audible media to textual form using ASR system confronts many challenges that are typically 
not present in normal textual documents [11]. The main challenges include: transcription errors, grammatical errors, and 
out-of-vocabulary problem (OOV), or combination of the previously mentioned problems. 
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The occurrence of such problems can seriously restrict the transcription process efficiency and hence restricts any further 
analysis applied on the transcripts. This work targets the overcoming the problem of transcription errors as it is the most 
common problem when dealing with news transcripts. 
 
The transcription errors occur due to limitation in the ASR system. The correction or elimination of such errors is a 
challenging task and requires understanding the nature of these errors. According to authors’ observation, the 
transcription errors regarding Arabic language can be categorized into four sets: 

1) Omission errors: happen when the ASR fails completely to recognize a word or a series of consecutive words. In 
this case, the words are dropped out from the transcribed text and recognition process is continued. Omission 
errors are irrecoverable. 

2) Word insertion errors: occur when the ASR confuses word syllables with a separate word or multiple words. In 
this kind of errors, the original word is irrecoverable. 

3) Misidentification errors: identifying a pronounced word as a different word similar in pronunciation. The 
transcribed word may or may not belong to the valid Arabic vocabulary set.  

4) Minor spelling errors: a spoken word is identified correctly, but spelled wrong in transcription. These errors 
usually affect the way a word should be pronounced and it may affect its meaning as well. Common minor 
spelling errors generated by ASR are replacing the letter ‘ه’ with ‘ة’  at the end of the word and vice versa, 
replacing one of the following letters with one another ‘إ‘ ,’أ‘ ,’ا’ , and ‘آ’, and diacritics related errors. 

 

3 ASR SYSTEM’S ACCURACY EVALUATION  

The performance of speech recognition systems is usually evaluated in terms of accuracy and speed. Accuracy is usually 
rated with Word Error Rate (WER), whereas speed is measured with the real time factor. Other measures of accuracy 
include Single Word Error Rate (SWER) and Command Success Rate (CSR). 
 
The WER [53] is commonly used to measure speech recognition performance. It is based on the frequency of 
occurrences of three types of errors: substitutions–a reference word is replaced by another word, insertions –a word is 
hypothesized that was not in the reference and deletions–a word in the reference is missed. WER is calculated as in (4.1). 

 𝑊ܧ𝑅 ൌ	#ௌ௨௕𝑠𝑡𝑖𝑡௨𝑡𝑖௢𝑛𝑠	ା	#ூ𝑛𝑠௘𝑟𝑡𝑖௢𝑛𝑠	ା	#஽௘௟௘𝑡𝑖௢𝑛𝑠
#𝑅௘௙௘𝑟௘𝑛௖௘	𝑊௢𝑟𝑑𝑠

 

WER is typically calculated by matching the reference and the corresponding transcriptions and it can be over 100%. 
Table I and Table II show the performance evaluation of the Dragon Dictation recognition system before and after 
removing stop words. It is notable that removing stop words in the preprocessing phase has reduced WER to ≈20.65% 
instead of ≈29.11%; it also reduced the vocabulary size by ≈56.29%, which is great for reducing storage size and any 
further processing time. 

TABLE  

OF THE DRAGON DICTATION RECOGNITION SYSTEM BEFORE REMOVING STOP WORDS 

Reference Words Substitutions% Insertion% Deletion% 

68720 17327 2105 574 

WER % 29.1123399 

 

TABLE I 

WER OF THE DRAGON DICTATION RECOGNITION SYSTEM AFTER REMOVING STOP WORDS 

Reference Words Substitutions% Insertion% Deletion% 

30040 3607 1831 766 

WER % 20.6524634 

 
 
The Substitution errors have the highest effect on the accuracy of this system as it form ≈86.6% of all the errors.  
Fortunately, many of those errors occur among stop words, and it occurs in a way that can be fixed during the stop words 
removal phase of the preprocessing, which reduce this percentage to ≈58.14%. An example of a common substitution 
error related to stop words is substituting the article “ان” with either “انه” or “انا” according to the pronunciation. In both 
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cases they are both valid stop words and hence would be removed. Substitutions that occur among stop words represent 
≈79.18% of all the substitutions. 
 
Insertion and deletion errors are much less common than substitution errors as they represent ≈3.1% and ≈0.84% 
respectively of the whole reference words. Compared to substitution errors that represents ≈25.21% of the reference 
words, Insertion and deletion errors are acceptable. Insertion errors count is slightly decreased by removing stop words 
whereas deletion errors count is increased (Table II). Handling insertion and deletion errors is beyond the scope of this 
research. 
 
The decrement in the insertion errors count can be explained as some of the inserted words are stop words, and thus can 
be removed safely. For Example the word “الذھاب” could be transcribed into “لا ذھاب” confusing the definite article “ال” 
with the stop word “لا”. This counts as insertion error until fixed by removing stop words. The conclusion is that stop 
words removal didn’t actually help much with this type of errors. 
 
The increment in deletion errors count is due to the transformation from some of substitution errors to deletion errors 
after removing stop words. For example, in one of the transcriptions, the phrase “بحلول الخامس من فبرايرالجاري”, is 
transcribed to “بعد الخامس من فبراير الجاري”. By comparing the two phrases, it is clearly obvious that the word “بحلول” is 
substituted by “بعد”. Now after removing stop words from both phrases they become: “بحلول الخامس الجاري” and “ الخامس
 is now ”بحلول“ respectively. Comparing the two phrases after removing stop words would indicate that the word ”الجاري
missing as its substituted word “بعد” is removed as being one of the stop words. 

4 DATASET PRE-PROCESSING  

As any written text documents, the transcribed documents produced by the ASR system are of unstructured format. Thus 
it is required to transform these unstructured documents to structured format using pre-processing in order to facilitate 
any further analysis applied on them. The following are the steps involved in the pre-processing applied in this work. 

1) Tokenization: the process of mapping sentences from character strings into strings of words. For example, the 
sentence “ أشھر اللغاتاللغة العربية تعد من  ” would be tokenized into “اللغات“ ,”/أشھر“ ,”/من“ ,”/تعد“ ,”/العربية“ ,”/اللغة/”. 

2) Stop words removal: Stop words are typical frequently occurring words that have little or no discriminating power, 
or other domain-independent words. Stop words removal can increase the effectiveness of the information 
retrieval process [2], [14], especially when dealing with large volume of text [21]. Stop words identified in this 
work include numbers, days and months names, prepositions, pronouns, and conjunctions. 

3) Words Formatting: An extra step applied in this work to unify all different shapes of the same letter to one form 
and also to remove some unwanted suffixes.  

4) Stemming: Removes the affixes in the words and produces the root word known as the stem. Typically, the 
stemming process will be performed so that the words are transformed into their root form. Automatic Arabic 
stemming is effective technique for text processing for small collections as in [4], [5] and large collections of 
documents as in [16], [17]. It also can enhance clustering as in [5]. Arabic stemmers are categorized as either root-
based as in [6], [13] or stem-based (light stemmers) as in [16], [17]. Also the research for hybrid techniques, like 
the rule-based light stemming technique [12], has evolved to minimize the drawbacks associated with standard 
stemming techniques. 

5) Weighted matrix construction: the process of representing the text document into a machine readable form [12]. 
 
Besides transforming the unstructured transcribed text to structured form, the pre-processing is also used as the first 
phase to reduce the transcription errors by either correcting or help overcoming some of these errors. This happens 
during the pre-processing steps: words formatting and stemming. The following discuss how applying pre-processing can 
correct or help overcoming some of the transcription errors. 

 
In Fig. 1, and Fig. 2 erroneous words like “التجريبيه“ ,”الفتره“ ,”اذا“ ,”امس“ ,”بدات” and “ملاحقه” are examples of minor 
spelling errors. According to Arabic syntactic rules [3], the correct spelling for these words should be: “إذا“ ,”أمس“ ,”بدأت”, 
 Such a problem is common in Arabic ASR systems and leaving it without handling would .”ملاحقة“ and ”التجريبية“ ,”الفترة“
cause problems in any further analysis as in any computer system words like “بدات” and “بدأت” aren’t the same and 
actually will process them as two separate words. In this kind of errors, the correct spelling is determined on syntactic 
rules that depend in most cases on pronunciation. The correct pronunciations depends on the meaning of the word which 
is determined according to its context, thus the only way to detect and correct such errors is searching massive dictionary 
of correctly spelled Arabic words and searching for the correct syntax if the word is misspelled. It is possible for a word 
to take many correct forms in different contexts, hence automatically selecting the correct form needs understanding the 
word context. Such process is inefficient in terms of the processing time and power required as Arabic is very complex 
language, moreover, many existing machine learning techniques don’t require understanding the language structure to 
operate on text, so it is not efficient to do such thing as a pre-processing step just to correct some errors. The most 
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suitable solution is not to correct these errors but to work around them by unifying all different formats of a letter into 
one form. The unification process is performed at the words formatting step. Some suffixes are also removed at the word 
formatting step to fine-tune the input text for the stemming step. 

 
Three stemming techniques are utilized in this work: light stemming represented in Larkey’s light10 stemmer, root-based 
stemming represented in Khoja’s root-based stemmer, and rule-based light stemmer. The stemming techniques are 
applied in this work to unify vocabulary and also to overcome some transcription errors. 
 
The words “قبلة“ ,”لكونى“ ,”لحس“ ,”داخلة“ ,”أقدم“ ,”اللعب“ ,”تتويجا”, and “انتھى” in Fig. 1 are examples of misidentification 
errors. The original words are “قبل“ ,”لكونه“ ,”لحسم“ ,”دخل“ ,”قد“ ,”تغلب“ ,”توج”, and “انتھاء”. If a word is misidentified into 
one of its relative forms, so there is a good chance that this mistake would be overcame when root-based stemming is 
applied. The light and rule-based stemmers would either transform the word to another form or leave it without any 
transformation in some cases. 
 
Both light and rule-based stemmers actually tend to correct the error in case of occurrence of inserted letters in the start 
and the end of the word as long as the inserted letters exist on their prefix/suffix removal list. The root-based stemmer 
can also correct an erroneous word if by chance the original word is the same as the root of erroneous word. The word 
 which ”تتويج“ at the word formatting step the result is ’ا‘ is a good example, after removing the suffix (Fig. 1) ”تتويجا“
would be transformed by the root-based stemmer to “توج” (Fig. 3) which is also the same as the original word in spelling. 

 

 على ضيفه باليرمو اللعبيوفنتوس رسميا بلقب الدوري الإيطالي لكرة القدم للمرة الثانية على التوالي وذلك بعدما  تتويجا
 لكونيعلى التوالي والتاسعة والعشرون في تاريخه  ثانيةاللقب للمرة  لحسفقط  1فريق المدرب انطونيو كونتي المباراة وھو بحاجة الي نقطة داخلة  أقدمو

 الموسم انتھىأربعة مراحل على  قبلةنابولي  ملاحقةنقطة عن  ١١يتصدر الترتيب بفارق 

Figure 1: Sample of transcribed text with various transcription errors 
 

 ضيف باليرم لعبقدم مر ثان توال  يطال لكرايوفنتوس رسم بلقب دور  تتويج
 حقملايتصدر ترتيب بفارق  نقط  لكونتوال والتاسع عشر في تاريخ  ثانيلقب مر  لحسفريق مدرب انطوني كونت مبارا  بحاج نقط  فقط  داخل قدما

 موسم هانتربع مراحل ا قبلنابول 

Figure 2: Sample of transcribed text after applying pre-processing with light stemming 
 

 ضيف باليرم لعبثاني ولي  مررقدم  كوريطالي ايوفنتوس رسم لقب دور  توج

 رحل هربعا قبلنابولي  لحقصدر رتب فرق  نقط  كونخ ارولي تاسع عشرون  ثاني رلقب مر لحسج نقط  فقط وح افرق درب انطوني كونتي بردخل  قدم
 وسم نھي

Figure 3: Sample of transcribed text after applying pre-processing with root-based stemming 
 

 ضيف اليرم لعبثان وال  هيوفنتوس رسم لقب دور إيطال كرة قدم مر تتويج

نابول  ملاحقعن  هيتصدر الترتيب بفارق نقط كونتوال التاسع عشر تاريخ  ثان هلقب مر لحسحاج نقط فقط  هفريق مدرب انطوني كونت مبارا داخل أقدم

 موسم انتهمراحل على  هربعا قبل

Figure 4: Sample of transcribed text after applying pre-processing with root-based stemming 
 

All three stemming techniques fail when the erroneous word is substituted by completely another word of a different 
spelling and meaning like “بѧدم“ ,”اللعѧأق”, and “سѧلح” as in Figures 2-4 or if by chance a letter is inserted in the middle of 
the word. If such erroneous words are not repeated frequently along the whole set of documents, they would probably 
have poor information contribution, and hence they would be eliminated by the chi-square based similarity measure if 
their information contribution assessment doesn’t comply with a certain threshold, otherwise they would be retained. 
 
After applying stop words removal, words formatting and stemming, and in order to process the transcribed documents 
for topic clustering, they must be represented in a machine readable form. Vector-Space Model (VSM) the model applied 
in this work because of its effectiveness in proximity estimation between text documents in addition to its conceptual 
simplicity [12]. 
 
In VSM all documents are represented as vectors of weights in an n-dimensional space of terms. At the recent time, there 
are a number of well-known methods that have been developed to evaluate term weight [23], in this work, Okapi method 
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[19] is applied, which is a modification of a classic TFIDF (Term Frequency × Inverse Document Frequency) weighting 
scheme and proved to be efficient in a number of applications [1], [7]. 
 
According to the Okapi method Combined Weight of the word (CW) is calculated as in (1). 


)j,DiTF(w)jNDL(Dbb)((K

)j,DiTF(w)iCFW(w)(K
)j|DiCW(w






1

1
 

The quantity 
)(

log)(
i

i wn

N
wCFW   is the data set collection frequency weight; N is the total number of documents in the 

collection and )( iwn  is the number of documents containing the word iw . The quantity ),( ji DwTF is the frequency of 

occurrences of word iw  in the document jD  and )( jDNDL  is the length of the document jD  normalized by the mean 
document length. The constant b controls the influence of document length and is empirically determined to the value 
0.75. The other constant K acts as a discounting parameter on the word frequency: when K is 0, the combined weight 
reduces to the collection frequency weight; as K increases the combined weight approaches itftf  . K is set to 1.25 in 
this work. 
 

Once CW is calculated for all words, it is easy to calculate the Weight of a Document (DW) the same way. DW can be 
calculated for the whole document or any of its parts via applying (2). 

  


ik Xw ki wCWDDW )()(  

5 TOPIC CLUSTERING 

Topic clustering is the process of assigning one or more labels to text documents chosen from a pre-defined list of 
topics using a similarity measure. A Chi-square based similarity measure and cosine similarity is used along with k-
means and spectral clustering algorithms. 

 
The Chi-square similarity measure determine the word co-occurrences between matching transcripts by sorting all 

words in transcripts by their weights and retain only those whose weights are greater than some empirically preset 
threshold. Thus non-informative words including low frequently repeated erroneous words should appear at the bottom 
of the sorted list and hence eliminated according to the empirically determined threshold. The Chi-square similarity is 
calculated as in (3). 

 ),,(),(( jiji DDInterDDIntersim   

where   is given by evaluating the Chi-square test in (4) and ),( ji DDInter  is given by (5). The calculated similarity 

will range between 0 and 1 and it will be equal to 1 if and only if ji DD  . 
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such that in case of ji DD   is true, then the inequality in (6) is also true. 

 ),(),( ijji DDInterDDInter   

The widely used cosine similarity (7) measure is also used. The clustering accuracy is, then, compared to the accuracy 
achieved via using the Chi-square measure. 
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For Topic clustering process, three clustering approaches are used: hard clustering, fuzzy clustering, and possibilistic 
clustering. 
 
A. Hard Clustering 

Hard clustering means partitioning the data into a number of subsets (clusters) such that an object either belong or 
doesn’t belong to a cluster. Two hard clustering techniques are utilized in this work: k-Means, spectral clustering. 
 
K-means is based on the idea that a center point (centroid) can represent a cluster. It is one of the most popular traditional 
data clustering algorithms because of its simplicity and computational efficiency. The main problem with this clustering 
method is its tendency to converge at a local minimum and the final results highly depends on the initial choices of 
centroids. 

 
Spectral clustering reformulation of the clustering process takes place using a similarity graph G=(V, E) where the goal is 
to find a partition of the graph such that the edges between different groups have very low weights, and the edges within 
a group have high weights. The similarity graph used in this work is the fully connected graph because the Chi-square 
similarity measure itself models local neighborhoods, so it best suite this kind of graphs as described in [22]. 
 
B. Fuzzy Clustering 

Besides the fact that the transcribed data are being erroneous, there is also a possible chance of the existence of high 
percentage of topic overlaps and/or noisy documents that don’t belong to any predefined topic, which limits any effort to 
correctly cluster such data into topics using hard clustering techniques. Thus the need emerged for a clustering method 
that allows a document to belong to more than one cluster simultaneously with different membership degrees. Fuzzy 
clustering method [25] allows object memberships satisfying the following constraints: 
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The parameter ij is the degree of membership of the feature point x in cluster i . C denotes the number of classes, and N 

denotes the total number of feature points. The fuzzy clustering technique utilized in this work is the fuzzy c-means 
algorithm. 
 
The fuzzy c-means algorithm is based on the optimization of the following basic objective function: 
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The parameter L=( 1 ,…, C ) is the collection of cluster prototypes, and U=[ ij ] is a C×N fuzzy c-partition matrix 

(membership matrix) satisfying the conditions (8), (9), and (10). 2
ijd  is the distance of feature point jx  to cluster center 

ic (12). 

 ),()(|||| 22
ij

T
ijijij cxAcxAcxd   

The fuzzy c-means algorithm is explained in [8]. 

 

C. Possibilistic Clustering 

Because of the restriction in (10), the generated memberships degree don’t always correspond well to the actual degree of 
belonging of the data, thus it is difficult to detect outliers in a noisy environment using fuzzy clustering. As a solution to 
this problem, possiblistic clustering is used, in which the restriction in (10) is relaxed [6] as in (13). A possibilistic 
version of the fuzzy GK algorithm is utilized in this work. 
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 jiji  ,0max   

GK extended the standard fuzzy c-means algorithm by employing an adaptive distance norm, in which each cluster has 
its own norm-inducing matrix iA , which yields the inner-product norm in (14). The choice of the norm-inducing matrix 
A  determines the cluster shape; hence the employing of adaptive distance norm adds the capability of detecting clusters 

of different geometrical shapes. 
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The GK algorithm is based on the minimization the following objective function: 
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This objective function cannot be directly minimized with respect to iA , since it is linear in iA , thus the determinant of 

iA  must be constrained as in (16). 

 .,0,|| iiiiA    (16) 

Fixing the determinant of the matrix iA  while allowing it to vary leads to optimizing the cluster’s shape while its volume 
remains constant. The expression for iA  is obtained by using the Lagrange multiplier method as follows: 
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where iF  is the fuzzy covariance matrix of the ith cluster given by (18). 
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A generalized squared Mahalanobis distance norm is given by the substitution of equations (17) and (18) into (14), where 
the covariance is weighted by the membership degrees in U. 
 
The possibilistic version of the GK algorithm is derived from the general form of possiblistic algorithms introduced in 
[6]. The objective function of the possibilistic GK is obtained by (19). 
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where ij  is updated using (20) and i  are suitable positive numbers. The first term makes the distances from the 

feature vectors to the prototypes (cluster centers) as low as possible, whereas the second term leads to avoiding the trivial 
solution by forcing ij  to be as large as possible. The parameter i  is calculated as in (21) and (22). 
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where K is typically chosen to be 1. This choice of i   makes it proportional to the average fuzzy intra-cluster distance 
of cluster i . 
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where )( i  is an appropriate  -cut of i . In this case,  i  is the average intracluster distance for all of the “good” 
feature vectors (vectors with memberships greater than or equal to  ). The parameter   is typically set to a value 
between 0.1 and 0.4 for consistent results. The possibilistic GK algorithm is explained in [15]. 
 

6 EXPERIMENTAL RESULTS  

The dataset used in this research consists of audio news stories collected and recorded manually from various Arabic 
news broadcast networks: Al-Jazeera, Al-Arabiya, and BBC Arabic. The dataset size is about 30 hours of recorded 
Arabic news stories. The average length of the news story is two minutes. The news stories are transcribed generating 
1000 text files divided into five topics: culture and arts, economics, politics, science, and sports. 
 
The reason behind the manual selection of the news stories is to minimize speaker related problems, like unclear 
pronunciation and grammatical errors. The collected news are then transcribed into text documents using ASR system 
“Dragon Dictation” [9], and then pre-processed for topic-clustering. 
 
After applying pre-processing steps on the documents and performing clustering techniques, the accuracy of clustering is 
evaluated using F-Measure (21), a measure that combines the recall and precision ideas from information retrieval [19]. 
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The max is taken over all clusters at all levels, and n is the number of documents and F(i,j) is defined by: 
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The quantities Recall and Precision are calculated as in (23) and (24), where nij is the number of members of class i in 
cluster j, ni is the number of members of class i, and nj is the number of members of cluster j. 
 
The dataset is divided into subsets of sizes ranged from 50 to 200 documents per category. Experiments are carried out 
on each of these subsets four times for each clustering algorithm: when no stemming is applied, when light-stemming is 
applied, when root-based stemming is applied, and finally when rule-based light stemming is applied. Each clustering 
algorithm is run twice: one time with the use of the Chi-square similarity measure, and the other time with the use of the 
popular cosine measure. The accuracy of the clustering is evaluated for each subset, and then the average accuracy is 
calculated among all the subsets (Table III).  
 
The dataset is divided into subsets to consider the effect of the change in dataset size and hence the change in the amount 
of information contained in each subset on the average clustering accuracy. The reason why clustering is first applied on 
non stemmed data is to measure the impact of applying stemming techniques on improving the accuracy of the clustering 
algorithms operating on such erroneous data. The use of two similarity measures is to ensure that the Chi-square measure 
makes a positive effect on clustering the erroneous data into topics. 
 

TABLE II 

ACCURACY EVALUATION OF TOPIC CLUSTERING OF THE TRANSCRIBED DOCUMENTS USING HARD CLUSTERING METHODS 

Clustering 
Approach/Similarity 

Measure 

Average Accuracy 

Non-Stemmed Light-Stemmed Root-Stemmed Rule-Stemmed 

k-Means /Cosine 39.42% 44.61% 54.41% 60.04% 

k-Means/Chi-square  44.3% 47.6% 56.5% 63.35% 
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Spectral 
Clustering/Cosine 45.62% 50.96% 65.57% 71.33% 

Spectral 
Clustering/Chi-square  46.5% 53.8% 68.9% 76.11% 

 
The experimental scenarios applied on the transcribed news documents are also applied on the error-free version of those 
transcribed documents, and then the average accuracy is calculated (Table IV). This step is carried on to gain knowledge 
about the sensitivity of the original data to clustering, thus an assessment to what extent the techniques proposed in this 
work have managed to overcome transcription errors can be performed.   

TABLE IV 

ACCURACY EVALUATION OF TOPIC CLUSTERING OF ERROR-FREE VERSION OF THE TRANSCRIBED DOCUMENTS USING HARD CLUSTERING METHODS 

Clustering 
Approach/Similarity 

Measure 

Average Accuracy 

Non-Stemmed Light-Stemmed Root-Stemmed Rule-Stemmed 

k-Means /Cosine 62.2% 64.63% 68.06% 76.84% 

k-Means/Chi-square  65.9% 67.97% 72.84% 79.05% 

Spectral 
Clustering/Cosine 72.2% 74.97% 80.77% 85.15% 

Spectral 
Clustering/Chi-square  74.87% 76.85% 82.74% 87.21% 

 
By comparing the accuracy results in Table III and Table IV, and by observing the clustering confusion matrix for each 
clustering scenario for both original and transcribed date, it is concluded that in both sets of data, there are documents 
causing clustering confusion. The existence of topic overlaps in the original data is the main cause of such confusion. 
The information loss due to the transcription errors is increasing the confusion even more in the transcribed data. 
 
In the next phase of experiments fuzzy c-means and possibilistic GK algorithms are applied on both the transcribed and 
the original data, and the membership matrix is analyzed to evaluate the amount of confusing documents in each topic as 
in Fig. 5 and Fig. 6. A document is considered confusing to the clustering process if its membership degrees to all 
clusters are under a certain empirical threshold, or if its membership degrees to all clusters are convergent. By 
determining which documents are affecting the clustering accuracy, they can be excluded and the rest of the documents 
are maintained. Doing such exclusion, would improve the clustering accuracy for the rest of the documents. After re-
applying the experiential scenarios on the remaining data on both transcribed and original data, the average clustering 
accuracy improved to an a maximum 79.34% and 90.52%  respectively for the remaining data after using fuzzy c-means 
and maximum of 85.62% and 92.26%  respectively for the remaining data after using possibilistic GK algorithm. In both 
cases, the maximum average accuracy is obtained when spectral clustering is used on rule-based stemmed data. Manual 
categorization can be considered a solution to categorize the excluded documents. 
 

 
Figure 5: Confusion documents detected in the transcribed data 

a) Confusing documents detected by fuzzy c-means b) Confusing documents detected by possibilistic GK algorithm 

44

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



 
Figure 6: Confusion documents detected in the original data 

7 DISCUSSION 

The results have showed that stemming techniques have improved the accuracy of all clustering algorithms applied on 
the transcribed Arabic documents in all scenarios by an average of 19.7%. Rule-based light stemming has improved the 
accuracy of the clustering process by an average of 23.75%, which is better than the rule-based and light stemming 
techniques which improved the accuracy of the clustering process by an average of 17.39% and 5.28% respectively. The 
reason behind that is the nature of the Arabic language and its related transcription errors. Light-stemming techniques 
only removes certain prefixes and suffixes which will not truly and effectively transform all similar words to one root, 
hence limit its ability to overcome misidentification errors. Light stemming is also known for causing high mis-stemming 
and under-stemming errors. Mis-stemming occurs when an original part of the word is confused with an affix, and hence 
is removed. Under-stemming occurs when stemming two word with the same root, but instead, the stemmer produce two 
different roots.  In contrast to light stemming, root-based stemming transforms all similar words to one root, except for 
some limitations that may exist in the algorithm performing the transformation, which makes it more efficient than light-
stemming in overcoming errors. Root-based stemming causes high over-stemming errors where two words with different 
roots are transformed to one root. Rule-based light stemming has more ability to overcome transcription errors than light 
stemming, but less ability than root-based stemming. It also has the benefit of balancing between the stemming errors 
caused by the light and root-based stemming techniques; hence it leads to the best performance in the clustering phase.   
The spectral clustering algorithm achieved more accuracy than the k-means algorithm in all cases which may be 
explained due to the nature of the data set. In contrast to spectral clustering, k-means tends to perform best in linearly 
separable data. Since the topics chosen are general and limited in number, thus the chance of existence of cross topic 
documents is increased and therefore the process of linearly separating data becomes more difficult. 
 
The results also have showed that Chi-square similarity method has showed superiority over the popular and traditional 
cosine similarity and it is best utilized by the spectral clustering algorithm. 
 
Applying fuzzy c-means and possibilistic GK algorithms on both the transcribed and original data has revealed some of 
the characteristics of the data. By analyzing the membership matrix and manual observation of the detected confusing 
documents, it is notable that the Economics topic has the biggest number of confusing documents; this may be explained 
due to the numerical-based nature of the content involved in this topic. Thus considering that the news stories are 
relatively short, it is hard to extract unique features that can qualify such document to be assigned vividly to a topic. Arts 
and Science have the second and third places in the number of occurrences of confusing documents. This may be 
explained to the possibility of existence of sub-topics within them, in addition to the relatively small size of the dataset 
that doesn’t cover all of those sub-topics well. Although Politics topic has the least confusing documents, it is the most 
topic that received wrong-clustered documents from all other categories. This may be explained due to the interference of 
politics in many aspects of life, so it is possible for an economical decision to be based on some political background and 
both are melded into one news story. The possibilistic GK algorithm showed better ability to detect confusing documents 
than the fuzzy c-means especially when applied on the transcribed data. The reason is that GK algorithm is better at 
dealing with clusters of different geometrical shapes – caused by topic overlaps in the original documents – in addition to 
the advantage of using its possibilistic version that makes it superior in dealing with outliers mostly existing in noisy data 
(transcribed documents). 
 
The number of confusing documents is increased in the transcribed documents due to transcription errors, especially 
when such errors occur frequently in named entities (names of persons, organizations, places, etc) which usually 
represent important features for guiding the clustering process. It is also notable that stemming played an important role 
in reducing the amount of confusing documents in all topics of the transcribed and original data. 

a) Confusing documents detected by fuzzy c-means b) Confusing documents detected by possibilistic GK algorithm 
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8 CONCLUSIONS 

In this research a set of transcribed textual documents obtained from a set of spoken documents are clustered into topics, 
and the impact of applying three stemming techniques along with the Chi-square and cosine similarity measures on the 
accuracy of the topic-clustering process is measured. The confusion nature of the transcribed data is investigated and 
compared to its original correct form by the use of fuzzy c-means and a possibilistic version of the GK fuzzy algorithm 
which showed that possibilistic clustering is best suitable for this kind of erroneous confusing data, compared to fuzzy 
clustering, as it has more ability detect those confusing members and hence give the option for excluding them. 
 
The clustering accuracy evaluation showed that stemming has improved the clustering accuracy in all test scenarios. It 
also showed that Chi-square similarity measure has improved the clustering accuracy better than the traditional cosine 
similarity. The best topic clustering results are achieved by applying the spectral clustering algorithm with the aid of the 
Chi-square similarity measure on rule-based stemmed data scoring average accuracy of 76.11%. This accuracy is best 
improved to 85.62% by excluding the confusing document using the possibilistic GK algorithm. 
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 ملخص
 

 عنقدة الموضوع للأخبار العربية المجذرة التي يتم بثه
**، محمد ھشام فاروق*، محمد وليد فخرو*عبد العزيز جعفر احمد  

الأكاديمية العربية للھندسة و العلوم و التكنولوجيا والنقل البحرى-كلية الحاسبات و تكنولوجيا المعلومات-قسم علوم الحاسب*  
  جامعة القاھرة –كلية الھندسة  -قسم الفيزيقا و الرياضيات الھندسية**

 
وحيث أن ھذه . تم تطبيق أساليب عنقدة مختلفة لتجميع ملفات نصية تم إملاؤھا من مصادر صوتية عن طريق نظام للتعرف على الحديث ،في ھذا البحث

وفي محاولة للسعي إلى التغلب على بعض  ،لذلك. ن اللازم الحد من التأثير السلبي لھذه الأخطاءكان م ،الملفات المُملاة عادة ما تحتوي على العديد من الأخطاء
كما تم ايضا تحديد واستبعاد الملفات التي تؤدي إلى تشويش  . تم إستخدام أساليب مختلفة لتجذير الكلمات الموجودة في ھذه النصوص المُملاة ،ھذه الأخطاء

  . يب عنقدة ترجيجية وإحتماليةعملية العنقدة بمساعدة أسال
    

مصحوبة بتطبيق  ،إن الھدف من ھذا البحث ھو تقسيم الملفات النصية المُملاة طبقا للموضوعات التي تمثلھا واستكشاف مدى تأثير عملية تجذير النصوص
  .تتم بواسطة الخوارزميات المختارة لھذا الغرضعلى دقة عملية التقسيم طبقا للموضوع التي  ،الإحصائي" مربع كاي"معيار تشابه معتمد على توزيع 

  
ملفات وھذه الدقة تمت زيادتھا لقد أظھر تقييم نتائج التجارب أن استخدام التجذير الخفيف المعتمد على القواعد مع العنقدة الطيفية قد حققا معاً أعلى دقة لتقسيم ال

 .الإحتمالية" جيستافسون كيسيل"ة بدرجة أكبر بعد استبعاد الملفات المُشوِشة بإستخدام خوارزمي
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Abstract — Best Tree Encoding is a promising feature extraction technique used in automatic speech recognition it based on 
wavelet packet decomposition. This research provides comparison results between the standard BTE and the new proposed 
model BMDE-BTE for solving the Tri-Phone Automatic speech Recognition. In Addition; comparison to mono phone 
Recognition problem is introduced. For mono phone the encoding algorithm with the new entropy give better results for 
correctness (24.60) and accuracy (-52.00) when adding Delta and Acceleration coefficients, but in case of tri phone correctness 
get worst (19.56) and accuracy (-52.44).  
Keywords: Arabic tri phone recognition, Best Tree Encoding, BTE     

1 INTRODUCTION 
Automatic Speech Recognition (ASR) is a technology that allows a computer to identify the words that a person speaks 

into a microphone or telephone.  It has a wide area of applications: Command recognition (Voice user interface with the 
computer), Dictation, Interactive Voice Response, it can be used to learn a foreign language. ASR can help also, 
handicapped people to interact with society. It is a technology which makes life easier and very promising.  

View the importance of ASR too many systems are developed, the most popular are: Dragon Naturally Speaking, IBM 
Via voice, Microsoft SAPI. Open source speech recognition systems are available too, such as HTK, ISIP, AVCSR and 
CMU Sphinx-4. The interested tool is Hidden Markov toolkit (HTK), which is based on Hidden Markov Models (HMMs). 

A Hidden Markov Model (HMM) is a statistical model where the system being modeled is assumed to be a Markov 
process with unknown parameters, and the challenge is to determine the hidden parameters, from the observable 
parameters, based on this assumption. The extracted model parameters can then be used to perform further analysis, for 
example for pattern recognition applications. 

Speech recognition systems commonly carry out some kind of classification / recognition based on speech features 
which are usually obtained via Fourier Transforms (FTs), Short Time Fourier Transforms (STFTs), or Linear Predictive 
Coding techniques. However, these methods have some disadvantages. These methods accept signal stationary within a 
given time frame and may therefore lack the ability to analyze localized events correctly. Moreover, the LPC method 
accepts a particular linear (all-pole) model of speech production which strictly speaking is not the case. The wavelet 
transform copes with some of these problems. The wavelet transform decompose the signal into a set of basis functions 
that are scale variant with frequency. Wavelets are shifted scaled versions of original or mother wavelets. There are many 
types of mother wavelets but the most suitable one for speech recognition is Duabiechi wavelet. The wavelet families are 
commonly orthogonal to one another, since this situation gives computational efficiency and ease of numerical 
implementation. Other factors influencing the selection of Wavelet Transforms (WT) over conventional methods include 
their ability to determine localized features.  

Even though many speech recognition systems have obtained satisfactory performance in clean environments, 
recognition accuracy significantly degrades if the test environment is different from the training environment. These 
environmental differences might be due to additive noise, channel distortion, acoustical differences between different 
speakers, and so on. Many algorithms have been developed to enhance the environmental robustness of speech recognition 
systems. The most frequently used approach is based on HMM phone models, where each speech waveform is initially 
decomposed into a sequence of feature vectors. Then, a set of HMM phone models (phone recognizer) is utilized to extract 
the corresponding phonetic sequence.  

48

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



Various speech recognition techniques have been utilized in the phonetic recognition task, with Mel Frequency 
Cepstral Coefficients (MFCC) among the most widely used, especially in the HMM-based approach. Other speech features 
such as Perceptual Linear Prediction (PLP), Line Spectral Frequencies (LSF), Linear Predictive Coding (LPC), short-time 
energy, formants and wavelet-based have also been used. Due to the requirements of the large vocabulary and need for 
speed in real time applications, the research affords has been dedicated to memory reduction and efficient search 
algorithms. Terms such as tri phones [2-7] and syllables [8-12] are applied in ASR systems.  

BTE algorithm introduced and developed to improve the speech recognition systems performance.BTE was first 
introduced by Amr M.Gody [1], first generation BTE4.And where BTE based on optimal adjacency in frequency domain 
which made manual, and where manual annotation for time-aligning speech waveform against the corresponding phonetic 
sequence is a tedious and time consuming task a completely automated Arabic phone recognition system based on 
enhanced Wavelet Packets Best Tree Encoding (EWPBTE) was introduced by Mohamed Hassan [13]. BTE second 
generation BTE5 was developed by Maha Adham [14], the third generation BTE7 was developed by Eslam El Maghraby 
[15], by increasing the decomposing levels to 7 levels and uses the Log energy entropy instead of Shannon’s. The BTE 
second and third generations show improvement over BTE4, but still not the expected success rate of BTE specially for 
Arabic language, where maximum success reach 26.0%.  

As a development to BTE, this paper introduces a new encoding algorithm which use down sampling to the human 
auditory perception frequency (10000 Hz), then the best tree leave node encoded based on its location and energy to 
increase the discrimination of the feature vector, all of these done by using Band Mapped and Distributed Energy Best 
Tree Encoding Features (BMDE-BTE), which applied for tri-phone-based automatic speech recognition. To evaluate this 
development many experiments were performed, and their results reported and discussed.   

Section 2 is a BTE overview. Next, an overview for Band Mapped is addressed in section 3. Section 4 is a detailed 
description of the proposed model Band Mapped and distributed Energy BTE. Section 5 explains HMM design for tri-
phone recognition. Section 6 presents the experiments and results, and section 7 contains summary and conclusions. 

2 BTE OVERVIEW 

A. Wavelet transform and best tree 
The Wavelet Transform (WT) is used in a variety of signal processing applications, such as video compression, speech 

recognition, and numerical analysis. It can efficiently represent some signals, especially ones that have localized changes.  

Its representation basically involves the decomposition of the signals in terms of small wave components called 
wavelets.  

The wavelet transform has proven to be very efficient and effective in analyzing a very wide class of signals and 
phenomena. It has the ability to compact the signal energy into few large coefficients. The original signal can be 
reconstructed perfectly from these few coefficients while suppressing the other coefficients without losing most of the 
features of the signal. Speech is a complicated signal produced as a result of several transformations occurring at several 
different levels: semantic, linguistic, articulator and acoustic. Differences in these transformations appear as differences in 
the acoustic properties of the speech signal. An important problem in speech recognition systems is to determine a 
representation that is well adapted for extracting information content of speech signals. In general, transforming a signal to 
a different domain is done to get a better representation of the signal. For recognition, better means having more ability to 
separate signals which belong to separate classes or categories in the new domain than in the original domain. Also, speech 
signal is not a constant frequency, where frequency vary with time, see figure 1, so Fourier transform which applied to a 
constant frequency and periodic signal cannot used for speech signal, also, Short Fourier transform, where a fixed size 
window applied to the speech signal to deal with the local changes in the signal frequency, cannot be used for speech 
signal where too much information due to the window size not suitable to the signal. 
 

 
Figure 1: Speech signal 

Wavelets have the ability to analyze different parts of a signal at different scales. The wavelet transform (WT) is a 
transformation that provides time-frequency representation of the signal. The continuous one dimensional WT is a 
decomposition of ƒ (t) into a set of basis function Ψa,b(t) called wavelets. The wavelets are generated from a single mother 
wavelet Ψ (t) by dilation and translation 
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Figure 2: Wavelet transform 
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where: f (t) is the signal to be analyzed, a is the scale, and b is the translation factor. W (t) is the transforming function 
and is called the mother wavelet. Filters of different cutoff frequencies are used to analyze the signal. A continuous 
wavelet transform can operate at every scale. Also the analyzing wavelet is shifted smoothly over the full domain of the 
analyzed function. In discrete wavelet transform (DWT), scales and positions of powers of two are chosen. Given a 
signal S of length N, the DWT consists of log 2 N stages at most. The first step produces, starting from S, two sets of 
coefficients: approximation coefficients A1 and the detail coefficients D1 see figure 3. These vectors are obtained by 
convolving S with a low pass filter for approximations, and with a high pass filter for details, followed by dyadic 
decimation. The next step splits the approximation coefficients A1 into two parts using the same scheme, replacing S by 
A1 and producing A2 and D2, and so on. 

 

 
Figure 3: Wavelet decomposition 

 
This technique is most effective when it is applied to the detection of short-time phenomena, discontinuities, or abrupt 

changes in the signal.BTE based on wavelet packet decomposition, the difference between the wavelet transform and 
wavelet packet decomposition in that, in wavelet packet analysis, the details as well as the approximations can be split, 
see figure 4. 

 
Figure 4: Wavelet packet decomposition 

 
For speech signal not all the wavelet tree leaves have useful information so best tree is used to reduce the analysis time 
and complexity. Best tree obtained by applying entropy function, see figure 5.There are many type of entropy functions, 
here Shannon entropy is used. 

           
Figure 5: Two-levels wavelet packet and best tree 
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B. Best Tree Encoding 
BTE was first introduced by Amr M.Gody [1], the BTE first generation, as a speech recognition algorithm to solve the 
problems in the existing speech recognition algorithms, bad performance in case of noisy environments. Figure 6 shows a 
block diagram of BTE, it works as follow, for detailed description see [1], the input speech signal is divided  and 
windowed, using Hamming window, into frames of length 20 ms, then the frame is decomposed into wave packet tree 
which consists of a number of levels and each level contain many nodes, not all nodes have a useful information about 
the speech signal so, an entropy is applied to obtain which called best tree, Shannon entropy, this best tree is encoded into 
a feature vector of four components. 
 

 
Figure 6: BTE block diagram  

 
The first generation of BTE encodes the best tree based on the terminal nodes location as follow: [1] 
After obtaining the best tree from the wave packet tree, figure 7. 

 
Figure 7: Wave packet tree for 4 points encoding [1] 

 
The leave nodes encoded based on its location to a 7 bit value figure 8 shows an example for encoding a frame of 

speech signal. 

 
Figure 8: Best tree 4 point encoding example  

  Circled numbers in figure 8 represent leave nodes in the best tree decomposition, which will be encoded into features 
vector of 4 elements as shown in table 1. 

 
 

Table 1 
 Best tree 4 point encoding evaluation.  

Element Binary 
value 

Decimal 
value 

Frequency 
band 

V1 0100001 33 0-25% 
V2 0000110 6 25-50% 
V3 0101000 40 50-75% 
V4 0010100 20 75-100% 

 Features vector for this example speech frame will be:  
F= [12; 64; 0; 4]                                               (3) 

 
The second generation of BTE5was developed by Maha Adham [14], where the decomposing level increased to 5 levels 
to increase the discrimination of the feature vector to give 25% success rate, the third generation BTE7 was developed by 

BTE 
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Eslam El Maghraby [15], by increasing the decomposing levels to 7 levels and uses the Log energy entropy instead of 
Shannon’s. The last generation BTE7 gives 22% enhancements over BTE4 and BTE5. 

3 BAND MAPPED OVERVIEW 
Before being processed linguistically, speech sounds must pass through the auditory system where the perceptually-
salient cues or features present in the acoustic signal are transformed in various, mostly non-linear, ways. When sound 
enters the outer ear it is affected by the resonances of the pinna (ear lobe), concha (funnel-like opening to the outer ear 
canal), and external auditory meatus (outer ear canal). The main effect of these resonances is to produce a broad peak of 
15-20 dB at 2500 Hz and spreading relatively uniformly from 2000-7000 Hz (Pickles, 1988). What is of particular 
relevance to the present discussion of the non-linear transduction of the ear is the finding that the pressure gain transfer 
function of the middle ear is not uniform but shows a peak at 1000 Hz and gradually drops off to about 20 dB below peak 
level at 100 Hz and 10,000 Hz (Nedzelnitsky, 1980). This peak is relatively flat, however, over most of the frequency 
range containing speech cues (<10 dB variation from 300 Hz to 7000 Hz). 

 

A. Frequency 

There are three major types of auditory behavior that are of interest when examining auditory processing of the 
frequency dimension. They are frequency discrimination, frequency selectivity (or resolution) and judgments of relative 
pitch. Here, the more interested is the frequency discrimination. 

1) Frequency Discrimination 

Frequency discrimination refers to the ability to detect differences in the frequencies of sounds which are presented 
successively. They are also referred to as frequency difference thresholds (df), frequency difference limen (DLF) or just 
noticeable differences in frequency (or frequency jnd). Many studies showed that from 125-2000 Hz df is constant at about 
3 Hz. It rises to about 12 Hz by 5000 Hz, 30 Hz by 10000 Hz, and 187 Hz by 15000 Hz. So the most useful information 
exist in the frequency range below 5000 Hz or bandwidth 10000 Hz.  

In the previous BTE generations the input audio signal has sampling rate 32000 Hz, which contains a lot of non useful 
information, also this consume processing time and increase complexity. To overcome these problems and improve the 
discrimination rate, down sampling must be applied. 

2) Down sampling 

Down sampling is decreasing the sampling rate of a signal. Let’s consider a simple case of down sampling a signal to 
half of its original sampling rate. Simplest way to do this is to forget every other sample and we’ll have the desired 
sampling rate. See figure 9. 

 
Figure: 9 down sampling by 2 

But if we reduce the sampling rate just by selecting every other sample of x (n), the resulting with folding frequency 
Fs/2.  The frequency spectrum tries to spread up but it cannot do so. Hence it winds up on itself. See figure 10. 

 
Figure 10: spectrum wound up itself 

To avoid aliasing, we must first reduce the bandwidth of x (n) to w max= π/2. So we should cut of high frequency 
contents to avoid aliasing.   
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4 PROPOSED MODEL BAND MAPPED AND DISTRIBUTED ENERGY BTE (BMDE-BTE) 
 
As mentioned earlier the previous BTE generations encode the best tree leaves based on its location, to increase the 

discrimination of the feature vector and so that the success rate increased the best tree encoded based on the leaves 
location and its energy, so eight components feature vector obtained. Also, to increase the success rate the proposed 
algorithm BMDE-BTE was applied in Arabic tri phone recognition system. The proposed algorithm BMDE-BTE based 
on the same idea of the previous algorithms but it differ in the sampling rate used where the sample frequency is down 
sampled by a sampling rate to be 10000 Hz, also the output feature vector consists of 8 components which represent the 
location and energy of the terminal nodes .The proposed algorithm BMDE-BTE not like the previous BTE algorithms 
which recognize continuous words using mono phone recognition but it use tri phone recognition. 

5 HMM DESIGN FOR TRI-PHONE RECOGNITION 
A Hidden Markov Model is a statistical model of a sequence of feature vector observations. In building a recognizer 

with HMMs we need to decide what sequences will correspond to what models. In the very simplest case, each utterance 
could be assigned an HMM: for example, one HMM for each digit in a digit recognition task. To recognize an utterance, 
the probability metric according to each model is computed and the model with the best fit to the utterance is chosen. 
However, this approach is very inflexible and requires that new models be trained if new words are to be added to the 
recognizer. A more general approach is to assign some kind of sub-word unit to each model and construct word and 
phrase models from these. 

The most obvious sub-word unit is the phoneme. If we assign each phoneme to an HMM we would need around 45 
models for English; an additional model is also created for silence and background noise. Using this approach, a model 
for any word can be constructed by chaining together models for the component phonemes. Each phoneme model will be 
made up of a number of states; the number of states per model is another design decision which needs to be made by the 
system designer. Each state in the model corresponds to some part of the input speech signal; we would like the feature 
vectors assigned to each state to be as uniform as possible so that the Gaussian model can be accurate. A very common 
approach is to use three states for each phoneme model; intuitively this corresponds to one state for the transition into the 
phoneme, one for the middle part and one for the transition out of the phoneme. Similarly the topology of the model must 
be decided. The three states might be linked in a chain where transitions are only allowed to higher numbered states or to 
themselves. Alternatively each state might be all linked to all others, the so called ergodic model. These two structures 
are common but many other combinations are clearly possible.[17] 

When phoneme based HMMs are being used, they must be concatenated to construct word or phrase HMMs. For 
example, an HMM for `cat' can be constructed from the phoneme HMMs for /k/ /a/ and /t/. If each phoneme HMM has 
three states the `cat' HMM will have nine states. While phoneme based models can be used to construct word models for 
any word they do not take into account any contextual variation in phoneme production. One way around this is to use 
units larger than phonemes or to use context dependant models. The most common solution is to use tri-phone models 
where there is one distinct phoneme model for every different left and right phoneme context. Thus there are different 
models for the /ai/ in /k-ai-t/ and in /h-ai-t/. Now, a word model is made up from the appropriate context dependant tri-
phone models: 'cat' would be made up from the three models [/sil-k-a/ /k-a-t/ /a-t-sil/]. See figure 11. 

 

 
Figure 11: Tri-phone model for the English word Cat 

 
While the use of tri-phones solves the problem of context sensitivity it presents another problem. With around 45 

phonemes in English there are 453 = 91125 possible tri-phone models to train (although not all of these occur in speech 
due to phonotactics constraints). The problem of not having enough data to effectively train these models becomes very 
important. One technique (state tying) but another is to use only word internal tri-phones instead of the more general 
cross word tri-phones. Cross word tri-phones capture co articulation effects across word boundaries which can be very 
important for continuous speech production. A word internal tri-phone model uses tri-phones only for word internal 
triples and di-phones for word final phonemes; `cat' would become: [sil /k-a/ /k-a-t/ /a-t/ sil]. This will clearly be less 
accurate for continuous speech modeling but the number of models required is smaller (none involve silence as a context) 
and so they can be more accurately trained on a given set of data. 

Here, HTK tool kit was used in HMM training. HTK first is driven data and uses a similarity measure between states. 
The second uses decision trees and is based on asking questions about the left and right contexts of each tri-phone. The 
decision tree attempts to find those contexts which make the largest difference to the acoustics and which should 
therefore distinguish clusters. This tree is driven based on good pronunciation knowledge for English language.   
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For Arabic language there are no enough pronunciation researches, so the decision tree can’t be driven and HTK based 
only on the tied list obtained from merging mono phone, bi phone and tri phone in one file (fullist) and use it for training 
the HMM model. 

6 EXPERIMENTS AND RESULTS 
A. Experiments procedures 

In the experiments reported in this paper, continuous word recognition experiments were performed using an Arabic 
database in an Egyptian colloquial language. This database consists of 2977 speech files in the wav format with 32000 
Hz sampling rate, 16 bit, before any processing the wav file was down sampled, as a preprocessing step, to a sampling 
frequency 10000 Hz where the speech signal band width is 8000 Hz and assume 2000 Hz as guard band where some 
voices increase more than 4000 Hz so 10000 Hz sampling frequency is efficient for speech processing and provide only 
the useful information. The database divided into two sets one for training the Hidden Markov Model (HMM) models 
using HTK toolkit and the other for testing and evaluation of the recognition process. The new feature extraction 
algorithm used in Arabic mono phone and tri phone recognition, then a new entropy which introduced by Mai Ezz [16] 
used in the recognition process for mono and tri phone. The new entropy based on Mel frequency where not all speech 
frequencies detected by the human auditory system so not all leave nodes have useful information, then using this 
entropy gives a new best tree contain the most important information in the speech signal. 

Experiments were performed to obtain comparative results for the new BTE algorithm with the previous BTE 
algorithms and then evaluate the new algorithm. The new algorithm was applied for mono phone recognition, in all BTE 
generations, and then the new entropy used in the new algorithm and applied for mono phone recognition, the above 
experiments repeated for tri phone recognition. Finally, the above experiments repeated with adding Dleta and 
Acceleration coefficients to the feature vector. In each experiment Gaussian Mixture Model (GMM) take the value 2. 
The next section shows the detailed results of each experiment. 

B. Results 
This section report the results of all experiment, see Tables 2, 3 and 4, and discus these results to evaluate the new 

BTE algorithm. 
The HTK tools used for evaluating the recognition results, HResults tool compares the transcriptions output by HVite 

tool with the original reference transcriptions and then outputs various statistics. HResults matches each of the 
recognized and reference label sequences by performing an optimal string match using dynamic programming. After the 
optimal alignment founded, the number of substitution errors (S), deletion errors (D) and insertion errors (I) calculated. 
Then the percentage correctness and accuracy calculated as follow: 

Percent Correct= ((N-D-S)/N) X100%                                       (3) 
 

where N is the total number of labels in the reference transcriptions ignores insertion errors. For many purposes, the 
percentage accuracy is defined as 

Percent Accuracy= ((N-D-S-I)/N) X100%                               (4) 
 

Table 2  
BTE-4 Results 

 Entropy Qualifiers % Correctness Accuracy 
Mono phone Shannon --- 19.35 -136.83 

A_D 22.26 -64.56 
 New entropy --- 19.56 -52.02 

A_D 24.60 -52.40 
Tri phone Shannon --- 19.37 -136.92 

A_D 22.19 -64.25 
 New entropy --- 19.56 -56.00 

A_D 24.60 -52.44 

 
Table 3  

BTE-5 Results 
 Entropy Qualifiers % Correctness Accuracy 

Mono   phone     Shannon --- 15.02 -141.90 
A_D 21.32 -82.75 

    New entropy --- 17.89 -74.31 
A_D 23.11 -48.44 

Tri phone     Shannon --- 15.01 -123.82 
A_D 25.33 -36.20 

     New entropy --- 15.05 -120.00 
A_D 24.91 -41.24 
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Table 4 
 BTE-7 Results 

 Entropy Qualifiers % Correctness Accuracy 
Mono phone      Shannon --- 13.44 -253.08 

A_D 19.60 -225.00 
New entropy --- 16.12 -181.20 

A_D 20.45 -102.11 
 Tri phone Shannon --- 13.44 -249.89 

A_D 18.78 -202.04 
New entropy --- 16.00 -177.49 

A_D 19.80 -92.46 
The negative value of Accuracy is a reflection of low stability of the recognizer, where the insertion errors are too 

much. The optimal situation or the most stable situation exists when the total numbers of recognized phones equal the 
total number of expected phones. The expected phones are pre-evaluated before the recognition process, this process is 
called transcription. 

With reference to MFCC technique with the same database and using three qualifiers Delta, Acceleration and Energy 
the features vector becomes 39 components vector the output correctness equal 37%, by using the proposed model for 
two qualifiers only Delta and Acceleration the feature vector becomes 16 components vector and give correctness about 
25% or about 68% with reference to the common technique MFCC, so the proposed is a promising technique if 
considering the not 100% database accuracy and also if the transcription done manually. Also, the proposed model is 
faster than the previous BTE generations and MFCC because it based on a reduced feature vector so it save the 
processing time and power. As a future work a new and more accurate database and more accurate transcription method 
will be used to increase the accuracy and make it more stable, positive correctness values. 

7 SUMMARY AND CONCLUSION 
The above results show that BTE-4 and using the new entropy for mono phone recognition give the best results, and using 
tri phone not give enhancement in the success rate, also increasing the decomposition results not improve the performance.  
Finding efficient automatic speech recognition techniques for Arabic words is of great interest since the research efforts 
remain limited.BTE is a promising technique, mono phone recognition shows better results than tri phone results. Also, 
when using the new entropy and adding Delta and Acceleration coefficients more improvement obtained. 
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 ملخص

لتطبیقھا في أنظمة التعرف التلقائي لاشارة الصوتیة سمات ا للحصول علىتقنیة  ھيتقنیة تشفیر الشجرة المُثلى 
تقنیة لمقارنة یقُدم ھذا البحث نتائج . (WPD)،تعتمد تقنیة تشفیر الشجرة المُثلى على تحلل المویجات على الكلام
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تشفیر الشجرة المُثلى اعتماداً على محتوى الطاقة "القیاسي و النموذج المقترح  (BTE) تشفیر الشجرة المُثلى
كلمة مكون من ثلاثة من العلى الكلام المعتمدة على جزء التلقائي العقد الشجریة في الشجرة المُثلى لتقنیة التعرف ب

على الكلام التلقائي  تقنیة التعرف لمقارنة یقُدم نتائج  بالاضافة الى ذلك،.BMDE-BTE)" صوتیة احرف
 =correctness [صحة    درجةتعطي  واحد و التي صوتي المعتمدة على جزء من الكلمة مكون من حرف

لتشفیر العقد الشجریة  و ذلك باستخدام النموذج المقترح] accuracy= -52.00% [ دقة درجةو  ]24.60%
جدید معتمد على  Entropyتطبیق اعتماداً على موضعھا الشجري و ایضاً محتواھا من الطاقة بالاضافة الى 

 تطبیق النموذج المقترح على مع الوقت،بینما في حالة ثابت غیرالكلام  اشارةمعادلة تأخذ في اعتبارھا أن تردد 
تصبح النتائج  صوتیة تقنیة التعرف التلقائي على الكلام المعتمدة على جزء من الكلمة مكون من ثلاثة حروف

 .سیئة
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Abstract—Social media has recently witnessed major developments, as its applications and platforms are now being used by 
many people all around the world. As its importance kept rising, the need for applications that can manage this enormous 
amount of digital data has increased as well. One of the most important applications needed is Sentiment Analysis application, 
which is to be used to identify the sentiment of those who engage in online conversations on social media towards a certain 
issue. This research is based upon building a linguistic mechanism to analyze opinions and break them down to positive, 
neutral, and negative. This mechanism can also identify the sentiment of the user based on his tone of voice expressed in 
writing on social media, which can be broken-down into negative sentiments; e.g. hate, anger and grief, positive sentiments; 
e.g. love, happiness, and optimism, or neutral sentiments (objective). This would be done through building a group of lexical 
databases and linguistic rules in order to analyze such opinions and conversations automatically. It is necessary to point out 
the possibility to update these databases based on the semantic field or the domain we want to analyze its content on social 
networking websites. 
 

1 INTRODUCTION 
 

A. Social Media 
 
There are so many definitions of social media; each of which focuses on certain group of aspects or characteristics. We 
can define it as a developed online interactive tool by which people can share knowledge and experiences.Social media 
has a special importance in today's world as a free and easy way of human communication. It is applied not only in social 
life as its name indicates, but also in fields such as industry, health, education, public sector…etc. 
 

Worth mentioning that Facebook is the largest social media platforms in terms of active monthly users, as it recorded 
1.32 billion monthly active users as of June 30, 2014.The total number of Facebook users in the Arab world as of 
beginning of May 2014 is 81,302,064 up from 54,552,875 in May 2013. Total number of active Twitter users in the Arab 
world reached 5,797,500 users as of March 2014. The estimated number of tweets produced by twitter users in the Arab 
world in March 2014 was 533,165,900tweets or 17,198,900tweets per day. 
 

1) Social Media Types: Social media has many types that can be grouped according to many features; here we 
elaborate some of the most common types according to purpose of the platform. (Social Networks, Social Q&A, 
Microblogs, Video Sharing, Photo Sharing, Forums, Wikis…etc.) 
 

2) Social Media Analytics: Analyzing user generated content shared on social media is becoming very important in 
a world that is increasingly using social media in a variety of fields. Analysis of social media conversations is 
especially concerned with quantitative and qualitative metrics such as the sentiment of users' opinions, influence 
of users, users' demographics, language and accents used, topics discussed…etc. 
There are many automatic social media analytics tools, paid and free, but only few give accurate comprehensive 
analysis results. These tools can work as monitoring dashboards (e.g., HootSuite), social search engines (e.g., 
Topsy), comprehensive analysis tools (e.g., Radian6). 

 
B. Sentiment Analysis 
 
Sentiment analysis is analyzing a text in order to define the dominating sentiment of the author when he wrote the text. In 
social media it is concerned with analyzing posts and tweets in order to define the sentiment of the user who wrote them. 

58

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



The sentiment can be one of the following; positive, negative, or neutral. One tweet/post can have more than one 
sentiment, but there's always a dominating sentiment. 
 
Sentiment analysis is very challenging in terms of automation, especially in Arabic, because of many factors; one of them 
is the lack of accurate text analysis mechanisms, and another factor is that users on social media do not write in a 
standard unified language, but rater use a developed form of expression, in which we can find a mixture of standard 
language, colloquial language, and a developed way of using punctuation marks and emotion icons. 
 
Importance of Arabic conversations sentiment analysis comes from the fact that social media users in the Arab world are 
increasing every day, hence the need for an automated tool to analyze a large set of data (text) produced by Arab users. 
 
Sentiment analysis and opinion mining results can help in many ways, for instance it can help companies understand how 
they and their products or services are perceived by the public. This can be achieved through collecting all relevant 
mentions of the company and its products or services from all public social media platforms, then analyzing the 
dominating sentiment in these opinions. 
 
C. Application of Sentiment Analysis in Business Research 
 
Suggested mechanism can be used in various ways; for instance companies and organizations can breakdown users' 
opinions/reviews by platform, because each social platform has its own audience, hence analyzing the sentiment of every 
platform separately, and compare results not only to identify how satisfied audience are, but also to measure how 
successful the company was in building its image and reputation on these platforms. If for instance analysis results have 
proven a general dominant negativity in Twitter users' opinions, on the other hand opinions on Facebook were mostly 
positive. Considering the previous results, the company needs to review its communication/marketing strategy used on 
Twitter. 
 
Sentiment analysis results could also be used in chronological comparison between overall users' opinion in a period (e.g., 
month) and a following or any other period. This can help companies identify the trend of users' opinions towards them, 
which is an indicator of sales and customer retention. 
 
Another useful application is competition analysis. A company can analyze users' sentiments towards its competitors, and 
compare analysis results with its own, in order to know how people perceive all companies in the field, hence they can 
take data informed decisions, based on real-time data. 
 
D. Related Work 
 
We tried some free-to-use and paid social media analytics tools that provide sentiment analysis as part of their analytics 
products. Their Arabic sentiment analysis results were mostly not accurate due to - as we believe - their lack of a 
comprehensive linguistic analysis mechanism. Arabic is different than English in some ways, so a sentiment analysis 
mechanism should be specifically made and used for Arabic conversations. 
 
Some of the common problems that we found in these tools1 are: they rely on a very small corpus, don’t use both 
linguistic and lexical databases, neglect the common typing mistakes, process only one dialect, or they rely only on one 
level analysis without further classification of positive for instance into gratitude, content and so on. 
 
As it's a relatively new field of interest for researchers, only a few research papers provide mechanisms of sentiment 
analysis of Arabic conversations. We used internet research to explore published research papers in the same field of 
Sentiment Analysis of Arabic Conversations. We found some interesting work that tackled this area and some even built 
linguistic datasets, but they mostly relied on book reviews, Ref [1] or movie reviews, Ref. [3], but we could not find any 
who built linguistic rules and corpus from social media public conversations, specifically tweets. 
 

2 RESEARCH METHODOLOGY AND SAMPLE (SUGGESTED MECHANISM COMPONENTS) 
 
A. Corpus 
 
Constructing lexical and linguistic rules for any linguistic mechanism is known to be done through large linguistic 
repertoire (corpus); therefore the researchers have chosen Arabic conversations and discussions on the micro-blogging 

1http://www.sdl.com/products/SM2/ | http://www.trackur.com/ | https://www.repustate.com/| http://www.brandwatch.com/ 
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website Twitter to act as a kernel to a large-scale corpus. Researchers have chosen - as a sample - tweets mentioning a 
telecommunications company in Egypt called Vodafone, to be the kernel of a communications field corpus, and a start 
point to construct lexical and linguistic databases in the field of communications. The outcome includes about 300,000 
Arabic words of comments, opinions, and conversations mentioning the company, its competitors, and/or the 
telecommunications field in Egypt.The linguistic mechanism relies on the following two types of databases. 
 
B. Lexical Databases 
Building a lexical database requires the following steps: 
 

1) Step 1: to extrapolate the linguistic repertoire, in order to extract sentiment-bearing words and compositions 
that can help in judging the opinions and discussions (opinion mining) in terms of being positive or 
negative towards the entity subject to the analysis, which is Vodafone in our research sample. Table 1 
presents some of these opinions "tweets": 

 
TABLE 1. 

SAMPLE OF TWEETS TO BE USED IN BUILDING THE CORPUS 
 

 ینعل ابو فودافون لابو شبكتھا في
 !! یعني ھو أختك وأمك وقرایبك البنات خط أحمر وبنات الناس خط فودافون

 ؟ ینفع كدة؟لیا اكتر من شھرین ومش عارف اشغلھا ومحدش في ام شركة فودافون كلھا عارف یشغلھالي " اعلن"یعني انا مشترك في خدمة 
 فودافون نـآمـھـآرفآنـآنعـشـلـآشعـحـتـفـتـلومـآیـوبـمـىآلـلـجعـسـمـكلـیـجـىیـنـعـی !! SingLe ـھىآیـنـعیـ
 فودافون#شركھ وسخھ  یا
 انا لغیت الخط نلاصلاجماعھ اللي معاه فودافون یمسحھ خ یا
 فودافون#اوسخ شركھ فى الوجود  یا

 ! فودافون مش ھتنساك#تبقى مستنى رسالة من حد معین  ولما
 

2) Step 2: to assign polarity (orientation) to words and compositions that were extracted in step 1. To 
guarantee the accuracy of this polarity assignment and hence the analysis results; and because one opinion 
can bear negative and positive words, we suggest that classification take the following form: Very Negative, 
Negative, Somewhat Negative, Somewhat Positive, Positive, and Very Positive. Table 2 presents examples, 
and the weight of each class: 

 
TABLE 2. 

SENTIMENT CLASSES, THEIR WEIGHTS, AND EXAMPLES 
 

Class Weight Sample Tweet Word Extracted 
Very Negative -100  وسخة فودافون#یا شركھ وسخھ 

Negative -50  3فیھ حد ھنا عنده مشكلة في نت فودافونG مشكلة ؟؟ تقریبا قاطع عند كذا واحد 
Somewhat Negative -25  لغیت انا لغیت الخط نلاصلاجماعھ اللي معاه فودافون یمسحھ خیا 
Somewhat Positive +25 بتعجبھم .معظم المصریین اتصالات بس بتعجبھم اعلانات فودافون و بیحبوا اغاني موبینل 

Positive +50  حلوة )بسبوسھ(حاجة حلوة .. فودافون رید 

Very Positive +100  الشركة الوحیدة المحترمة واعلنت ان القطع تم بأمر مع ان فودافون بردوا طلعت
 المحترمة الحكومة

 
No doubt that having one of these words in a sentence is a major indication of user's sentiment. With the 
class weight mechanism, we can identify the sentiment by identifying the dominant sentiment. Strength 
(here we refer to as weight) is defined as the degree to which the word, phrase, sentence, or document in 
question is positive or negative, Ref. [4]. 
Example: if an opinion has a word with weight -25 and another with +50 then the dominant sentiment here 
is positive. 

 
3) Step 3: to identify the synonyms of extracted words, whether in Modern Standard Arabic (MSA) or 

Colloquial Arabic (we suggest using different dialects like Egyptian, Jordanian, and Kuwaiti…etc.). This 
step aims to enrich the mechanism databases with more sentiment-bearing words. Table 3 presents two 
words extracted from the sample corpus, and the synonyms derived from them. 

 
TABLE 3.  

SAMPLE OF TWO WORDS AND THEIR SYNONYMS 
 

Sentiment Positive Negative 

Sample Tweet  أجمل من یورك مفیش كلامفودافون =D  فودافون اصبحت أسوأ شبكة فى مصر من كافة النواحى وبصراحھ اتصالات ھى
 افضلھم
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Extracted Word أسوأ أجمل 
Synonyms أردأ، أوسخ، أقبح، أحقر، أدنى أفضل، أحسن، أحلى، أجود، أعظم 

 
4) Step 4: to identify the different orthographic variations of all the sentiment-bearing words extracted from 

the corpus. This step aims at further enrich the lexical databases with different forms of spelling for the 
same word, considering not only different dialects, but also common spelling mistakes, and the so-called 
Franco-Arab ; which is Arabic words written using Latin Alphabet.  
Example 1: the word سیئ can be written: سىء, سئ, سيء …etc. 
Example 2: the word أحسن can be written: ahsan, a7sn, 27san…etc. 

 
5) Step 5: the final step in constructing the lexical database; is deepen the level of analysis, by classifying 

words extracted from the corpus into a sub-level of tone and sentiment. Positive words can be grouped 
according to its sentiment to words that express/reflect content, gratitude, satisfaction…etc. Negative words 
can be grouped to words of anger, sadness, discontent…etc. 
This second level of analysis aims at deepens the judgment on the opinions, by classifying it into sub-fields, 
each of which express a certain emotion or sentiment towards the entity subject to the analysis. 

 
C. Linguistic Databases (morphological, syntactic, and semantic rules) 
 
In our suggested analysis mechanism; we do not only rely on lexical databases to be used in Sentiment Analysis of 
Arabic Conversations on Social Media, but we also rely on linguistic rules that should be extracted from samples of 
tweets and posts mentioning the analysis subject, in our case here the telecom company Vodafone.These rules consist of 
the following 3 types. 
 

1) Morphological Rules: When dealing with the Arabic language, we have to consider morphological rules, 
especially etymology; as Arabic words usually have a prefixes and/or suffixes, which results in many 
morphological variations of the same word. In the suggested mechanism we try to accommodate as many 
variations as possible for the sentiment-bearing words. For doing this we suggest to use the "stem" of the 
word, in order to guarantee the inclusion of all variations of the word, whether alone or with prefixes and/or 
suffixes. 
Example: the word أجمل can have the following forms: بأجملھن, بأجملھم. بأجملھ, أجملكم, أجملھن, أجملھم, أجملھ ,
 .etc…بأجملكم

 
2) Syntactic Rules: One of the most important syntactic roles in Arabic sentiment analysis is affirmation and 

negation, which plays an important role in opinion mining. By extrapolating the mechanism corpus; we can 
identify some of the negation particles in MSA and colloquial, e.g.,  مو  –مافي  –غیر  –ما  -مش  -لیست  –لیس  –لا

موب –مب  – . 
We can also identify questions by Interrogative Particles such as: إیھ –فین  –أین  –وین  . 
Considering these particles, we came up with the following linguistic rules that help in identifying the 
conversation tone and users' sentiments: 
1. Negation Particle + Negative Word = Positive Sentiment. E.g. مش غالي 
2. Negation Particle + Positive Word = Negative Sentiment. E.g. مش رخیص 
3. Interrogative Particle + Negative Word = Positive Sentiment. E.g. وین السيء؟ 
4. Interrogative Particles + Positive Word = Negative Sentiment. E.g. د؟وین الجدی  

 
3) Semantic Rules: Semantic analysis of punctuation marks (traditional or developed) is important in 

sentiment analysis. Also it is important to analyze the emotion icons (emoticons) e.g. :). 
 
At the level of semantic analysis of the punctuation marks used in social media websites, we can conclude 
the following: 
1. One question mark (?) indicates a Neutral sentiment, as the opinion is just a question waiting an answer. 
Example: ازاي ممكن ابعت رسالة كلمني شكرا ببلاش من فودافون؟ 
2. Repeated question marks (???) or one or more exclamation marks (!!) indicates a negative sentiment 
towards the entity subject to the analysis. 
Example: ھو فودافون بظ ده الغي الاشتراك بتاعھ ازاي ؟!!!! 
3. A good indication is the emoticons used in the opinion, as :), :D, ^^ indicate a positive sentiment, 
but :(, :/, :s indicate a negative sentiment. A database of these emoticons and their meanings can be 
collected from the internet, as a reference for the analysis mechanism. 
At the level of the developed methods of written language on social media, we can conclude the following: 
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- Repeating a letter in a sentiment bearing word means a meaning emphasis, which indicates a very 
negativeor very positive sentiment. 
Example: ناتو رااائعةأحلى وامتع دعایات حقت فودافون كوكاكولا مع أني مااحب اشربو بس اعلا  

 
3 CONCLUSION 

 
This research is a presentation of how to build a linguistic mechanism to analyze Arabic opinions and conversations, and 
provide judgment and classification to the tone of conversation and sentiment of users, in terms of being positive (e.g., 
hate, sadness, anger), negative (e.g., happiness, love, optimism) or neutral (objective). In this regard we presented how to 
build a group of lexical and linguistic rules in order to automatically analyze opinions' sentiments. 

 
As for lexical databases, it contains a semantic classification for commonly used sentiment-bearing words (nouns and 
adjectives). The researchers chose to perform the research in the Telecommunications field, especially the telecom 
company Vodafone. 

 
Linguistic databases consist of morphological, syntactic, and semantic rules concerning affirmation and negation and 
standard and developed punctuation marks. This research focuses on the linguistic side of the suggested mechanism and 
left the technical computational part to another research. 
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 حلیل المشاعر فى المحادثات بالعربیةعلى شبكات التواصل الاجتماعىت
 دراسة لللآلیات اللغویة

 
 محمدعلام فرغلى **,عمرو جمعة عبدالرسول *

 جامعة القاھرة –كلیة دار العلوم *
 جامعة القاھرة –كلیة التجارة **

 جمھوریة مصر العربیة –القاھرة 
 
 

 حتى المجتمعات، من منصاتھا الكثیر وغزت كبیرا، تطورا الأخیرة الأعوام في الاجتماعي والإعلام التواصل شبكات تطورت
 التي التطبیقات أھمیة زادت الأھمیة ھذه ازدیاد ومع. فقط على التلقي ولیس والتبادل التواصل على تقوم جدیدة إعلام وسائل غدت
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 وتحلیل ؛Sentiment analysis المشاعر تحلیل تطبیقات التطبیقات ھذه أھم ومن الشبكات، ھذه على الرقمي المحتوى مع تتعامل
 .معین موضوع تجاه بكاتالش ھذه مستخدم على المسیطرة العواطف

 وكذلك محایدة، أو إیحابیة أو سلبیة كونھا حیث من علیھا والحكم الآراء تحلیل على تعمل لغویة آلیة بناء على البحث فكرة وتقوم
 الحب،( مثل إیجابیة عواطف أو) ...والحزن،  والغضب، الكره،( مثل سلبیة عواطف كونھا من أصحابھا عواطف على الحكم

 .)موضوعیة( حیادیة عواطف أو) ...والتفاؤل،  والسعادة،
 : الآراء وتحلیل المشاعر تحلیل لآلیة اللغویة المكونات وتشمل

 سلبیة بعواطف توحي أن أو یمكن إیجابیة أو سلبیة معاني تحمل) وأسماء صفات( لكلمات دلالیا تصنیفا وتحوي( البیانات قاعدة  -1
 یشتمل الاجتماعیة المنصات ھذه فمحتوى والعامیة، الفصحى وتراعي المختلفة، ومجالاتھا الدلالیة حقولھا حسب وذلك إیجابیة، أو

 .نفسھ الوقت في والعامیة الفصحى على
مضمون منصات التواصل  تحلیل في تساعد الإملائي للرسم قواعد أو لغویة قواعد وتحوي) والدلالیة الصرفیة( اللغویة القواعد -2

 .التحلیل موضع نصوصھا في السائدة العاطفة على الاجتماعي والتعرف
 

  المفتاحیة الكلمات
 المصغرة المدونات – المدونات – المنتدیات - الاجتماعیة الشبكات – الاجتماعي الإعلام وسائل - الآراء تحلیل – المشاعر تحلیل
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Abstract— Using of Egyptian dialect in a text in order to express sentiments is posing a challenge to the automated sentiment 
analysis tools to correctly account for such colloquial words for sentiment. This paper surveys the sentiment analysis for 
Egyptian dialect and tackles an overview of the last update in this field. The techniques and methods in sentiment analysis and 
challenges appear in this field are outlined. We mentioned a popular approach and classification techniquesto perform a 
sentiment analysis on text-based status updates & comments to detect both positive and negative sentiments. 

1 INTRODUCTION 
As social media gains popularity, it becomes more useful to analyze trends and sentiments of its users towards various 
topics. Sentiment analysis ([7], [11]-[18]) is the task dealing with the automatic detection and classification of opinions 
expressed in text written in natural language [20]. According to Simm et al [17] it is “the task of identifying positive and 
negative opinions, emotions, and evaluations”. Subjectivity, it is the way that emotions and opinion can be expressed in 
the language while objectivity refers to the factual phrases [10]. Sentiment analysis is considered as a subsequent task to 
subjectivity detection, which should ideally be performed to extract content that is not factual in nature [20]. One goal of 
a sentiment analysis system is“given a text document; infer its polarity toward entities and events mentioned in the text” 
[8]. Sentiment analysis solutions can be divided according to the scope of the input such as document level, sentence 
level and word level sentiment analysis [14]. In addition, it can be divided according to the applied approaches to solve 
the problem of sentiment classification into three categoriesmachine learning (ML) approach, lexicon based approach 
and hybrid approach [19]. 
 
Mining opinions and sentiments from natural language is challenging, because it requires a deep understanding of the 
explicit, implicit, regular and irregular syntactical and semantic language rules [4]. Most of the current studies related to 
this topic focus mainly on English texts [7] with very limited resources available for other languages such as Arabic, 
especially the colloquial Arabic. Consequently, most of the resources developed (such as sentiment lexicons and corpora) 
are in English. Applying this research to other languages is a domain adaptation problem [4]. Even though Arabic ranks 
as the fifth largest natural language among the top 100 used natural languages worldwide [12] and is considered to be 
among the top ten languages mostly used on the Internet. Only few researches have been conducted on sentiment 
classification for Arabic languages due to the lack of resources for managing sentiments or opinions such as senti-
lexicons and opinions [14]. A possible reason for that is the complex morphological, structural and grammatical nature of 
Arabic [16]. 
 
Arabic can be classified with respect to its morphology, syntax, and lexical combinations into three different categories: 
Classical Arabic (CA), Modern Standard Arabic (MSA), and Dialectical Arabic (DA). Users on social networks typically 
use the latter, i.e. varieties of Arabic such as Egyptian Arabic, Iraqi,and Gulf Arabic. Moreover, dealing with Egyptian 
dialect (ED) creates additional challenges for researchers working on NLP: Being mainly spoken dialects, they lack 
standardization, are written in free-text and show significant variation from MSA. Actually, grammar and rules govern 
the use of MSA, but colloquial Arabic lacks grammar rules showing how to use it.  
 
Based on our conducted survey, the main problems in the context of Arabic sentiment analysis can be concluded as: first, 
it is a very important task that contains natural language processing, web mining and machine learning [14]. Second, 
most research on sentiment analysis focus on text written in English and, consequently, most of the resources developed 
(such as sentiment lexicons and corpora) are in English. Third, Arabic language is both challenging and interesting 
because of its history, the strategic importance of the Arabic region, and its cultural and literary heritage [16]. 
The majority of the text produced by the social websites is considered to have an unstructured or noisy nature. This is due 
to the lack of standardization, spelling mistakes, missing punctuation, nonstandard words, repetitions, etc…That is why 
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the importance of pre-processing this kind of text is attracting the attention these days especially with the presence of 
several websites producing noisy text. We can conclude that the main problems in the context of ED sentiment analysis: 

• There's no exact or specific pattern the user have to follow to write his review. 
• The lack of suggested feature sets. 
• Lack of classification algorithms to be used in the classification of the Arabic slang text.  
• The majority of the available pre-processing tools like stemmers, stop-words lists, etc. are mainly built for the 

modern standard Arabic (MSA) lacking the dialect specific rules. 
• The absence of slang specific lexicon with weights for each sentiment word makes this approach to be less 

investigated in the field of sentiment analysis for Arabic slang.  
The reminder of this paper is organized as follows: Section 2surveyssentiment analysis for Arabic and dialectical Arabic, 
while section 3 gives the popular sentiment analysis methodology. Section 4 outlines sentiment classification techniques, 
while section 5 discusses training the classifier. Section 6 gives related fields to sentiment classification and section 7 
defines the evaluation metrics. Finally, section 8 concludes and gives possible directions for future work. 

2 SENTIMENT ANALYSIS FOR ARABIC AND DIALECTICAL ARABIC 
Related studies used different tools and techniques to extract Arabic sentiments to automatically determine their 
polarities. Examples of these studies are summarized in this survey. Refaee and Rieser [15] presented a newly collected 
corpus of annotated twitter feeds annotated for subjectivity and sentiment analysis. They employ morphological features, 
simple syntactic features, such as n-grams, as well as semantic features. Khalifa and Omar [10] addressed the difficulties 
of Arabic opinion question answering(QA) by proposing a hybrid method of lexicon-based approach and classification 
using Naïve Bayes classifier. Their experimental results achieve 91% accuracy. El-Halees proposed a combination of 
lexicon- based, maximum entropy and k-nearest neighbor with using a corpus of Arabic words in order to classify 
opinionated Arabic documents [6]. 
 
Moreover, Al-Subaihin et al [1] designed and implemented a lexicon-based sentiment analysis tool dedicated to 
colloquial Arabic text used in some Arabic social media Websites. Those researchers proposed that, their tool should rely 
partially on human judgment to overcome the problem arose from using non-standardized colloquial Arabic text. Bautin 
et al [2] utilized machine translation to translate source foreign text (non-English) to English, and then to conduct 
sentiment analysis on the machine translated English text. This study includes conducting sentiment analysis on textual 
news and blogs, which use one of the following eight natural languages: Arabic, Chinese, French, German, Italian, 
Japanese, Korean, and Spanish. Non-English text first has to be translated automatically to English, in order to be 
analyzed by a system designed only to analyze English text. 
 
Al-Kabiet et al [12] used sentiment analysis to identify sentiments with their subjectivity from the huge volume of 
reviews. In order to conduct their study a small dataset consisting of 4,050 Arabic and English reviews were collected. 
Three polarity dictionaries were also created (Arabic, English, and Emoticons). The collected dataset and those 
dictionaries were used to conduct a comparison between two free online sentiment analysis tools (SocialMention and 
Twendz). Finally, Omar et al [14] proposed an ensemble of machine learning classifier framework for handling the 
problem of subjectivity and sentiment analysis of Arabic customer reviews. 

3 SENTIMENT ANALYSIS METHODOLOGY 
Khalifa and Omar [10] build a framework to determine the flow of the phases which include transformation, 
normalization, tokenization, feature extraction and classification. Also, Shoukry and Rafea [16] summaries the ML 
process of the sentence’s sentiment analysis in the Arabic language using Arabic tweets from the social network website 
twitter. Fig. 1 outlines these different phases. 
A. Dataset Characteristics 
Sentiment analysis can be a bit challenging as people generally don’t pay any heed to the spellings and deliberately 
modify the spellings of the words. For example, many people write the word “فى التلیفون” as “على الناصیة“ ,”ف التلیفون” as “ ع
 .and the list goes on ,”ص“ as ”صلى الله علیھ وسلم“ ,Also, they may use short forms whenever required. For example .”الناصیة
This poses a challenge to correctly process the language and find out the polarity of the sentence or the paragraph. In 
addition, unstructured or noisy data, which may due to: 

• Lack of standardization and ambiguity. 
• Very complex morphology (lack of standard Arabic morphological analysis tools) [10]. 
• Arabic opinions are highly subjective to context domains, where you may face words that have different 

polarity categories in different contexts (عملیة قلب مفتوح،فى قلب الاحداث، فى قلب الملعب). 
• Mixture of English and Arabic text (fantastic – شكلھ رائع). 
• Other reviews such as:” 7ilwi awi” which means in English:”very sweet”. 
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• Latin letters and English phonetics (transliteration) are used to express Arabic phrases such as 
“jamiljidannnnn”. 

• Emoticons as noisy labels (e.g. Happy emoticons: “:-)”, “:)”, “=)”, “:D” and Sad emoticons: “:-(”, “:(”, “=(”, 
“;(”) and acronyms. Vashisht and Thakur [18] analyzed the role that emoticons play in delivering the overall 
sentiment of the text. They identified the commonly used emoticons and exploited them to devise a finite 
state machine that takes these typographical symbols as an input and conveys the associated sentiment as an 
output.  

• Frequency of special characters such as (!) and (?) which have significant effect on sentiment analysis. 
The extracted data was cleaned in a pre-processing phase, e.g. by normalizing user-names, digits, and eliminating Latin 
characters (i.e. URLs, emails). 
 

 
Figure 1: An Outline of Sentiment Analysis Methodology 

B. Data pre-processing 
After the data has been collected and manually classified, it is passed through a series of pre-processing steps as shown in 
Fig. 2. Then, each message is decomposed into a set of features, which in the model used are represented mostly by 
words that can be taken as input for the classifier. 

 

 
Figure 2: Pre-processing Stages 

1)  Normalization: Before normalization process the text need to be sanitized. That is, HTML tags and non-textual 
contents were striped out. After that, the text is ready to be normalized. The normalizing process puts the Arabic text in a 
consistent form, thus converting all the various forms of a word to a common form. Normalization step executes a set of 
text processing techniques that sanitize and normalize the raw data. Because of the informal and non-grammatical nature 
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of the colloquial language used in social media, these steps gain significant importance. These techniques have been 
proven to improve the quality of the features extracted from such data and therein improve the performance of the 
classifier used afterwards. 

• Punctuation. Irrelevant punctuations were removed from the messages for consistency. However, in social 
media it is common to use excessive punctuation in order to convey emotions. Soothe series of exclamation 
marks or combinations of exclamation and question marks were replaced with a keyword before removing all 
punctuation. 

• Detecting repeated alphabets. For Arabic scripts, some alphabets have to be normalized, this appears in 
different forms.  

 Some repeated letters have been cancelled (that happens in discussion when the user wants to insist on 
some words. i.e., is a common method for indicating powerful emotions), and therefore can relate to 
the message sentiment. E.g., ( رائع جداااااااااااا). 

 The letters which have more than one form, e.g., ( أنت، إنت ، انت). 
 Some of the wrong spelling words are corrected. E.g., ( جمي –جمیل ).  
 Diacritics extraction. All diacritics have to be removed ( ب بْ بّ ِب‘ ). 

• Replacing emoticons. Many social media messages make use of emoticons in order to transmit emotion, making 
them very useful for sentiment analysis. In addition, variations of laughter such as “ھھھھھھھھ” were all replaced 
with a particular keyword. 

• Replacing URLs. Many reviews contain URLs in order to share more content than can be given in the limited 
messages. Since URLs are unique, they were removed from the messages to avoid including them as possible 
features. 

• Replacing platform specific characters. Twitter messages use the ʻ@ʼ character in front of a username to 
address other users inside the platform. As done before, these pointers were replaced with a special keyword. 

• Removing repeated characters. For emphasizing messages, some words might include repeated characters. 
These occurrences were compressed to their original form by using regular expressions techniques. 

• Special Character Extraction: Every character seems to be non-Arabic letter has to be removed (e.g.,><& ; ””). 
These steps are important for improving consistency.  

2)  Stemming: As mentioned before, Arabic language has numerous forms of verbs; those derivations have to be 
stemmed to its own roots. Stemming is the process for removing and replacing common suffixes of Arabic 
words.E.g.,( المسافرین-المسافرون  -المسافر ).The purpose of this step is to reduce the size of the feature set presented to the 
classifier. Stemming Arabic terms has proven in several researches that it is not an easy task because of its highly 
inflected and derivational nature. Shoukry and Rafea [16] discuss a stemmer in more details. 

3)  Stop Words Filtering: It is also useful to ignore very common words of the messages that do not provide any useful 
information in the classification. In sentiment analysis, these words all called stop words and mainly consists of pronoun, 
articles, and prepositions (e.g., فى- الذى–ھو  –من  – عند -ثم  ) and so on. For this step, the Arabic stop word included in NTLK 
corpus was used. 
After applying Arabic stemmer and removing stop words, the sentences are tokenized.  Then, the obtained vector 
representations for the terms from their textual representations by performing TFIDF (Term Frequency–Inverse 
Document Frequency) weight which is a well known weight presentation of terms often used in text mining. 

4)Tokenization and Feature Extraction: The first step in the sentiment classification problem is to extract and select text 
features. Walaa, Ahmed and Hoda [19] refer to these current features such as: 

• Terms presence and frequency: These features are individual words or word n-grams and their frequency counts. 
It either gives the words binary weighting (zero if the word appears or one if otherwise) or uses term frequency 
weights to indicate the relative importance of features. 

• TFIDF technique: This method evaluates words in each sentence to minimize the influence of those that are 
very common across the document and do not carry much meaning. The importance of a word is high if it is 
frequent in a particular sentence, but less frequent in other. 

• Parts of speech (POS): finding adjectives, as they are important indicators of opinions. 
• Opinion words and phrases: these are words commonly used to express opinions including good or bad, like or 

hate. On the other hand, some phrases express opinions without using opinion words. 
• Negations: the appearance of negative words may change the opinion orientation like not good is equivalent to 

bad. 

Then, a Bag of words (BOW) model was used to transform the list into a feature set that is consumable by the classifier. 
This simplifying model takes individual words as features, assuming their conditional independence and equality. So, the 
messages are represented by an unordered collection of words, disregarding grammar and even word order. Each feature 
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represents the existence of one word. For improving accuracy, Refaee and Rieser [15] incorporate some additional 
features to the classifier. Those features are summarized as follows: 

1) Morphological features: Considering the morphologically rich nature of Arabic, the following features may be 
annotated: aspect, gender, mood, number, person, and voice (e.g. active). Using automatic morphological 
analyzer for Arabic text to obtain these features. In particular, current version of MADA+TOKAN can be 
incorporated which performs tokenization, morphological disambiguation, Part-of-Speech (POS) tagging, 
stemming and lemmatization for Arabic [9]. It is important to note that MADA is developed for Modern Standard 
Arabic (MSA) only. 

2) Semantic features: It includes a number of binary features that check the presence of sentiment bearing words of a 
polarity lexicon in each given tweet. 

3) Stylistic features: This feature-set includes two binary features that check the presence of positive/negative 
emoticons [15]. 

4) Syntactic features: Refers to the annotated part-of-speech for each word (adjectives, adverb, nouns and verbs). 
The common syntactic that usually used is the adjectives. 

4 SENTIMENT CLASSIFICATION TECHNIQUES 
Sentiment Classification (SC) techniques can be divided into machine learning approach, lexicon based approach and 
hybrid approach [19]. The Machine Learning Approach (ML) applies the famous ML algorithms and uses linguistic 
features. The Lexicon-based Approach relies on a sentiment lexicon, a collection of known and precompiled sentiment 
terms. It is divided into dictionary-based approach and corpus-based approach which use statistical or semantic methods 
to find sentiment polarity. The hybrid Approach combines both approaches and is very common with sentiment lexicons 
playing a key role in the majority of methods. Khalifa and Omar [10] proposed a hybrid classification method consists of 
Naïve Bayes classifier and lexicon-based approach in order to build Arabic Opinion question answering. Three classifiers 
have been carried out with the lexicon approach. Those classifiers are NB, SVM and KNN. Their experiment shows that, 
NB has demonstrated best results of macro-average F-measure of 91%.Therefore, NB was selected to be combined with 
the lexicon-based approach in order to solve the problem of sentence-level sentiment analysis. The various approaches 
and the most popular algorithms of SC are illustrated in Fig 3.  

 

Figure 3:Sentiment Classification Techniques [19] 

The text classification methods using ML approach can be roughly divided into supervised and unsupervised learning 
methods. The supervised methods make use of a large number of labeled training documents as indicated inFig. 4. N. 
Anitha et al [13] covered a number of categorization algorithms and semantic orientation approaches which are widely 
used in sentiment classification. The authors explained the importance and usage of several techniques and look insight 
into the various machine learning techniques for sentiment classification such as 1) Machine Learning Approaches, 2) 
Semantic Orientation Approaches and 3) Novel Machine Learning Approaches. Another study introduced by Vinodhini 
and Chandrasekaran [7] surveyed a number of ML algorithms that can be used in sentiment classification. 
The unsupervised methods are used when it is difficult to find labeled training data. The lexicon-based approach depends 
on finding the opinion lexicon which is used to analyze the text. There are two methods in this approach. The dictionary-
based approachwhich depends on finding opinion seed words, and then searches the dictionary of their synonyms and 
antonyms [19]. The corpus based approach begins with a seed list of opinion words, and then finds other opinion words 
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in a large corpus to help in finding opinion words with context specific orientations. This could be done by using 
statistical or semantic methods.  

5 TRAINING THE CLASSIFIER 
The ML approach is typically a supervised approach [7] in which a set of data labeled with its class such as “positive” or 
“negative” are represented by feature vectors. Then, these vectors are used by the classifier as a training data inferring 
that a combination of specific features yields a specific class employing one of the supervised categorization algorithms 
as depicted inFig 4.The general process of sentiment analysis is to induce a classifier by using a set of training data with 
manually assigned category labels (positive, negative or neutral) and then apply it to predict labels for uncategorized 
reviews. 

• Given: a collection of labeled records (training set). Each record contains a set of features (attributes), and the 
true class (label). 

• Find: a model for the class as a function of the values of the features. 
• Goal: previously unseen records should be assigned a class as accurately as possible. 

 
Figure 4: Classification Process 

6 RELATED FIELDS TO SENTIMENT CLASSIFICATION 
There are some topics that work under the umbrella of SC and should be taken in consideration. In the next subsection, 
some of these topics are presented with related articles. 

A. Negation 
Also, negations [3] will be considered as a feature in ML approach because their presence in the sentence can result in 
changing the sentiment of the whole tweet.It is a very common linguistic construction that affects polarity and, therefore, 
needs to be taken into consideration in sentiment analysis [20]. Negation is not only conveyed by common negation 
words ( مش -لم –لا -غیر -لیس ) but also by other lexical units. Research in the field has shown that there are many other 
words that invert the polarity of an opinion expressed, such as valence shifters, connectives or modals “ بصراحة أداء المنتخب
 The scope size of a negation expression determines which sequence of words in the sentence is affected by .”اقل من المتوقع
negation words.  
Roth et al [20] presented a survey on the role of negation in sentiment analysis and discussed various computational 
approaches modeling negation in sentiment analysis. Actually, negation terms affect the contextual polarity of words but 
the presence of a negation word in a sentence does not mean that all of the words conveying sentiments will be inverted. 
That is why we also have to determine the scope of negation in each sentence. Blanco and Moldovan [5] explore the 
importance of both scope and focus to capture the meaning of negated statements and outline some issues on detecting 
negation from text. The authors also depict the forms in which negation occurs and heuristics to detect its scope and 
focus. 

B. Emotion detection 
SA is concerned mainly in specifying positive or negative opinions, but emotion detection (ED) are concerned with 
detecting various emotions from text. As a Sentiment Analysis task; ED can be implemented using ML approach or 
Lexicon-based approach, but Lexicon-based approach is more frequently used [19].There are eight basic and prototypical 
emotions which are joy, sadness, anger, fear, trust, disgust, surprise, and anticipation. Vashisht and Thakur [18] have 
analyzed the role that emoticons play in delivering the overall sentiment of the text. They identified the commonly used 
emoticons and exploited them to devise a finite state machine that takes these typographical symbols as an input and 
conveys the associated sentiment as an output. 

C. Building resources 
Building resources (BR) aims at creating lexica, dictionaries and corpora in which opinion expressions are 
annotatedaccording to their polarity. Building resources is not a SA task, but it could help to improve SA and ED as well. 
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The mainchallenges that confronted the work in this category are ambiguity of words, granularity and thedifferences in 
opinion expression among textual genres [19].  One of the problems in the area of sentiment analysis of the Arabic text is 
the unavailability of free corpora specified for subjectivity and sentiment analysis. Omar et al [14] decide to create their 
own subjectivity and sentiment analysis annotated Arabic data.Also, the study proposed by Al-Kabi et al [12]started by 
collecting 4,050 Arabic/English reviews to construct a dataset, then the reviews in this dataset are tokenized to construct 
manually three polarity dictionaries to determine the polarity of each Arabic/English review. One of these three 
dictionaries is dedicated to Arabic reviews, while the second is dedicated to English reviews, and the third one is 
dedicated to emoticons.  
Moreover, Arabic language has many slangs. Most of times, reviewers write their reviews in their own dialects. Different 
dialects may use different words to express the same opinion, for example, (جامدة جدا، روش طحن، كویس، جمیل، حلو، لذیذ). To 
handle this problem, researches create a lexicon containing dialectical words and their slandered Arabic 
equivalents.Sentiment lexicon or so called senti-lexicons is the process where each word is associated with a polarity 
score which indicates the orientation of the word (positive or negative). The sentiment lexicon is the most sensitive 
resource for most sentiment analysis algorithms. Arabic sentiment lexicon may contain a syntactic refers to the annotated 
part-of-speech for each words (adjectives, adverb, nouns and verbs). The common syntactic that usually used is the 
adjectives. In addition, it contains equivalent dialectical synonyms and a score refers to the degree of polarity from most 
bad to most good which has been ranged between -5 to 5. Eventually, inflections forms refer to the forms that the word 
can be formulated whether for singular, female, dual, or plural [10]. 

7 EVALUATION METRICS 
The performance of different methods used for sentiment analysis is evaluated by calculating various metrics like 
precision, recall and F-measure. Precision is the fraction of retrieved instances that are relevant, while recall is the 
fraction of relevant instances that are retrieved. The two measures are sometimes used together in the F- score (also F-
score or F-measure) [7]. 

8 CONCLUSIONS AND FUTURE WORK 
Due to the sheer volume of opinion rich web resources such as discussion forum, review sites, blogs and news corpora, 
social media; much of the current research is focusing on the area of sentiment analysis. We briefly surveyed sentiment 
analysis problem and mentioned different methods for building subjectivity and sentiment analysis systems for Arabic 
text. Actually, usage of informal language, short cuts & emoticons is increasing rapidly. Technical challenges of the 
Egyptian dialect and some of its solutions are exposed. Different types of features and classification algorithms are 
incorporated in an efficient way in order to overcome their individual drawbacks which has significant effect on 
classification accuracy. 
One possible direction for future work is to extend the proposed feature set. More research may be conducted on negation 
expressions to produce a summary of sentiments based on product features/attributes. Complexity of sentence and 
handling of implicit product features is also a versatile area of research in this topic. 
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رء في اللھجة العامیة المصریةدراسة تحلیل الآ  
 علاء حمودة*محمد جمال،*عبدالفتاح الشرقاوى،*عبدالشكور السماحى،*منال مصطفى ،*

 م النظم والحاسبات، كلیة الھندسة، جامعة الأزھر سق* 
 

ھذاالبحث یقوم بعمل . إزاء موضع معین المختلفة استخدام العامیة المصریة على مواقع التواصل الاجتماعى یمثل تحدیا كبیرا بالنسبة لتحلیل الرؤى والاتجاھات
المستخدمة  المختلفةوالتقنیات  تم عرض طرق التصنیف  كما. المعبر عنھا بالعامیة المصریةوالمشاعر  مسح للتحدیات والصعوبات التى تواجھ تحلیل الآراء 

ما اذا كان ھذا الرأى إیجابیا او  وبناءا على ذلك یتم تصنیف .الاتجاھات المختلفةوالانفعالات والاسالیب العلمیة التى یمكن توظیفھا لتحدید فى التعلم الآلى، 
 .سلبیا
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Abstract—This paper proposes a methodology to prepare corpora in Arabic language from online social network (OSN) 
and review site for Sentiment Analysis (SA) task. The paper also proposes a methodology for generating a stopword list 
from the prepared corpora. The aim of the paper is to investigate the effect of removing stopwords on the SA task. The 
problem is that the stopwords lists generated before were on Modern Standard Arabic (MSA) which is not the common 
language used in OSN. We have generated a stopword list of Egyptian dialect and a corpus-based list to be used with the 
OSN corpora. We compare the efficiency of text classification when using the generated lists along with previously 
generated lists of MSA and combining the Egyptian dialect list with the MSA list.  The text classification was performed 
using Naïve Bayes and Decision Tree classifiers and two feature selection approaches, unigram and bigram. The 
experiments show that the general lists containing the Egyptian dialects stopwords give better performance than using 
lists of MSA stopwords only.  

1 INTRODUCTION 
Sentiment Analysis is the computational study of people’s opinions, attitudes, and emotions towards topics covered 
by reviews or news as in Ref. [1]. SA is considered also a classification process which is the task of classifying text 
to represent a positive or negative sentiment as in Ref.  [2] – [4]. The classification process is usually formulated as 
a two-class classification problem; positive and negative. Since it is a text classification problem, any existing 
supervised learning method can be applied, e.g., Naïve Bayes (NB) classifier. 
 
The web has become a very important source of information recently as it becomes a read-write platform. The 
dramatic increase of OSN, video sharing sites, online news, online reviews sites, online forums and blogs has made 
the user-generated content, in the form of unstructured free text gains a considerable attention due to its importance 
for many businesses. The web is used by many languages’ speakers. It is no longer used by English speakers only. 
The need of SA systems that can analyze OSN in other languages than English is compulsory. 
 
Arabic is spoken by more than 300 million people, and is the fastest-growing language on the web (with an annual 
growth rate of 2,501.2% in the number of Internet users as of 2010, compared to 1,825.8% for Russian, 1,478.7% 
for Chinese and 301.4% for English) (http://www.internetworldstats.com/stats7.htm). Arabic is a Semitic language 
as in Ref. [5] and consists of many different regional dialects. However, these dialects are true native language 
forms which are used in informal daily communication and are not standardized or taught in schools as in Ref. [6]. 
Despite this fact but in reality the internet users especially on OSN sites and some of the blogs and reviews site as 
well, use their own dialect to express their feelings. The only formal written standard for Arabic is the MSA. It is 
commonly used in written media and education. There is a large degree of difference between MSA and most 
Arabic dialects as MSA is not actually the native language of any Arabic country as in Ref. [7]. 
 
There is lack of language resources of Arabic language as most of them are under development.  In order to use 
Arabic language in SA, there are some text processing techniques are needed like removing stopwords or Part-of-
Speech (POS) tagging. There are some sources of stopword lists and POS taggers are publicly available but they 
work on MSA not on Dialect Arabic (DA). This paper tackles the first problem of removing stopwords. Stopwords 
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are more typical words used in many sentences and have no significant semantic relation to the context in which 
they exist.  
 
In the literature, there are some research works have generated stopword lists but as far as our knowledge no one has 
generated a stopword list for DA. Reference [8] has proposed an algorithm for removing stopwords based on a finite 
state machine. They have used a previously generated stopword list on MSA. Reference [9] has created a corpus-
based list from newswire, query sets and a general list using the same corpus. Then compares the effectiveness of 
these lists on the information retrieval systems. The lists are on MSA too. Reference [10] has generated a stopword 
list of MSA from the highest frequent meaningless words that appear in their corpus. 
 
The aim of this paper is to investigate the effect of removing stopwords on SA for OSN Arabic data. Since the OSN 
sites and the reviews sites use the simple Egyptian dialect. The creation of a stopword list of Egyptian dialect is 
mandatory. The data are collected from OSN sites Facebook and Twitter as in Ref. [11] – [20] on Egyptian movies. 
We used an Arabic review site as well that allow users to write critics about the movies 
(https://www.elcinema.com). The used language by the users in the review is syntactically simple with many words 
of Egyptian dialects included. The data from OSN is characterized by being noisy and unstructured. Abbreviations 
and smiley faces are frequently used in OSN and sometimes in review site too. There is a need for many 
preprocessing and cleaning steps for this data to be prepared for SA. The Arabic users either write with Arabic or 
with Franco-arab (writing Arabic words in English letters) e.g. the word “maloosh” which stands for “مالوش” which 
means “doesn’t have”. This is an Egyptian dialect word which is written in MSA as “لیس لھ”. Sometimes they use 
English word in the middle of an Arabic sentence which must be translated. 
 
We are tackling the problem of classifying reviews and OSN data about movies into two classes, positive and 
negative as was first presented in Ref. [2]; but on Arabic language. In their work they used unigram and bigram as 
Feature Selection (FS) techniques. It was shown in Ref. [2] that using unigrams as features in classification gives the 
highest accuracy with NB. We have used the same feature selection techniques, unigram and bigram along with NB 
and Decision Tree (DT) as classifiers.  
 
We have proposed a methodology for preparing corpora from OSN which consists of many steps of cleaning, 
converting Franc-arab to Arabic words and translation of English words that appear in the middle of Arabic 
sentences to Arabic. We have also proposed a methodology of generating stopword lists from the corpora. The 
methodology consists of three phases which are: calculating the words’ frequency of occurrence, check the validity 
of a word to be a stopword, and adding possible prefixes and suffixes to the words generated. 
 
The contribution of this paper is as follows. First, we propose a methodology for preparing corpora from OSN sites 
in Arabic language. Second, we propose a methodology for creating a stopword list for Egyptian dialect to be 
suitable for OSN corpora. Third, we prepare corpus from Facebook which was not tackled in the literature before for 
Arabic language. Fourth, tackling OSN data in Arabic language is new as it wasn’t investigated much. Fourth, 
tackling DT classifier with these kinds of corpora is new as it wasn’t investigated much in the literature. Finally, the 
measure of classifiers’ training time and considering it in the evaluation is new in this field. 
 
The paper is organized as follows; section 2 presents the methodology. The stopword list generation is tackled in 
section 3. The Experimental setup and results are presented in section 4. A discussion of the results and analysis of 
corpora is presented in section 5. Section 6 presents the conclusion and future work. 

2 METHODOLOGY 
The aim of our study is to prepare data from Twitter, Facebook, and a review site on the same topic in Arabic 
language for SA. We have chosen a hot topic on the recently shown movies in the theatres for the last festival in first 
of August 2014. The movies were:”الفیل الأزرق” means “The blue elephant”; “صنع فى مصر” means “Made in 
Egypt”; “الحرب العالمیة التالتة” means “The third world war”; and “ میري جوازة ” means “official marriage”. We have 
downloaded related tweets from twitter, comments from some movies’ Facebook pages, and users’ reviews from the 
review site elcinema.com.  
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Tweets were downloaded about the movies using the regular search of Twitter as many of the sites that retrieve 
tweets are closed like (http://searchhash.com/, http://topsy.com/). We have searched using the movies’ names and 
downloaded all the tweets that appear at the time of search. There were many unrelated tweets downloaded as some 
of the movies like “صنع فى مصر” and “الحرب العالمیة التالتة” can hold other meanings than the movies’ title. The 
retrieved tweets are tweets that contain the whole words or any word either in the text or with hashtag. 
 
The methodology we have used is very close to what was proposed in Ref.  [21]. But there are some discrepancies 
related to the nature of the Arabic language. We have also used the removing stopwords only as a text processing 
technique due to lack of sources especially for DA.  
 

A.  Corpora Preparation 
The data downloaded are prepared to be able to be fed to the classifier as shown in Fig. 1.  

 
Figure 1: Arabic Corpora Preparation from Reviews, Facebook, and Twitter 

 

The number of comments after removing the comments that contain URLs only or advertising links from Facebook 
was 1459. Removing comments expressed by photos only reduced them to 1415. Removing comments that contain 
mentions to friends with no other words reduced them to 1296. Then, after removing non-Arabic comments, they 
were reduced to 1261.  
 
The final number of tweets downloaded was 1787 tweets. After removing the tweets that contain URLs only or 
advertising links or some who put links to watch the movie only, they were reduced to 1069. Some were links to 
certain scenes or related videos on Youtube. After removing unrelated tweets as the search on twitter was just by the 
movies’ names which can imply other meanings, they were reduced to 862. Removing non-Arabic tweets reduced 
them to 781. 
 
The number of reviews downloaded from the review sites was 32. The reviews needed only two steps of preparation 
as shown in Fig. 1. 
 
After the preprocessing, cleaning and filtering of the data, they must be annotated to be fed to the supervised 
classifiers. The first Experiment shows the method of annotation and the number of positive and negative data. 

B. Text processing and Classification 
After annotation, we have applied removing stopwords text processing technique on the three corpora with different 
alternatives of stopwords list which are: 
 -A general MSA list: this list contains a combination of three published lists. The first one is a project that 
generated stopwords with all possible suffixes and prefixes. The other two were published in 
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(https://code.google.com/p/stop-words/source/browse/trunk/stop-words/stop-words/stop-words-arabic.txt) and 
(http://www.ranks.nl/stopwords/arabic) respectively. 
-A generated corpus-based list: this list is generated from the most frequent words from the corpora regardless of 
their nature. 
-A generated Egyptian-dialect list: this list is generated from the most frequent words in the corpora that can be a 
stopword in addition to the Egyptian dialect stopwords that appeared in the corpora. 
-A combination of the Egyptian dialect list and the MSA list. 
 
Text classification is applied on the three corpora using two feature selection techniques and two classifiers as 
shown in Fig. 2. We have used two well known supervised learning classifiers; Naïve Bayes (NB) in Ref. [22] and 
Decision tree (DT) in Ref. [23] in testing. There are many other kinds of supervised classifiers in the literature as in 
Ref. [24]. The two chosen classifiers represent two different families of classifiers. NB is one of the probabilistic 
classifiers which are the simplest and most commonly used classifier. DT on the other hand is a hierarchical 
decomposition of data space and doesn’t depend on calculating probability. The test used two different feature 
selection (FS) techniques. These are; unigrams which depend on word presence; and bigrams as in Ref. [2].  
 

 
Figure 2: Text Processing and Text classification of the prepared corpora 

3 STOPWORD LIST GENERATION 
Stopwords are common words that generally do not contribute to the meaning of a sentence, specifically for the 
purposes of information retrieval and natural language processing. The common English words that don’t affect the 
meaning of a sentence are like “a”, “the”, “of”…. Removing stopwords will reduce the corpus size without losing 
important information. In some corpora, specific words could not contribute to the meaning like the word “movie” 
in a movie reviews corpus but means something in news corpus. This word could be considered a stopword when 
analyzing the movie reviews corpus. 
 
The common strategy for determining a stopword list is to calculate the frequency of appearance of each word in the 
document collection then to take the most frequent words. The selected terms are often hand-filtered for their 
semantic content relative to the domain of the documents being indexed, and marked as a stopword list.  
 
The English stopword list is general and contains 127 words like (all, just, being…). In order to generate the 
stopword list for Arabic which is a very rich lexical language; we have done this through many steps. First, we 
should specify some general conditions for the word to be a stopword: 
-They give no meaning if they are used alone. 
-They appear frequently in the text. 
-They are general words and not used specifically in a certain field. 
 
The methodology of generating the stopword lists are shown in Fig. 3. The methodology consists of three phases as 
illustrated in the following subsections.  
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A. Calculating words frequency 

The three corpora are tokenized to words. This phase was done totally automatic using python code and the nltk 2.0 
toolkit. The results are not totally meaningful as the tokenization could consider the “comma” as a word if it is not 
correctly used. There is some manual filtering after tokenization.  
 
The reviews corpus give 3781 unique words, the Facebook corpus give 1451 unique words, and the Twitter corpus 
give 1160 unique words. This shows that despite the number of reviews are much less than the OSN corpora but 
they are lexically rich. After combining them together and removing the duplicates, the list of all words are 4818 
words. Then we have calculated the frequency of occurrence of each word from the list of all words in the three 
corpora combined together.  
 

B. The validity of words to be a stopword 

To generate the corpus based list, we have taken the most frequent 200 words. These words are not all general and 
they are domain specific like the words “المشاھد” or “الفیلم” which means (the spectator, the movie) respectively. 
This list contains words in MSA and Egyptian dialect as well. 
 

 

Figure 3: A methodology of generating the stopword lists 
 

Diacritics could change the meaning of a word i.e. the word “المشاھد” could mean (the spectator or the scenes). The 
difference could be told through the meaning of the sentence. The OSN users use simple language without diacritics. 
Since the word is in the context of the corpora, it is more likely to appear frequently expressing both meanings. The 
problem will occur if a word appeared as a frequent word but outside the context of the corpora. This case didn’t 
happen here. 
  
To generate a general list of Egyptian dialect stopwords, we have taken the most frequent 200 words and remove the 
semantically recognized words which are likely to be nouns and verbs. Then, to generate a general list of Egyptian 
dialect, we have added every word in the corpora in Egyptian dialect to the most frequent words that are 
semantically meaningless. To validate if the word is a stopword or not; if the word is a MSA word we check its 
existence in the MSA stopword lists. If it doesn’t exist, we check its corresponding meaning in the English stopword 
list. If the word is in Egyptian dialect, we see its correspondence in the MSA list and if doesn’t exist we check its 
correspondent meaning in the English stopword list. For example the word “بس”, its correspondence in MSA is 
 and it has a corresponding meaning in the English stopword list too which is “only”. On the contrary, the word ”فقط“
 but it has a correspondent meaning in the ”لابد“ has no correspondence in the MSA list which should be ”لازم“
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English list which is the word “should”. Therefore, it is considered a stopword. The final list of valid unique words 
contains 100 words. This phase was done in a semi automatic way that includes manual check. 
 

C.  Adding possible prefixes to the words 

Arabic is a very rich lexical language which has a large number of prefixes and suffixes that could be added to a 
word to change its meaning. For example the prefix “ال” which means “the” change the word from indefinite to 
definite. The suffix “ھم” gives the meaning of pronoun “them”. We have added some frequent used prefixes to the 
words generated in both lists which are (ال، و، ب، ف، ل). If necessary we give pronoun suffixes which are ( ، ى، نا

ھم، ھا، ه ). We have added these suffixes to possession words in Egyptian dialect like the word “بتاعى” which means 
(mine).  
 
There is also some letters are written in different forms so we write any word that contains these letters’ possible 
forms such as (ي، ي), (ه، ة), (ا، أ، إ). The last one is according to the word itself. The lists are manually revised for 
improper words or meaningless words. 
 
After adding the prefixes and suffixes, the final corpus-based list contains 1061 words and can be found in 
(http://goo.gl/JW0jKP). The final general Egyptian dialect list contains 620 words and can be found in 
(http://goo.gl/263J5L). 

4 EXPERIMENTAL SETUP AND RESULTS 
We used a HP pavilion desktop computer of model: p6714me-m. The processor is Intel(R) core (TM) i5-2300 CPU 
@ 2.80 GHZ; RAM is 4GB; and 64-bit operating system. We have calculated the training time using a build-in 
function written with python code which calculates the processing time in terms of seconds. These tests were all 
performed using the Natural Language Toolkit (nltk 2.0) which is implemented inside python 3.1 as in Ref. [25].  

A.  Data Annotation 
The reviews from the review site were previously rated from the site. They were given a degree from 1 to 10. The 
ratings bigger than 5 are considered positive and less than 5 are considered negative. The ratings equal to 5 are 
neutral. We have annotated the reviews according to the site rating. 
 
For the OSN data, we have manually annotated the corpora. The manual annotation was more reliable as the human 
analyzing of data is better than the machine so far. Table I shows the number of positive, negative and neutral 
reviews, comments, and tweets resulted from annotation. 
 

Table I 

NUMBER OF POSITIVE, NEGATIVE AND NEUTRAL REVIEWS, COMMENTS, AND TWEETS FROM REVIEW SITE, FACEBOOK AND TWITTER 

 Reviews Facebook Twitter 
No. of positive 25 369 160 
No. of negative 6 33 77 
No. of neutral 1 859 544 

 

B. Classifiers Preparation 
We trained Naive Bayes, and Decision Tree classifiers. The classifiers were conducted with the nltk 2.0 toolkit. 
There are some parameters passed in to the DT classifier can be tweaked to improve accuracy or decrease training 
time as in Ref. [25]. 
 
The parameters are: 
-Entropy cutoff: used during the tree refinement process. If the entropy of the probability distribution of label 
choices in the tree is greater than the entropy_cutoff, then the tree is refined further. But if the entropy is lower than 
the entropy_cutoff, then tree refinement is halted. Entropy is the uncertainty of the outcome. As entropy approaches 
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1.0, uncertainty increases and vice versa. Higher values of entropy_cutoff will decrease both accuracy and training 
time. It was set to ‘0.8’. 
-Depth cutoff: used during refinement to control the depth of the tree. The final decision tree will never be deeper 
than the depth_cutoff. Decreasing the depth_cutoff will decrease the training time and most likely decrease the 
accuracy as well. It was set to ‘5’. 
-Support cutoff: controls how many labeled feature sets are required to refine the tree. When the number of labeled 
feature sets is less than or equal to support_cutoff, refinement stops, at least for that section of the tree. 
Support_cutoff specifies the minimum number of instances that are required to make a decision about a feature. It 
was set to ‘30’. 

C.  Feature Selection  
There are two Features selection (FS) techniques used in the test: 
-Unigram: treats the documents as group of words (Bag of Words (BOWs)) which constructs a word presence 
feature set from all the words of an instance.  
-Bigram: is the same as unigram but finds pair of words. 

D.  Results 
We have made many experiments to test the effect of removing stopwords from different lists with the combination 
of two FS techniques and two classifiers with the three different corpora. We have made the tests on splitting 75% of 
the total number of the data in each corpus for training and 25% for testing data. 
 
The standard Accuracy was used to evaluate the performance for each test. The accuracy is defined as: the ratio of 
number of correctly classified reviews, comment, and tweets to the total number of data.  
 
Table II contains the results of the various tests we have made. The accuracy of the reviews is relatively high as the 
number of reviews is small and the data is highly unbalanced. The accuracy decreases when using corpus-based list 
on the lexically rich reviews and the general lists including Egyptian dialects give better results than the others. The 
timing is not changed a lot but in general it decreases when removing stopwords. The DT gives better results with 
Facebook data than NB as it is extremely unbalanced.  
 

Table II 

ACCURACY AND TRAINING TIME OF SENTIMENT ANALYSIS ON REVIEWS, FACEBOOK AND TWITTER CORPORA USING NB AND DT CLASSIFIERS 
WITH UNIGRAM AND BIGRAM AS FS AFTER REMOVING STOPWORDS FROM DIFFERENT LISTS 

Classifier Feature 
selection 

Removing 
Stopwords 

Accuracy Time (sec) 
Reviews Facebook Twitter Reviews Facebook Twitter 

Naïve 
Bayes 

Unigram 

Without  100% 48.04% 78.33% 0.050 0.018 0.015 
Other lists 100% 47.06% 68.33% 0.042 0.017 0.015 
Corpus-
based 44.44% 53.92% 68.33% 0.038 0.014 0.015 
General 100% 50% 68.33% 0.043 0.016 0.014 
All lists 100% 48.03% 70% 0.041 0.017 0.014 

Bigram 

Without  77.77% 40.20% 80% 0.117 0.060 0.052 
Other lists 88.88% 29.41% 68.33% 0.090 0.063 0.053 
Corpus-
based 22.22% 43.13% 65% 0.098 0.047 0.035 
General 88.88% 31.37% 63.33% 0.094 0.059 0.053 
All lists 100% 29.41% 65% 0.097 0.061 0.052 

Decision 
Tree 

Unigram 

Without  100% 90.20% 70% 0.217 0.620 0.589 
Other lists 100% 91.17% 68.33% 0.195 0.594 0.560 
Corpus-
based 77.77% 90.20% 70% 0.187 0.503 1.170 
General 100% 90.20% 68.33% 0.196 0.559 0.530 
All lists 100% 91.17% 68.33% 0.192 0.560 0.521 

Bigram Without  100% 90.20% 73.33% 0.510 1.849 2.471 
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Other lists 100% 90.20% 68.33% 0.436 1.920 1.737 
Corpus-
based 77.77% 90.20% 68.33% 0.414 1.561 3.011 
General 100% 90.20% 68.33% 0.416 1.787 0.530 
All lists 100% 90.20% 68.33% 0.410 1.795 1.647 

 
The following figures show the accuracy and logarithmic graphs of training time for each corpus. The logarithmic 
graphs are used to clarify the difference in timing.  
 

 
 

Figure 4: Classification accuracy of Reviews corpus 
 

 

Figure 5: Classification training time of Reviews corpus 
 

 
Figure 6: Classification accuracy of Facebook corpus 
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Figure 7: Classification training time of Facebook corpus 

 

 

Figure 8: Classification accuracy of Twitter corpus 
 

 

Figure 9: Classification training time of Twitter corpus 

5 DISCUSSION 

A.  Corpora Analysis 
The number of neutral reviews from the review site represents 3% of the whole data. This is not a big number. We 
believe that people who write whole reviews on reviews sites are mainly having a complete opinion about the movie 
and they want to show it. They don’t lean to be neutral. The number of positive reviews represents 78% of the whole 
data while the number of negative reviews represents 18% of the entire data. The data are obviously unbalanced 
since the movies were successful in this season, not many users’ reviews were negative. 
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The number of neutral comments on Facebook represents 68% of the whole data. These are not neutral opinions on 
the movie. People who write in OSN are not neutral at all. The neutral comments are mainly objective sentences that 
don’t contain any sentiments. Many comments were just debates between users. Some were expressing their 
personal feelings and some were using adjectives without specifying on whom or what. The number of positive 
comments represents 29% of the entire data and the number of negative comments represents 2% of the whole data 
which is an extremely small percentage. This is also an unbalanced data. We believe that people who access a movie 
page they do like it. 

The number of neutral tweets represents 69% of the whole data. These are not neutral opinions on the movie too. 
The neutral tweets are mainly objective sentences that don’t contain any sentiments. Many of the tweets were 
repetition of a dialogue from a movie without expressing any feelings. Others were tweets expressing the users’ 
personal feelings like feeling excited to see the movie. The number of positive comments represents 20% of the 
entire data and the number of negative comments represents 9% of the whole data which is a small percentage. We 
believe that people who mention the movie in their tweets; do like it.  

Using abbreviations and smiley faces in OSN are very frequent. There are some abbreviations were used also in 
Reviews. The meaning of these abbreviations and smiley faces were found from different sources on the web 
(Yahoo answers, Facebook emoticons sites) and translated to Arabic. For the Arabic abbreviations they were 
manually translated. Table III contains sample of Abbreviations and smiley faces found in the three corpora.  

Table III 

SAMPLE OF ABBREVIATIONS AND SMILEY FACES FOUND IN FACEBOOK, TWITTER, AND REVIEWS 

Abbreviations Facebook Twitter IMDB 
  Found Found ضحك  ھھھھ
:D  ابتسامة كبیرة Found Found Found 
3>  قلب  Found  
^_^  مبسوط Found Found  

 
 

B. Specializations of Arabic Language  
Words with the same meaning could be written in different correct ways like the words “ھنروح، حنروح”. They both 
give the future tense of the verb “نروح” which means “we will go”. As we can notice three words in English are just 
written in one word in Arabic and give the same meaning. The pronouns in English are expressed in Arabic by 
adding a prefix letter that modify the verb especially when it is used in the middle of the sentence like “اروح، نروح” 
which means (I go, we go) respectively. Some prepositions and causal words are expressed in Arabic with one letter 
like the words “انى، لانى” which means (I am, because I am) respectively. 

The many forms that the Arabic words could take are very common characteristics of MSA which make the dealing 
with the language is complicated. For DA, it is a tragedy. We have a special dialect for each Arab country and 
different dialects in the same country. For Egyptian dialect, there are many words that have no resemblance in MSA 
like the word “مفیش” which means (there is not). It has only a correspondent in MSA which is “لا یوجد” which are 
complete different words. In the OSN corpora some other dialects appear like the Moroccan word “بزاف” which 
means (too much) and the Syrian word “ملیح” which means (good). The number of other dialects in Facebook 
corpus represents 1% of the whole corpus which is very small percentage. The number of other dialects in Twitter 
corpus represents 0.5% of the whole corpus which is extremely small percentage. There were no other dialects in 
reviews corpus. They used a mix between MSA words and Egyptian dialect words as they are user reviews not 
formal reviews from critics. 
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The other phenomenon of Arab users is using the Franco-arab. This means that people use English letters for writing 
Arabic words like the word “de7k” which stands for “ضحك” which means (laugh). The number of Franco-arab 
comments in Facebook corpus represents 18% of the whole corpus which is not a big percentage. The number of 
Franco-arab tweets in Twitter corpus represents 3% of the whole corpus which is a small percentage. However, we 
have to unify the language used for the classifier to perform well. These are not even English words that have 
meanings so; they must be rewritten in Arabic letter. We have used the website (www.yamli.com). They give 
variations for each word that have to be chosen from. Sometimes the users don’t even write correct words in Franco-
arab. In this case the site translates the letters only which give funny Arabic words. This transformation was 
manually revised. 

 
C. Results Analysis 

 
Fig. 4 shows that removing stopwords from reviews didn’t change the accuracy when using general lists but 
decrease the accuracy when using the corpus-based list. It also shows that that unigrams are better FS than bigrams 
with NB. The training time decreases after removing stopwords and the training time of DT is higher than NB as 
shown in Fig. 5.  

Fig. 6 shows that the accuracy of DT is much bigger than NB because the data is extremely unbalanced. There is no 
significant difference between unigrams and bigrams in DT but unigrams is better than bigrams with NB. Using 
corpus-based list increase the accuracy than using the general lists with NB but the accuracies are almost the same 
with DT. The training time decreases after removing stopwords and the training time of DT is higher than NB as 
shown in Fig. 7.  

Fig. 8 shows that NB and DT give very close accuracies as the data is not very unbalanced.  Unigrams are better 
than bigrams in case of NB. Using different lists didn’t change the accuracy much but the general lists give good 
performance too. The training time decreases after removing stopwords and the training time of DT is higher than 
NB as shown in Fig. 9.  

In case of lexically rich corpus like the reviews, using the corpus-based list decrease the accuracy of classification 
which is similar to what Ref. [9] has found. But in case of OSN where they were not lexically rich the three lists 
wasn’t varying the accuracies much but still the general lists containing Egyptian dialect stopwords give better 
results than using MSA stopwords only. The difference in performance between Facebook and Twitter data is due to 
the degree of imbalance. The nature of the data is the same but Facebook corpus is much more unbalanced than 
Twitter corpus. 

Decision Tree is a hierarchical decomposition of data space and doesn’t depend on calculating probability but Naïve 
Bayes depends on calculating probability for the whole data. Although NB usually gives higher accuracy than DT, 
but this was not the case when testing these corpora. This is due to the unbalance of the data as the positive class in 
these cases where much bigger than the negative class. NB calculates the probability on the whole data but DT is 
more specifically build hierarchy decomposition of data. That is why DT is better for unbalance data as it is more 
specific than NB. But still DT has longer processing time than NB because it builds the hierarchical decomposition 
on the whole data but the difference in time is not big as the data size was not so big. In NB tests, the accuracy is 
better when using unigram which is similar to what Ref. [2] has found. In DT tests, unigram and bigrams give nearly 
similar results. 

6. CONCLUSION AND FUTURE WORK 

In this paper, we have proposed a methodology for generating a stopword list from online social network (OSN) 
corpora. The methodology consists of three phases: calculating the words’ frequency of occurrence, check the 
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validity of a word to be a stopword, and adding possible prefixes and suffixes to the words generated. We have 
generated a stopword list of Egyptian dialect and a corpus-based list to be used with the OSN corpora. We compared 
them with other lists. The lists used in the comparison were: previously generated lists of MSA, the corpus-based 
generated list, the general generated list of Egyptian dialect, and a combination of the Egyptian dialect list with the 
MSA list. 

We have also proposed a methodology to prepare corpora in Arabic language from OSN and review site for 
Sentiment Analysis (SA) task. It includes the translation of English words that appear in text and the transformation 
of Franco-arab to Arabic words. The text classification was performed using Naïve Bayes and Decision Tree 
classifiers and two feature selection approaches, unigram and bigram.  

We have selected the movie reviews topic to download data about movies from three different sources (Review site, 
Facebook, and Twitter). The data are extremely unbalanced as the movies were successful and most of the OSN 
users like it and the reviewers as well. The data contain many spams like advertising URLs, debates, and using of 
abbreviations and smiley faces. It needed many preprocessing and cleaning steps to be prepared for classification.  

Applying removing stopwords with multiple lists show that the corpus-based list negatively affects the accuracy of 
classification incase of reviews. Reviews are more lexically rich than OSN corpora. It also shows that the general 
lists containing the Egyptian dialects words give better performance than using lists of MSA stopwords only. The 
results of Decision tree classifier are better than Naïve Bayes classifier for these kinds of corpora. Using unigrams 
give better results than bigrams.  

In the future we plan to try more text processing techniques on Arabic OSN data like POS tagging and try to fulfill 
the gap of using the Arabic dialect in the OSN data as all resources are designed for MSA. We could tackle other 
dialects other than Egyptian. 
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 جتماعيإعداد المكانز و إنشاء قائمة الكلمات الھامشیة لبیانات باللغة العربیة في شبكات التواصل الا
 ھدى قرشي**احمد حسن یوسف، **ولاء مدحت، *

 قسم الالكترونیات، المعھد الكندي العالي لتكنولوجیا الھندسة و الإدارة*  
 قسم الحاسبات و النظم، كلیة الھندسة، جامعة عین شمس ** 

 

. الاجتماعي ومواقع المشاركات واستخدامھا في عملیة تحلیل المشاعرالتواصل  من مواقع شبكاتتقترح ھذه الورقة منھجیة لإعداد المكانز باللغة العربیة 
تھدف ھذه الورقة لتدارس تأثیر إزالة الكلمات الھامشیة على عملیة . كما تقترح ھذه الورقة أیضا منھجیة لإنشاء قائمة للكلمات الھامشیة من المكانز المعدة

ھامشیة المعدة مسبقا كانت على اللغة العربیة الفصحى و ھي لیست اللغة المعتادة المستخدمة في تكمن المشكلة في أن قوائم الكلمات ال. تحلیل المشاعر
لقد قمنا بإنشاء قائمة الكلمات الھامشیة باللھجة المصریة و أخرى معتمدة على المكنز لاستخدامھا مع مكانز شبكات . شبكات التواصل الاجتماعي

ءة تصنیف النص عند استخدام القوائم المعدة مسبقا على اللغة العربیة و بعد إدماج القائمة باللھجة المصریة مع و قمنا بمقارنة كفا. التواصل الاجتماعي
باستخدام أسلوب تصنیف بایز الساذج وشجرة القرارات كما یتم استخدام كلمة واحدة أو كلمتین طبق تصنیف النص . القائمة باللغة العربیة الفصحى

بینت التجارب أن قوائم الكلمات الھامشیة التي تحتوى على اللھجة المصریة تعطى أداء أفضل من استخدام قوائم . زات الجملةكأسلوب للتعرف على ممی
 . باللغة العربیة الفصحى فقط
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 معجم تكراري للغة العربیة المعاصرة

 "معالجة لغویة حاسوبیة"

 محمد مجدي لبيب حامد            

 قسم علم اللغة والدراسات السامیة والشرقیة بكلیة دار العلوم

Medo_002@yahoo.com 

 

 ملخص

إلى وضع نموذج للمعجم التكراري للغة العربیة المعاصرة یكون نـواةً لمعجـم یخـدم أربـابَ العربیـة مـن  البحثُ یهدف

أبنائها والواردین علیها، عن طریق الاعتماد علـى معلومـات التكـرار التـي تسـاعد فـي ترتیـب مداخلـه ومـواده حسـب عـدد 

ن معلـم ومـتعلم الإلمـامَ بأشـهر كلمـات اللغـة التـي تمثـل تكرارها وشیوعها في المادة المقدمة، مما یتیح لمستخدم اللغة مـ

 .ثلثي اللغة في وقت بسیط وبسرعة

ویتخذ البحثُ من لسانیات المدونة وسیلةً للوصل إلى المنـتج النهـائي المتمثـل فـي المعجـم المنشـود، عـن طریـق 

غویة تتیح التعامل آلی�ا مـع المـادة جمع عینة عشوائیة تمثل المستوى اللغوي المدروس وتنسیقها وتهیئتها داخل مدونة ل

 .  المجموعة بالحذف والتعدیل والإضافة؛ مما ییسّر آلیات البحث ویعین على إنجازه بصورة دقیقة

كما یساهم علمُ الإحصاء في التأكید على مدى دقة مخرجـات المعجـم وأدوات التحلیـل عـن طریـق إجـراء معـادلات 

 .ار مداخل المعجم، وترتیبها من الأكثر إلى الأقل شیوعًاالإحصاء للمخرجات وحساب عدد مرات تكر 

كل ذلك في سـبیل الإسـهام فـي العملیـة التعلیمیـة بمعجـم یحـاول تسـهیلها وإفـادة طرفیهـا المعلـم والمـتعلم بصـورة 

 .سهلة وفي وقت یسیر

 

 الكلمات المفتاحیة

المدونـة اللغویـة  – Educational Dictionaryمعجـم تعلیمـي  - Frequency  Dictionaryالمعجـم التكـراري 
linguistic corpus –  الصناعة المعجمیةLexicography 
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Abstract: 

The research aims to develop a model of a frequency dictionary for Arabic language 
contemporary to be the nucleus of a lexicon serve native- speakers of Arabic and contained 
them, counting on frequency information, that helps arranging entrances lexicon and his  
headwords depending on the number of frequency and commonness in the material presented, 
by allow to language teacher and learner at knowledge the most popular words of the 
language, which represents two-thirds of the language quickly and simply. 

the research use the corpus linguistics as mean to reaching to the final product 
represented in the lexicon desired, by collecting a random sample representing the linguistic 
level studied, coordination and configured within the language corpus allows to deal 
automatically with material which collected by deletion, modification and addition ; thus 
support the search mechanisms and accomplishing it accurately. 

Statistics also contributes in the Confirmation on a accuracy of the outputs of the 
lexicon and analysis tools by conducting statistical equations and calculating the number of 
frequency of dictionary entries, arranged from most to least common. 

All this in aims to contribute to the educational process by using a lexicon facilitating and 
helping both teacher and the learner quickly as well as easily. 

 

 مُقدِّمة: أولا

هـذا البحـث مسـتخلص مـن أطروحـة معــدة لنیـل درجـة الماجسـتیر بقسـم علــم اللغـة والدراسـات السـامیة والشـرقیة بكلیــة 

، تحــت "دراســة لغویــة حاســوبیة.. معجــم تكــراري للغــة العربیــة المعاصــرة"جامعــة القــاهرة، تحمــل نفــس العنــوان  -دار العلــوم 

 .  یدالمعتز باالله السع.إبراهیم الدسوقي، ود/ د.إشراف أ

ـــر عـــالمُ الـــنفس الأمریكـــي إدوارد  شــغلَ مضـــمارُ تعلـــیم اللغـــات فِكْـــرَ اللغــویین والتربـــویین حتـــى علمـــاء الـــنفس، فقــد فكَّ

فــي وســیلة تعلیمیَّــة ناجعــة تســاعد المعلِّمــین والمتعلمــین فــي تعلُّــم اللغــة ) Edward Thorndike )1874-1949ثورنــدیك 

 Teacher’s"مـــة مفـــردات للغـــة الإنجلیزیـــة بعنـــوان قائمـــة المفـــردات للمعلمـــین الإنجلیزیـــة بســـهولة ویســـر، فقـــام بوضـــع قائ

Wordbook " جمعَ فیها أشهرَ مفردات اللغة الإنجلیزیة معتمدًا في جمع مادتـه علـى مدونـة لغویـة مكونـة مـن 1921عام ،

، وقامـا بـإخراج Irving Lorgeمصـدرًا مختلفًـا للغـة الإنجلیزیـة، ثـم عمـل علـى تطـویر قائمتـه تلـك بمسـاعدة إرفـنج لـورج  41

، وقـد احتـوت مدونـة المعجـم علـى ثمـاني 1944عام  The Teacher’s Wordbook of 30000 wordsالكتاب بعنوان 

ومنذ ذلك الوقت أخذت فكرةُ صناعة المعاجم التعلیمیة طریقهـا إلـى اهتمـام اللغـویین والعـاملین فـي مجـال . عشرة ملیون كلمة

 . التربیة

ولةُ ثورندیك نواةَ أعمال كثیرة انتهجت نفسَ الطریق، تهدف إلى المساهمة في تیسـیر العملیـة التعلیمیـة وقد كانت محا

 .على المعلمین والمتعلمین، خاصة المتعلمین المبتدئین
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 المعجمُ التكراريُّ  .1

ابُ والفصـولُ نـوعٌ مـن المعـاجم اللفظیـة المتخصصـة، تُرَتَّـب فیـه الأبـو  Frequency  Dictionaryالمعجـم التكـراري

المعجمیــة بحســـب شـــیوعها، متدرجـــةً مـــن الأكثـــر شـــیوعًا إلـــى الأقــل شـــیوعًا، ویعتمـــد المعجـــمُ فـــي تحدیـــد نســـبة شـــیوع المـــواد 

 ].1[تعكس واقعَ اللغة، وتمثل المستوى اللغوي الذي یُعنَى به المعجم linguistic corpus المعجمیة على مدونة لغویة

ى حصر ألفـاظ اللغـة بمـا یمثـل الواقـعَ الحقیقـي للغـة، وترتیـبِ تلـك الألفـاظ حسـب نسـبة تقوم فكرةُ المعجم التكراري عل

تكرارهـا وترددهــا، فــي مجموعــاتٍ تــدرَّج فــي الأهمیــة؛ حیــث تضـم المجموعــةُ الأولــى الألفــاظَ الأكثــر شــیوعًا وانتشــارًا، ثــم تــأتي 

الأقـل فالأقـل، إلـى أن نصـل إلـى المجموعـة الأخیـرة التـي  المجوعةُ الثانیة التي تضم الألفاظَ والكلمات الأقل فـي الشـیوع، ثـم

ــدًا علــى عــدد تكرارهــا وترددهــا فــي  تضــمُّ الألفــاظَ النــادرَ شــیوعُها واســتخدامُها؛ فكــان مقیــاسُ ورود الكلمــات فــي المعجــم معتمِ

كـــم عـــدد : ســـؤالتـــم تحدیـــد مقیـــاس لـــورود الكلمـــات عـــن طریـــق عـــدد معطـــى لتكرارهـــا، ویُجِیـــب هـــذا الكـــم عـــن ال" الاســـتخدام

كیــف تســتعملها علــى نحــو واســع؟ ویجیــب عــدد ورودهــا  -بصــیغة أخــرى- المصــادر المختلفــة التــي تســتعمل هــذه الكلمــة؟ أو

 . ]2["على كم مرة استعملت الكلمة؟

فمادةُ المعجم تُجْمَعُ مـن مصـادر مختلفـة ومجـالات متعـددة فـي اللغـة؛ لكـي تغطـي جمیـعَ اسـتخدامات الكلمـة الواحـدة 

واحتمالات وقوعها وتكرارها في اللغة بما یعكس واقعَ اللغة، ثم تُصنَّف تلك الكلمات حسب عدد مرات تكرارها الـذي یعـد حـدَّ 

ـــم الكلمـــات المجموعــة علـــى مجموعـــات تحتـــوي  ائتمــان یُعْتَمـــد علیـــه فــي تصـــنیف الكلمـــات مــن حیـــث تكرارهـــا، ومـــن ثــمّ تقُسَّ

. انتشارًا في اللغة والأكثر أهمیة للطالب المتعلم، ثم مجموعـة الكلمـات الأقـل فالأقـل المجموعةُ الأولى على المفردات الأكثر

وهـــي تلـــك Frequency informationوالمحـــكُّ المعتمَـــدُ لتصـــنیف الكلمـــات داخـــل المجموعـــات هـــو معلومـــاتُ التكـــرار

، أو الجـذر اللغـوي )فـي اللغـات اللصـقیة( المعلوماتُ الإحصائیةُ التي یمكن من خلالها معرفـةُ النسـبة التقریبیـة لشـیوع الكلمـة

؛ والغــرضُ مــن هــذه المعلومــات تعلیمــيٌّ صــرف، إذ إن معرفــةَ نســبة شــیوعالكلمة أو الجــذر اللغــوي )اللغــات الاشــتقاقیة( فــي

ســیوفر علــى مــتعلم اللغــة الكثیــر مــن الوقــت والجهــد، إذ ســیتجه أولا إلــى معرفــة أكثــر الجــذور اللغویــة شــیوعا، فــالتي تلیهــا، 

 .]3[وهكذا

وتلعبُ معلوماتُ التكرار دورًا محوری�ا في تعلُّمِ اللغة؛ إذ إنها المحكُّ الذي یَعتمدُ علیه المعجمُ التعلیميُّ في نظم مادتـه 

ـه اهتمامَـه إلـى أشـهر  وتوجیه المتعلم ومستخدم المعجم إلى أكثر كلمات اللغة المدروسة استخدامًا ودورانًا في اللغة، ممـا یوجِّ

اللغـة، وهـو مـا یـوفر علیـه الجهـد والوقـت فـي تعلُّـم ألفـاظ ومفـردات قـد تكـون أُهملـت، أو یكـون اسـتخدامُها قلـیلا بمـا لا  ألفاظ

بید أنها لیست مصدر المعلومات الوحید الذي یـتم بنـاءً علیـه توجیـه المتعلمـین، بـل إنهـا  .یستدعي ورودها في الكلام الیومي

، )تقنیة المعلومات(، ندوة القرآن الكریم والتقنیات المعاصرة )"المنهج والنموذج(المعجم التكراري لألفاظ القرآن الكریم : "المعتز باالله) السعید(1

 .1ص 2009مجمع الملك فهد لطباعة المصحف الشریف، المدینة المنورة،  المملكة العربیة السعودیة،

2EDWARD L. THORNDIKE "The Teacher's Word Book" NEW YORK, 1921, TEACHER'S COLLEGE, 
COLUMBIA UNIVERSITY.piii. 

، أطروحة لنیل درجة الماجستیر بكلیة دار العلوم، "معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"المعتز باللہ ) السعید(3
 .3، ص2008القاھرة، 
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، ویــتم ]4[ن، كمــا أنهــا تعطــي فائــدة ســریعة؛ لــذلك فهــي تمثــل وســیلةً مهمــةً لتعلــیم الكلمــاتتُعَــدّ نقطــة انطلاقــة جیــدة للمتعلمــی

استخلاصُها بصورة منهجیة عن طریـق المعالجـة الحاسـوبیة والإحصـائیة لنصـوص المدونـة المسـتخدمة فـي صـناعة المعجـم 

 ]. 5[المنشود

 

 أهمیة المعاجم التكراریة .2

مرتِّبًا إیاها حسب الأكثر انتشارًا واستخدامًا، وعلى هذا تَكْمُن أهمیةُ المعجم في أنه یضم المعجم التكراري ألفاظ اللغة 

مرجعٌ للمعلمین والمتعلمین رافدٌ لاستخدامهم للكلمات وتوظیف ألفاظ اللغة ومعالجتها تربوی�ـا، فتمثلـت أهمیـةُ المعجـم التكـراري 

 :في

الشـائعة والمهمـة؛ الأمـر الـذي یـوفر الوقـت مساعدة المعلمین والمتعلمین في معرفة الكلمـات  )1

من اللغة الأم، فیهتم المتعلمُ بمعرفة تلك الكلمات، ومن ثمَّ یأتي % 70 والجهد، فقد تُمَثِّل أهمُّ كلمات اللغة

على أیة حال، تبقى هذه القائمة أفضل من غیرها الموجود حتى الآن، وستساعد " الجزءُ المتبقي بالممارسة

 ].6"[معرفة الكلمات الشائعة والمهمة كل الأساتذة في

یساعد المعلمَ في تقریر المعالجة التربویة للكلمة بتزویده بمدى أهمیة تلك الكلمة فـي مجالهـا  )2

المعلمَ في التقریر السریع للمعالجة الملائمة بالإخبار مباشرة  -كتاب الكلمة– یساعد هذا الكتاب" المعرفي،

 ].7"[بمدى أهمیة أي كلمة

لمعلمین المبتدئین في مجال تعلیم اللغات على الإلمام بـأهم الكلمـات وأكثرهـا انتشـارًا یساعد ا )3

في اللغة، وهو ما یجعلهـم علـى مسـتوى المعلـم الـذي اكتسـب تلـك الخبـرة مـن سـنوات التعامـل مـع الطـلاب 

ـــ" والكتــب، همیــة الكلمــات هــي تزویــد المعلــم الأقــل خبــرة بمعرفــة أ) كتــاب الكلمــة( الأهمیــة العملیــة الثانیــة ل

وصــعوبتها علـــى حــد ســـواء بمــا یضـــاهي الخبــرة التـــي اكتســبها المعلـــم الخبیــر أثنـــاء ســنوات التجریـــب مـــع 

 ].8"[الطلاب والكتب

علـى اختیــار ) لأبنائهـا أو لغیــر النـاطقین بهــا(كمـا یسـاعد العــاملین فـي حقــل تـدریس العربیــة  )4

 .  الكلمات المناسبة في إعداد المواد التعلیمیة

 .لى الكلمات في صورتها الأولیة مع توضیح كیفیة الاشتقاق منها بالطرق المختلفةیحتوي ع )5

4A Frequency Dictionary of Arabic: Core Vocabulary for Learners ،Op.cit  . p(vii). Adapted 

 . 13، ص"مرجع سابق"معالجة لغویة حاسوبیة : نحو معجم تعلیمي للغة العربیة لغیر الناطقین بغیرھاانظر، 5

6"The Teacher's Word Book", p(iv).Op.cit. 

7"The Teacher's Word Book".P(iv) Op.cit. 

8"The Teacher's Word Book".P(iv) Op.cit. 
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حیـث إن الكتـب المدرسـیة تعمـل علـى تطـویر المفـردات " المناهج الدراسـیة"یساعد في وضع  )6

ا فـي اللغـة، ممـا یجعـل الطـلاب یشـتتون المقدمة للطلاب إلا أنها لا تنص علـى أیهـا الأكثـر انتشـارًا ودورانًـ

 ]. 9[هم بین الكتاب المدرسي والبحث في المعجمأوقات

المعاجم التكراریة أداة مساعدة ومهمة لكل من معلمي اللغة العربیة ومطوري المناهج؛ حیـث  )7

تساعد المعلم في معالجة قصور حصیلة الطلاب اللغویة عن طریق إیجاد رؤیة منهجیة لتحدید قائمـة مـن 

 ].10[داتهم واستخدامها بطریقة أكثر فاعلیةالكلمات التي تساعدهم في معالجة نقص مفر 

 

 المعاجمُ التكراریة في اللغة العربیة .3

لــم تحــظَ اللغــةُ العربیــة بمحــاولات منهجیــة لوضــع معجــم تكــراري، فقــد كانــت أغلــب تلــك المحــاولات عبــارة عــن وضــع 

قـوائمٌ : وهـي "Common Words Listsقـوائمُ الشـیوع "قائمـة لأكثـر الكلمـات شـیوعًا فـي اللغـة المدروسـة وهـو مـا عُـرف بــ 

تَضُمُّ أكثرَ الألفاظ شیوعًا في لغة ما، ومن ثمَّ ترتیبُ تلك الألفـاظ المجموعـة علـى إحـدى طُـرُقٍ ثـلاث، إمـا ترتیـبٌ ألفبـائيٌّ أو 

 .  لَفْظَهُ الترتیبُ حسب الأكثر ورودًا في الاستخدام اللغوي للألفاظ، أو الطریقةُ المعجمیةُ التي تَعْتَمِدُ شكلَ الحرفِ لا

قائمــة الكلمــات الأساســیة للغــة الصــحافة "وقــد بــدأ المستشــرقون العمــل علیهــا فكانــت البدایــة بقائمــة بریــل الموســومة بـــ

قـاموس " أو" قائمـة بریـل"التـي عرفـت بــ" The Basic Word List of the Arabic Daily Newspaperالعربیـة الیومیـة 

عرب كما في قائمةُ الدكتور داود عطیة عبده التي ضمت ثلاثـة آلاف كلمـة ونیـف مـن ثم التربویون ال]  11"[الصحافة العربیة

 -قائمـــة مـــن وضـــع الـــدكتور داود عبـــده لـــم تنشـــر–المفـــردات الأكثـــر شـــیوعًا الـــواردة فـــي قـــوائم عاقـــل ولانـــداو وبریـــل وعبـــده 

متفرقـة كالتـاریخ والاقتصـاد والتربیـة  وموضـوعات أخـرى -نثـرًا وشـعرًا– والمجموعة من المواد الصحفیة وكتب القـراءة والأدب

 . ]12[والاجتماع

وقد انبثقت فكرةُ المعاجم التكراریة عن قوائم الشیوع حیث إن كلیهما یهدف إلى حصر كلمات اللغة محتكمین إلـى مـا 

خرجـــات إلا أن الفـــارق بینهمـــا كبیـــر فـــي نقطـــة الانطـــلاق، الهـــدف منهـــا، الآلیـــة المســـتخدمة، الم" معلومـــات التكـــرار" سُـــمي

 .المنتجة، الأهمیة اللغویة، ومجالات الاستخدام

9Buckwalter , T. & Parkinson, D. (2011). A Frequency Dictionary of Arabic: Core Vocabulary for 
Learners. Routledgep(series preface-vii). Adapted. 

10Look, A Frequency Dictionary of Arabic: Core Vocabulary for Learners, Op.cit. p1, Adapted. 

 . 1940، القدس، الجامعة العبریة "قاموس الصحافة العربیة"موسى بریل 11

 .م1979" دراسة في قوائم المفردات الشائعة في اللغة العربیة: المفردات الشائعة في اللغة العربیة: "داود عطیة) عبده: (نقلا عن

 .بتصرف). ز،ح(مرجع سابق، ص" شائعة في اللغة العربیةدراسة في قوائم المفردات ال: المفردات الشائعة في اللغة العربیة"12

90

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



وقد توافرت ثلاث دراسات قائمة على دراسة معلومات التكـرار فـي اللغـة العربیـة، وهـي لا تنتمـي إلـى المعـاجم، سـوى 

 :لإنجلیزیةالمحاولة الثالثة وهي النواة الأولى لوضع المعجم التكراري محل الدراسة، إلى جانب دراستان قائمتان باللغة ا

 بعنوان  the University of Birminghamأطروحة دكتوراه بجامعة برمنجهام  .1

"MODERN MEDIA ARABIC: A STUDY OF WORD FREQUENCY IN WORLD AFFAIRS AND 
SPORTS SECTIONS IN ARABIC NEWSPAPERS" 

 ZAINUR RIJAL ABDUL RAZAKللباحث 

" معلومات التكـرار"وینتهج فیها تحلیل " الشئون العالمیة والریاضة"داني وفیها تناول لغةَ الصحافة العربیة في می

 .لمادة المدونة المجموعة

 A Frequencyالمعجــم التكــراري للغــة العربیــة "الموســوم بـــ Tim Buckwalterمعجــم تــیم بكــوالتر  .2

Dictionary of Arabic" وقد ساهم في صناعته أیضًا دیلوورث باركنسون ،Dilworth Parkinson. 

 Modern Standard Arabicوهو یحـوي خمسـة آلاف كلمـة مسـتخدمة فـي اللغـة العربیـة الفصـحى الحدیثـة

(MSA) مرتبــة باعتبــار درجــة شــیوعها، الأمــر الــذي یُخرجُــهُ عــن دائــرة المعجمــات لیصــبح ممــاثلا لقــوائم الشــیوع فــي ،

مع�اییر الص�ناعة مناهجها، لولا أن هذا المعجم یهتم بإیراد الأمثلة والشواهد على استخدام الكلمات؛ حیث إنه لم یعتمـد 
ا وإنما اعتمد معی�ار الش�یوع لترتی�ب ھ�ذه المعجمیة في ترتیب مداخلھ فھو لم یرتب وحداتھ جذریًّ  ا أو ألفبائیَّ ا أو جذعیًّ

 .الوحدات

، )"المــنهج والنمــوذج(المعجــم التكــراري لألفــاظ القــرآن الكــریم "بحــث للباحــث المعتــز بــاالله الســعید بعنــوان  .3

 .م2009المنشور في ندوة القرآن الكریم والتقنیات المعاصرة بالمملكة العربیة السعودیة عام 

 .تقوم الدراسة فیه على إحصاء معلومات التكرار لألفاظ القرآن الكریمو 

 

 المدونات اللغویة .4

في برامجها وأصبحت مادة مهمة تدرس في أقسـام اللسـانیات (Corpus Linguistics)لقد تطورت لسانیات المدونات

منطوقـة أو (خمةٌ من النصـوص اللغویـة مجموعةٌ ض"في عدد من الجامعات الغربیة والعربیة، ویمكن تعریفُ المدونات بأنها 

 ].13["مودعةٌ في مخازن حاسوبیة) مكتوبة

في الواقع والتمثیل الحقیقي للغة، والشمول من حیث المصادر والتنوعات والاستعمالات اللغویة  أهمیة المدونةوتكمن 

كما تتمیز بإمكانیة .. د إعداد المدونةوالأسالیب والأجناس الأدبیة والتخصصات العلمیة والتقنیة، وذلك بشرط مراعاة ذلك عن

إخضــاعها للتحلیــل الإحصــائي مــن جوانــب مختلفــة ولأغــراض متباینــة، والتعــرف علــى شــیوع الكلمــة وشــیوع معانیهــا المختلفــة 

 .جمعان عبدالكریم.تطبیقات استعمال لسانیات المدونات في إصدار معجم تأریخي للغة العربیة، د13
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ونسبة شیوع الكلمة مقارنة بمجموع الكلمات في المدونة، إضافة إلى شیوعها مـن عدمـه فـي أنـواع النصـوص المختلفـة، وهـو 

هـذا فضـلا عـن إمكانیـة . فـي اسـتخلاص المصـطلحات الشـائعة فـي كـل تخصـص مـن التخصصـات العلمیـة والتقنیـة ما یفیـد

التعرف على شیوع الأوزان والصیغ الصرفیة المختلفة، وإمكانیة إجراء أنواع من التحلیل النحوي والتركیبـي، مـع تـوافر بعـض 

بوصــف الحــروف تمثــیلا للأصــوات العربیــة مــن حیــث شــیوعها ( الصــوتيوأخیــرًا إمكانیــة إجــراء التحلیــل . المتطلبــات اللازمــة

 ].14[)ومواقعها في الألفاظ إلى غیر ذلك

. وتعتبر المدونات اللغویة كنزًا لغوی�ا مهم�ا، إذ إنها قادرة علـى المسـاهمة فـي حـل أغلـب المشـكلات اللغویـة المعاصـرة

وقـد صـارت مـدونات اللغـة . ]15[ كالمعاجم اللغویة، وتعلـیم اللغـات وقد استفاد منها الباحثون في عمل العدید من التطبیقات

ـا ضـمن المعالجـة الحاسـوبیة للغـة العربیـة، فوَضْـعُ معـاجم آلیـة حدیثـة أو ورقیـة یسـتوجب  العربیة المعاصرة تشغل موقعًا مهم�

ـــم ـــة تجـــاوز ثغـــرات المعـــاجم التقلیدیـــة، ومـــن ث حـــل نـــاجح للكثیـــر مـــن  إیجـــاد الأخـــذ بعـــین الاعتبـــار خصـــائص الكلمـــات بغی

اللغویـة التـي تواجــه المعالجـة الحاسـوبیة للغـات الطبیعیــة، مـن قبیـل اللـبس الــدلالي للمفـردات والعبـارات والنصــوص،  القضـایا

 .والترجمة الآلیة، وبنوك المعطیات وغیرها من التطبیقات الآلیة

 Samuel Johnsonموئیل جونســون أمــا فیمــا یخــص الصــناعة المعجمیــة فقــد كانــت البدایــة للأدیــب الإنجلیــزي صــ

معجـــم اللغـــة "؛ حیـــث أنجـــز Lexicographyفـــي اســـتخدام المـــدونات اللغویـــة فـــي الصـــناعة المعجمیـــة ) 1707-1784(

م، وقـد احتـوى علـى أكثـر مـن أربعـین 1755، الـذي نُشِـرَ عـام "A Dictionary of the English languageالإنجلیزیـة 

 miltunوملتـون Shakespeareمدونة لغویة، جُمعـتمن الأعمـال الأدبیـة لشكسـبیر  ألف مدخل معجمي معتمدًا على) 40(

 ]. 16[وغیرهم من أعلام الأدب الإنجلیزي في ذلك الوقت Drydenودریدن 

وبعد محاولة صموئیل شـقت آلیـةُ المـدونات اللغویـة طریقهـا إلـى صـناعة المعـاجم خاصـة التعلیمیـة منهـا، وذلـك لدقـة 

ع اللغـة المدروسـة، إلـى جانـب تطورهـا ودخولهـا طـور الحوسـبة ممـا أدى إلـى سـهولة التعامـل معهـا جمعًـا التمثیل اللغوي لواق

 .وتحلیلا ونشرًا

فـي  Thorndikeعنـدما وضـع ثورنـدیك " تعلیم اللغات"كما عرفت المدوناتُ اللغویة طریقها إلى التوظیف في مجال 

 .مصدرًا مختلفًا 81 معتمدًا على مدونة لغویة قام بجمعها من، teacher's word bookبدایة القرن العشرین قائمته 

وبدایــة بقائمــة ثورنــدیك بــدأ اللغویــون وكــذا التربویــون اســتخدام المــدونات اللغویــة فــي وضــع المعجمــات التعلیمیــة، كمــا 

 .]Educational Linguistics]17ساهمت بصورة مباشرة في تطویر مناهج علم اللغة التربوي 

الجانب اللغوي للمعجم الحاسوبي للغة العربیة، ضمن البحوث المقدمة في اجتماع : إبراهیم الخراشي.محمود إسماعیل صالح ود.د14

  .2براء المعجم الحاسوبي التفاعلي، صخ

15       Martin Thomas, “Electronic Text”, Electronic Text Notes - tx.xml,2002 

 .، بتصرف4ص" تحت النشر-مدخل إلى علم اللغة الحاسوبي:من كتاب " المدونات اللغویة" المعتز باالله) السعید(16

 .، بتصرف5ص" تحت النشر-مدخل إلى علم اللغة الحاسوبي:من كتاب " المدونات اللغویة" المعتز باالله) السعید(17
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 ونات اللغویة في المعاجم العربیةاستخدام المد .5

 وهــي اللغــةُ الرســمیةُ لِمَــا یزیــد عــنرغـم أن اللغــة العربیــة ثــاني أشــهر اللغــات المســتخدمة حــول العـالم بعــد الإنجلیزیــة، 

إلا أنها لم تجد طریقها إلى الحوسبة اللغویـة والمـدونات اللغویـة إلا بدایـة القـرن العشـرین،  .]18[ملیون نسمة 422.039.637

ــا عــن التعامــل مــع النظــام ور  بمــا یعــود هــذا التــأخر إلــى صــعوبة معالجــة العربیــة حاســوبی�ا نظــرًا لقصــور البــرامج المتاحــة حالی�

الصرفي والاشتقاقي والتركیبي للغة العربیة، إذ إن اللغة العربیة ونظامَها المعجمي یفرض منهجًا معینًا، یختلـف عـن معالجـة 

یـــة، علــى صــناع المعـــاجم بســبب طبیعتهــا الاشــتقاقیة التـــي تتــیح لهــا إنتـــاج عــدد كبیــر مـــن بــاقي اللغــات اللصــقیة كالإنجلیز 

 ).ك ت ب(إلخ من الجذر .. الكلمات من جذر واحد مثل اشتقاق كاتب ومكتوب ومكتب ومكتبة وكتاب ومكاتبة

وقد عرفت العربیةُ طریقها إلى توظیف المدونات اللغویة في خدمة مضمار الدرس اللغوي في مطلع القرن العشـرین، 

بـین NIJMEGEN Corpusوكانت تلك المحاولات عبارة عن مشروعات بحثیة وأطروحات علمیة معدودة، كمدونـة نـایمیخن 

م، إلى جانب الأطروحات 1977عام " Corpus Linguae Arabicae"CLARA، والمدونة العربیة )1996-1990(عامي 

م، 2004للباحثـة القطریـة لطیفـة السـلیطي عـام Corpus of Contemporary Arabicالعلمیـة كمدونـة العربیـة المعاصـرة 

 ].19[م2010للباحث المعتز باالله السعید، عام " مدونة معجم تاریخي للغة العربیة"وصولا إلى 

 

 إشكالات الدِّراسة: ثانیًا

ــم تحــظَ اللغــة العربیــة باهتمــام صــنَّاع المعــاجم ومعــالجي اللغــات الطبیعیــة بدرجــة الاهتمــام التــي حظیــت بهــا بــاقي  ل

ورغــم أنَّ فكــرة المعــاجم التكراریــة ترجــع إلــى النصــف الأول مــن القــرن العشــرین، وكــذا . اللغــات وعلــى رأســها اللغــة الإنجلیزیــة

الأمــم الأخـرى، إلا أنهـا لــم تعـرف الطریــق إلـى اللغـة العربیــة بالشـكل والصــورة  انتشـار المعـاجم التكراریــة فـي كثیـر مــن لغـات

المنشــودة حتــى الآن، وربمــا یعــود ذلــك إلــى طبیعــة اللغــة العربیــة الاشــتقاقیة ونظامهــا التصــریفي المعقــد، إضــافةً إلــى انفــراد 

– لغات الفصائل اللغویة الأخرى، بـل وتمیزهـا العربیة ببعض الظواهر الشكلیة والتركیبیة والبنویة التي تمیزها عن غیرها من

 ].20[عن شقیقاتها من اللغات السامیة –كذلك

ولعـــل هـــذا الإهمـــال یكمـــن فـــي صـــعوبة التعامـــل مـــع اللغـــة العربیـــة ذات الطبیعـــة الصـــرفیة الاشـــتقاقیة؛ حیـــث تتمثـــل 

ا التصــریفي المعقــد؛ حیــث تــنعكس تلــك صــعوبات التعامــل مــع العربیــة لبنــاء معجــم فیطبیعــة اللغــة العربیــة الاشــتقاقیة ونظامهــ

18http://www.scribd.com/doc/14436546/Languages-Spoken-by-More-Than-10-Million-People. 

، "معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"المعتز باللہ ) السعید(لمزید من المعلومات عن ھذه الدراسات، انظر، 19
 ..28-20، ص2008أطروحة لنیل درجة الماجستیر بكلیة دار العلوم، القاھرة، 

 .. 2مرجع سابق، ص)" المنهج والنموذج(المعجم التكراري لألفاظ القرآن الكریم "20
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الطبیعة على المعالجة الآلیة لنصوص المدونات المسـتخدمة فـي الصـناعة المعجمیـة، إذ تقـوم المعالجـة علـى إخضـاع الآلـة 

 .]21[لمتطلبات البحث اللغوي، من خلال أنظمة تفاعلیة بإمكانها التعامل مع الإنسان وتنفیذ أوامره

قصــور أدوات التحلیــل عــن التعامــل مــع نظــام العربیــة فهــي تتعامــل مــع المفــردات بوصــفها هــذا بالإضــافة إلــى جانــب 

 .مجموعة من الرموز المتلاصقة، دون النظر إلى اللغة التي تنتمي إلیها النصوص

ولا یــزال مــنهج "مــن ناحیــة أخــرى، فــإن صــناعة المعــاجم التكراریــة تســتلزم الاســتعانةَ بمدونــة لغویــة حاســوبیة، 

دونات اللغویة بكرًا جدیدًا غض الإهـاب علـى اللغـة العربیـة، التـي لـم تعـرف الطریـق إلیهـا إلا فـي الثمانینیـات دراسة الم

 . ]22["من القرن الماضي

 

 

 المنهج: ثالثاً

فقـد اعتمـد المـنهجَ الوصـفيَّ فـي رصـد مادتـه " معجـم تكـرار للغـة العربیـة المعاصـرة"لمَّا كان البحثُ یهدفُ إلى وضـع 

ذ یقومُ البحث على رصد مفردات اللغة العربیة ومحاولة توصیفها وتنظیمها وفق منهجیةٍ تقوم علـى ترتیـب مفـردات اللغویة، إ

 .المادة المجموعة حسب عدد تكرارها في المدونة

وســیلةً لبلــوغ المعجــم المنشــود علــى نحــو یســاهم فــي  corpus linguisticsوقــد اتخــذ البحــثُ مــن لســانیات المدونــة 

اللغوي وتعلیم اللغات وصناعة المعاجم على وجه الخصوص، فقـد جمـع البحـثُ بـین لسـانیات المدونـة ومنـاهج خدمة الدرس 

الصناعة المعجمیة العربیة، إذ یقوم على تطویر منهج ثورندیك التكـراري فـي قائمتـه للانطـلاق إلـى معجـم یسـیر وفـق منـاهج 

لمعجــم بمــا یفــي بــالغرض المنشــود مــن المعجــم، وتوظیفــه فــي الصــناعة المعجمیــة مــن حیــث ترتیــب المــواد ومعالجتهــا داخــل ا

خدمــة أربــاب العربیــة والــواردین علیهــا، تیســیرًا لســیر العملیــة التعلیمیــة وجعلهــا أكثــر نجاعــة بــین طــلاب اللغــة العربیــة حــول 

 .  العالم

ربیــة وأســالیب التحلیــل كمــا تجمــعُ الدراســة فــي جانــب معالجــة المــادة وبنــاء المعجــم بــین تقنیــات الحاســوب الداعمــة للع

المعلـم  –الإحصائي، التماسًا لدقة المخرجات وتحقیقًا للقدر الأكبر من الفائدة، بما یعود بـالنفع علـى ركنـيّ العملیـة التعلیمیـة 

 ].23[والمتعلم

21Bolshakov , I. and Gelbukh, A(2004). Computational Linguistics "Models, Resources, Applications" 
p.15. 

 .5مرجع سابق، ص" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"22

 .2مرجع سابق ، ص)" المنهج والنموذج(المعجم التكراري لألفاظ القرآن الكریم "23
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تسـیر منهجیـة بنـاء المعجـم المنشـود وفـق مـرحلتین رئیسـیتین تنقسـمان حـول طـرق معالجـة كـل منهمـا، فـالأولى تســیر 

الصناعة المعجمیة العربیة بدایة مـن مرحلـة جمـع مـادة المعجـم مـرورًا بمرحلـة التحریـر المعجمـي لمـادة المدونـة وترتیـب  وفق

وفــق " المعجــم التكــراري للغــة العربیــة المعاصــرة" مــداخل المعجــم، وانتهــاء بمرحلــة نشــر المخــرج النهــائي للمعجــم المتمثــل فــي

 ].24[ةالهدف المنشود من المعجم، وطبیعة الدراس

أمــا المرحلــة الثانیــة فهــي المعالجــة الحاســوبیة والإحصــائیة لمــادة المدونــة اللغویــة، وتتمثــل المعالجــة الحاســوبیة فــي 

استخلاص المداخل والوحدات المعجمیة مع المعاني والشـواهد ومعلومـات تـردد المفـردات داخـل المدونـة، عـن طریـق عـرض 

امل مع العربیة مثل المحللات الصرفیة، بالإضـافة إلـى المسـاعدة فـي تحریـر المادة المجموعة على البرامج المتخصصة للتع

 .مادة المعجم وفهرستها عبر المفهرسات الآلیة، إلى جانب المساهمة في نشر النتاج النهائي للمعجم المنشود

علـــى دقـــة  كمـــا تتمثـــل المعالجـــة الإحصـــائیة فـــي اختبـــار مـــدى صـــلاحیة المدونـــة لتمثیـــل المجتمـــع اللغـــوي، والتأكیـــد

ضبطها، وإحصاء المفردات وترتیبها في مجموعات متدرجة من الأكثر ورودًا وترددًا إلى الأقل، عن طریق اسـتخدام البـرامج 

 ].  25[والمعادلات الإحصائیة

 

 المعالجة الآلیة للمدونة اللغویة .1

یمــر العمــل فــي ؛ حیــث المنشــوداتبــاع الخطــوات الإجرائیــة والتنفیذیــة لوضــع المعجــم وتــأتي هــذه المعالجــة متمثلــةً فــي 

 :المعجم بجملة خطوات تأتي في

 .جمع المادة وتحدید المصادر التي سیعتمد علیها .1

 التحریر المعجمي لمادة المعجم .2

اختیار الوحدات المعجمیة أو وضع قوائم بالكلمات الرئیسیة التي ستشـكل مـداخل  )1

 .المعجم

 .تألیف المداخل أو معالجتها من نواحیها المختلفة )2

 ].26[ترتیب مداخل المعجم بطریقة من طرق الترتیب المعجمي )3

 .نشر المعجم .3

 مرجع سابق" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"لمعلومات عن ھذه الدراسات، انظر، لمزید من ا24

 مرجع سابق" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"لمزید من المعلومات عن ھذه الدراسات، انظر، 25

 .165القاھرة، ص-الكتبم، عالم 1998/ھـ1418، 1، ط"صناعة المعجم الحدیث"أحمد مختار ) عمر(26
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 جمع مادة المعجم .1.1

 مادة المدونة اللغویة

لا تُلزم المدونة واضعَها بمادة معینة، إنما هي نصوص عشوائیة تخضع لأسس ومعاییر یحددها الهدفُ المنشود مـن 

المـادة المُعَـدَّة للمعجـم المعاصـر، غیرهـا للمعجـم التكـراري، فهـي تخضـع المدونة، فمادة المدونة المعدَّة للمعجم التاریخي غیر 

لمعیارین أساسیین هما المعاصرة لفترة جمع المادة ودراسـتها حتـى تعكـس الواقـع اللغـوي الحقیقـي للغـة المدروسـة وقـت وضـع 

جوانـب اللغـة المسـتخدمة فـي الدراسة، والتنـوع والشـمول، فوجـب علـى صـانع المدونـة الحـرصُ علـى تنـوع مادتـه لتشـمل كافـة 

 .شتى المجالات من علوم وریاضة وأعمال، كذلك شمول المادة المجموعة لكافة نواحي وألفاظ مفردات اللغة

ـا كـان الهـدفُ مـن الدراسـة إعـدادَ معجـم تكـراري للغـة العربیــة  یـتم تحدیـد مـادة المدونـة وفـق الهـدف المنشـود منهـا، ولمَّ

 :مس مصادر اللغة التي تعبر عن المستوى اللغوي المدروس، وقد حدد لذلك ثلاثة مصادرالمعاصرة، فقد حاول الباحث تل

 :وهي لغة تكتسب خواصها التركیبیة من مصادر ثلاثة هي: لغة الصحافة المعاصرة .1

 .وتعد لغة الصحافة امتدادًا لها وتطورًا لبعض خواصها -كما قعدت لها كتب اللغة–الفصحى  - أ

تسـهم بـه فـي لغـة الصـحافة مـن مفـردات وأسـالیب یـتم تعریبهـا، ومـا یحدثـه ذلـك  بما: اللغات الأجنبیة -ب

 .من تغییر في نظام الجملة

 ].27[بما تفرضه لغة الصحافة منها من مفردات وأسالیب: اللغة العامیة - ج

 .وقد جُمعَت المادة التي تمثل لغة الصحافة من المواقع الإلكترونیة للصحف المصریة الیومیة

اختیار مادة الصحافة ضمن مادة المدونة المجموعة للمعجم المنشود لأسباب، منها أنها تعد من أهم أدوات وقد جاء 

الاتصال وهي بذلك تؤثر تأثیرًا بالغًا في اللغة العربیة المعاصرة، كما أنها نمط من أنماط العربیة المعاصـرة، إذ یطلـق علیهـا 

 ].28"[فصحى العصر"الدكتور السعید بدوي یسمیها  ، وكذلك"العربیة المعاصرة"الدكتور كمال بشر 

، 1985المستوي اللغوي الأدبي للعربیة المعاصرة، المتمثل في لغة الدسـاتیر المصـریة كدسـتور مصـر  .2

 .ولغة الأدب المتمثلة في بعض الروایات والقصص كقصص یوسف إدریس، والمؤلفات الإسلامیة

ویكیبیــدیا، لمــا یمثلــه هــذا الموقــع مــن شــمول  Wikipediaالمــادة المــأخوذة مــن موقــع الموســوعة الحــرة  .3

آلاف مدون مـن بقـاع العـالم، ومعاصـرة مادتهـا  3000لألفاظ اللغة العربیة، وتنوع إذ یعمل على تدوینه أكثر من 

 .1م، ص2002القاھرة، الطبعة الأولى -، دار الفكر العربي"لغة الصحافة المعاصرة"محمد حسن ) عبد العزیز(انظر، 27

 .، بتصرف11-10، مرجع سابق، ص"لغة الصحافة المعاصرة"انظر، 28
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 GNUوتمثیلها للمادة الخام المنشودة لوضع مدونة المعجم، إلى جانب أنهـا تخضـع لرخصـة جنـو للوثـائق الحـرة 

Free Documentation License]29[. 

ویســتمد المعجــم مادتــه مــن مدونــة لغویــة محوســبة تعكــس الواقــع اللغــوي والاســتخدام الحــالي لمفــردات اللغــة العربیــة 

 .المعاصرة

 التحریر المعجمي لمادة المدونة 2.1

ه لمتعلمي اللغة العربیة من أبنائها المحلیین أو غیر  الناطقین بها، ویقوم تهدف الدراسةُ إلى وضع معجم تكراري موجَّ

المعجمُ بحصر أشهر كلمات اللغة العربیة المعاصرة، مرتبًا إیاها حسب عدد تكرارهـا ومـدى دورانهـا فـي اللغـة، والغـرض مـن 

ـه إلیهـا جهـدَه ووقتـه، فبإتقانـه لهـا یكـون قـد ألـمَّ بثلثـي  ذلك وضعُ أشهر كلمات اللغة وأكثرها استخدامًا بین یـدي المـتعلم، لیوجِّ

 .اللغة

وتتم معالجةُ مادة المدونة حتى تكون قابلة للمعالجة الآلیة، عن طریق تحویل النصوص إلى صـورة إلكترونیـة یسـهل 

ــــا، وقــــد اســــتُخدِمت هــــذه الطریقــــةُ فــــي إدخــــال المــــادة المجموعــــة مــــن بــــاب الأدب والمؤلفــــات كالروایــــات  التعامــــل معهــــا آلی�

 ].30[والمجموعات القصصیة والكتب العلمیة

 

 المراجعة اللغویة لنصوص المدونة 1.2.1

وجـــب الـــتخلص مـــن الأخطـــاء الإملائیـــة الموجـــودة فـــي نصـــوص المدونـــة مـــادة المعالجـــة إذ إنهـــا تـــنعكس علـــى أداء 

المحلـلات اللغویـة؛ وبمــا أن مـادة المدونــة أغلبهـا جُمعــت مـن مواقـع الویــب وصـفحات الشــبكة العنكبوتیـة وهــي بـالطبع تحمــل 

أكثر القـائمین لیسـوا علـى علـم باللغـة العربیـة وقواعـدها، لهـذا فهـي فـي الأغلـب تحتـوي علـى أخطـاء  قدرًا لیس بالیسیر إذ إن

ســواء إملائیــة أو تركیبیــة أو صــرفیة أو حتــى المعجمیــة والأخطــاء الشــائعة، وهــذا مــن شــأنه أن یــؤدي إلــى خلــل فــي عمــل 

تـؤدي إلـى تعـدد أشـكال المفـردة الواحـدة مـا یـؤدي إلـى المفهرسات والمحللات الآلیة أداة العمل داخل المدونـة، حیـث إنهـا قـد 

 .تعدد مداخلها، كذلك كتابة شكل المفردة بصورة خاطئة یجعلها تستقل بذاتها ویتم إدراجها خطأ ضمن مفردات اللغة

الملحقــة " Fix Broken Text"وتــتم عملیــة المراجعــة اللغویــة إمــا آلی�ــا عــن طریــق أداة التصــویب اللغــوي والإملائــي 

، ویتمثل عمل هـذه الأداة فـي أنهـا تطـرح عـدة احتمـالات "Microsoft Office Word"برنامج معالجة النصوص المكتبیة ب

للمفردة المراد تصحیحها، ویقوم المستخدم باختیار الاحتمال الذي یراه صحیحًا، وإما یدوی�ا وهـذه لا غنـى عنهـا لضـبط المـادة 

 /http://www.gnu.orgالإلكترونيعبر الموقع ) 2008نوفمبر (یمكن الاطلاع على صیغة الرخصة في إصدارھا الأخیر 29

 .، بتصرف24مرجع سابق" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"30
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ادة المدونــة؛ نتیجــة أن التعامــل مــع نصــوص المدونــة یجــب أن یتمیــز بــالحرص المجموعــة، فهــي العملیــة الأم فــي تهیئــة مــ

 ].31[ویكتنفه التحري والدقة حتى تكون النتائج صحیحة ودقیقة

 .وقد قام الباحث بمراجعة النسبة الأكبر من نصوص المدونة المجموعة

 اختیار الوحدات المعجمیة وتألیفُ المداخل ومعالجتها  2.2.1

هـو ذلـك الحقـل الـذي تنتمـي إلیـه مجموعـة  -أو ما یطلق علیه المادة المعجمیة- Lexical Entry المدخل المعجمي

. من الكلمات المشتركة في مادة لغویة واحدة، سواء أكانت جذرًا لغوی�ا لكلمة عربیة أو معربـة، أم مـادة معجمیـة لكلمـة دخیلـة

، سـواء أتعـددت معانیهـا Headwordsالكلمـات الرأسـیة  ویطلق على هذه الكلمات المنسدلة عن المدخل المعجمي مجموعة

 ].32[أم اشتركت في معنى واحد

ـــق  وقـــد أخضـــع البحـــثُ المـــادة المجموعـــة للمعالجـــة الآلیـــة واســـتخلاص مـــداخل المعجـــم وكلماتـــه الرأســـیة، عـــن طری

تمالات الممكنة، فعند إدخـال المحللات الصرفیة، حیث إن المحلل الصرفي یقوم بتحلیل الكلمة المفردة ویقدم قائمة بكل الاح

المادة المراد تحلیلها إلى المحلل الصرفي یقوم بتفصیل المدخل أو الجذر، إلى جانب المفردات المنسدلة عنها مـن اشـتقاقات 

قــوة، {، هــو المــدخل الــذي تنســدل عنــه المفــردات المعجمیــة )ق و ي(وتغییــرات ناتجــة عــن الســوابق واللواحــق مثــل المــدخل 

 .}، تقویة، تقویتهم، الاستقواء، قوى، القوى، والقوى، قوات، القوات، والقوات، للقوات، وللقوات، قواتهابالقوة، بقوة

، Concapp،aConCorde ،Concordance(ومــن المحلــلات الصــرفیة المســتخدمة فــي البحــث المفهــرس الآلــي 

MonoConc](33.[ 

 ترتیب مداخل المعجم بطریقة من طرق الترتیب المعجمي 3.2.1

ترتیب مداخل الكلمات داخل المعجم ترتیبًا أبجدی�ا دون فصل بین الفعل والاسم والحـرف، فقـد اكتفـى بـالنص علـى  تم

.. اسـم تفضـیل، اسـم فاعـل، فعـل أمـر، فعـل مـاض، حـرف جـر(نوع الكلمة فـي معالجـة الجانـب الصـرفي فیـذكر نـوع الكلمـة 

 .، هذا على الجانب الصرفي)إلخ

فكانــت علــى الســواء لمــداخل الأفعــال والأســماء والكلمــات الوظیفیــة، فیــأتي المــدخل داخــل أمــا علــى الجانــب الــدلالي 

 .الشاهد مع ذكر معنى المدخل مقدمًا، مع النص على التغیرات السیاقیة والتصاحبات اللفظیة

 تنسیق المادة داخل المدونة لمعالجتها 3.1

 .، بتصرف63-62مرجع سابق" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"31

 .136قمرجع ساب" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"32

 .136مرجع سابق، ص" معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"لمزید من المعلومات عن المحللات الصرفیة انظر، 33
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وجــب تحــري هــذه الدقــة عنــد إدخــال المــادة الخــام أســاس  حتــى یكــون النتــاجُ النهــائي للعمــل المنشــود صــحیحًا ودقیقًــا،

النتاج المنشود، ولطالما احتـوت مـادة المدونـة المجموعـة علـى قـدر كبیـر مـن الرمـوز والأشـكال والرسـوم، مـع اخـتلاف أنـواع 

خدمة فــي الخطــوط وأحجامهــا وألوانهــا، وبــالطبع كــل هــذا لــه مــن الآثــار الســلبیة التــي تعیــق عمــل البــرامج الحاســوبیة المســت

 :لذلك لجأ الباحث إلى. معالجة مادة المعجم، لذا وجب التخلص من كل هذه المعیقات حسبما تقتضي أدوات التحلیل الآلي

تقسیم المواد اللغویة المجموعة على أكثر من ملـف نصـي؛ حیـث إن المحلـلات الآلیـة تعجـز عـن التعامـل مـع العدیـد 

 :من الصفحات؛ واتباع

 ).14:أسود، حجمه: ، لونهCourier New: نوع الخط(وحجمه  توحید نوع الخط ولونه .أ 

 .توحید الحدود والفواصل بین الصفحات .ب 

 .تجرید النصوص من علامات الضبط، وذلك للحد من تعدد أشكال المفردة الواحدة .ج 

 .تجرید النصوص من الأرقام والرموز والحروف اللاتینیة .د 

 .تجرید النصوص من الأشكال والرسوم التوضیحیة .ه 

 .ید النصوص من علامات الترقیمتجر  .و 

 ].34.[، تمهیدا لمعالجتها آلی�اTXTنسخ النصوص المنسقة، وإعادة تجمیعها في ملف واحد بامتداد  .ز 

 أدوات التحلیل الآلي لنصوص المدونة 1.3.1

یصـعب التعامـل مــع اللغـة العربیــة بـأدوات التحلیــل الحاسـوبي إذ إن طبیعتهـا الاشــتقاقیة والبنویـة تختلــف اختلافًـا كلی�ــا 

 . عن اللغات اللصقیة كالإنجلیزیة

عند معاجلة اللغة العربیة آلی�ا فإنَّ أول ما یواجه تلك المعالجة التداخل بـین المسـتویات اللغویـة، ممـا یوجـب اسـتعمال 

ظمة متعددة لمعالجة تلك المستویات، وأن یرتبط كل منها بالآخر، لهذا تم التعامل مع مادة البحث على مسـتویات التحلیـل أن

 :، فلجأ البحث إلى أدوات التحلیل الحاسوبیة المتمثلة في)الصرفیة والبنویة والتركیبیة(اللغوي من الناحیة 

 Morphological Analyzerالمحلل الصرفي  1.1.3.1

تولیـد الكلمـة وتحلیلهـا، حیـث یقــوم : مـلُ المحلـل الصـرفي الآلـي فـي القیـام بنــوعین مـن المعالجـة، همـاویتمثـل ع

فعلــى ســبیل المثـال عنــد تحلیــل . المفهـرس بتحلیــل المـدخل إلــى عناصــره الأولیـة، لیقــوم بتحدیــد الصـیغة النهائیــة للكلمـة

 :صرفی�ا، نجد أن المخرجات تتمثل في) تَقاتَلَ (الفعل 

، 64مرجع سابق، " معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"، لمزید من المعلومات عن المحللات الصرفیة انظر34
 .بتصرف
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 ).تفاعل(الصیغة الصرفیة  -1

 ).ق ت ل ( عناصر الفعل الأصلیة  -2

 ).ت، ا، ــَ(زوائد تصریفیة  -3

 ).البناء(زوائد إعرابیة  -4

مثـل السـوابق ) المـورفیم(كما یقوم المحلل الصرفي بتحلیل الكلمة وتفكیكها إلى أجزائها الصـرفیة الصـغرى      
حیث یقوم بإعطاء الكلمة بیاناتها الصرفیة الكاملة، مثل الجذر، والساق، واللواحق التي تلحق أصل الكلمة وغیر ذلك؛ 

فهـو . وقسم الكلم، والمیزان الصـرفي، هـذا بالإضـافة لوضـع السـمات الصـرفیة الخاصـة بكـل كلمـة علـى حـده, والسوابق
علومـات الصـرفیة أشبه بمعجم صرفي متكامـل للكلمـة العربیـة، فهـو  یسـتخدم فـي اسـترداد جـذور المفـردات، وتحدیـد الم

 یتمم  -بذلك–الخاصة بكل مفردة على حدة، كما یستخدم في تولید المشتقات اللفظیة من الجذر اللغوي الوحید، وهو 

 ].35[عمل المفهرس الآلي

 Electronic Concordance: المفهرسات الآلیة  2.1.3.1

تهــا حســبما تقتضــي المفهــرس الآلــي برنــامج إداري یُســتخدَم فــي تنظــیم النصــوص وفهرســتها وترتیــب مفردا

ــدّ أحــد الأدوات الأساســیة المســتخدمة فــي تحلیــل نصــوص المــدونات اللغویــة، لاســیما المــدونات  طبیعــة الدراســة المعــدة؛ ویُعَ

 .المصنوعة لأغراض معجمیة

ویوفر المفهرس الآلي الكثیر من الوقت والجهد، إذ یعید تشكیل النصوص المدرجة لتظهر في صورة منظمة،  -1

، Concapp ،aConCorde ،Concordance: (معها آلی�ا، ومن هذه الفهارسیسهل التعامل 

MonoConc](36.[ 

 Arab Taggerمعنون التراكیب العربیة  3.1.3.1

تنتظم كلمات العربیة وفق نظام معین هو المسئول عن هذا التنظیم وربط مكونات الجمل بعضها ببعض، هذا 

الجانب التركیبي للغة العربیة، وذلك وفق النظام الدلالي للغة القائم على جوانب ، وهو ما یمثل "النحو العربي"النظام یسمى 

 .المعنى والتعبیر، إلى الجانب الصرفي المسئول عن المفردات اللغویة

على أساس المنظمة النحویة؛ حیث یتمثل عمله في مساعدة Arab Taggerیقوم عمل معنون التراكیب العربیة 

، ]37[تعبر عن الصفات النحویة الأساسیة لكلمة على حدة Tagsنصوص عن طریق إضافة عناوین أدوات التحلیل الآلي لل

 .]39].[38)[الاسم أو الفعل أو الحرف(كأن ینص على أن كلمة ما تنتمي إلى قسم الكلام 

وانظر المرجع لمزید من المعلومات عن أنواع . 110، مرجع سابق، ص"الجة لغویة حاسوبیةمع: مدونة معجم عربي معاصر"35
 .128-110المحللات الصرفیة ص

-88، مرجع سابق، ص"معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"للمزید عن المفھرسات الآلیة وأنواعھا، انظر، 36
108. 
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 نشر المعجم .4.1

الإلكترونیـة، بالشـكل الـذي یتم نشر المنتج النهائي فـي صـورته المنشـودة، سـواء النسـخة المطبوعـة ورقی�ـا، أو النسـخة 

 .یُأمَّل أن یُفید به المعجم أرباب اللغة العربیة

 

 المعالجة الإحصائیة لمادة المدونة اللغویة .2

كان میدان الإحصاء في الدراسات اللغویة هو المیدان الأول لتطبیق اللسانیات الحاسوبیة علـى اللغـة العربیـة؛ حیـث 

، وتبعتهـا دراسـة إحصـائیة للجـذور غیـر 1971یة لمفردات اللغـة العربیـة فـي مـایو صدرت الدراسة الإحصائیة للجذور الثلاث

 .م1972الثلاثیة في ینایر 

إن المعالجة الإحصائیة لمدخلات المدونة تأتي تتمة للمعالجة الآلیة؛ حیث إن المعالجة الإحصائیة هـي الأداة التـي 

 .یح من حیث دقة مخرجاته وصحتهاعن طریقها یتم التأكد من أن البحث یسیر على الطریق الصح

وتتمثل الوظیفة الأولى للإحصاءات التي تخدم البحث، في إیجـاز وتلخـیص خصـائص وأوصـاف الوحـدات موضـوع 

–كمـــا أن الإحصـــاءات الوصـــفیة تخـــدم البحـــث فـــي تلخـــیص المعطیـــات . الملاحظـــة فـــي خصـــائص یمكـــن قیاســـها وعـــدَّها

 ]. 40[الكمیة -البیانات

فـي تطبیـق نظریـة العینـات الإحصـائیة، فـي سـبیل تتبـع نتـائج  -موضـع البحـث–لیـة فـي المدونـة وتتمثل المعالجة الآ

ــة تمثــیلا صــادقًا للمجتمــع  المعالجــة الآلیــة، ویــتم اللجــوء لهــذه النظریــة بحیــث تكــون تأكیــدًا علــى المــادة المجموعــة أنهــا ممثل

" العینــات الإحصــائیة العشــوائیة"اســتخدام نظریــة  وقــد اتجــه البحــث إلــى]. 41[اللغــوي المــدروس أو تعتبــر صــورة مصــغرة منــه

نظرًا لأن جمع اللغة أمر صعب للغایة لا یستطیع فرد أی�ا كانت إمكاناته حصرها كاملة دون خلل، فحاول البحث استقصـاء 

المسـتوى عینة جزئیة من المجتمع الكلي لدراستها، على أن تكون تلك العینة الجزئیة ممثلة لكل خصـائص اللغـة المدروسـة و 

37Available from The World Wide Web: http://www.rdieg .
com/rdi/new/Downloads/Scientific%20Papers/Arabic%20POS%20Tagging%20An 
d%20Applications_NEMLAR%20conference%20Paper_9-2004.pdf. 

 .، بتصرف127، مرجع سابق، ص"معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"38

، مرجع "معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"المعلومات عن المعنونات اللغویة وأنواعھا، راجع لمزید من 39
 .129-126سابق، ص

، برنامج دراسة المجتمع، مركز التعلیم المفتوح، جامعة بنھا، المستوى الأول، "مدخل إلى الإحصاء"غریب محمد ) أحمد(40
 .13، 12، ص2012

المملكة العربیة السعودیة، /جدة/م، تھامة1983، 1، ط"مبادئ الطرق الإحصائیة"عبد الحمید محمد ربیع، .جلال الصیاد، د.د41
 .، بتصرف107، ص10ص
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اللغــوي المســتخدم، فضــلا عــن أن جمــع اللغــة بصــورة كاملــة یحتــاج إلــى إمكانــات عالیــة ورعایــة مؤسســة تــوفر الإمكانــات 

 . والآلیات اللازمة لذلك

 :وتكمن أهمیة المعالجة الإحصائیة في

 .تساعد البحث على إعطاء أوصاف على جانب كبیر من الدقة العلمیة .1

فالبیانـات التـي یجمعهـا الباحـث لا تعطـي صـورة واضـحة، . شكل ملائـم مفهـومتساعد على تلخیص النتائج في  .2

 .إلا إذا تم تلخیصها في معامل أو رقم أو شكل توضیحي، كالرسوم البیانیة

فمثــل هــذه النتــائج لا یمكــن استخلاصــها إلا تبعًــا . تســاعد علــى اســتخلاص النتــائج العامــة مــن النتــائج الجزئیــة .3

 .یع البحث أن یحدد درجة احتمال صحة التصمیم الذي یصل إلیهلقواعد إحصائیة، كما یستط

 ].42[تمكِّن البحث من التنبؤ بالنتائج التي یحتمل أن یحصل علیها في ظروف خاصة .4

تعین علـى الـتخلص مـن أثـر العوامـل الأخـرى التـي لا یسـتطیع تفادیهـا فـي بحوثـه، والتـي تـؤثر دائمًـا فـي نتـائج  .5

 .العیناتكل بحث كعامل الصدفة واختیار 

تســاعد المعالجــة الإحصــائیة الباحــثَ فــي تنظــیم خطــوات بحثــه، فهــو یحتــاج إلیهــا فــي مرحلــة تصــمیم البحــث  .6

 ]. 43[وتخطیطه، حتى یمكنه في النهایة أن یخرج من بحثه بالنتائج التي یسعى إلى تحقیقها

 التَّطبیق: رابعًا

م فـي اللغـة الإنجلیزیـة ومـن ثـمَّ انتقلـت الفكـرة 1921ثورندیك عـام فكرة المعاجم التكراریة حدیثة نسبی�ا فقد سبق إلیها 

إلى لغات عدة حتى أصبحت آلیةً معتمدة في تسهیل عملیة تعلم اللغة، وللأسف لم تطبق الفكرة على اللغـة العربیـة إلا فـي 

 ]. 44[محاولة وحیدة متمثلة في دراسة على ألفاظ القرآن الكریم

یعرف المعجم التكراري بأنه نـوع مـن المعـاجم اللفظیـة المتخصصـة، تُرتَّـب فیـه الأبـواب والفصـول المعجمیـة بحسـب 

شیوعها، متدرجةً من الأكثر شیوعًا إلـى الأقـل شـیوعًا، ویعتمـد المعجـم فـي تحدیـد نسـبة شـیوع المـواد المعجمیـة علـى مدونـة 

وعلـى هـذا تعتمـد فكـرة  ].45[المسـتوى اللغـوي الـذي یعنـى بـه المعجـم تعكـس واقـعَ اللغـة وتمثـلLinguistic Corpusلغویـة 

المعجم التكراري على حصر تكرار كلمات النصوص المجموعة، ومحاولة تصنیفها في مجموعات مرتبة من الأكثر شـیوعًا 

 .إلى الأقل شیوعًا

 .19، مرجع سابق، ص"مدخل إلى الإحصاء"42

 .20، مرجع سابق، ص"مدخل إلى الإحصاء"43

 .1، مرجع سابق، ص)"والنموذجالمنهج (المعجم التكراري لألفاظ القرآن الكریم : "المعتز باالله) السعید(44

 .1ص ، مرجع سابق،)"المنهج والنموذج(المعجم التكراري لألفاظ القرآن الكریم : "المعتز باالله) السعید(45
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ات، تحتــوي المجموعــة وقــد قــام البحــث بتقســیم مفــردات المــادة المجموعــة حســب تكــرار كــل منهــا إلــى خمــس مجموعــ

الأولى على أكثر الكلمات تكرارًا ودورانًا في اللغة، ثم المجموعة الثانیة تحتوي على المفردات الأقل، إلى المجموعة الخامسة 

 .التي تضم أقل الكلمات استخدامًا في اللغة العربیة المعاصرة

 :ها حسب الجدول التاليوتأخذ كل مفردة من مفردات المدونة رتبة المجموعة التي تنتمي إلی

 تكرار المدخل في المادة المجموعة الرمز المجموعة التكراریة

 500< ) م( * الأولى

 100< ) م(<  500 ** الثانیة

 50< ) م(<  100 *** الثالثة

 10) م(<  50 **** الرابعة

 1< ) م(<  10 ***** الخامسة

یونیو  25لیوم  -البوابة الإلكترونیة-المعاصرة، فكانت جریدة الأهرام واستمد النموذج المعجمي مادته من الصحافة 

 ].46[رافد مادته 2012

واعتمد النمـوذجُ فكـرة المـداخل اللغویـة لإیـراد مادتـه، فعـن طریقهـا یمكـن حصـر الألفـاظ الـواردة التـي یجمعهـا مـدخل 

 .كلمة 4996وجاء عدد كلمات المادة المجموعة . لغوي واحد

 :المعجمي في المدخل اللغوي الواحد مقسمًا إلى حقولوجاء النموذج 

 .ویمثل المدخل اللغوي الذي یجمع الكلمات ذات الأصل الواحد: المدخل المعجمي) 1

 .ویعبر عن عدد تكرار المدخل اللغوي على مدار حصر كلمات المادة المجموعة: التردد) 2

خل المعجمـي إن كانـت المجموعـة الأكثـر شـیوعًا أو الأقـل وتحدد المجموعة التي ینتمي إلیها المد: نسبة الشیوع) 3

 .أو الأقل، وجاء التعبیر عن المجموعات وترتیبها وفقًا للجدول أعلاه

وفیه حاول البحث استقصاء المعاني المعجمیة للمدخل المعجمي عن طریق العودة إلـى عـدة : المعنى المعجمي) 4

، والصـــحاح فـــي اللغـــة ]48[، والقـــاموس المحـــیط للفیروزابـــادي]47)[القـــاهرةمجمـــع اللغـــة العربیـــة ب(المعجـــم الوســـیط : معـــاجم

 .في محاولة لحصر أفضل تعریف للمدخل المعجمي الوارد في مادة النموذج]. 49[للجوهري

 .45857العدد / 136السنة /  2012یونیو  25/ هـ1433من شعبان  5لیوم الاثنین : جریدة الأهرام المصریة، البوابة الإلكترونیة46
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 .وتشمل الأشكال اللغویة للمدخل المعجمي الواحد الواردة على مدار المادة المجموعة: الوحدات المعجمیة) 5

دد مرات تكرار كل وحدة معجمیة على حدة، ونسبة ورودهـا إلـى عـدد تكـرار المـدخل المعجمـي ثم محاولة تفصیل ع

مـع محاولـة تحلیـل تلـك الوحـدة المعجمیـة صـرفی�ا وتحدیـد السـوابق ). تكـرار المـدخل المعجمـي/عدد تكـرار الوحـدة المعجمیـة(

، مــع التــدلیل علــى تلــك الوحــدة بــذكر شــاهد مــن ومحاولــة إیــراد المعنــى المعجمــي للوحــدة المعجمیــة المــذكورة. واللواحــق لهــا

 .  النصوص المجموعة یوضحها ببنیتها المذكورة

 .ویضم النموذج المعجمي تمثیلا لمدخل معجمي واحد، في محاولة لتوضیح فكرة المدونة المنشودة موضوع البحث

 النموذج المعجمي

 ع ل و :المدخل المعجمي

 116: التردد

 .م، مكتبة الشروق الدولیة2004/هـ1425، 4العربیة، طمجمع اللغة 47

رتب الكلمات بحسب الحرف الأول من الجذر مع مراعاة الحرف الثاني والثالث، مع : منهج الكتاب. مجمع الخالدین للغة العربیة بالقاهرة: المؤلف

للجمع، استعمال بعض الرسوم ) مج(لاختصارات مثل وضع بعض ا: ممیزات المعجم. ترتیب المواد داخلیا بادئا بالفعل ثم الاسم ثم الصفة

أدخل في متنه الألفاظ المولدة والمعربة والمحدثة التي تتصف بالشیوع كما حرص . اشتمل المعجم على ثلاثین ألف مادة وملیون كلمة. التوضیحیة

محمد یوسف /د راجع. فهو أفضل معجم عربي حدیث والمادة الموجودة في الوسیط أكثر صحة من المنجد،. على ذكر المصطلحات العلمیة الشائعة

 .162م، ص2007، 2القاهرة، دار الهاني، ط-، دار العلوم"معاجم العربیة ومصادرها: "حبلص

 .الهیئة المصریة العامة للكتاب. هـ1301، المطبعة الأمیریة 3العلامة مجد الدین محمد بن یعقوب الفیروزابادي الشیرازي، ط(الفیروزابادي 48

، والحرف الأول )باب(منهج القافیة، الحرف الأخیر : كیفیة البحث في المعجم). هـ 816-729(أبو طاهر مجد الدین الفیروزابادي : ؤلفالم

قسم معجمه أبوابا لكل حرف من الألفباء العادیة باب، وقسم كل باب إلى فصول لكل حرف من الأبجدیة : منهج الكتاب. ، وما یثلثهما)فصل(

حظي القاموس بإعجاب الناس لإیجازه ودقته وشموله، حیث أراد المؤلف أن یتلخص من الضخامة التي تتسم بها : ممیزات المعجم. العادیة فصل

استقصاء الصیغ ومشتقاتها –المعاجم مما یعوق الباحث عن بلوغ هدفه فلجأ إلى الاختصار والإیجاز؛ حیث جمع میزتي الشمول والاستقصاء 

كما لاحظ أن المعاجم قبله من بدایة الخلیل قد قسموا المادة . ة المنهج ودقة الطریقة إلى جانب فكرته الجدیدة وهي الإیجازوكذلك سهول -ومعانیها

، فقام بتصنیف المادة تصنیفا یخدم اللغوي، قائما على الوظائف النحویة والأنواع الصرفیة للكلمات، وجعل هذا معجمه معجما منظما )كمیا(تقسیما 

 .محمد يوسف حبلص/د: راجع المرجع السابق .لغة وكذلك فهو دقیق جداوخادما ل

، وما )فصل(، والحرف الأول )باب(الحرف الأخیر : كیفیة البحث في المعجم). هـ 393-332(أبو النصر إسماعیل بن حماد الجوهري : المؤلف49

فصلا لكل حرف من حروف الألفبائیة  28باب، وقسم كل باب إلى  بابا لكل حرف من حروف الألفبائیة 28قسم معجمه إلى : منهج الكتاب. یثلثهما

أراد أن یجمع في معجمه -: ممیزات المعجم. التزم بفكرة الجذر وجعل لام الكلمة بابا وفاءها فصلا. الواو والیاء فقد جعلهما بابا واحدا(فصل عدا 

كان ینص على ضبط الكلمات تجنبا  –. ي معجمه الصِّحاحما صح عنده من روایة ودرایة، ومشافهة عن أصحاب الأصلاء، ومن هنا سم

عنى بالإشارة إلى الرديءوالمتروك والمذموم تفریقا لها من الصحاح، وعنى بالإشارة إلى النوادر والمعرب والمولد والمشترك والأضداد –. للتصحیف

 .محمد يوسف حبلص/د: راجع المرجع السابق .ناقشاتهم فیهاعنى بذكر كثیر من مسائل النحو والصرف وفقه اللغةوآراء العلماء وم–. واللهجات
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 **: درجة الشیوع

 0.02: نسبة الشیوع

عَــلا فــلان فــي : ویقــال. عَــلا النهــارُ : ویقــال. فهــو عــالٍ، وعلــيٌّ . ارتفــع: الشــيءُ ـُ عُلُــو�ا) عَــلاَ (: المعنــى المعجمــي

: بالشـيء -و. اضـطلع بـه واسـتقل: فلان بـالأمر -و. إِنَّ فِرْعَوْنَ عَلاَ فِي الأَرْضِ :وفي التنزیل العزیز. تكبر وتجبَّر: الأرض

ظَهَـرَ : فـلانٌ حاجتـَه -و. ضَـرَبَه: بالسـیف -و. الرجلَ قَهَره وغلبه -و. رَقِیَه وصَعِده: -الشيءَ، وعلیه، وفیه -و. ی�اجعله عل

، وعَـلا النَّهـارُ ) عَـلا]. (50[علیها وعَلِـيَ فـي الشـرف بالكسـر یَعْلـى . فـي المكـان یَعْلـو عُلـو�ا) عَـلا]. (51[ارْتَفَـعَ : عُلـُو�ا، فهـو عَلِـيٌّ

 ].52[عَلا بالفتح یَعْلى: ویقال أیضاً . عَلاءً 

الأعلــى، أعلــى، اعتلــى، العــالي، العلیــا، عــالي، علــى، علــي، علینــا، علیــه، علیهــا، علــیهم، {: الوحــدات المعجمیــة

 .}وتعالت، وتعالى، وعلى

 ).0.2) (11). (أعلى(اسم تفضیل +ال التعریف: الأعلى* 

ــزَلَ عنــ: عــن الشــيء) أعْلَــى(: المعنــى المعجمــي ــهُ : الشــيءَ  -و. أَعلــى عــن الدابــة، إذا نــزل عنهــا: یقــال. هنَ رَفَعَ

 ].53[صعِده: الشيء -و. وجعلَهُ عالیا

ـــىالمجلـــس "وشـــدد  :الشـــاهد ـــى موقـــع التواصـــل " القـــوات المســـلحة الأعل ـــه علـــى صـــفحته الرســـمیة عل فـــي بیـــان بث

 .الاجتماعي

 ).0.02) (2. (ظرف مكان: أعلى* 

 (...).المنصة  أعلىلتاجي من وأكد الدكتور محمد الب :الشاهد

 ).0.02) (1. (فعل ماض: اعتلى* 

 .البعض أسطح المباني اعتلىفي حین :الشاهد

 ).0.02) (1). (عالي(اسم فاعل +ال التعریف: العالي* 

 ].54[من فوق: وأَتیته من عالٍ . شریفٌ : فلانٌ عالي الكعب: یقال) العَالِي(: المعنى المعجمي 

 ).علا(الوسیط 50

 ).العین(فصل ) الواو(المحیط  باب 51

 ).علا). (العین(فصل ) الھمزة(الصحاح باب 52

 ).علا(الوسیط 53
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لتلبیة الاحتیاجات القومیة من الزراعة والصناعة ومیاه  العاليتقرر زیادةكمیات المیاه المنصرفة خلف السد :الشاهد

 .الشرب

 ).0.1) (7. (صفة مشبهة+ال التعریف: العلیا* 

 ].55[عُلًى) ج. (الیَدُ العُلیا خیر من الید السُّفلى: وفي الحدیث. مؤنث الأعلى): العُلْیَا(: المعنى المعجمي

 .هي للشعب عبر صنادیق الاقتراع العلیاوأن الكلمة : لشاهدا

 ).0.02) (1. (اسم فاعل: عالي* 

 .المستوى بین الشرطة والقوات المسلحة لتأمین مداخل ومخارج المحافظات عاليوهناك تنسیق : الشاهد

 ).0.02) (1. (اسم علم: علي* 

 .جماعةعبدالفتاح القیادي البارز بال عليأما المهندس : الشاهد

 ).0.7) (77. (حرف جر: على* 

 ].57[،]56[}وعَلَیْها وعلى الفُلْكِ تُحْمَلُونَ {: اسْمٌ للاسْتِعلاءِ : حَرْف، وعن سِیبَوَیْهِ : وعَلَى: المعنى المعجمي

و .. الثــورة مســتمرة ودمــاء الشــهداء لــن تضــیع هــدرا .. أنــا رئــیس لكلالمصــریین : مرســي فــي كلمــة للأمــة: الشــاهد

 .المعاهدات والمواثیق الدولیة علىسنحافظ 

 ).0.02) (2). (على(حرف جر )+الواو(حرف عطف : وعلى* 

المؤسســة العریقــة التــي  وعلــىالحفــاظ علــیهم  وعلــىفأنــا أحــب هــؤلاء وأقــدر دورهــم وأحــرص علــى تقــویتهم : الشــاهد

 .نحبها ونقدرها جمیعا

 ).0.02) (1). (نا(ضمیر المتكلمین )+على(حرف جر : علینا* 

 .طباعُنا الأصیلة التي اكتسبناها من حضارتنا عبر آلاف السنین علیناوأن تغلب : اهدالش

 ).0.02) (3. (هاء الغائب)+على(حرف جر :علیه* 

 ).علا(الوسیط 54

 ).علا(الوسیط 55

 من سورة المؤمنون 22الآیة 56

 ).العین(فصل ) الواو(المحیط، باب 57
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حمایتهــا مــن العبــث مــن أطــراف خــارجین علــى  علیــهمؤكــدا أن مقــدرات مصــر هــي ملــك الشــعب ویجــب : الشــاهد

 .القانون أو المستغلین للأوضاع الداخلیة

 ). 0.02) (3. (هاء الغائبة)+على(حرف جر : اعلیه* 

 .أو على أراضیها علیهاكما أكد مرسي أن مصر قادرة على الدفاع عننفسها وأن تمنع أي عدوان : الشاهد

 ).0.02) (2. (هاء الغائبین)+على(حرف جر : علیهم* 

كــي یقومــوا  علــیهمحجــارة وفــي الحوامدیــة حــاول الأهــالي إرهــاب الملاحظــین باللجنــة عــن طریــق قــذف ال: الشــاهد

 .بتسهیل الغش وعدم التشدد مع الطلاب

 ).0.02) (2. (تاء التأنیث)+تعالى(فعل ماض )+الواو(حرف عطف : وتعالت* 

 .ینایر 25صیحات الفرحة بفوز محمد مرسي كأول رئیس للجمهوریة بعد ثورة وتعالت: الشاهد

 ).0.02) (1). (تعالى(فعل ماض )+الواو(حرف عطف : وتعالى* 

 (...). وتعالىتحیة خالصة من قلبي لهم، وحب لا یعلمه في قلبي إلا االله سبحانه (...) : الشاهد

وبناء على التصنیف السابق فبدلا من أن یتحمل متعلم اللغة العربیـة عـبء حفـظ ومعرفـة كـل ألفـاظ ومفـردات اللغـة، 

 . اظ والمفردات بالتدریج والممارسةیمكنه فقط الاهتمام بأشهر ألفاظ اللغة، ثم یأتي تعلم باقي الألف

كذلك فترتیب كلمات اللغة في مجموعات مرتبة من الأشهر إلى الأقل شهرة یعد مرجعًا لمستخدمي اللغة في مختلف 

المجــالات، بــدلا مــن تحمــل العــبء فــي البحــث عــن الكلمــة المعبــرة عــن المقصــود وتكــون فــي الوقــت نفســه معلومــة ومفهومــة 

أما في مجـال الترجمـة الآلیـة فـیمكن اسـتخدام . توفیر الجهد والوقت المبذول لانتقاء الكلمات والمفردات للمتلقي، وبذلك یمكن

تلك القوائم وإدخالها إلى البرنامج المترجم في صـورة حقـول یسـتدل بهـا علـى أكثـر المفـردات شـیوعًا ثـم یقـوم باسـتدعاء أشـهر 

 .معانیها

 

 نتائج الدِّراسة: خامسًا

على إعداد هذه الدراسة عدم وجود دراسات عربیة حول المعاجم التكراریة للغة العربیة، وإن كان هناك كان الباعثُ 

دراسات تناولت التأصیل النظري لفكرة المعجم التكراري، مستهدفة وضع نموذج للمعجم التكراري یساهم في تیسیر عملیة 

 .التعلیم والتعلیم

تعلیم اللغة وتطویره على المستویین في التعامل مع أبنائها أو الواردین كما هدفت الدراسة إلى الإسهام في مضمار 

 .علیها من غیر الناطقین بالعربیة
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 : وتأتي نتائج الدراسة في توفیرها المخرجات التالیة

إنتاج معجم تكراري للغة العربیة المعاصرة، یقوم بحصر أشهر مفردات اللغة العربیة وترتیبها في قائمة یسهل  .1

إلیها والبحث فیها، مما یوفر على المعلم والمتعلم الإفادة من مخرجات هذا المعجم، بصورة تیسر  الوصول

 .العملیة التعلیمیة

تفعیل دور المدونات اللغویة الحاسوبیة وفق أصوله العلمیة النموذجیة في تعلیم اللغة العربیة ونشرها لدى  .2

 . دارسي اللغة العربیة من غیر الناطقین بها

 . معلمي اللغة العربیة وباحثیها بما یساعدهم في عملهم، في مجال الصناعة المعجمیةإمداد  .3

وأیهما أسهل .. إیضاح الفرْق بین تعلم اللغة العربیة بالطریقتین التقلیدیة القدیمة والطریقة الحاسوبیة الجدیدة .4

 . وأتم

لمعجم المنشود، مع ترتیبها من الأكثر إنتاج مدونة معجم تكراري تحصر ألفاظ العربیة المعاصرة، وتكون نواة ل .5

 .شیوعًا إلى الأقل مع ذكر نسب وجودها وتكرارها؛ مما یسهم في مجال تعلیم اللغة العربیة لغیر الناطقین بها

 .الوقوفعلىسبلتطویردورمدونات المعاجم لتفعیل نظم تعلم اللغة العربیة .6

إلى بعض التوصیات التي قد تؤدي إلى فاعلیة تطبیق مناقشة التطبیقات العملیة لنتائج البحث ومحاولة التوصل  .7

 .مدونات المعاجم في تعلم اللغة العربیة

 .إبراز دور المدونات اللغویة الإلكترونیة في خدمة المعجم العربي، ومجال تألیف المعاجم .8

 الشكر: سادسًا

 كُتُبُ وَبِاِسمكَ الیَومَ أَضحَت تَفخرُ ال بِفَیض فَضلِكَ یَحیا العلمُ وَالأَدَبُ 

 وَمِن ضِیا فَهمِكَ الإِرشادُ مُنسَكِبُ  فَمِن سَنا فِكْرِكَ التَهذیبُ مُنتَشِرٌ 

 خلیل الخوري

 ..إلى مَن نَهَلْتُ مِنْ بَحْرِ عِلْمِهِمَا الفیَّاضِ 

 ..إلى السِّرَاجَیْنِ المُضِیئَیْنِ اللذین نِلْتُ شَرَفَ تَوْجِیهَاتِهمَا لدِرَاسَتِي

 ...الجَلِیلَیْنِ إلى أسْتَاذَيَّ 

 الأستاذ الدكتور إبراهیم الدسوقي

 الدكتور المعتز باالله السعید
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 فَائِقُ احترَامِي وتَقْدِیرِي

 قائمةُ المراجع: سابعًا

 المراجع العربیة: أولا

 . 1940، القدس، الجامعة العبریة "قاموس الصحافة العربیة"موسى بریل  •

" دراســة فــي قـوائم المفــردات الشــائعة فـي اللغــة العربیــة: اللغــة العربیـةالمفــردات الشـائعة فــي : "داود عطیــة) عبـده( •

 .م1979

جمعان، تطبیقات استعمال لسانیات المدونات في إصدار معجم تأریخي للغة العربیة، بحث منشور ) عبد الكریم( •

ـــــي مجلـــــة  -1431، مؤسســـــة البحـــــث والدراســـــات العلمیـــــة، العـــــدد التاســـــع والعاشـــــر، "دراســـــات مصـــــطلحیة"ف

 . م2010-2009/ه1432

 ".تحت النشر-مدخل إلى علم اللغة الحاسوبي: من كتاب" المدونات اللغویة"المعتز باالله ) السعید( •

 .القاهرة-م، عالم الكتب1998/هـ1418، 1، ط"صناعة المعجم الحدیث"أحمد مختار ) عمر( •

 .م2002الطبعة الأولى  القاهرة،-، دار الفكر العربي"لغة الصحافة المعاصرة"محمد حسن ) عبد العزیز( •

المملكــة /جــدة/م، تهامــة1983، 1، ط"مبــادئ الطــرق الإحصــائیة"عبــد الحمیــد محمــد ربیــع، .جــلال الصــیاد، د.د •

 .العربیة السعودیة

، برنـــامج دراســـة المجتمـــع، مركـــز التعلـــیم المفتـــوح، جامعـــة بنهـــا، "مـــدخل إلـــى الإحصـــاء"غریـــب محمـــد ) أحمـــد( •

 .2012المستوى الأول، 

الســنة /  2012یونیــو  25/ هـــ1433مــن شــعبان  5لیــوم الاثنــین : هــرام المصــریة، البوابــة الإلكترونیــةجریــدة الأ •

 . 45857العدد / 136

 .م2007، 2القاهرة، دار الهاني ، ط-، دار العلوم"معاجم العربیة ومصادرها: "محمد یوسف حبلص/راجع د •

 .مكتبة الشروق الدولیةم، 2004/هـ1425، 4مجمع اللغة العربیة، طالمعجم الوسیط،  •

، 4أحمـد عبـد الغفـور عطـار، دار العلـم للملایـین، ط: إسماعیل بن حماد، تحقیق) الجوهري(الصحاح في اللغة،  •

1990 . 

 .الهیئة المصریة العامة للكتاب. هـ1301، المطبعة الأمیریة 3طالقاموس المحیط، للفیروز أبادي،  •

 المراجع الأجنبیة: ثانیا
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• EDWARD L. THORNDIKE "The Teacher's Word Book" NEW YORK, 1921, 
TEACHER'S COLLEGE, COLUMBIA UNIVERSITY.  

• Buckwalter , T. & Parkinson, D. (2011). A Frequency Dictionary of Arabic: 
Core Vocabulary for Learners. 

• Martin Thomas, “Electronic Text”, Electronic Text Notes - tx.xml,2002 

• Bolshakov , I. and Gelbukh, A(2004). Computational Linguistics "Models, 
Resources, Applications" 

 

 الأوراق والأطروحات البحثیة: ثالثاً

، نــدوة القــرآن الكــریم والتقنیــات )"المــنهج والنمــوذج(المعجــم التكــراري لألفــاظ القــرآن الكــریم : "المعتــز بــاالله) الســعید( •

مجمـع الملـك فهـد لطباعـة المصـحف الشـریف، المدینـة  ، المملكـة العربیـة السـعودیة،)تقنیة المعلومـات(لمعاصرة ا

 .2009المنورة، 

، أطروحة لنیل درجة الماجستیر بكلیـة "معالجة لغویة حاسوبیة: مدونة معجم عربي معاصر"المعتز باالله ) السعید •

 .2008دار العلوم، القاهرة، 

الجانـب اللغـوي للمعجـم الحاسـوبي للغـة العربیـة، ضـمن البحـوث : إبراهیم الخراشي.یل صالح ودمحمود إسماع.د  •

 .م2008المقدمة في الاجتماع الثاني لخبراء المعجم الحاسوبي التفاعلي، الریاض، 

، أطروحـة "دارسـة لغویـة حاسـوبیة.. مدونـة معجـم تـاریخي للغـة العربیـة المعاصـرة"المعتز بـاالله ) السعید( •

 .2010راه، دكتو 

 السیرة الذاتیة

 

  

 .جامعة القاهرة –كلیة دار العلوم  –قسم علم اللغة والدراسات السامیة والشرقیة  –ماجستیر باحث  -

 .جامعة عین شمس –كلیة التربیة  –حصلت على الدبلوم العام في التربیة  -
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، مـن مركـز التـدریب اللغـوي بكلیـة دار "مهـارات التصـحیح اللغـوي"، "مهارات فن الإعـراب"على دورات  حصلت -

مـن كلیـة دار العلـوم برعایـة مؤسسـة " العـروض وتـذوق الشـعر"، "المهـارات اللغویـة"العلوم، كمـا حصـلت دورات 

 .البابطین
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Abstract—This paper sheds light upon the current state of Arabic corpora. Unfortunately, Arabic lackes corpora and corpora 
tools to affect the quality of Arabic language applications. There are rarely successful Arabic corpora trails in compilation and 
analysis. So, Bibliotheca Alexandrina (BA) has initiated a big project to build an Arabic corpus in the manner of the 
International corpus of English (ICE) to be a newly established representative corpus of modern standard Arabic (MSA) that 
is intended to cover the Arabic language as being used all over the Arab world. ICA was planned to contain 100 million 
analyzed words with a web query system which allows users to interact with data [ICA website]. 

1 INTRODUCTION 
As language and linguistics studies cannot rely on intuition or small samples of language, they require empirical analysis 
of large database of texts as in the corpus-based approach, because of the importance of corpora to language and 
linguistics studies is aligned to the importance of empirical data. Corpus-based methods can be used to study a wide 
variety of topics within linguistics. Because Corpora consist of texts, they enable the linguists to contextualize their 
analyses of language; corpora are very well suited to more functionally based discussions of language and linguistics. 
Fortunately, modern computers have made it possible to store a large number of texts and to analyze a large number of 
linguistic features in those texts. 

However, Linguists of all persuasions have discovered that corpora can be very useful resources for pursuing various 
resources of research agendas, due to the importance of corpus in language and linguistic studies such as corpus in 
lexicography, grammar, semantics, natural Language Processing and other language studies [1].  

Due to the increasing need for an Arabic corpus to represent the Arabic language and because the trials to build an Arabic 
corpus in the last few years were not enough to consider that the Arabic language has a real, representative and reliable 
corpus, it was necessary to try to build an Arabic corpus that could support the various linguistic research on Arabic. 
Thus, this work was inspired by the difficulties that encountered Arabic Language researches because of the lack of 
publicly available Arabic corpora. 

Arabic is the largest member of the Semitic language family, most closely related to Aramaic, Hebrew, Ugaritic and 
Phoenician. Arabic is one of the six official languages of the United Nations1 and it is the main language of most of the 
Middle East countries. Arabic ranks fifth in the world's league table of languages, with an estimated 206 million native 
speakers, 24 million as 2nd language speakers to add up to total of 233 million, whereas World Almanac estimates the 
total speakers as 255 million. Arabic language is the official language in all of the Arab nations as Egypt, Saudi Arabia 
and Algeria. Moreover, it is also an official language in non-Arab countries as Israel, Chad and Eritrea. It is also spoken 
as a 2nd language in other non-Arab countries as Mali and Turkey2. 

The formal Arabic language, known as Classical Arabic is the language in which the Qur’an is written and is considered 
to be the base of the syntactic and grammatical norms of the Arabic language. However, today it is considered more of a 
written language than a spoken one [2]. Modern Standard Arabic (MSA) is similar to Classical Arabic, but it is an easier 
form. It is understood across the Arab world and it is used by television presenters and politicians, it is the form used to 
teach Arabic as a foreign language. There are different MSA varieties as the rate of similarity between every Arab 
country version of MSA and Classical Arabic differs. This is one of the issues that this paper will present. 

Trials have been conducted to build Arabic corpora, but unfortunately some of them were unsuccessful trials and others 
were for commercial purposes only. Some of these trials are: KACST Arabic Corpus3 that is neither analyzed, nor well 
planned; it also contains a lot of classical Arabic texts [3], CLARA corpus that contains only 15,000 analyzed words [4], 

                                                      
1 http://www.un.org/en/aboutun/languages.shtml 
2 http://www.un.org/en/aboutun/languages.shtml 
3 http://www.kacstac.org.sa/pages/About.aspx 
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Al-Nahar Newspaper Text Corpus4 that is not analyzed and contains texts from one source only, a Corpus of 
Contemporary Arabic (CCA Corpus)5 that contains one million words collected from websites as well as online 
magazines [5], Penn Arabic Treebank that is analyzed but contains one million words only [6], Arabic Gigaword Corpus 
which is analyzed but is not accessible for free [7], Nemlar project that contains an Arabic written corpus of  500K 
words; however, its analysis features are limited, in addition it is not accessible for free, and many other incomplete 
trails[8].  

Bibliotheca Alexandrina (BA) has initiated a big project to build the “International Corpus of Arabic (ICA)”, a real trial 
to build a representative Arabic corpus as being used all over the Arab world to support research in Arabic [9]. In order to 
build a corpus there are a number of factors which need to be taken into consideration. These factors include size, 
balance and representativeness [10]. The following sections will present more about ICA structure and how the data was 
collected.  

In what follows, Section 2 shows the ICA data design, how it is compiled, discuss the copyrights issue, the lexical 
density and variety measures that were applied to the ICA. Section 3 refers to the analysis stage of ICA, ICA tag sets and 
ICA linguistic information. Section 4 gives a brief review on the ICA website for the researchers to query its data. 
Section 5 describes the conclusion ICA compilation, analysis and the importance of ICA web site. 

2 ICA DESIGN & COMPILATION STAGE 
 
ICA is a general and dynamic corpus appropriate for a variety of uses. The collection of samples is limited to written 
Modern Standard Arabic, selected from a wide range of sources and designed to represent a wide cross-section of Arabic 
language; it is stimulating the first systematic investigation of the national varieties as being used all over the Arab world. 
It is important to realize that the creation of ICA is a "cyclical" process, requiring constant reevaluation during the corpus 
compilation. Consequently, we are willing to change our initial corpus design if there are any circumstances that would 
arise that requires such changes.  

A. ICA Design 

As language is infinite but a corpus has to be finite in size, we sample and proportionally include a wide range of text 
types to ensure the maximum balance and representativeness. A balanced corpus covers a wide range of text genres 
which are supposed to be representative of the language or the variety under consideration. ICA genre design relied on 
Dewey decimal classification of documents; however, this has been further classified to suit clear genre distinction rather 
than classifications for libraries. For example, Dewey decimal classification [11] combines history and geography in one 
classification, while in ICA they are separated into two sub genres related to humanities genre. It has been designed to 
reflect a more or less real picture of how Arabic language exists in every field and in every country rather than relying on 
a theoretical image. 

ICA is planned to contain 100 million words. However, currently it is still around 80 million words. Criteria for 
determining the structure of a corpus should be small in number, clearly separate from each other, and efficient as a 
group in delineating a corpus that is representative of the language or variety under examination [12]. Accordingly, ICA 
includes 11 genres as shown in table (1). Each genre is classified into 24 sub-genres, including; Politics, Law, Economy, 
Sociology, Islamic, Pros etc. Moreover, there are 4 sub-sub-genres, namely; Novels, Short Stories, Child Stories and 
plays. 

  

                                                      
4 http://www.elda.org/catalogue/en/text/W0027.html 
5 http://www.comp.leeds.ac.uk/eric/latifa/arabic_corpora.htm 
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TABLE I 

 ICA GENRES 

Genre Number of Texts % of total written 

Humanities  1,001 8% 
Strategic Sciences  15,359 13% 
Social Sciences  7,585 12% 
Natural sciences  179 1% 
Applied Sciences  2,363 1% 
Religion  2,825 14% 
Art & Culture  7,074 5% 
Biography  116 2% 
Literature 3,423 12% 
Sports 12,087 7% 
Miscellaneous 18,010 25% 

ICA determines the size of every genre based on a questionnaire that has been conducted by the Bibliotheca Alexandrina 
readers along with some statistical studies that have been made on all the available books, magazines, articles, academics, 
… etc. ICA design focuses on the number of words. However, issues of size are also related to the number of texts taken 
from the different genres, the number of samples taken from each text, and the number of words in each sample.  

Balance in a corpus has not been addressed by having equal amounts of texts from the different sources or genres. The 
balance is based on the factual distribution of the language real use. For example, literature genre represents 12% while 
biography genre represents 2% from the corpus data distribution. 

In collecting a corpus that represents the Arabic Language, the main focus was to cover the same genres from different 
sources and from all around the Arab nations. However, we decided to add Arabic data that belongs to the Arabic 
language even if they had been published outside the Arab world as al-Hayat magazine which is published in London. 

1)  Text Compilation and Categorization: ICA is regularly updated to be representative. ICA has been compiled 
according to a methodology has been developed to enabled the corpus compilers to select all and only the MSA data 
rather than the colloquial Arabic data. The ICA text categorization has also been done according to the topic of the text, 
depending on distinct semantic features that have been determined for each genre. These features keep the ICA data 
categorization objective rather than being subjective; depending on the compiler intuition. Accordingly, ICA texts can be 
considered as a good training data for text categorization system.  
ICA data is composed of Modern Standard Arabic (MSA) written texts. There are different resources for compiling the 
data. It has been decided to compile all available Arabic data written in MSA. ICA composed of four sources, namely; 1. 
Press source which is divided into three sub-sources, namely; (a) Newspapers such as Al Ahram from Egypt, Addstour 
from Jordan, Al Hayat from Lebanon … etc (b) Magazines which had been compiled from the official magazines (c) 
Electronic Press which had been compiled from magazines and newspapers that are written in MSA and have only soft 
electronic copy through world wide web. (2) Net articles which were compiled from forums and blogs that are also 
written in MSA. (3) Books which had been compiled from all the available books that are written in MSA and have a soft 
copy. (4) Academics which had been compiled from the scientific papers, researchers’ thesis, PhDs etc. 

 
Figure 1: ICA Sources 
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2) Quantitative Linguistics of ICA: Corpus analysis is both qualitative and quantitative. One of the advantages of 
corpora is that they can readily provide quantitative data which intuitions cannot be provided reliably. The use of 
quantification in corpus linguistics typically goes well beyond simple counting, table 2 shows part of the quantitative 
linguistic analysis for ICA statistics. 

TABLE II 

QUANTITATIVE LINGUISTIC ANALYSIS FOR ICA STATISTICS 

Statistics Total Number 
No. of texts 70,022 
No. of compiled data 79,569,384  
No. of Tokens 76,199,414 
No. of Type 1,272,766 
No. of ICA sources 4 
No. of sub sources 3
No. of genres 11 
No. of sub genres 24 
No. of sub sub-genres 4 
No. of countries 20 
No. of covered years 22
No. of writers 1,021 

3) ICA Lexical Density: Lexical density is a descriptive parameter which varies according to register and genre to 
measure the proportion of content words; nouns, verbs, adjectives, and often adverbs, to the total number of words. 
Written texts have a higher lexical density than spoken texts. Lexical density is determined thus:  
 

 
A high lexical density indicates a large amount of information-carrying words and a low lexical density indicates 
relatively few information-carrying words.  
Fig. 2 includes a comparison of the lexical density of Books and Net Articles sources. Random sample was selected from 
ICA data consisting of 4 million words (2540 texts represent net articles and 154 texts represent books). It has been 
found that books have high density of information and that net articles have low density of information, because book 
authors have a much longer time to plan and shape the units of meaning that he or she wishes to use. There is sufficient 
time to select the most appropriate lexical word, review the text and replace words before one makes the text available. 
Lexical density, then, can serve as a useful measure of how much information there is in a particular text [13]. 

 

Figure 2: Total number of words and the lexical density of each Source 

Fig. 3 shows a distribution of 40,532,180 words among ICA genres, it has been found that the genre that has the largest 
number of words is the Literature genre and the smallest is Sports. It also includes the lexical density of each genre; it has 
been found that Social Sciences has high density of information while Humanities has a low density of information. 

Lexical density = (Total Number of lexical words/Total Number of words) * 100 
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Humanities is a main genre that includes 4 sub genres (History, Psychology, Philosophy, and Geography) all of which 
are fields that are purely scientific, resulting in low richness of lexical words. 

 

Figure 3: Total number of words and the lexical density of each Genre 

4) Copyrights: One of the serious constraints on developing large corpora and their widespread use is national and 
international copyright legalizations. According to copyright laws, it is necessary and sensible to protect the authors as 
well as the publishers’ rights of the texts that they had produced. ICA data Copy rights and publishing issues are in 
progress by Bibliotheca Alexandrina Legal department. For that reason, the ICA data is not available to be downloaded, 
but the researchers can search the ICA data via the ICA website. 

5) ICA Utilities:  Good corpus needs to meet two major requirements to achieve its goal which are well planning and 
a huge amount of data6. Therefore, we have an application that helps us through the compilation and categorization stage. 
It is more like a utility containing multiple tools that cover the whole process, from collecting the data, categorizing it 
into its correct categories to reporting any information or even changing its categorization. 
Compiler adds all the available information such as Website, date of publishing, publisher (name and country), writer 
(name, gender, age, nationality and educational level) which can be very useful to other studies such as sociolinguistics, 
the documents are stored in UTF format as a txt file to guarantee its compatibility with all platforms, as shown in Fig. 4.  

 
Figure 4: Compilation phase 

With the huge amounts of data, navigation tool comes right in place, it enables the user to: A. review the documents in 
the form of a tree that simulates the ICA hierarchy. Moreover, the compilation date, compilers names or any loaded 
document can be deleted from the hierarchy and moved to recycling, B. search inside the raw data, the search results will 
include documents that contain the search input and the context it appears in, C. change the document categorization 

                                                      
6 http://en.wikipedia.org/wiki/Language_planning 
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from one source to another or edit the metadata of the document as the complier may have made some errors during the 
compilation stage, D. choose between three different types of search options: Exact match, Wildcard and Regular 
Expression, as shown in Fig. 5. 

 

Figure 5: Navigation 

3 CORPUS ANALYSIS STAGE 
 

Corpus linguistics is the analysis of naturally occurring language on the basis of computerized corpora. Usually, the 
analysis is performed with the help of the computer [14]. 

B. ICA Tag Sets 

Many natural language expressions are ambiguous, and need to draw on other sources of information to be interpreted. 
To interpret words to be able to discriminate between different usages is needed [15]. 
Part-Of-Speech tagging is the process by which a specific tag is assigned to each word of a sentence to indicate the 
function of that word in the specific context [16]. Traditional Arabic grammar defines a detailed part-of-speech hierarchy 
which applies to both words and morphological segments. Fundamentally, a word may be classified as nominal, verb or a 
particle [17]. Arabic is very rich in categorizing words, and contains classes for almost every form of word imaginable. 
For example, there are classes for nouns of instruments, nouns of place and time, nouns of activity and so on [18].  
ICA tag sets consist of 6 categories with 46 types of tags. The tag sets of the VERB category contain 5 tags; Command 
Verb, Imperfect Verb, Imperfect Passive Verb, Past Verb and Past Passive Verb. NOUN and ADJECTIVE category 
consists of 10 tags; Adjective, Noun, Adverb of Manner, Adverb of Place, Adverb of Time, Verbal Noun, Proper Noun, 
Proper Noun(Adverb of Time), Proper Noun(Interjection) and Number. PRONOUN category consists of 3 tags; 
Demonstrative Pronoun, Pronoun and Relative Pronoun. PARTICLE consists of 10 tags; Focus Particle, Future Particle, 
Interrogative Particle, Negative Particle, Particle, Verb Particle, Exception Particle, Conjunction, Interjection Particle and 
Sub Conjunction. META-INFORMATION category consists of 12 tags. Non-linguistic-information category consists of 
4 tags. Finally, it is the link category which consists of 2 tags. 

Noun category contains: 
 (ADV_T): Added right after the basic word class of the nouns. It refers to Adverbs which describe time. 
 (ADV_P): Added right after the basic word class of the nouns. It refers to Adverbs which describe place. 
 (ADV_M): Added right after the basic word class of the nouns. It refers to Adverbs which describe manner. 

Fig. 6 is an example of NOUN (ADV) in ICA. 
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Figure 6: NOUN (ADV) in ICA 

C. Some ICA Linguistic Qualifiers 

The stem-based approach (concatenative approach) has been adopted as the linguistic approach to analyze the ICA.  
The lexicon includes over 97,000 entries, belonging to 17 part-of-speech (POS) categories. Lexically specified 
information includes: word, vocalization, lemma, prefix(s) (for nouns, adjectives and verbs), suffix(s) (for nouns, 
adjectives and verbs), gender (for nouns and adjectives), number (for nouns and adjectives), definiteness (for nouns and 
adjectives), root and pattern (for verbs and nouns), Arabic stem, and case. 
Functional Arabic morphology enables the functional gender and number information thanks to the lexicon that can 
stipulate some properties as inherent to some lexemes, and thanks to the paradigm-driven generation that associates the 
inflected forms with the desired functions directly [19]. 

1) Number:  Traditional Arab grammarians have established that the Arabic plural system consists of two-mode 
formation; sound plural and broken plural. Broken plural is undeniably considered, both in morphological and 
phonological circles, as the most complicated system of nominal plurality because of the great number of patterns due to 
the overall morphological patterning of the language [20]. 
ICA Number information includes; broken plural “PL_BR” which indicates the irregularity while conducting plural 
process; for example, “ أنحاء مجالس، نواب، ”. 
Fundamentally, if there is ambiguity such as “كتاب” which can be “kut~Ab” that would be featured as “PL_BR”, or 
“kitAb” that would be featured as “SG”, the number feature in ICA is determined according to the vocalization of the 
words. 

 

Figure 7: ICA Number feature 
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2) Gender: Gender is an unarguable morphosyntactic feature, since it is required for agreement. The realization of 
the value for gender on the target is the accepted instance of the need for a syntactic rule of agreement [21]. 
Gender is an inherent feature of nouns, and a contextual feature for any other element that have to agree with the nouns in 
this feature. Typically, gender is lexically supplied and its value is fixed for the noun. However, in some cases the gender 
of the nouns can be a semantically selected feature, where one gender value is selected from a set of options. Therefore, 
the lexical entries of nouns, adjectives and pronouns in a gendered language must specify either that the word has a fixed 
gender value or that it is capable of taking on different gender values as dictated by the semantics7. 
Some different genders can be chosen to highlight a particular property of the referent. For example, some Arabic words 
faced in ICA have two genders; masculine, and feminine, as “طريق، حال، نحن”. This issue is solved by adding 
masculine/feminine “MASC/FEM” feature in the column of Gender. 

 

Figure 8: ICA words that have MASC/FEM feature 

3) Definiteness:  The definiteness feature in ICA indicates whether the nominal or the adjectival words are definite, 
indefinite or definite with EDAFAH (DEF_EDAFAH). The feature of Definite with EDAFAH is added to the word 
according to the context. 

4) Root:  In Arabic, root is the basic source of all the word forms. The root is not a real word; rather it is a sequence 
of three consonants that can be found in all the words that are related to it. It is just a sequence of consonants8.  The root 
is the primary lexical unit of a word; base word. Moreover, the root of each word is detected according to its lemma. 
In ICA, every analyzed noun (including adverbs), adjective and verb has a root related to it even if the root consists of 
three or four sequenced consonants depending on their lemmas. The ICA data contains 2,435 different distinct roots. 
If a specific word has more than one root, it will constitute a problem. This problem is solved by adding the roots 
separated by “/” in the Root column. Moreover, the root of each word is detected according to its lemma. It is noted that 
some words have no root as "على، الأمريكي، ديمقراطية" ; also some foreign words are used in Arabic orthography such as, 

"فلوريدا، سوستيه، شارون" . Analysts have added the root “NULL” to such words, as shown in Fig. 9. 

                                                      
7 http://www.features.surrey.ac.uk/features/gender.html 
8 http://arabic.tripod.com/Roots.htm 
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Figure 9: A sample of roots in ICA 

5) Name entity: This feature is added to words that refer to titles as the title of an institute, ministry, association, 
country, book, film or conference; it also includes compound names e.g., the compound name ‘الولايات المتحدة الأمريكية’. 

 
Figure 10: ICA Name entity (NE) 

D. ICA Website9 

 
The ICA data is available to be queried through the ICA website. It is an interface that allows users to interact with the 
corpus data in a number of ways. The interface provides four options of searching the corpus content; namely, Exact 
Match Search, Lemma Based Search, Root Based Search and Stem Based Search. 

More search options are available; namely, Word Class and Sub Class, Stem Pattern, Number, Definiteness, Gender, 
Country (Advanced search). Moreover, the scope of search may include the whole corpus, Source(s), Sub-Source(s), 
Genre(s), Sub-Sub-Genre(s) or Sub-Genre(s). 

Fig. 9 presents an example of a query of the analyzed data that states: when the word ‘وعد’ is searched for using a 
Lemma-Based search option, the system will highlight all possible lemmas that the word may have, since Arabic is 
orthographically ambiguous. In this example, the system will highlight several possible lemmas; ‘wa؟ada’ ‘to promise’, 
‘wa؟d’ ‘Promise’ and ‘؟aada’ ‘return’. If the lemma ‘wa؟d’ ‘Promise’ is chosen the output search in this case will include 
all words that have this lemma such as ‘وعود’ ‘Promises’, ‘alwa؟d’…etc. with all the possible word forms together with 
concordance lines. 

                                                      
9http://www.bibalex.org/ica/en/ 
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Figure 11: The lemma ‘wa؟d’ ‘Promise’ output search 

In the search output, there will be some information about the number of search result, country, source, genre, sentence 
and context for each word. This phase is phase one of ICA website, more enhancements are expected in later phases. The 
current phase of ICA application does not represent the final release as we are still receiving users’ comments and reports 
till all of them are reviewed and implemented. However, the official phase of ICA application will give the opportunity 
for the researchers to save their query results to benefit from them in their researches. 

4 CONCLUSION 

In this view, corpus-based investigations are very helpful; this can be very clear in lexical studies, grammar, semantics, 
NLP and many other language studies. Hence, this paper presents a quick view of the importance of building Arabic 
corpora and how most of the existing MSA analyzed Arabic corpora are not sufficient for building Arabic applications 
which service Arabic NLP. The current status of the ICA was presented along with its design, compilation and the used 
ICA utilities. This trial can be considered as one of the most successful approaches for analyzing modern standard Arabic 
(MSA) in comparison with other trials of Arabic analyzed corpora. ICA website plays a role in overcoming the lack of 
Arabic resources. It is the 1st online freely available, easy access query on 100,000,000 words which reflect the richness 
and variation of the ICA analyzed corpus whose aim is to help the NLP community in specific and other researchers in 
general. 
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وإن . اك محاولات ضئيلة ناجحةنظرا لأھمية اللغة العربية في العالم ومكانتھا فقد تم في الآونة الأخيرة عدة محاولات لبناء مدونات عربية وتحليلھا، ومع ذلك فإن ھن —ملخص

كندرية كمؤسسة عريقة تھتم بشتى العلوم بدأت في بناء واحدة من وبناء على ذلك، فإن مكتبة الإس. ھذه المدونات لھا أھمية كبيرة في بناء تطبيقات خاصة بمعالجة اللغة الطبيعية
  .نحوي-وتحليلھا على المستوى المورفو (ICA)أكبر المشاريع في الوطن العربي ألا وھو بناء المدونة اللغوية العربية 

ولكن تصميم المدونة وتجميعھا ليس مطابقا تطابقا تاما للمدونة . العربية المعاصرةلتمثل اللغة  (ICE)إن بناء المدونة اللغوية العربية جاء محاكياً للمدونة اللغوية الإنجليزية 
  .الإنجليزية ولكن تم تجميعھا وتصميممھا طبقا لمعايير معينة تناسب بناء المدونات العربية

الأساسية التي تمثل اللغة العربية تمثيلا جيدا ومن ثم تم تحديد إحدى فتصنيف المدونة العربية وتصميمھا اعتمد على تصنيف ديوي العشري المكتبي وذلك لتحديد الفئات العامة 
أما بالنسبة لعملية التجميع فقد تم آليا من أربعة مصادر مختلفة ھم . عشرة فئة أساسية متفرع من كل منھم أربعة وعشرون فئة فرعية ويتفرع منھم أربعة فئات أخرى فرع فرعية

  .الكتب، والدراسات الأكاديمية لكي  يصل عدد كلمات المدونة إلى مائة مليون كلمةالصحافة، المقالات الإلكترونية، 
منھا، خمسة لوسم . تة وأربعون نوعاللمدونة اللغوية العربية  الأوسمة الخاصة بھا التي تستخدم في عملية التحليل، وھذه الأوسمة مكونة من ستة أنواع أساسية متفرع منھم س

  .والصفات، ثلاثة للضمائر، عشرة للأدوات، اثنى عشرة للمعلومات الوصفية، أربعة للمعلومات غير اللغوية كالأرقام والعلاماتالأفعال، عشرة للأسماء 
ة، نطق الكلمة، وھذه المعلومات ھي الكلم. أما القاموس الخاص بالتحليل فيتكون من سبعة وتسعين ألف مُدخل وكل منھم مقسم إلى سبعة عشرة معلومة تحلل الكلمة بناء عليھم
  .جذع الكلمة، السوابق، اللواحق، التذكير والتأنيث، العدد، التعريف والتنكير، الجذر، الوزن الصرفي، ساق الكلمة، العلامة الإعرابية

عدة مستويات منھا البحث بمطابقة الكلمة، البحث  ولاستفادة الباحثين والطلاب من  مزايا المدونة العربية اللغوية فقد تم تصميم موقع إليكتروني خاص بالمدونة للبحث فيھا على
  .وھناك طرق عديدة أخرى للبحث داخل المدونة. بأصل الكلمة أو ساقھا، البحث بجذع الكلمة، أو البحث بجذر الكلمة
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أثر الفاء الحلقي للفعل الثلاثي المضعف في البنیة الصرفیة 
 دراسة لغویة حاسوبیة: لمضارعه

 وفاء كامل فاید/ د.ا
 جامعة القاهرة –كلیة الآداب 

wafkamel@link.net 

 :مقدمة البحث
إلى أن  خلصَت بحوثي السابقة إلى عدد من القواعد التي تحكم تنافر الأصوات العربیة وتآلفھا؛ وھو ما یشیر

 .وراء السلوك اللغوي التلقائي للعربیة نظاماً ضمنیاً یحدد النماذج المقبولة وغیر المقبولة
، عَضَّ (، مثل الأفعال ولما كان الفعل الثلاثي المضعف المجرد ، خَفَّ فحسب  صوتین منإلا  تكونلا ی) جَرَّ

یخَِفُّ بكسر الخاء، : ھو) خَفَّ (بضم الجیم، ومضارع الفعل  یجَُرُّ : ھو) جَرَّ (وكنا نلحظ أن مضارع الفعل 
ھذا النوع من صوتیفقد رأیت أن أختبر أثر موقع كل من یعََضُّ بفتح العین،: ھو) عَضَّ ( الفعل ومضارع

ھذا البحث یحاول تلمس علاقة الصوت الأول من الفعل الثلاثي و. باب الصرفي لمضارعھعلى الالأفعال 
 .، بالصیغة الصرفیة لمضارعھ)فاء الفعل(المضعف المجرد 

 
 :أھداف البحث 

 : یھدف ھذا البحث إلى تلمس الإجابة عن التساؤلات الآتیة 
 ھل یؤثر مخرج الفاء الحلقي للفعل الثلاثي المضعف في ورود الفعل على باب صرفي بعینھ ؟ -1
 ھل یؤثر حیز الفاء الحلقي للفعل الثلاثي المضعف في ورود الفعل على باب صرفي بعینھ ؟  -2
الف��اء الحلق��ي م��ع الع��ین : ؤثر اتف��اق الص��فات أو اختلافھ��ا ف��ي ص��وتي الفع��ل الثلاث��ي المض��عفی��ھ��ل  -3

 واللام، في ورود الفعل على باب صرفي بعینھ ؟
الحلق��ي عل��ى الب��اب الص��رفي للفع��ل الثلاث��ي ھ��ل یمك��ن تلم��س بع��ض القواع��د الت��ي تحك��م أث��ر الف��اء  -4

 المضعف ؟
 

 :عینة البحث
لغزارة اعتمدت الدراسة القاموس المحیط للفیروزابادي؛ لاستخراج الأفعال الثلاثیة الصحیحة التي وردت بھ؛ 

، ولحرصھ على ضبط حروف كلماتھ بالشكل، إلى جانب التزامھ بتحدی�د الب�اب الص�رفي مادتھ مع اختصاره
وقد استقصت الدراس�ة الأفع�ال الثلاثی�ة الص�حیحة المض�عفة ب�ھ، . بربطھا بأوزان الأفعال المعروفة لأفعالھ

 .واتخذتھا عینةً للبحث
 خطوات البحث

استقصت الدراسة الأفعال الثلاثی�ة الص�حیحة المض�عفة الت�ي وردت بالق�اموس المح�یط، وس�جلتھا م�ع 
عال المرصودة ف�ي الج�دول رص�دت الدراس�ة تص�رف ومن الأف. تصریفاتھا  في جدول خاص قام علیھ البحث

 .المضعف الثلاثي حین یكون أحد الأصوات الحلقیة فاءً لھ، وتتغیر أصوات عینھ ولامھ
 .وقد دفعت ھذه البیانات إلى مبرمج حاسوبي، وقورنت النتائج اللغویة بالنتائج الحاسوبیة

 :ما یليأكَّدت الدراسة :نتائج البحث
 .تصرف مضارع الفعل ،فيمع مخرج عینھ ولامھ فقط، الحلقي للمضعف فقطمخرج الفاء أثر  .1
 .في تصرف الفعل على الباب الصرفي) العین واللام(مع حیز ) الفاء(مخرج  أثر  .2
 .في تصرف الفعل على الباب الصرفي) العین واللام(مع مخرج ) الفاء(حیز أثر  .3
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 .ھ، في تصرف الفعلوصفت) العین واللام(وصفتھ، مع مخرج ) الفاء(حیز أثر  .4
 .بعینھالفعل على باب مضارع مخرج صوتي المضعف مع صفتھما في تصرف أثر  .5
 .أثر اختلاف صفتي الجھر والھمس في فاء المضعف في تصرف مضارع الفعل .6
 .أثر اختلاف صفتي الإطباق والانفتاح في صوتي الثلاثي المضعف على بابھ الصرفي .7

 
 :أھمیة البحث وجدواه التطبیقیة

 :كما یليالتطبیقیةواللسانیات الحاسوبیة اللسانیات كل من  الاستفادة من نتائج الدراسةفيیمكن 
 : Computational lexicographyفي العمل المعجمي الحاسوبي : أولا 
  في بناءقاعدة بیانات معجمیةLexical database : 

الممكن�ة والممتنع�ة، وإحص�اء ذل�ك آلی�ا؛ فبناء قاعدة بیانات معجمیة یتطلب استقصاء للكلمات والأوزان 
 .لتتمیم وصف المعجم، والتوصل إلى القواعد الصوتیة، والصوتیة الصرفیة، التي تحكم ھذا المعجم

  في تعرّف الكلامSpeech recognition  : 
ویكون ذلك ببناء نماذج تشمل قواعد التتابعات الممكنة صوتیا، والتتابعات غیر الممكنة، وھو ما 

 . بما یرفع نسبة الدقة في التعرف والفھم الآلیین عملیة الإدراك الآلي للأصوات؛یسھل 
 

 :Applied linguisticsفي اللسانیات التطبیقیة : ثانیا
  في الصناعة المعجمیةLexicography. 
  في تعلیم اللغةLanguage learning. 
  حالمصطلعلم فيTerminology. 

 

 :السیرة الذاتیة

 . أستاذة بكلیة الآداب جامعة القاھرة-

 . عضو مراسل بمجمع اللغة العربیة بدمشق -

 .   خبیرة بمجمع اللغة العربیة بالقاھرة -

 .رسالة للماجستیر والدكتوراه 48بحثا باللغتین العربیة والانجلیزیة، وأشرفت على  53نشرت  -

، وجائزة جامعة القاھرة التقدیریة عام 2004حصلت على جائزة جامعة القاھرة التشجیعیة عام  -
2013 . 

قصیدة الرثاء بین ( -)تراكب الأصوات في الفعل الثلاثي الصحیح:(كتب منھا 9ألفّت وترجمت  -
فات الباب الصرفي وص( -)دراسة أسلوبیة إحصائیة: شعراء الاتجاه المحافظ ومدرسة الدیوان

معجم التعابیر ( -)المجامع العربیة وقضایا اللغة( -)بحوث في العربیة المعاصرة( -)الأصوات
 ).مدخل إلى اللغة( -)اتجاھات البحث اللساني( -)الاصطلاحیة في العربیة المعاصرة
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Impact of the 1st Consonant Pharyngeal Phoneme in 
Trilateral Geminate Abstract Verb, on its Morphological 

Form: a Linguistic Computational Study. 
Wafaa Kamel 

Faculty of Arts, Cairo University  

wafkamel@link.net 

 

Preface: 

              This article deals with phonotactics, aiming to reveal the relation between 
phonemes of trilateral geminate abstract verb (TGAV), and its morphological conjugation 
in present tense (PT). 

      In a former study, the author concluded some rules dominating phonological 
behavior of (TAV). These rules demonstrate an internal system underlying phonological 
formation of Arabic words. This led her to think of (TGAV); to see if this category is 
submitted to that internal system or not.  

Considering pairs of  TGAV like ʢ [ æbbæ ʢ [ ّعَب] æffæ]    ّعَف in past tense, we find the 

1st consonant (C1) in both verbs is the same [ʢ ] ع and (C2) is labial [b]  ب & [f ] ف   . In 

(PT), the 1st verb is [jæʢʊbb]  ّیَعُب and the 2nd is [jæʢIff]  ّیَعِف . This shows that the point 
of articulation of (C2):[b] & [f ] affected morphological conjugation of both verbs. 

 We find also pairs like [ðællæ]  ّذَل , [læððæ]  ّلَذ & [ʢæbbæ]  َّعّب , [bæʢʢæ]  َّبَع , in 
where the two consonants of each pair interchange their position, leading to a change in 
morphological form of (PT) of each verb: [jæðIll]  ّیَذِل , [jælæðð]  ّیَلَذ & [jæʢʊbb]  ّیَعُب , 
[jæbIʢʢ]  ّیَبِع . This indicates that changing the position of consonants leads to a change of 
its (PT) morphological form. 

 

On the other hand, when  (C2) is the same and  (C1) changes , we find that the 
morphological conjugation is affected also, as in pairs [γæsʕsʕæ]  َصَّ غ   and [xæsʕsʕæ]  َّخَص 
: the (PT) of the 1st verb is [jæγæsʕsʕ]  ّیَغَص and of the 2nd is [jæxʊsʕsʕ]  ّیَخُص , also in 
verbs [hæssæ]  ََّھس and [ʢæssæ] عَسَّ   , (PT) is [jæhIss]  ّیَهِس and [jæ ʊʢ ss]  ّیَعُس . The same 
in verbs [ʔænnæ]  ََّأن [γænnæ]  َّغَن, (PT) is [jæʔInn]  ّیَئِن and  [jæγænn]  ّیغََن , even though 
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(C1) in the six verbs is  pharyngeal Phoneme. This indicates that the 1st consonant of 
(TGAV) affects the conjugation of the (PT) morphological form. 

This article aims to reveal the effect of 1st  consonant  of (TGAV) on morphological 
verb form in (PT). 

Sample:  

    All (TGAV) of Fayrouzabady's: al-Qamūs al Muħeet  القاموس المحیط للفیروزابادي are 
considered as a sample. 

Questions and aims: 

1- Has point of articulation of the pharyngeal  1st  consonant  of (TGAV) an effect 
on its conjugation?   

2- Has the range of articulation of the pharyngeal 1st  consonant  of (TGAV) an 
effect on its conjugation?   

3-have manners of articulation of both consonants of (TGAV) an effect on 
morphological category? 

4- Can we identify rules dominating the effect of the pharyngeal 1st  consonant on the 
morphological behavior of (TGAV)? 

Results: 

1- Finding out rules which dominate the effect of the pharyngeal 1st consonant on 
(TGAV) morphological conjugation. 

2-Revealing the relation between the pharyngeal 1st consonant  phoneme and the 
morphological form .       
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 نظرة حاسوبیة: مجتمع المعرفة وعلوم الانسانیات 

 نبیل على/ د

 خبیر اللسانیات الحاسوبیة

nabialii@gmail.com 

 :الملخص

تش��مل منظوم��ة العل��وم الإنس��انیة ع��دة ف��روع علمی��ة أھمھ��ا عل��م الاجتم��اع وعل��م ال��نفس واللس��انیات والت��اریخ 

 .الجمالیات إلىوالاقتصاد وإضافة 

التي تع�اظم دورھ�ا م�ع تن�امي العلمیة العلاقة بین مجتمع المعرفة وھذه المنظومة  دتتوط وكان من الطبیعي أن

ع�ن  تاستخدام شبكات التواصل الاجتماعي وتعدد مظاھر التفاعل بین ھذه المنظومة والنقلة النوعیة التي نجم

ع الإنس�انیات دون ك�ل ف�روبھ�ا  تصبغبزوغ مجتمع المعرفة وخیر شاھد على ذلك تلك النزعة المعرفیة التي 

وعل�م الت�اریخ استثناء ومن أمثلة ذلك علم الاجتم�اع المعرف�ي وعل�م ال�نفس المعرف�ي وعل�م اللس�انیات المعرف�ي 

 .ةیجمالیات المعرفإضافة إلى الوعلم الاقتصاد المعرفي المعرفي 

البحث ع�ن مقارب�ة ش�بھ موح�ده لف�روع الإنس�انیات المختلف�ة وم�ن ث�م ـ وھ�و الأم�ر الأكث�ر بتغري ھذه النزعة 

ص�لب ش�بھ موح�ده ھ�ي الأخ�رى للأش�كالیات العدی�دة الت�ي تكم�ن ف�ي حاس�وبیة البحث ع�ن معالج�ات ـ طموحا 

 .العلاقة بین مجتمع المعرفة وعلوم الإنسانیات

رة أولیة بھدف إبراز الفرص والتحدیات التي تنطوي علیھ�ا تناول ھذه القضیة بصوالحالیة إلى تسعى الدراسة 

لمقارب�ات تتمرك�ز ح�ول اللغ�ة بص�فتھا مح�ور حاسوبیا وتواصلیا أملا في فتح آفاق جدیدة لحوس�بة الإنس�انیات 

 .العلوم الإنسانیة بلا منازع خاصة بعد الطابع المعرفي المشار إلیھ سابقا

من مص�ادر معرفی�ة أكث�ر عمق�ا وأش�د ارتباط�ا بالتفاع�ل ال�ذھني م�ن  لقد حان الوقت أن ینھل أھل حوسبة اللغة

 .جانب والتواصل الاجتماعي من جانب آخر
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  إنشاء قاعدة بيانات لحروف القرآن الكريم
  )المنھج والنموذج(

  
  محمد عبد الرحمن الخطيب
  طالب في مرحلة الدكتوراه

  جامعة القاھرة - كلية دار العلوم 
Makh2000@hotmail.com 

 

  : الملخص

ا لإنشاء قاعدة بيانات لحروف القرآن الكريم، يراعي الجوانب القرآنية  تقدم ھذه الدراسة منھجًا علميًّ
واللغوية والحاسوبية، وتميِّز ھذه القاعدة الحرف المنطوق من غيره، والمكتوب من غيره، والحركة 

اء، كما تراعي ظواھر المنطوقة من غيرھا، والمكتوبة من غيرھا، وحركة الحرف حال الوقف أو الابتد
قاعدة بيانات لحروف القرآن الكريم، ووجود مثل ھذه  -فيما اطلعت عليه–الرسم العثماني، حيث إنه لا يوجد 

إضافة إلى ذلك تقدم الدراسة نموذجًا للدراسات القرآنية واللُّغوية على حدٍّ سواء، القاعدة سيقدم خدمة جليلة 
م الدراسة نموذجًا آخر لقاعدة البيانات لحروف القرآن الكري ح الصورة النھائية لشكلھا، كما تقدِّ م، يوضِّ

لإحدى الدراسات المستنتجة من قاعدة البيانات، وھي دراسة لشيوع الأصوات في القرآن الكريم، مما يؤكد 
  .أھمية إنشاء مثل ھذه القاعدة

  

  : الكلمات المفتاحية

.ع الأصوات، اللسانيات الحاسوبيةحروف القرآن، حركات القرآن، قواعد البيانات، شيو
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مة: أولًا    :مقدِّ

ر الحاسب الآلي والبرامج المرتبطة به تطورًا كبيرًا في القرن الحادي والعشرين،   أثرٌ  هلتطورًا تطوَّ
ملموس على جوانب الحياة المختلفة سواءً الاقتصادية أو السياسية أو العلمية التي كانت إحداھا العلوم 

  .اللغوية

ا في تسيير أمور الحياة اليومية في المجتمع    وتُعدُّ البرامج المرتبطة بقواعد البيانات عنصرًا جوھريًّ
المعاصر، فالعمليات البنكية، والنتائج الدراسية، ووثائق السفر، وغيرھا يجب التعامل فيھا مع قواعد 

م خدمات جليلة للعلوم المختلفة؛ نظرًا لسھو لة تنظيم البيانات فيھا، وسھولة التعامل البيانات، كما أنھا تقدِّ
  .معھا، وإمكانية تخزين كميات كبيرة من البيانات، وصِغر المساحة التي تشغلھا

وتھدف ھذه الدراسة إلى إنشاء قاعدة بيانات لحروف القرآن الكريم بغرض الاستفادة منھا في   
دة بين القرآن الكريم واللغة العربية، فأصح الدراسات القرآنية واللُّغوية على حدٍّ سواء، فھناك علاقة وطي

د من إطالة الصوت بالغنة وحروف المد، ومن السكت،  نصٍّ لغُوي وصل إلينا ھو القرآن الكريم، ولو جُرِّ
ومن التغنِّي المأمور به لتحسين الصوت بالقرآن لكان الأداء القرآني يُماثل الأداء الفصيح بأيِّ نصٍّ نثريٍّ 

وجد كثير من القواعد النَّظرية المتعلقة بعلم التجويد وضعھا علماء اللغة عند كتابتھم لقواعد ، لذلك ي]1[آخر 
  .اللغة العربية

لعت عليه-ولم أجد  قاعدة بيانات لحروف القرآن الكريم، ووُجِدت قواعد بيانات أخرى  -فيما اطَّ
  .، أو غير ذلك]3] [2[لكلمات القرآن الكريم، أو آياته 

البرامج الحاسوبية والمواقع الالكترونية المتعلِّقة بالبحث في القرآن الكريم فإن جميعھا وبالنظر إلى 
لعت عليه- تتعامل مع قاعدة بيانات لكلمات القرآن الكريم أو آياته، أو تتعامل مع القرآن الكريم  -فيما اطَّ

ا ، ]5[ )Intellyze(انتلايز ، وبرنامج ]4[برنامج المصحف الرقميّ : ، منھا على سبيل المثالبوصفه نصًّ
،وبرنامج ]8[ ، وبرنامج الباحث في القرآن الكريم]7[ )QuranCode(، وبرنامج قرآن كود ]6[ وبرنامج آية

، وبرنامج مصحف المدينة ]10[ ، وبرنامج الفرقان]9[ الإحصاء العددي لكلمات وحروف القرآن الكريم
، وموقع صفحة ]14[ ، وموقع الأوفى]13[، وموقع الفانوس ]12[ ، وموقع علم القرآن الكريم]11[ النبوية

  .، وغيرھا]16[، وموقع الباحث القرآني ]15[ القرآن الكريم

  : ويلاحظ على كثير من البرامج الحاسوبية والمواقع الالكترونية المتعلِّقة بالقرآن الكريم الآتي
 غير دقيقة، ويُخالف رأي جمھور  اعتمادھا على الرسم الإملائي للقرآن الكريم، مما يعطي نتائج

  .]18] [17[العلماء بوجوب اتباع الرسم العثماني في كتابة المصاحف 

 عدم اعتنائھا بالحركات. 
 عدم وجود قاعدة بيانات لحروف القرآن الكريم. 

 :وتكمن أھمية إنشاء قاعدة بيانات لحروف القرآن الكريم في عدة أمور، منھا
 ي القرآن الكريم وھو الحرف، مما يمكِّن من التعامل مع كونھا تتعامل مع أصغر وحدة ف

  .الكلمة، والآية، والسورة: الوحدات الأكبر منھا، مثل
 مراعاتھا للحركات مع إمكانية التعامل معھا بشكل مستقل. 
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 مراعاتھا حال الحرف والحركة من حيث النطق والكتابة. 
 قة عن حروف القرآن الكريم وحركاته اعتمادھا على الرسم العثماني، مما يعطي نتائج أكثر د

 .من الرسم الإملائي
  ،إمكانية استنتاج نتائج وإحصاءات من قاعدة البيانات تخدم دراسات صوتية، ودلالية، ونحوية

 : وغيرھا، منھا على سبيل المثال
o دراسة لشيوع الأصوات في القرآن الكريم. 
o (1)دراسة للائتلاف الصوتي في القرآن الكريم

. 
o  لدلالة الأصوات في القرآن الكريمدراسة. 
o 19[ دراسة للظواھر النحوية في القرآن الكريم[. 

  

  :قواعد البيانات: ثانيًا

المنطقية المرتبطة مع  لبياناتا بأنَّھا مجموعة من عناصرِ ): Database(تُعرَّف قاعدة البيانات 
واحد أو أكثر، ويتكون الجدول من سجل  ) Table(بعضھا بعلاقة معينة، وتتكون قاعدة البيانات من جدول 

)Record(  واحد أو أكثر، ويتكون السجل من حقل)Field(  20[واحد أو أكثر.[  

البيانات بحيث تكون خالية من والھدف الأساسي لقواعد البيانات ھو التركيز على طريقة تنظيم 
  .التكرار مع إمكانية استرجاعھا، وتعديلھا، والإضافة عليھا، وليس على البرامج أو التطبيقات الخاصة

السورة، والآية، : فلو أرُيد إنشاء قاعدة بيانات لحروف القرآن الكريم فإن من عناصر البيانات فيھا
من الكلمة، والكلمة تمثِّل  اأن الحرف والحركة يمثِّلان جزءً والكلمة، والحرف، والحركة، والعلاقة بينھا 

 من القرآن الكريم، وحتى تكون عناصر اجزءً من السورة، والسورة تمثِّل اجزءً من الآية، والآية تمثِّل  اجزءً 
البيانات منطقية يجب ترتيب الحروف والحركات في الكلمة، والكلمات في الآية، والآيات في السورة، 

  .ة في القرآن الكريموالسور

: من قوله تعالى مِصۡرَ قاعدة البيانات لكلمة ) 1(وحتى يتضح مفھوم قواعد البيانات يعرض جدول 

 ْا دَخَلوُاْ عَلىَٰ يوُسُفَ ءَاوَٮٰإٓلِيَۡھِأبَوََيۡهِ وَقاَلَ ٱدۡخُلوُا ُ ءَامِنيِنَ  مِصۡرَ فلَمََّ َّͿ٩٩إنِ شَاءَٓٱ والتسعون من سورة ، وھي الآية التاسعة
  .في ترتيب سور القرآن الكريم) 12(يوسف التي تحمل الرقم 

  

  مِصۡرَ قاعدة البيانات لكلمة ): 1(جدول 

 الحركة الحرف رقم الحرف رقم الكلمة رقم الآية رقم السورة
 ـِ  م 1 10 99 12

  ـۡ ص 2 10 99 12
                                                 

لنيل درجة الدكتوراه تحت إشراف الأستاذين ) الائتلاف الصوتي في القرآن الكريم(يقوم الباحث بإعداد دراسة بعنوان  )1(
 .أحمد شرف الدين. د.إبراهيم الدسوقي عبد العزيز، و أ. د.أ: الفاضلين
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َ  ر 3 10 99 12  ـ
  

  :الآتي) 1(يُلاحظ في جدول 

  12(حملت رقم ترتيبھا في القرآن الكريم وھو سورة يوسف.(  

  99(الآية حملت رقم ترتيبھا في سورة يوسف وھو. (  

  كلمة َمِصۡر  10(حملت رقم ترتيبھا في الآية التي ذكرت فيھا وھو.( 

  كل حرف في كلمة َمِصۡر حمل رقم ترتيبه في الكلمة. 
  ٍّبھذه الطريقةفي قاعدة البيانات ) سجل(لا يمكن أن يتكرر أي صف. 
 يمكن الوصول إلى أيِّ حرف في القرآن الكريم بھذه الطريقة. 

  

 :الخطوات المنھجية لإنشاء قاعدة بيانات لحروف القرآن الكريم: ثالثًا
 :ھناك ثلاث خطوات لإنشاء أي قاعدة بيانات، وھي على النحو الآتي

  .إنشاء جداول قاعدة البيانات -1
 .إنشاء العلاقات بين الجداول -2
 .خال البيانات إلى الجداولإد -3

  .وسيتم الحديث بالتفصيل عن كيفية القيام بھذه الخطوات لإنشاء قاعدة بيانات لحروف القرآن الكريم
  

  :إنشاء جداول قاعدة البيانات لحروف القرآن الكريم، والعلاقات بين جداولھا - 2، 1

سبق أن أشُير إلى الجدول الأساسي في قاعدة البيانات لحروف القرآن الكريم، وھو الجدول الذي   
) الحركة الإضافية(يضع كل حرف مع حركته في سجلٍّ مستقِل إلا أنه سيُضاف إليه عمود جديد يُسمَّى 

: من قوله تعالى اٱھۡدِنَ بغرض تسجيل حركة الحرف عند تغيُّرھا حال الوقف أو الابتداء، فمثلًا كلمة 
 َطَٱلۡمُسۡتقَيِم رَٰ حركة ھمزة الوصل فيھا الكسرة حال الابتداء بھا، في حين تسقط ھمزة ] 6: الفاتحة[ ٦ٱھۡدِناَٱلصِّ

الوصل حال وصل الآية بما قبلھا، وحركة النون فيھا الفتحة حال وصل الكلمة بما بعدھا نظرًا لالتقاء 
الألف حال الوقف عليھا، لھذا الاختلاف الحاصل أثُبِتت حركة الحرف  الساكنين، في حين أن حركة النون

، ولأن قارئ ]18[حال الوصل في عمود الحركة، وھو الأصل؛ لأن القرآن الكريم ضُبط على الوصل 
 لا يقف على كل حرف، بل يصل كلامه ولا يقف إلا ،والقارئ والمتحدِّث بشكل عام ،القرآن بشكل خاص

بة في التوقُّف عن الحديث أو القراءة، وأثُبتت حركة الحرف حال الابتداء أو الوقف في عمود للتَّنفُّس أو رغ
  .ٱھۡدِناَالذي يعرض قاعدة البيانات لكلمة ) 2(الحركة الإضافية، ويظھر ذلك في جدول 
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  ٱھۡدِناَقاعدة البيانات لكلمة ): 2(جدول 

الحركة الإضافيةالحركةالحرف رقم الحرف رقم الكلمة رقم الآية رقم السورة
 ـِ   ٱ 1 1 6 1

   ـۡ ھـ 2 1 6 1

  ـِ  د 3 1 6 1

َ  ن 4 1 6 1  ا ـ
  

ب إضافة وصف لكل حرف وحركة في قاعدة البيانات للتعريف بھما، وتمييز  ونظرًا لأنه يتوجَّ
لأحدث تكرارًا كبيرًا في  الجدول نفسه المنطوق من غيره والمكتوب من غيره، ولو أضيف الوصف إلى

قاعدة البيانات، فمثلًا كلما يُذكر حرف الباء في قاعدة البيانات سيُذكر وصفه، فسيتكرر وصف حرف الباء 
بعدد مرات تكراره في القرآن الكريم، والمستخدم لن يحتاج إلى وصف حرف الباء إلا مرة واحدة، فھذا 

لأنه بلا فائدة، لذلك سيُضاف جدول للحروف وجدول  التكرار غير مقبول في أنظمة قواعد البيانات؛
للحركات في قاعدة البيانات، تُذكر فيھما تفاصيل الحروف والحركات، ويتم ترميزھما بأرقام؛ حتى يسھل 
ربطھما بالجداول الأخرى، ثم يتم ربط جدولي الحروف والحركات بالجدول الأساسي، وھو جدول الحروف 

مع استبدال الحروف والحركات في ھذا الجدول برموزھما المذكورة في  والحركات في القرآن الكريم
  .جدولھما

ويتطلَّب إتمام قاعدة البيانات إضافة جدول لكلمات القرآن الكريم وجدول آخر لأسماء سور القرآن 
الكلمة القرآنية واسم السورة وليس رمزھما، ولو تعرُّف  الكريم؛ لأن مستخدم قاعدة البيانات سيحتاج إلى

وُضِعت كلمات السورة واسمھا في جدول الحروف والحركات في القرآن الكريم لتكررت الكلمة القرآنية 
ر اسم السورة بعدد حروفھا، وھذا تكرار غير مقبول في أنظمة قواعد البيانات   .بعدد حروفھا، وتكرَّ

ح و روف والحركات في القرآن الكريم قبل إجراء عملية الاستبدال شكل جدول الح) 3(جدول يوضِّ
ح وإضافة الجداول،   شكل جدول الحروف والحركات في القرآن الكريم بعد إجراء عملية) 4(جدول ويوضِّ

  .الاستبدال وإضافة الجداول
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  الجداول جدول الحروف والحركات في القرآن الكريم قبل إجراء عملية الاستبدال وإضافة): 3(جدول 
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منطوق ٱ 1 ٱھۡدِناَ 1 6 الفاتحة 1
منطوقة  ـِ     مكتوب ابتداءً

 ابتداءً 
غير 
 مكتوبة

غير   ـۡ مكتوب منطوقھـ 2 ٱھۡدِناَ 1 6 الفاتحة 1
 منطوقة

غير 
    مكتوبة

غير  منطوقة ـِ  مكتوب منطوق د 3 ٱھۡدِناَ 1 6 الفاتحة 1
    مكتوبة

َ  مكتوب منطوقن 4 ٱھۡدِناَ 1 6 الفاتحة 1  ـ
منطوقة 
 وصلًا 

غير 
منطوقة  ا مكتوبة

 مكتوبة وقفًا
  

  جدول الحروف والحركات في القرآن الكريم بعد إجراء عملية الاستبدال وإضافة الجداول): 4(جدول 

رمز  رقم الحرف رقم الكلمة رقم الآية رقم السورة
 الحرف

رمز 
 الحركة

رمز الحركة 
 الإضافية

1 6 1 1 351 0 74 
1 6 1 2 271 81 0 
1 6 1 3 91 71 0 
1 6 1 4 261 52 13 

  

  :وھكذا تشكَّلت جداول قاعدة البيانات لحروف القرآن الكريم، وھي خمسة جداول على النحو الآتي
  .جدول الحروف -1
 .جدول الحركات -2
 .جدول الكلمات القرآنية -3
 .القرآنيةجدول السور  -4
 .جدول الحروف والحركات في القرآن الكريم -5

  

عت بعد إنشاء جداول قاعدة البيانات يُلاحظ أن البيانات على الجداول، ويلزم إنشاء علاقة بين  وُزِّ
الجداول تمكِّن من الوصول إلى المعلومة من جدول واستكمالھا من الآخر عن طريق ھذه العلاقة، فمثلًا لو 

رُّف عدد مرات تكرار حرف ما في سورة معيَّنة، فھذه المعلومة يمكن استنتاجھا من جدول أراد المستخدم تع
الحروف والحركات في القرآن الكريم، وعند عرض النتيجة لا يمكن عرض اسم السورة إلا بالعودة إلى 

134

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



 
 

وجدول جدول السور القرآنية، ويتم ذلك بإنشاء علاقة بين جدول الحروف والحركات في القرآن الكريم 
  .السور القرآنية

: حسب أنظمة قواعد البيانات، المفتاح الأول–ولإنشاء علاقة بين جدولين يلزم استخدام مفتاحين 
وھو الحقل الذي يحتوي على بيانات لا تتكرر داخل الجدول، ولا يجوز : )Primary Key(المفتاح الأساسي 

ر مع حرف آخر، ترْكه فارغًا، نحو رمز الحرف في جدول الحروف، فكلُّ حر ف له رمز مستقلّ، لا يتكرَّ
ولا يُترك فارغًا من غير رمز، وأشُير إلى المفاتيح الأساسية في الجداول بوضع خطٍّ مستقيم أسفل اسم 

  ).1(انظر الشكل –الحقل 

وھو الحقل المرتبط بالمفتاح الأساسي في الجدول : )Foreign Key(المفتاح الأجنبي : المفتاح الثاني
بغرض ربط الجدولين، نحو رمز الحرف في جدول الحروف والحركات في القرآن الكريم، وأشير الآخر 

ع أسفل اسم الحقل    ).1(انظر الشكل –] 20[إلى المفاتيح الأجنبية في الجداول بوضع خطٍّ متقطِّ

 ووجود علاقة بين جدولين بحيث يحوي الجدول الأول مفتاحًا أساسيًّا، والجدول الثاني يرتبط مع
 Referential(الجدول الأول بمفتاح أجنبي له نفس نوع بيانات المفتاح الأساسي، يُسمى بالتكامل المرجعي 

Integrity( في قواعد البيانات.  

  .جداول قاعدة البيانات لحروف القرآن الكريم والعلاقات بينھا) 1(ويبيِّن الشكل 

جدول السور 
جدول الحروف والحركات   القرآنية

جدول الكلمات   الكريمفي القرآن 
 القرآنية

 رقم السورة  رقم السورة  رقم السورة

 رقم الآية  رقم الآية  اسم السورة

 رقم الكلمة  رقم الكلمة  عدد الآيات

 الكلمة القرآنية  رقم الحرف  

   رمز الحرف  

 جدول الحركات  رمز الحركة  جدول الحروف

 رمز الحركة  الإضافيةرمز الحركة   رمز الحرف

 الحركة    الحرف

 صورة الحركة    صورة الحرف

 منطوقة    منطوق
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 مكتوبة    مكتوب

 التوضيح    التوضيح
  

 جداول قاعدة البيانات لحروف القرآن الكريم والعلاقات بينھا): 1(شكل 
  :إدخال البيانات إلى الجداول - 3

قاعدة بيانات لحروف القرآن الكريم، ويتم إدخال البيانات إلى وھي تمثِّل الخطوة الأخيرة لإنشاء 
 ، اللذينالجداول بشكل يدويٍّ باستثناء جدول الكلمات القرآنية وجدول الحروف والحركات في القرآن الكريم

  .سيتم إدخال البيانات إليھما عبر إجراء معالجة آلية لنصِّ القرآن الكريم

  

  :القرآن الكريم إلى قاعدة بيانات لحروف القرآن الكريمضوابط تحويل نصِّ : رابعًا
  

تحويل نصِّ القرآن الكريم إلى قاعدة بيانات لحروف القѧرآن  عند مجموعة من الضوابطالتزم البحث 
  :الكريم، وھي على النحو الآتي

  المѧѧي العѧѧھرة فѧѧر شѧѧة الأكثѧѧا الروايѧѧاطبية؛ لكونھѧѧق الشѧѧن طريѧѧم مѧѧن عاصѧѧص عѧѧة حفѧѧزام بروايѧѧالالت
  .سلاميالإ

  ةѧد لطباعѧك فھѧع الملѧن مجمѧادر مѧالاعتماد على النسخة الالكترونية من مصحف المدينة النبوية الص
حفѧѧص، وھѧѧو موجѧѧود علѧѧى ھѧѧذا الѧѧرابط  –المصѧѧحف الشѧѧريف، والمكتѧѧوب بخѧѧطِّ الرسѧѧم العثمѧѧاني 

)plex.gov.sa/?page_id=http://fonts.qurancom42(احف ؛ѧѧبط المصѧѧن أضѧѧحف مѧѧذا المصѧѧون ھѧѧلك 
ا   .وأشھرھا، إضافة إلى إمكانيِّة التعامل معه حاسوبيًّ

 وѧѧاني، نحѧѧم العثمѧѧس الألѧѧف المحذوفѧѧة، والѧѧواو : مراعѧѧاة ظѧѧواھر الرسѧѧم القرآنѧѧيّ، أو مѧѧا يُسѧѧمَّى بالرَّ
المزيѧѧدة، والѧѧواو المزيѧѧدة، واليѧѧاء المزيѧѧدة، المحذوفѧѧة، واليѧѧاء المحذوفѧѧة، والنѧѧون المحذوفѧѧة، والألѧѧف 

السين المبدلة صѧادًا، وغيرھѧا، وذلѧك بѧالتمييز بينھѧا وبѧين والألف المبدلة واوًا، والألف المبدلة ياءً، و
 .والتعامل معھا في قاعدة البيانات على أنھا حروف أو حركات مستقلةأصولھا، 

 تمُّ بناء قاعدة البيانات على أساس وصل الحرف بما بعدѧل، فيѧى الوصѧبط علѧُه؛ لأن القرآن الكريم ض
حѧال الابتѧداء تختلѧف إثبات حركة الحرف حال الوصل في خانة الحركѧة، وإذا كانѧت حركѧة الحѧرف 

به مثل حركة ھمزة الوصѧل عنѧد الابتѧداء بھمѧزة الوصѧل، أو حѧال الوقѧف عليѧه مثѧل حركѧة الحѧرف 
ن تنѧѧوين نصѧѧْبٍ حѧѧال الوقѧѧف عليѧѧه، أو كانѧѧت ح  وھنѧѧاك ركѧѧة الحѧѧرف إحѧѧدى الحركѧѧات الطويلѧѧةالمُنѧѧوَّ

حركة قصيرة من جنسھا غير منطوقة ضُبطت في المصحف الشريف، فيتمُّ إثبات كل ھذه الحركѧات 
 .التي لھا وضع خاص في خانة الحركة الإضافية

وبناءً على ما سبق يتم تطبيق قاعدة التقاء الساكنين، فيتم إثبات حركة الحرف حال الوصل فѧي خانѧة 
فѧѧي قولѧѧه ركѧѧة، وإثبѧѧات حركѧѧة الحѧѧرف حѧѧال الوقѧѧف فѧѧي خانѧѧة الحركѧѧة الإضѧѧافية، نحѧѧو النѧѧون الح

طَ نَ ٱھۡدِ :تعالى رَٰ ، حركتھا الفتحة وصѧلًا نظѧرًا لحѧذف الألѧف بسѧبب التقѧاء السѧاكنين، ]6: الفاتحة[ اٱلصِّ
 .الحركة الإضافيةوحركتھا الألف وقفًا، وبالتَّالي ستكون الفتحة في خانة الحركة، والألف في خانة 
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  ك أو ѧѧكون فѧѧي جѧѧداول الحركѧѧات وقوائمھѧѧا مѧѧن بѧѧاب التغليѧѧب، فѧѧإن الحѧѧرف إمѧѧا متحѧѧرِّ يѧѧتم وضѧѧع السُّ
ساكن، ووضع جداول وقوائم خاصة بالحركات وأخرى بالسѧكون يعقѧِّد قاعѧدة البيانѧات بشѧكل خѧاص 

 .والبرنامج بشكل عام

 ѧѧروف فѧѧات، والحѧѧروف والحركѧѧوبمن الحѧѧوق والمكتѧѧاة المنطѧѧق مراعѧѧبة للنطѧѧريم بالنسѧѧرآن الكѧѧي الق
 :خمسة أقسام، وھي

o أي أن الحرف منطوق بكامل صفاته ابتداءً ووقفًا وفي دَرْجِ الكلام :منطوق. 

o  ًا  :منطوق ابتداءѧًوق وقفѧر منطѧه، وغيѧداء بѧد الابتѧفاته عنѧل صѧوق بكامѧأي أن الحرف منط
 .وفي دَرْجِ الكلام

o  داء أي أن الحرف منطوق بكامل صفا :منطوق وصلًاѧوق ابتѧر منطѧلام، وغيѧي دَرْجِ الكѧته ف
 .ووقفًا

o أي أن الحرف منطوق بكامل صفاته عند الوقف عليه شرط أن يكون في آخر  :منطوق وقفًا
الكلمة، حيѧث إنѧه لا يصѧحُّ الوقѧف علѧى بدايѧة الكلمѧة أو وسѧطھا، وأن الحѧرف غيѧر منطѧوق 

(2)ابتداءً وفي دَرْجِ الكلام أو منطوق ببعض صفاته
(3)داھا في دَرْجِ الكلامأو إح 

. 

o دى  :غير منطوقѧة إحѧلام أو منطوقѧي دَرْجِ الكѧا وفѧًداءً ووقفѧوق ابتѧأي أن الحرف غير منط
 .)4(صفاته فقط في دَرْجِ الكلام

 :والحروف في القرآن الكريم بالنسبة للكتابة قسمان، ھما

بكتابتھѧا، ولا تُعѧدُّ  أي أن الحرف كُتِب في أحد المصاحف التي أمر سيدنا عثمѧان  :مكتوب .1
، )ٰ◌◌ٔ ( الھمزة على ألف محذوفة : لضبط مكتوبة، نحوزيدت بوصفھا علاماتل الحروف التي

 .، وغيرھا)(ۥوالواو غير المدية المحذوفة 

بكتابتھѧا،  أي أن الحرف لم يُكتب في أحد المصاحف التي أمر سѧيدنا عثمѧان  :غير مكتوب .2
 .توبةلضبط غير مكزيدتل وتُعدُّ الحروف التي

ويتركَّب من أقسام المنطوق والمكتوب للحروف في القرآن الكريم عشرة أقسام، ثلاثة منھا لا ينѧدرج 
 :حرف من الحروف تحتھا، وھي

  .منطوق ابتداءً وغير مكتوب .1

 .منطوق وصلًا ومكتوب .2

                                                 
  .مِثْل الطاء المُدغمة في التاء إدغامًا ناقصًا) 2(
  .ن الساكنة عند وصلها بأحد حروف الإخفاءمِثْل بقاء صفة الغُنَّة للنو ) 3(
  .مِثْل بقاء صفة الغُنَّة للتنوين المتتابع عند وصله بأحد حروف الإخفاء) 4(
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 .منطوق وقفًا وغير مكتوب .3

 :وسبعة أقسام تندرج الحروف تحتھا، وھي

وتنѧѧدرج تحتѧѧه الھمѧѧزة علѧѧى الألѧѧف، والھمѧѧزة علѧѧى الѧѧواو، والھمѧѧزة علѧѧى  :منطѧѧوق ومكتѧѧوب .1
ѧاء، والجѧيم، والحѧاء، والخѧاء،  ѧاء المربوطѧة، والثَّ الياء، والھمزة المسھَّلة، والباء، والتَّاء، والتَّ

اد، و ين، والشِّين، والصَّ اي، والسِّ اء، والزَّ ال، والرَّ ال، والذَّ ين المبدلѧة صѧادًا المنوالدَّ طوقѧة السِّ
ѧѧاء، والعѧѧين، والغѧѧين، سѧѧينًا، والسѧѧين المبدلѧѧة صѧѧادًا المنطوقѧѧة صѧѧادًا ѧѧاء، والظَّ ѧѧاد، والطَّ ، والضَّ

اكنة المبدلѧة ميمѧًا سѧاكنة  والفاء، والقاف، والكاف، واللام، والميم، والميم المخفاة، والنَّون السَّ
يَّ  ة، والھاء، والواو غير المدِّ يَّةوصلًا، والنَّون، والنُّون المُشَمَّ   . ة، والياء غير المدِّ

وحروف ھذا القسم ھي الأكثر تكرارًا في القرآن الكريم؛ لأن الأصل في الحѧروف أن تكѧون 
حرفѧًا، وھѧي ) 253262(منطوقة ومكتوبة، فمجموع حѧروف ھѧذا القسѧم فѧي القѧرآن الكѧريم 

 .من حروف القرآن الكريم%) 81.69(تمثِّل 

ة علѧى الألѧف، والھمѧزة علѧى السѧطر، والھمѧزة وتنѧدرج تحتѧه الھمѧز: منطوق وغير مكتѧوب .2
اء،  ال، والѧرَّ ال، والѧذَّ على ألف محذوفة، والباء، والتَّاء، والثَّاء، والجيم، والحاء، والخاء، والدَّ
ѧѧاء، والعѧѧين، والفѧѧاء، والقѧѧاف،  ѧѧاء، والظَّ ѧѧاد، والطَّ ѧѧاد، والضَّ ѧѧين، والصَّ ѧѧين، والشِّ اي، والسِّ والѧѧزَّ

ѧة، واليѧاء غيѧر والكاف، واللام، والميم،  يَّ والنَّون، والنُّون المحذوفة، والھاء، والواو غيѧر المدِّ
يَّة يَّة، والياء المحذوفة غير المدِّ  . المدِّ

 :وبشكل عام فإن حروف ھذا القسم تمثِّل أحد الأحرف الثلاثة الآتية

د، ويُلاحظ أن التاء المربوطة والغين لم تѧرد فѧي. أ ھѧذا  الحرف الأول من الحرف المُشدَّ
دة فѧي القѧرآن  دة في القѧرآن الكѧريم، وكѧذلك الھمѧزة لѧم تѧرد مشѧدَّ القسم؛ لأنھا لم ترد مشدَّ

  .الكريم

  .الحرف المحذوف في القرآن الكريم. ب

عة في القرآن الكريم. ج   .الحرف المنطوق وغير المكتوب من الحروف المقطَّ

مѧن %) 7.30(ي تمثѧِّل حرفѧًا، وھѧ) 22620(ومجموع حروف ھذا القسم في القرآن الكѧريم 
 .حروف القرآن الكريم

) 13483(وتنѧѧدرج تحتѧѧه ھمѧѧزة الوصѧѧل فقѧѧط، وقѧѧد وردت فѧѧي : منطѧѧوق ابتѧѧداءً ومكتѧѧوب .3
 .من حروف القرآن الكريم%) 4.35(موضعًا من القرآن الكريم، وھي تمثِّل 

 .مًا ساكنةويندرج تحته التَّنوين المُتَراكِب، والتَّنوين المبدل مي: منطوق وصلًا وغير مكتوب .4

مѧن %) 0.73(حرفѧًا، وھѧي تمثѧِّل ) 2250(ومجموع حروف ھѧذا القسѧم فѧي القѧرآن الكѧريم 
 .حروف القرآن الكريم

اء، والقاف، : منطوق وقفًا ومكتوب .5 ال، والطَّ ال، والذَّ وتندرج تحته الباء، والتَّاء، والثَّاء، والدَّ
 .واللام، والنَّون
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 .تكون مدغمة في غير نفسھا، أو أن تكون مخفاة وبشكل عام فإن حروف ھذا القسم إما أن

مѧن %) 2.51(حرفѧًا، وھѧي تمثѧِّل ) 7774(ومجموع حروف ھѧذا القسѧم فѧي القѧرآن الكѧريم 
  .حروف القرآن الكريم

عѧة، والألѧف : غير منطوق ومكتوب .6 وتندرج تحته الواو المزيدة، والألف مѧن الحѧروف المقطَّ
 .المزيدة، والياء المزيدة

فѧإن حѧروف ھѧذا القسѧم تمثѧِّل الأحѧرف المزيѧدة فѧي القѧرآن الكѧريم، إضѧافة إلѧى وبشكل عѧام 
عة في القرآن الكريم  .الألف غير المنطوقة والمكتوبة من الحروف المقطَّ

مѧن %) 1.29(حرفѧًا، وھѧي تمثѧِّل ) 4000(ومجموع حروف ھѧذا القسѧم فѧي القѧرآن الكѧريم 
  .حروف القرآن الكريم

 .درج تحته التنوين المتتابع، والسكتوين: غير منطوق وغير مكتوب .7

مѧن %) 2.14(حرفѧًا، وھѧي تمثѧِّل ) 6648(ومجموع حروف ھѧذا القسѧم فѧي القѧرآن الكѧريم 
 .حروف القرآن الكريم

والحركات في القرآن الكريم بالنسبة للنطق خمسة أقسام على غرار مѧا ذُكѧر فѧي الحѧروف، وبالنسѧبة 
وف أيضًا، ويتركѧَّب مѧن أقسѧام المنطوقѧة والمكتوبѧة للحركѧات فѧي للكتابة قسمان على غرار ما ذُكر في الحر

 :القرآن الكريم عشرة أقسام، ثلاثة منھا لا تندرج حركة من الحركات تحتھا، وھي

  .منطوقة ابتداءً ومكتوبة .1

 .منطوقة وصلًا ومكتوبة .2

 .غير منطوقة ومكتوبة .3

 :وسبعة أقسام تندرج الحركات تحتھا، وھي

وتندرج تحته الألف، والألѧف المبدلѧة واوًا، والألѧف المبدلѧة يѧاءً، والألѧف  :منطوقة ومكتوبة .1
يَّة يَّة، والياء المدِّ   . الممالة، والواو المدِّ

وبشѧѧكل عѧѧام فѧѧإن جميѧѧع حركѧѧات ھѧѧذا القسѧѧم مѧѧن الحركѧѧات الطويلѧѧة، ومجموعھѧѧا فѧѧي القѧѧرآن 
 .حركة) 38181(الكريم 

ѧѧة، والѧѧواو وتنѧѧدرج تحتѧѧه الألѧѧف، والأ: منطوقѧѧة وغيѧѧر مكتوبѧѧة .2 يَّ لѧѧف المحذوفѧѧة، والѧѧواو المدِّ
ѧѧة المحذوفѧѧة، والفتحѧѧة، والفتحѧѧة علѧѧى الحѧѧروف  يَّ ѧѧة، واليѧѧاء المدِّ يَّ ѧѧة المحذوفѧѧة، واليѧѧاء المدِّ يَّ المدِّ

عة عة، والضمة، والكسرة، والكسرة على الحروف المقطَّ  .المقطَّ

 .حركة) 171059(ومجموع حركات ھذا القسم في القرآن الكريم 

ة، والكسرة: بتداءً وغير مكتوبةمنطوقة ا .3  .وتندرج تحته الفتحة، والضمَّ
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وبشكل عام فإن حركات ھذا القسم تمثِّل حركة ھمѧزة الوصѧل عنѧد الابتѧداء بھѧا، ومجموعھѧا 
 .حركة) 13483(في القرآن الكريم 

عѧѧة، : منطوقѧѧة وصѧѧلًا وغيѧѧر مكتوبѧѧة .4 وتنѧѧدرج تحتѧѧه الفتحѧѧة، والفتحѧѧة علѧѧى الحѧѧروف المقطَّ
ة،   .والكسرةوالضمَّ

عѧة تمثѧِّل الحركѧات  وبشكل عام فإن حركات ھذا القسѧم باسѧتثناء الفتحѧة علѧى الحѧروف المقطَّ
القصيرة الواقعة قبل الحركات الطويلة المنطوقة وقفًا المحذوفة وصلًا التي ستُذكر في القسم 

 .الخامس

  .حركة) 6091(ومجموع حركات ھذا القسم في القرآن الكريم 

وتنѧѧدرج تحتѧѧه الألѧѧف، وألѧѧف العѧѧِوَض، والألفѧѧات السѧѧبعة، والألѧѧف : ومكتوبѧѧةمنطوقѧѧة وقفѧѧًا  .5
يَّة يَّة، والياء المدِّ  .المبدلة ياءً، والواو المدِّ

وبشكل عام فإن جميع حركѧات ھѧذا القسѧم مѧن الحركѧات الطويلѧة، وتسѧبِقھُا إحѧدى الحركѧات 
 .القصيرة المذكورة في القسم الرابع

  .حركات) 5905(القرآن الكريم ومجموع حركات ھذا القسم في 

موضѧعًا ) 78(وتندرج تحته ألف العِوَض فقط، وقد وردت فѧي : منطوقة وقفًا وغير مكتوبة .6
 .من القرآن الكريم

ѧكون : غير منطوقة وغير مكتوبة .7 ѧكون، والسُّ ة، والكسѧرة، والسُّ وتندرج تحته الفتحة، والضمَّ
ѧѧكون علѧѧى الحѧѧروف المق عѧѧة، والسُّ كѧѧة وصѧѧلًا حѧѧال الوقѧѧف، علѧѧى الحѧѧروف المقطَّ عѧѧة المتحرِّ طَّ

كون  كون )بلا علامة(والسُّ عة) بلا علامة(، والسُّ  .على الحروف المقطَّ

ѧѧل السѧѧكون بصѧѧوره المختلفѧѧة، أو إحѧѧدى الحركѧѧات  وبشѧѧكل عѧѧام فѧѧإن حركѧѧات ھѧѧذا القسѧѧم تمثِّ
القصѧѧيرة الѧѧواردة قبѧѧل الحركѧѧات الطويلѧѧة المنطوقѧѧة وصѧѧلًا ووقفѧѧًا التѧѧي ذكѧѧرت فѧѧي القسѧѧمين 

 . الأول والثاني

  .حركة) 127648(ومجموع حركات ھذا القسم في القرآن الكريم 

 ريمѧرآن الكѧي القѧة فѧع (5)مراعاة المكتوب وغيѧر المكتѧوب مѧن منطѧوق الحѧروف المقطَّ
 صٓ ، فمѧثلاً 

الصѧѧѧاد، وھѧѧѧو منطѧѧѧوق : سѧѧѧيتم إدخالھѧѧѧا فѧѧѧي قاعѧѧѧدة البيانѧѧѧات علѧѧѧى حѧѧѧرفين، الحѧѧѧرف الأول ]1: ص[
الѧدال، وھѧو منطѧوق وغيѧر : ومكتوب، وحركته الألف، وھي منطوقة وغير مكتوبة، والحرف الثاني

،  )ـѧۡ (مكتوب، وھو ساكن، وحتى يُميَّز بين ھذا السكون، والسكون الذي تم ضبْطه فѧي القѧرآن الكѧريم 
عةتمت تسمي   .ته بالسكون على الحروف المقطَّ

  فѧى الألѧالھمزة علѧف ، تُعѧدُّ ) أ(إذا كان للحرف أكثر من صورة تُعدُّ كل صورة للحرف حرفѧًا مسѧتقِلّاً
                                                 

: سورة، االله أعلم بمعناها، مجموعة في قولك) 29(بها  حرفًا ابتدأ االله ) 14(هي : الحروف المقطَّعة في القرآن الكريم) 5(
  ].23] [22) [سِرٌ نَصٌّ حَكِيمٌ قَطْعًا لَهُ (
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 .إلخ...، )ئ(، والھمزة على الياء )ؤ(حرفًا مستقلًا، وكذلك الھمزة على الواو 
  َّوى أوѧريم سѧل سور القرآن الك ل سѧورة الفاتحѧة؛ لأن الإجمѧاع انعقѧد علѧى لا يتم إثبات البسملة في أوَّ

، قال الداني عن البسملة الإجماع لم ينعقد على أنھا آيѧة مѧن أول الفاتحѧة، ": أنھا ليست آية في أوائلھنَّ
، وإن كانѧѧت مرسѧѧومة فѧѧي أوائلھѧѧنَّ مѧѧن حيѧѧث لѧѧم وأنѧѧه انعقѧѧد علѧѧى أنھѧѧا ليسѧѧت آيѧѧة فѧѧي سѧѧائر السѧѧور

ل سورة الفاتحة، وقѧد  -ومنھم حفص-لكوفيُّون ، وعدَّ ا]21[ "يعدوھا مع جملة آيھنَّ  البسملة آية في أوَّ
ل سورة الفاتحة  .التزمت برواية حفص عن عاصم، فأثُبِتت البسملة في أوَّ

  سْم كلمة مستقلة، نحو كلمѧة  أنَ، فتُعѧدُّ ]105: الأعѧراف[ أنَ لاَّ : قولѧه تعѧالىاعتماد المقطوع في الرَّ
 .، فھي تُعدُّ كلمة واحدة]229: البقرة[ ألَاَّ : قوله تعالىكلمة أخرى، بخلاف  لاَّ مستقلَّة، و

 إذا كان لحرفٍ قرآنيٍّ أكثر من وجه سيعتمد الوجه الراجح، نحو وصل ھاء َۡۜمَاليِه  بما بعدھا في قوله
ع السѧكت، وھѧو إظھارھѧا مѧ: أحѧدھما: ، فيھا لحفصٍ وجھѧان]29-28: الحاقة[ ھلѧََكَ  ٢٨مَاليِهَۡۜ : تعالى

فѧѧي قاعѧѧدة  الوجѧѧه الأول، واعتُمِدھلѧѧََكَ إدغامھѧѧا فѧѧي الھѧѧاء التѧѧي بعѧѧدھا فѧѧي لفѧѧظ : الأرجѧѧح، وثانيھمѧѧا
 ].25] [24[البيانات؛ لأنه الأرجح 

وإن لѧم يكѧن ھنѧѧاك وجѧه راجѧѧح اعتُمѧِد الوجѧه الѧѧذي ضѧُبط فѧѧي المصѧحف الشѧريف، نحѧѧو وصѧل آخѧѧر 
: السѧكت، والثالѧث: القطع، والثاني: الأول: لحفصٍ ثلاثة أوجه ففيھا سورة الأنفال بأول سورة التوبة،

 .في قاعدة البيانات؛ لأن ضبط المصحف الشريف على الوصلالوجه الثالث ، واعتُمِد ]26[الوصل 

 د ھو عبارة عن حرفين من سѧاكن، وھѧو منطѧوق وغيѧر مكتѧوب، : الأول النوع نفسه، كل حرف مشدَّ
 رَبِّ : نحѧو حѧرف البѧاء فѧي قولѧه تعѧالىمتحرك بحركѧة الحѧرف، وھѧو منطѧوق ومكتѧوب، : والثاني

بѧѧاء : بѧѧاء سѧѧاكنة، وھѧѧي منطوقѧѧة وغيѧѧر مكتوبѧѧة، والثѧѧاني: فھѧѧو يُعѧѧد حѧѧرفين، الأول ،]2: الفاتحѧѧة[
 .مكسورة، وھي منطوقة ومكتوبة

د تُطبѧَّق القاعѧدة السѧابقة وإذا أتى قبل الحرفِ  د حرفٌ ساكن ليس مѧن نفѧس نѧوع الحѧرف المشѧدَّ المشدَّ
د غيѧر منطѧوق ومكتѧوب، نحѧو الѧراء فѧي قولѧه  مع اعتبار الحرف السѧاكن الواقѧع قبѧل الحѧرفِ المشѧدَّ

نِ : تعѧالى حۡمَٰ راء سѧѧاكنة، وھѧѧي منطوقѧѧة وغيѧѧر مكتوبѧѧة، : فھѧѧو يُعѧѧدُّ حѧѧرفين، الأول ،]1: الفاتحѧѧة[ ٱلѧѧرَّ
دة غيѧر منطوقѧة : الثانيو راء مفتوحة، وھي منطوقѧة ومكتوبѧة، وتُعѧدُّ الѧلام الواقعѧة قبѧل الѧراء المشѧدَّ

 .ومكتوبة

د بل يُعدُّ حرفًا واحدًا، وھي  حرفين ويُستثنى من القاعدة السابقة حالة واحدة لا يُعدُّ فيھا الحرف المُشدَّ
د، فيعتبѧѧر الحѧѧرف الأول إذا أتѧѧى قبѧѧل الحѧѧرف المشѧѧدد حѧѧرف سѧѧاكن مѧѧن نفѧѧس نѧѧوع الحѧѧرف : المشѧѧدَّ

د، وحركتѧه حركѧة الحѧرف : الحرف الساكن، وھو منطوق ومكتѧوب، والحѧرف الثѧاني الحѧرف المشѧدَّ
دة فѧي قولѧه تعѧالى د، وھو منطوق ومكتѧوب أيضѧًا، نحѧو الѧلام المشѧدَّ ِ : المشدَّ َّͿٱ ]ةѧدُّ ، ]1: الفاتحѧفيُع

دة، وھѧي منطوقѧة ومكتوبѧة، والحѧرف الثѧانيالѧلام السѧاكنة الѧواردة قبѧل الѧلا: الحرف الأول : م المشѧدَّ
دة، وھي منطوقة ومكتوبة أيضًا، وحركتھا الفتحة  .اللام المشدَّ

 لن يتم تمثيل العلامات الآتية في قاعدة البيانات: 

o  ـٓ (علامة المد.( 

o  علامات الوقف  ) ◌ۖ ، ◌ۗ  ، ◌ۚ، ◌ۘ، ◌ۛ.( 
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o  علامة موضع السجدة)۩.( 

o  وأنصافھا وأرباعھا علامة بداية الأجزاء والأحزاب)۞.( 

  نموذج من جدول الحروف والحركات في القرآن الكريم لثلاث آيات من سورة الفاتحة: خامسًا
وسيُكتفى يُعدُّ جدول الحروف والحركات في القرآن الكريم الجدول الأساسي في قاعدة البيانات،   

يح الفكرة والرغبة في بغرض توض) 5(بعرض نموذج منه لثلاث آيات من سورة الفاتحة في جدول 
  .الاختصار

  

  نموذج من جدول الحروف والحركات في القرآن الكريم لثلاث آيات من سورة الفاتحة ): 5(جدول 

رة
سو
 ال
رقم

 

لآية
م ا
رق

مة 
لكل
م ا
رق

ف 
حر
 ال
رقم

 

ف
حر
ال

) *( ف 
حر
 ال
مز
 ر

كة
حر
ال

( *)
كة 

حر
 ال
مز
 ر

كة 
حر
ال

فية
ضا
الإ

( *)
كة  

حر
 ال
مز
ر

فية
ضا
الإ

 

 0  71 ـِ  21 ب 1 1 1 1
 0  81  ـۡ 131 س 2 1 1 1
 0  71 ـِ  251 م 3 1 1 1
َ  0  351 ٱ 1 2 1 1  54 ـ
 0  151 (6)سكون 241 ل 2 2 1 1
َ  12 ا 241 ل 3 2 1 1  53 ـ
 0  71 ـِ  271 ه 4 2 1 1
َ  0  351 ٱ 1 3 1 1  54 ـ
 0  151 سكون 243 ل 2 3 1 1
 0  151 سكون 112 ر 3 3 1 1
َ  111 ر 4 3 1 1  0  51 ـ

                                                 
تمَّت إضافة الأعمدة المُظلَّلة رغبة في التوضيح، وهي غير موجودة في أصل جدول الحروف والحركات في القرآن : (*)

  .الكريم
  .- بلا علامة-أي سكون  )6(
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 0  81  ـۡ 71 ح 5 3 1 1
َ  101 ٰ◌  251 م 6 3 1 1  53 ـ
 0  71 ـِ  261 ن 7 3 1 1

رة
سو
 ال
رقم

لآية 
م ا
رق

مة 
لكل
م ا
رق

قم 
ر

ف
حر
ال

ف 
حر
ال

 

ز 
رم

ف
حر
 ال

كة
حر
ال

 

ز 
رم

كة
حر
 ال

كة 
حر
ال

فية
ضا
الإ

 

ز 
رم

كة 
حر
ال

فية
ضا
الإ

 

َ  0  351 ٱ 1 4 1 1  54 ـ
 0  151 سكون 243 ل 2 4 1 1
 0  151 سكون 112 ر 3 4 1 1
َ  111 ر 4 4 1 1  0  51 ـ
 73 ـِ  41 ي 71 ح 5 4 1 1
 0  71 ـِ  251 م 6 4 1 1
َ  0  351 ٱ 1 1 2 1  54 ـ
 0  81  ـۡ 241 ل 2 1 2 1
َ  71 ح 3 1 2 1  0  51 ـ
 0  81  ـۡ 251 م 4 1 2 1
ُ  91 د 5 1 2 1  0  61 ـ
 0  71 ـِ  241 ل 1 2 2 1
 0  151 سكون 242 ل 2 2 2 1
َ  12 ا 241 ل 3 2 2 1  53 ـ
 0  71 ـِ  271 ه 4 2 2 1
َ  111 ر 1 3 2 1  0  51 ـ
 0  151 سكون 22 ب 2 3 2 1
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 0  71 ـِ  21 ب 3 3 2 1
َ  0  351 ٱ 1 4 2 1  54  ـ
 0  81  ـۡ 241 ل 2 4 2 1
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حر
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حر
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ز 
رم

كة 
حر
ال

فية
ضا
الإ

 

َ  101 ٰ◌  191 ع 3 4 2 1  53 ـ
َ  241 ل 4 4 2 1  0  51 ـ
 73 ـِ  41 ي 251 م 5 4 2 1
َ  261 ن 6 4 2 1  0  51 ـ
َ  0  351 ٱ 1 1 3 1  54 ـ
 0  151 سكون 243 ل 2 1 3 1
 0  151 سكون 112 ر 3 1 3 1
َ  111 ر 4 1 3 1  0  51 ـ
 0  81  ـۡ 71 ح 5 1 3 1
َ  101 ٰ◌  251 م 6 1 3 1  53 ـ
 0  71 ـِ  261 ن 7 1 3 1
َ  0  351 ٱ 1 2 3 1  54 ـ
 0  151 سكون 243 ل 2 2 3 1
 0  151 سكون 112 ر 3 2 3 1
َ  111 ر 4 2 3 1  0  51 ـ
 73 ـِ  41 ي 71 ح 5 2 3 1
 0  71 ـِ  251 م 6 2 3 1
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  شيوع الأصوات في القرآن الكريم: سادسًا

قاعدة بيانات لحروف القرآن الكريم يفتح بابًا واسعًا للبحث العلمي في القرآن الكريم بشكل إن إنشاء 
  .خاص واللغة العربية بشكل عام

ومن ضمن الدراسات المستنتجة من قاعدة البيانات لحروف القرآن الكريم دراسة لشيوع الأصوات 
اك العديد من الدراسات التي يمكن استنتاجھا في القرآن الكريم سيُتحدَّث عنھا ھنا بشيء من التفصيل، وھن

ا من دراسة واسعة تتعلَّق بعلم الأصوات، أو  من قاعدة البيانات، أو تكون نتائج قاعدة البيانات جزءًا أساسيًّ
  .الدلالة، أو النحو، أو غير ذلك

  

  :ند إجراء دراسة شيوع الأصوات في القرآن الكريمع متزِ التُ  الضوابط التي

  وبغضِّ أو غير مكتوبة تتعلَّق بالأصوات فقط، سواء كانت حروفًا أم حركات، مكتوبةالدراسة ،
النظر عن صورتھا التي كتبت بھا في القرآن الكريم، وبالتالي لم تتعرَّض الدراسة للحروف 

  .المكتوبة وغير المنطوقة مثل الحروف المزيدة

 جاورھا من الأصوات، فأخذت عماي تناولت الدراسة الأصوات في سياقھا اللغوي، وليس بمعزل
 بعين الاعتبار التغيُّرات التي تطرأ على الصوت بتأثير البيئة الصوتية المجاورة، وبناءً عليه لم

 .المُدغمة، ونحو ذلك وكذلك الأصوات ھمزة الوصل في درْج الكلام، تُحتسب
 د  .حرفين احتساب الحرف المُشدَّ

 

الدكتور محمد علي الخولي لشيوع الأصوات العربية، أجراھا وتجدر الإشارة ھنا إلى دراسة قام بھا 
على خمسمائة سطر من مئة كتاب حديث النَّشر بواقع خمسة أسطر من الكتاب الواحد، روعي في ھذه 

ضوابط ھذه  نفس الكتب أن تكون متنوعة في موضوعاتھا، وأن تكون بالعربية الفصحى، والتزم فيھا
، فأثُبتت نتائج دراسته ]27[صوتًا ) 46029(التي تم إجراء الدراسة عليھا الدراسة، وكان مجموع الأصوات 

  .إلى جانب نتائج دراسة شيوع الأصوات في القرآن الكريم؛ حتى تسھل المقارنة بين نتائج الدراستين

وھناك دراسات أخرى لشيوع الأصوات، مثل الدراسة التي قام بھا الدكتور علي حلمي موسى 
ح للجوھري ولسان العرب لابن منظور إلا أنھا خاصة بجذور مفردات اللغة العربية، ومثلھا لمُعْجَمَي الصحا

إشارة ابن منظور في معجمه لسان العرب إلى ما يتكرر من الحروف ويكثر في الكلام استعماله، وما ھو 
  ]. 28[دون ذلك 

قتصروا على عدِّ المكتوب كما اعتنى بعض علماء علوم القرآن بعدِّ حروف القرآن الكريم إلا أنھم ا
ه آخرون حرفًا واحدًا ]29] [21[دون المنطوق  د بحرفين، وعدَّ ، وكذلك ]29[، وبعضھم عدَّ الحرف المشدَّ

، ]30] [21[اكتفى بعضھم بذكر إجمالي عدد الحروف، ولم يذكر عدد مرات تكرار كل حرفٍ بشكل مستقلٍّ 
ل منھم اقتصر على عدِّ الحروف دون الح لعت عليه، وكل ذلك –] 29] [31[ركات القصيرة ومن فصَّ فيما اطَّ

  .يخالف الضوابط التي وضِعت للدراسة

145

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



 
 

حًا صورة الصوت، ) 6(ويُبيِّن جدول  الترتيب التنازلي لشيوع الأصوات في القرآن الكريم، موضِّ
مئوية للصوت وترتيبه، وعدد مرات تكراره، والنسبة المئوية له في القرآن الكريم، إضافة إلى النسبة ال

  .وترتيبه حسب الدراسة التي أجراھا الدكتور محمد الخولي لنصوص لغويَّة متنوعة
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  لشيوع الأصوات في القرآن الكريم الترتيب التنازلي): 6(جدول 
  

 الصوت
الترتيبالنسبة المئويةالنسبة المئويةالعددالترتيبصورة الصوت

 (7)في اللغة في القرآن الكريم

َ  الفتحة  1 16.74 19.63 1 96781 ـ
 3 7.56 8.06 2 39740 ل اللام
 2 10.63 7.85 3 38713 ـِ  الكسرة
 4 5.89 6.08 4 29965 ٜ◌ىٰ ،ىٰ ،وٰ ، ٰ◌  ،ا الألف
ِۢ  ،نۢ ،م الميم ـ ُۢ َۢ ـ  8 4.37  6.04  5 29787 ـ
ُ  الضمة  6 5.42 5.95 6 29344 ـ
ٍ ، ۨ◌  ، ۟◌ن، ن النون  7 4.51 5.65 7 27876 ـً ــٌ
 الھمزة

، وٕ ،ؤ، ٰ◌ٔ◌، إ ،أ
 9 4.16 3.89 8 19184 ا۟ ، ء، يٕ،ئ

الواو غير 
 المدية

 12 2.79 3.05 9 15035 و

 14 2.36 3.02 10 14890 ھـ الھاء
 5 5.75 2.77 11 13664 ة، ت التاء
 11 3 2.73 12 13479 ر الراء

 10 3.44 2.68     13199   13 ،ۦ يالياء غير المدية
 15 2.27 2.59 14 12768 ب الباء
 20 1.51 2.17 15 10707 ك الكاف

يَّة  24 0.87 2.13      16 10496  ۥ،و الواو المدِّ
يَّة  16 2.26 2.04 17 10032  ۦ،ي الياء المدِّ
 13 2.51 1.91     9414  18 ع العين

                                                 
  ].27[حسب الدراسة التي قام بها الدكتور محمد الخولي  )7(
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الترتيبالنسبة المئويةالمئويةالنسبة العددالترتيبصورة الصوت الصوت
 في اللغة في القرآن الكريم

 18 1.92 1.81 19 8915 ف الفاء
 21 1.20 1.49 20 7364 ق القاف
 19 1.54 1.36 21 6689 صۜ ،س السين
 17 2.19 1.33 22 6577 د الدال
 27 0.66 1.07 23 5268 ذ الذال
 22 0.89 0.84 24 4150 ح الحاء
 22 0.89 0.70 25 3435 ج الجيم
 29 0.51 0.52 26 2543 خ الخاء
 26 0.74 0.49 27 2431 صَۜ ،ص الصاد
 31 0.47 0.48 28 2388 ش الشين
 34 0.29 0.36 1777 29 ز الزاي
 32 0.45 0.36 30 1766 ض الضاد
 28 0.56 0.29 31 1451 ث الثاء
 25 0.8 0.29 32 1406 ط الطاء
 30 0.51 0.25 33 1221 غ الغين
 33 0.36 0.20 34 1008 ظ الظاء

 صوتًا 493463 إجمالي عدد الأصوات في القرآن
  

بعد الاطلاع على جدول الترتيب التنازلي لشيوع الأصوات في القرآن الكريم، ومقارنة نتائجه بنتائج 
  :دراسة شيوع الأصوات في اللغة يمكن استنتاج الآتي

  ھناك تقارب مقبول بين نتائج دراسة شيوع الأصوات في القرآن الكريم ودراسة شيوع الأصوات
يَّة، والطاء: في اللغة مع وجود فارق بين نتائج الأصوات الآتية   . التاء، والواو المدِّ

لأصوات التي أجُريت عليھا دراسة شيوع الأصوات زيدتا ويُحتمل أن تكون النتائج أكثر تقاربًا لو
  .ي اللغةف
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 عند تعارض الدراستين تُقَّدم دراسة شيوع الأصوات في القرآن الكريم لسببين، ھما: 
o ،ه في حين أن  أن دراسة شيوع الأصوات في القرآن الكريم أجُريت على أبلغ نصٍّ لغُوي وأصحِّ

 .راسة شيوع الأصوات في اللغة أجُريت على عيِّنة شبه عشوائيةد
o 493463(عليھا دراسة شيوع الأصوات في القرآن الكريم ھو  أن عدد الأصوات التي أجُريت (

صوتًا، وھو يزيد بأكثر من عشرة أضعاف عن عدد الأصوات التي أجريت عليھا دراسة شيوع 
 .صوتًا) 46029(الأصوات في اللغة، وھو 

  الكريم خصوصًا وفي لشيوع الأصوات في القرآن ) 6(اعتماد ترتيب الأصوات الوارد في جدول
(8)اللغة عمومًا

، وبناء عليه يُقترح توزيع الأصوات حسب شيوعھا إلى خمس مجموعات على النحو 
 :الآتي

o الفتحة؛ وذُكرت في مجموعة لوحدھا؛ بسبب وجود فارق كبير يزيد عن  :الصوت الأكثر شيوعًا
 .ريم أو اللغةالضعف بين نسبة ورودھا وورود الصوت الذي يليھا سواء في القرآن الك

o ة، والنون :الأصوات الشائعة  .اللام، والكسرة، والألف، والميم، والضمَّ
o يَّة، والھاء،:الأصوات متوسطة الشيوع والراء، والياء غير  والتاء، الھمزة، والواو غير المدِّ

يَّة، يَّة والباء، المدِّ يَّة، والياء المدِّ  .والكاف، والواو المدِّ
o  ية  .العين، والفاء، والقاف، والسين، والدال، والذال، والحاء، والجيم :الشيوعالأصوات متدنِّ
o والطاء، والغين،  ، والثاء،والضاد والزاي، الخاء، والصاد، والشين، :الأصوات الأقل شيوعًا

 .والظاء
  .وترتيب الأصوات في المجموعات حسب نسبة شيوعھا من الأكثر إلى الأقل  

                                                 
إعداد دراسات أخرى لشيوع الأصوات خاصة في الحديث النَّبوي الشريف وبعض النُّصوص الأدبية سيضيف إلى النتائج  )8(

  .التي تمَّ الوصول إليها، ويساعد على تحديد الأصوات الشائعة في اللغة الفصحى بشكل نهائي
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  :خاتمة
 نات لحروف القرآن الكريم يفتح بابًا واسعًا للبحث العلمي في القرآن الكريم بشكل إن إنشاء قاعدة بيا

خاص واللغة العربية بشكل عام، وھناك العديد من الدراسات التي يمكن استنتاجھا من قاعدة 
ا من دراسة واسعة تتعلَّق بعلم الأصوات، أو  البيانات، أو تكون نتائج قاعدة البيانات جزءًا أساسيًّ

  .دلالة، أو النحو، أو غير ذلكال

وإنشاء قواعد بيانات أخرى خاصة للحديث النَّبوي الشريف وبعض النُّصوص الأدبية على غرار 
قاعدة بيانات حروف القرآن الكريم سيضيف إلى النتائج التي تمَّ الوصول إليھا، ويمكِّن من الوصول 

 .إلى نظريَّات جديدة تتعلَّق بالقرآن الكريم أو اللغة

 منطوق ومكتوب، ومنطوق وغير : حروف القرآن الكريم بالنسبة للنطق والكتابة سبعة أقسام، وھي
مكتوب، ومنطوق ابتداءً ومكتوب، ومنطوق وصلًا وغير مكتوب، ومنطوق وقفًا ومكتوب، وغير 
منطوق ومكتوب، وغير منطوق وغير مكتوب، ولم يرد في القرآن الكريم حرف منطوق ابتداءً 

 .ب، أو منطوق وصلًا ومكتوب، أو منطوق وقفًا وغير مكتوبوغير مكتو

 من %) 81.69(ھي تمثِّل الحروف المنطوقة والمكتوبة ھي الأكثر تكرارًا في القرآن الكريم، ف
 .إجمالي حروفه

 دة في القرآن الكريم، وھي  .الھمزة، والتاء المربوطة، والغين: لم تَرِد الحروف الآتية مشدَّ

 منطوقة ومكتوبة، : الكريم بالنسبة للنطق والكتابة سبعة أقسام أيضًا، وھي الحركات في القرآن
منطوقة وغير مكتوبة، ومنطوقة ابتداءً وغير مكتوبة، ومنطوقة وصلًا وغير مكتوبة، ومنطوقة وقفًا 
ومكتوبة، منطوقة وقفًا وغير مكتوبة، وغير منطوقة وغير مكتوبة، ولم يرد في القرآن الكريم حركة 

 .ابتداءً ومكتوبة، أو منطوقة وصلًا ومكتوبة، أو غير منطوقة ومكتوبة منطوقة

  توزيع الأصوات حسب شيوعھا في القرآن الكريم خصوصًا واللغة عمومًا إلى خمس مجموعات
 :على النحو الآتي

o الفتحة؛ وذُكرت في مجموعة لوحدھا؛ بسبب وجود فارق كبير يزيد عن : الصوت الأكثر شيوعًا
 .بة ورودھا وورود الصوت الذي يليھا سواء في القرآن الكريم أو اللغةالضعف بين نس

o ة، والنون: الأصوات الشائعة  .اللام، والكسرة، والألف، والميم، والضمَّ
o يَّة، والھاء، والتاء، والراء، والياء غير : الأصوات متوسطة الشيوع الھمزة، والواو غير المدِّ

يَّة، والباء، والكاف، والواو  يَّةالمدِّ يَّة، والياء المدِّ  .المدِّ
o العين، والفاء، والقاف، والسين، والدال، والذال، والحاء، والجيم: الأصوات متدنِّية الشيوع. 
o الخاء، والصاد، والشين، والزاي، والضاد، والثاء، والطاء، والغين، : الأصوات الأقل شيوعًا

 .والظاء
  .من الأكثر إلى الأقل وترتيب الأصوات في المجموعات حسب نسبة شيوعھا  

  قائمة المصادر والمراجع

-عادل إبراھيم أبو شعر، رسالة ماجستير، جامعة أم القرى: الأصوات العربية بين القدماء والمُحدثين ]1[
  .ھـ1415كلية اللغة العربية، 

 .Quran Database :http://qurandatabase.org)(موقع قرآن داتاباس  ]2[
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 .https://www.islamware.com: موقع إسلام وير ]3[
 .http://soft.sptechs.com: موقع مركز تحميل البرامج ]4[
 .Intellaren( :http://www.intellaren.com(موقع انتلرن  ]5[
 .yah.com-http://a: موقع آية ]6[
 .CodePlex( :http://qurancode.codeplex.com(موقع كود بلكس  ]7[
 .services.net-http://www.islamic: ميةموقع شبكة الخدمات الإسلا ]8[
 .http://www.alargam.com: موقع الأرقام ]9[
 .http://www.ahlalhdeeth.com: موقع ملتقى أھل الحديث ]10[
خدمات حاسوبية (مصحف المدينة النبوية  –مجمع الملك فھد لطباعة المصحف الشريف  موقع ]11[

 .services.qurancomplex.gov.sa-http://mushaf: )للقرآن الكريم وعلومه
 .http://www.ketaballah.net: موقع علم القرآن الكريم ]12[
 .http://www.alfanous.org: موقع الفانوس ]13[
 .http://www.alawfa.com: موقع الأوفى ]14[
 .w.holyquran.nethttp://ww: موقع صفحة القرآن الكريم ]15[
 .http://www.quranicresearcher.com: موقع الباحث القرآني ]16[
محمد : أبو عمرو عثمان بن سعيد الداني، تحقيق: المقنع في معرفة مرسوم مصاحف أھل الأمصار ]17[

 .م1983-ھـ1403أحمد دھمان، دار الفكر، دمشق 
، المكتبة الأزھرية للتراث، 1علي محمد الضباع، ط: الطالبين في رسم وضبط الكتاب المبينسمير  ]18[

 .م1999-ھـ1420القاھرة 
ع للغة العربية ]19[ محمد زكي خضر، . د. أ: قواعد بيانات القرآن الكريم كأساس للمعجم الآلي الموسَّ

ان،   .م2002ندوة اتحاد المجامع اللغوية العربية، عمَّ
 .م2012وائل عادل الصلوي، : عد البياناتمقدمة في قوا ]20[
، مركز المخطوطات 1غانم قدوري الحمد، ط. د: أبو عمرو الداني، تحقيق: البيان في عدِّ آي القرآن ]21[

 .م1994-ھـ1414والتراث والوثائق، الكويت 
ية ، جمع15لجنة التلاوة بجمعية المحافظة على القرآن الكريم بالأردن، ط: المنير في أحكام التجويد ]22[

ان   .م2009-ھـ1430المحافظة على القرآن الكريم، عمَّ
 .م2011-ھـ1432، مكتبة ابن الجزري، دمشق 2أيمن رشدي سويد، ط. د: التجويد المصور ]23[
أحمد حسن . د: مكي بن أبي طالب القيسي، تحقيق: الرعاية لتجويد القراءة وتحقيق لفظ التلاوة ]24[

 .م2001-ھـ1422، دار عمار، عمّان 4فرحات، ط
: عبد الرحمن بن إسماعيل بن إبراھيم المعروف بأبي شامة، تحقيق: براز المعاني من حرز الأمانيإ ]25[

 .م1982-ھـ1402إبراھيم عطوه عوض، مطبعة مصطفى البابي الحلبي، القاھرة 
، مكتبة طيبة، المدينة 2عبد الفتاح السيد عجمي المرصفي، ط: ھداية القاري إلى تجويد كلام الباري ]26[

 .المنورة
ان. د: لأصوات اللغويةا ]27[  .محمد علي الخولي، دار الفلاح، عمَّ

 .، دار إحياء التراث العربي ومؤسسة التاريخ الإسلامي، بيروت3ابن منظور، ط: لسان العرب ]28[
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رضوان بن محمد بن سليمان المعروف بالمخلِّلاتي، : القول الوجيز في فواصل الكتاب العزيز ]29[
 .م1992-ھـ1412، مطابع الرشيد، المدينة المنورة 1م موسى، طعبد الرزاق بن علي بن إبراھي: تحقيق

، مطبعة 2أحمد بن محمد بن عبد الكريم الأشموني، ط: والابتدا الوقفمنار الھدى في بيان  ]30[

 .م1973-ھـ1393مصطفى البابي الحلبي، القاھرة 

حسن ضياء  .د: أبو الفرج عبد الرحمن بن الجوزي، تحقيق: فنون الأفنان في عيون علوم القرآن ]31[
 .م1987-ھـ1408، دار البشائر الإسلامية، بيروت 1الدين عتر، ط

 
 السيرة الذاتية

  
   محمد عبد الرحمن محمد الخطيب

بكالوريوس علوم حاسوب،  - نية، كلية الآداب والتربية، الجامعة الوطالجمھورية اليمنيةماجستير آداب لغة عربية،  : العلمية المؤھلات
الجمھورية بكالوريوس آداب لغة عربية،  - جيا، كلية العلوم والھندسة، جامعة العلوم والتكنولوالجمھورية اليمنية

  .ربية، جامعة سبأ، كلية الآداب والتاليمنية
    

شھادة و شھادة إجازة في قراءتي ابن عامر وعاصمو شھادة إجازة في القراءات العشر من طريقي الشاطبية والدرة  :الإجازات القرآنية 
  .شھادة إجازة في رواية حفص عن عاصم من طريق الشاطبيةو ازة في رواية حفص عن عاصم من طريق الطيبةإج

    
رئيس و رئيس القسم التعليمي :موظف في الھيئة العالمية لتحفيظ القرآن الكريم، وخلال عملي تقلدت المناصب الآتية  :الخبرات 

  .باحث في الإدارة التعليميةو المعلوماتنائب رئيس لجنة تقنية و قسم غرب أفريقيا
    

تحليل وتصميم  -  حليل وتصميم وتنفيذ موقع تعليمي للقراءات القرآنيةت - إنشاء قاعدة بيانات لحروف القرآن الكريم  :الإنجازات 
  .وتنفيذ نظام إدارة حلقات تحفيظ القرآن الكريم

    
  .الھيئة السعودية للمھندسين يةعضوو العشر الصغرىعضوية الحفاظ المجازين بالقراءات   :العضويات 

  

Creating a Database for the Holy Quran Letters 
  

Mohammed Abdul Rahman AlKhateib  
PhD Student 

Faculty of Dar El-Ulum - Cairo University 
Makh2000@hotmail.com 

Abstract: This study introduces a novel scientific approach for generating a database of the Holy Quran letters, 
taking into consideration all Quranic, linguistic and computing aspects that are related to it. The main advantage of 
this database is that it recognizes all different cases of the Holy Quran letters and Harakat including spoken, silent, 
written, and unwritten letter or Harakah. In addition to that it recognizes the special cases that are related to the 
Othmani style of writing. To the best of my knowledge, there has not been any database of the Holy Quran letters, 
and I think the presence of a database, such as the one proposed in this study, will be of importance in both Quranic 
and Linguistic studies. Moreover, this study will show a sample of the database, and how it is presented on its final 
stage at the application level. 
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Abstract— Arabic Language has a set of specialties made it difficult language and may obstruct the development of SW tools for it. 
Among these specialties, its complex morphological, grammatical, and semantic aspects since it is a highly inflectional and 
derivational language. Arabic is the official language of hundreds of millions of people in twenty Middle East and northern African 
countries. It is the religious language of all Muslims of various ethnicities around the world. Surprisingly, little has been done in the 
field of computerized language and lexical resources. Arabic is a Semitic language which differs from European languages 
syntactically, morphologically and semantically. The term ‘classical Arabic’ refers to the standard form of the language used in all 
writing and heard on television, radio and in public speeches and religious sermons. The goal of this research is to discuss criteria for 
designing Ontology for Arabic language. It takes an engineering perspective on the development of ontologies in Arabic language. It 
investigates different types of the ontology development life cycle.  
 

1 INTRODUCTION 
Ontologies are of basic interest in many different fields, largely due to what they promise: a shared and common 
understanding of some domain that can be the basis for communication ground across the gaps between people and 
computers. Ontology approaches allow for sharing and reuse of knowledge bodies in computational form. As many 
traditional activities are changing their manner in the world of today due to the availability of information brought by the 
World-Wide-Web (WWW), Ontologies are likely to change more when the knowledge is structured in machine readable 
way, and the abstracts concepts it contains are shared. 

 
In computer Science, ontology is a shared and common understanding of some domain that can be communicated across 
people and application systems or enabling knowledge sharing. It is a specification of a conceptualization. The rise of 
linguistic ontologies is a result of two concurrent situations: Information structuring and representation. They facilitate its 
exploitation by users later. This is the topic of ontologies. In the same time, language is the way to vehicle information and 
knowledge. So the need for linguistic data is crucial in all research fields. This fields are concerned by the organization of 
information and its retrieval for the end user [1][2]. In this paper we are going to discuss the ontology development life 
cycle. State the Arabic Language & Semantic web research and finally list some of the related work. 

2 ONTOLOGY DEVELOPMENT LIFE CYCLE 
There are six parts in the life cycle in the development of ontology: Creation, Population, Validation, Deployment, 
Maintenance and Evolution [1]. The 6 parts above can also be subdivided into the following: extracting terms, discovering 
synonyms, obtaining concepts, extracting concept hierarchies, defining relations among concepts, deducing rules or axioms. 
These processes are used in order to make the ontology matching become possible. And that the related branches of topics 
would be available to any users [2]. Manual ontology building is a time consuming activity that requires a lot of efforts for 
knowledge domain acquisition and knowledge domain modeling. In order to overcome these problems many methods have 
been developed, including automatically or semi-automatically systems and tools. They use text mining and machine 
learning techniques to generate ontologies. The research fields which study this issues is usually called “ontology 
generation”, “ontology extraction” or “ontology learning”.  It studies the methods and techniques used to: 
• construct automatically or semi-automatically an ontology, and  
• enrich or adapt an existing ontology using different sources. 
 
The ontology learning process is useful for different reasons. First of all, it accelerates the process of knowledge acquisition. 
Second, it reduces the time for the updating of an existent ontology. Finally, it accelerates the whole process of ontology 
building [9][10]. There are a few types of ontologies which have different roles. In some cases, discussion goes to a mess 
because of the ignorance of what type of ontology is under consideration. Some say “ontology is domain-specific like a 

153

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



knowledge base which was a failure”. Others say “No, it isn’t. Ontology is very generic and hence it is widely applicable 
and sharable”. Both are correct because they are talking about different types of ontology. 

 
Upper Ontologies are harder to design than domain ontologies in a certain respect. They are generally both more granular 
and more macroscopic. Generally, the concepts they define are more abstract and often epistemological in nature. While 
someone may be a domain expert in their own field and be able to design a fairly decent ontology about their domain, 
designing a truly suitable Upper Ontology is a different specialization altogether. Ontology-based linguistic resources are 
valuable for any natural language processing application, especially Semantic Web applications [4]. Acquiring domain 
knowledge for building ontologies is highly costly and time consuming. For this reason lots of methods and techniques 
have been developed for trying to reduce such efforts. The mapping between lexical items (words or multiwords) and 
concepts can be complex. Due to polysemy, most lexical items can be mapped into more than one concept. Due to 
synonymy, more than one word can be mapped to a concept.  

 
The absence of free usable lexical and syntactic resources and tools for Arabic makes it a “pi- language” (poorly 
informative). This constitutes a real difficulty in the process of transferring technology into Arabic. There is a strong need 
for Arabic language support since the ontology in English cannot be translated to Arabic [7][8]. Ontology has proved their 
success in multiple domains, such as Medicine, e-Commerce, e-Learning and Biology. To extend this success to the Arabic 
language, a set of ontology tools and applications needs to be created to fulfill the requirements of the Arabic language. 
Thus, the research questions we are trying to answer: 

• Can existing Ontology tools facilitate building of ontology applications that support the Arabic language? 
• What are the challenges to create ontology of the Arabic language? 
• What the difference between Arabic language and other language like English and French? 

3 ARABIC LANGUAGE AND SEMANTIC WEB RESEARCH 
 

There are various studies conducted on Arabic language in Semantic Web. Zaidi, Laskri and Bechkoum proposed to 
improve the Arabic information retrieval on the Web in the legal domain by an Arabic search engine supporting the 
translation of Arabic queries into English or French queries. The aim was to return documents written in Arabic, French or 
English. Vossen, Pease and Fellbaum worked on Arabic Word Net (AWN) based on the methods developed for 
EuroWordNet (EWN) and since applied to dozens of languages around the world. The EuroWordNet approach maximizes 
compatibility across Word Nets and focuses on manual encoding of the most complicated and important concepts. The 
basic criteria for AWN are connectivity, relevance, and generality, from English to Arabic and from Arabic to English. 
Hammo surveys on enhancing retrieval effectiveness of search engines for diacritised Arabic documents by building an 
Arabic– English IR system based on a machine translation approach. AbdulJaleel and Larkey, proposed a statistical 
transliteration approach for Arabic–English IR. 

 
Grefenstette et al, described the changes required to modify their cross language IR system, which has been designed for 
European languages to integrate Arabic language. Abdelali et al, described how precision can be improved in query 
expansion using LSI. Finally, Semmar and Fluhr, presented a new approach to align Arabic–French sentences retrieved 
from a parallel corpus based on a cross-language IR system. This approach is basically based on building a database of 
sentences of the target text and considering each sentence of the source text as a query to that database. Guo and Ren 
highlighted the use of Natural Language Processing (NLP) technology as a significant component in Semantic Web tool. 
NLP is one branch of the linguistics, which uses the computer technology to realize human language processing effectively. 
Its ultimate objective is to automatically understand human language with the support of artificial intelligence technology. 
It is also called as natural language understanding and sometimes is used to transform information to Semantic Web data. 
Traditional information retrieval also can be turned into knowledge discovery. Al-Khalifa, Hen, Al-Yahya, Bahanshal and 
Al- Odah proposed a framework for representing a semantic opposition in the Holy Quran using Semantic Web 
Technologies. Previous research in the field of Computers and the Holy Quran can be classified into six categories, namely: 
Information Retrieval, Speech Recognition, Optical Character Recognition, Morphology Analysis, Semantic checking and 
Educational Applications. Very little work has been done toward using semantic web technologies for serving the lexical 
semantics of the Holy Quran. Hammo, Abu-Salem and Lytinen   developed a system QARAB whose main goal is to 
identify text passages that answer a natural language question. The tasks in QARAB can be summarized as follows: Given 
a set of questions expressed in Arabic, find answers to the questions under the following assumptions: • The answer exists 
in a collection of Arabic newspaper text extracted from the Al-Raya newspaper published in Qatar.The answer does not 
span through documents (i.e. all supporting information for the answer lies in one document)The answer is a short passage.  
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These are just a few studies conducted directly or indirectly in Semantic web in Arabic language. Based on the information 
gathered, it can be concluded that work in Arabic language for Semantic Web is still in the infancy. Due to that, it is 
possible to progress further besides the current available Arabic semantics like those that are used in the Quran [16]. 

4 ARABIC ONTOLOGY RELATED WORK 
Arabic ontology is the foundation of the creation of Semantic Web in Arabic language. Basic categorization of terminologies 
and meanings in a domain give the semantics. The interrelationship between one word to the other words that matches to its 
meaning can also result to the stems and branches of semantics. Ontology can be built by using domain experts or learned from 
information available in a corpus of the domain. The goal of ontology learning is to automatically extract relevant concepts and 
relations from the given corpus or other kinds of data sets to form Ontology [9].  
 
The process of developing ontology can be subdivided into the following: extracting terms, discovering synonyms, obtaining 
concepts, extracting concept hierarchies, defining relations among concepts, deducing rules or axioms. These processes are used 
in order to make the ontology matching become possible and that the related branches of topics would be available to any users. 
Using the different languages in the study of Ontology can also be a challenge to the many attempts of the Web designs to cater 
the thousands of users in the World Wide Web. Web information is usually language dependent; and the availability of 
information related to the language that would be much preferable according to the user would be an increasing need of today. 
There is a strong need for Arabic language support since the ontology in English cannot be translated to Arabic. Figure 2 shows 
the ontology for ecommerce domain. Different languages have contained the specific linguistic environment and the cultural 
context, which has caused the need to develop different ontology for different information language. 

 
Figure 2: Ontology for ecommerce domain. 

 
 
 

A. Manually Developing  Ontologies 
The first and the most obvious way to build an Ontology from "scratch", i.e. to define classes, relations instants and so on. 
 

1) An Ontological Model For Representing Semantic Lexicons: An Application On Time Nouns In The Holy Quran 
Although Arabic is the language of over two hundred million speakers, little has been achieved in regards to computational 
Arabic resources, especially lexicons. Most of what has been developed was originally tailored for Roman languages, and is not 
necessarily satisfactory for the Arabic community. In this research, they introduce a computational model for representing 
Arabic lexicons using ontologies. Ontologies are knowledge representation structures which form the central building block of 
the Semantic Web. The model is based on the field theory of semantics from the linguistics domain, and the data which drives 
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the design of the model is obtained from the most accurate text that presents superiority and perfection of the Arabic language, 
the Holy Quran. Creating such lexicons will be invaluable in a number of Arabic applications. This paper presents the design 
and implementation of the proposed ontological model. Results of its application on “Time nouns” vocabulary of the Holy 
Quran are presented. 
 
Results show that the model was able to cope with new nouns; however, some semantic dimensions were added to the model to 
accommodate new features. Lexical relations were also checked to verify that the model captures them sufficiently. Although 
there exists a dimension of “dynamism” which has two values, static and dynamic, the model does not capture the element of 
temporal sequencing in time. For example, summer follows spring, and today comes before tomorrow.  
the model assumes that if X isPartOfY, then this implies that features associated with word x are also features for word Y, and 
are added to the componential formula. However, during the evaluation it appears that there exists words for which this 
statement is not true. For example, summer isPartOf year; however, year hasFeature abstract, while summer has Feature 
concrete. Therefore, this Embodiment feature cannot be inherited. A proposed resolution to this issue is to attach certain 
properties to features which describe the nature of these features, whether they are inheritable (shared) or not. Another 
interesting finding from our evaluation is what we refer to as the dispersion effect. This effect occurs when there is minimal or 
no inclusion relationship within nouns of a specific semantic field, which results in a shallow and wide structure, instead of a 
deep and narrow one. This means that componential formula will be extremely short; therefore, meaning representation is not 
sufficient. With regards to “Vague” nouns, this effect is apparent. The componential formulae were very short, thus not giving 
depth of meaning as is the case with “Day” nouns. When we applied the model on nouns from a different semantic field 
“Human”, we also observed the dispersion effect.  
 
the findings of a limited number of features (semantic richness) for concrete nouns vsabstract nouns, support those reported in 
the literature. Studies show that words referring to concrete semantic units have richer semantics than abstract ones, and within 
concrete semantic units, living things have more features than nonliving (artifact) things. Another important finding from our 
evaluation is that within the “Human” semantic field, it was difficult to identify semantic dimensions. This may be due to two 
reasons: the fact that the “Human” semantic field is a very large field, and the sample chosen is not focused on a specific 
domain within the “Human” semantic field. The ontology proposed in this research is unique in representing componential 
analysis of Arabic vocabulary. 
 
Traditional approaches to Arabic language computational models were based on models of Roman languages. However, our 
proposed model has originated from an authoritative and rich source of Arabic language, i.e., the Holy Quran. We do not claim 
that our model is comprehensive. However, we focused on the area where others have not tapped into, that of componential 
analysis. Additionally, since our model is implemented in OWL, it can easily be extended and linked to other ontologies such as 
SUMO, LMF, and LexInfo. Furthermore, we believe that such a model for representing Arabic lexicons will enable the creation 
of a plethora of useful applications for processing Arabic natural language. Such applications include simplifying Arabic 
language teaching for non-Arabic speakers and building intelligent Arabic dictionaries. 
Finally, the results of our work can be summarized as follows: 

• Finding appropriate semantic primitives (dimensions) was simpler in concrete concepts and nouns. However, this 
was not the case with abstract concepts. 

• The evaluation also highlights some difficulties associated with this approach to semantics; for example, 
identifying semantic dimensions, and those which have polarities was difficult. 

• Although the lexicon is built based on Time nouns in the Holy Quran, the model is capable of accommodating any 
Time noun in the Arabic language. 

 
The paper presented an ontological model for a computational lexicon capable of representing Arabic language lexicons in a 
way which provides a foundation for building useful Arabic language applications using Semantic Web technologies. The 
model has been implemented on the Arabic language vocabulary associated with “Time” vocabulary in the Holy Quran. Results 
of the evaluation indicate that the model is capable of representing word semantics in a way that can facilitate semantic analysis 
of Arabic words and various useful applications. The next natural step is to extend the model into other semantic fields and see 
how it can accommodate them. Since componential analysis and ontology population are human intensive processes, a major 
direction in future work is looking into strategies for automated ontology population using technologies such as Latent Semantic 
Analysis and Formal Concept Analysis. In addition, we plan to develop semantic web applications capable of exploiting the rich 
structure of the ontological model. We intend to develop an application which automatically performs semantic analysis of 
words. Another useful application on the horizon is word positioning within the semantic field (classification) based on known 
features of the word. Classifying a new word in the lexicon is not a simple task. However, using the proposed model, the 
linguist needs only to select certain features and the application can automatically detect the appropriate classification, and 
suggest it to the user.  Moreover, visualizations of the ontology are useful for linguists in observing semantic field 
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characteristics and language behavior in a certain field, such as word density, word movement, and other attributes of a 
semantic field.[22] 
 
2) Al –Khalil: The Arabic Linguistic Ontology Project 
This paper presents a project to building an ontology centered infrastructure for Arabic resources and applications. The core of 
this infrastructure is a linguistic ontology that is founded on Arabic Traditional Grammar. The methodology they have chosen 
consists in reusing an existing ontology, namely the Gold linguistic ontology. They discuss the development of the ontology and 
present our vision for the whole project which aims at using this ontology for creating tools and resources for both linguists and 
NLP researchers.  
 
Al-khalil is an OWL ontology under development. they have baptized the project Al-Khalil in the sake of the famous 
grammarian AL-Khalil Ibn Ahmad Alfarahidi because they consider in some sense he was the first to have built an ontology for 
the Arabic language trough his “kitabalayn” which means the book of the letter ع. the name came from the fact that the 
dictionary follows a phonetic order starting from the pharyngeal sound ع they have chosen to build our ontology on an existing 
linguistic ontology namely the Gold ontology. The development of our ontology is two steps: 
• Bootstrapping manually the ontology by choosing the linguistic concepts from Arabic linguistics and relating them to the 

concepts in GOLD. 
• Using an automatic extraction algorithm to extract new concepts from linguistic texts to enrich the ontology.  

The algorithm is based on the repeated segments calculus method. The general architecture of the In constructing the first 
prototype of our ontology we have focused on the concepts of Arabic Traditional Grammar that don‟t appear in other linguistic 
theories such as mital, qiyas, lafda, … and other concepts pertaining to the Neo-khalilean framework which is a modern 
interpretation of Arabic Traditional Grammar . We make this difference because in the future we aim at: 
• Building a community of practice (cope) for the Neo-khalilean school of Arabic traditional grammar. A cope is a 

subontology that inherits from and extends the overall gold ontology. Subontology classes are distinguished from each 
other by different name space prefixes, for example gold:noun, hpsg: noun, ATG: noun, ism. 

• Extending the content of the ontology. Indeed, as the ontology is intended to be a reference for linguists and NLP 
researchers in different areas of the field, we aim the ontology to contain exhaustive knowledge about standard Arabic, 
formal and NLP works on Arabic, dialects and linguistic phenomena relating to Arabic, 

• Linking our ontology to projects on Arabic corpus for instance the Algerian Arabic treasury project an building significant 
applications that use the ontology [23]. 

 
Manual acquisition of ontologies is a tedious and cumbersome task. Ontology learning aims to accelerate the time and reduce 
the effort of building ontology by acquiring concepts and relations semi-automatically or automatically from different 
information sources such as databases, documents, and/or web pages. 
 
B. Semi-Automatic Developing  Ontologies 
1) Ontology Learning from Textual Web Documents 
Domain ontology plays an important role in annotating web resources with proper semantic information. The underlying 
assumption behind this work is that the noun phrases appearing in the headings of a document as well as the document’s 
hierarchical structure can be used to discover the concepts and is-a relations between them in the documents’ domain. In order 
to verify this assumption a methodology was proposed, and a system was implemented and applied on a set of Arabic 
agricultural extension documents. The system takes as input a root concept, analyzes all input documents’ heading structure, 
extracts concepts from headings and builds a taxonomical ontology. The resulting ontology was verified against a modified 
version of AGROVOC ontology, which is a hand-made ontology developed by Food and Agriculture Organization of the 
United Nation (FAO). The F-score obtained was 52.29% for lexical evaluation of diseases ontology and 39.64% for lexical 
evaluation of insects' ontology. Taxonomical F-score was 44.59% for diseases ontology and 31.38% for insects' ontology The 
objective of our research was to accelerate and improve the Ontology development process by semiautomatically generating a 
hierarchal ontology. An ontology learning system has been built and tested on web page documents to achieve this objective. 
Our system generates an ontology from heading titles given a set of web documents using information that exists in the title’s 
text as well as the HTML structure. The best obtained result (F-score) was 61.14% (precision = 58.18% & recall = 64.65%) in 
lexical evaluation and 44.9% (precision = 55.43% & recall = 37.73%) in taxonomic evaluation. 
 
Refining the generated ontology did not lead to improvement in lexical and taxonomical evaluation f_score metric. However, it 
improved the precision significantly at the price of recall. they are now investigating the use of other refinement rules to 
improve both recall and precision. Another approach that we are investigating is to let a domain expert refine the ontology 
produced using the merged method then use this ontology as a core ontology that can be extended by analyzing more 
documents [24]. 
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2) Building a Framework for Arabic Ontology Learning 
This paper presents the ArOntoLearn a Framework for Arabic Ontology learning from textual resources. Supporting Arabic 
language and using domain knowledge or previous knowledge in the learning process are the main features of the framework, 
besides it represents the learned ontology in Probabilistic Ontology Model (POM), which can be translated into any knowledge 
representation formalism, and implements data-driven change discovery, therefore it updates the POM according to the corpus 
changes only, and allows user to trace the evolution of the ontology with respect to the changes in the underlying corpus. the 
framework analyses Arabic textual resources, and matches them to Arabic Lexico-syntactic patterns in order to learn new 
Concepts and Relations. They developed a framework for incremental ontology learning, using Arabic natural language 
processing, machine learning and text mining techniques, in order to extract ontology from Arabic textual resources. The novel 
aspects about the framework are: (i) the flexibility with respect to use other Arabic linguistic analyzers, and add new Lexico-
syntactic patterns to reach more accuracy, (ii) the independence of a concrete ontology representation language, (iii) benefits 
from the previous knowledge by using an assistant ontology, (iv) using the probability for capturing uncertainty and enhancing 
user interaction, (v) the integration of data-driven change discovery strategies increasing the efficiency of the system, as well as 
the traceability of the learned ontology with respect to changes in the corpus, making the whole process more transparent[6]. 
 
3) Arabic WordNet Current State and Future Extensions 
AWN is a free lexical resource for modern standard Arabic. It is based on the design and contents of Princeton WordNet 
(PWN)and can be mapped onto PWN as well as a number of other wordnets, enabling translation on the lexical level to and 
from dozens of other languages. Moreover, the mapping of WordNet to the Suggested Upper Merged Ontology (SUMO) 
provides opportunities to use the semantic side in some Arabic NLP applications. Constructing AWN presents challenges not 
encountered by established wordnets. These include the script on the one hand and the morphological properties of Semitic 
languages, centered around roots, on the other hand. The foundations for meeting these challenges have been laid. An 
innovation with significant consequences for wordnet development is the proposal to substituteEnglish WN as the ILI with 
SUMO. 
 
Following EuroWordNet, AWN is developed in two phases by first building a core wordnet around the most important concepts, 
the so-called Base Concepts, and secondly extending the core wordnet downward to more specific concepts using additional 
criteria. The core wordnet should thus become highly compatible with wordnets in other languages that aredeveloped according 
to the same approach. For the core wordnet, The Common Base Concepts(CBCs) of the 12 languages in EWN and BalkaNet are 
being encoded as synsets in AWN; other Arabic language-specific concepts are added and translated manually to the closest 
synset. The same procedure is performed for all English synsets that currently have an equivalence relation in the SUMO 
ontology. Synset encoding proceeds bi-directionally: given an Englissynset, all corresponding Arabic variants (if any) will be 
selected; given an Arabic word, all its senses are determined and for each of them the corresponding English synset is encoded. 
The Arabic synsets will be extended with hypernym relations to form a closed semantic hierarchy. SUMO will be used to 
maximize the semantic consistency of the hyponymy links. This will represent the core wordnet, which is a semantic basic for 
the further extension. Thework is mostly done manually. When a new Arabic verb is added, extensions are madefrom verbal 
entries, including verbal derivates, nominalizations, verbal nouns, and so on. We also consider the most productive forms of 
deriving broken plurals. This is done by applying lexical and morphological rules iteratively. 
 
The database is further extended downward from the CBCs. First, a layer of hyponyms is chosen based on maximal 
connectivity, relevance, and generality. Two major pre-processing steps are required, preparation and extension. Preparation 
entails compiling lexical and morphological rules and processing available bilingual resources from which we construct a 
homogeneous bilingual dictionary containing information on the Arabic/English word pair. This information includes the 
Arabic root, the POS, the relative frequencies and the sources supporting the pairing. The Arabic words in these bilingual 
resources must also be normalized andlemmatized while maintaining vowels and diacritics. We next apply 17 heuristic 
procedures, previously used for EWN, to the bilingual dictionary in order to derive candidate Arabic words/English synsets 
mappings. Each mapping includes the Arabic word and root, the Englishsynset, the POS, the relative frequencies, a mapping 
score, the absolute depth in AWN, the number of gaps between the synset and the top of the AWN hierarchy, and attested 
tokens of the pair. The Arabic word/English synset pairs constitute the input to a manual validation process. We proceed by 
chunks of related units (sets of related WN synsets, e.g. hyponymy chains and sets of related Arabic words, i.e., words having 
the same root) instead of individual units (i.e., synsets, senses, words). 
 
Finally, AWN will be completed by filling in the gaps in its structure, covering specific domains, adding terminology and 
named entities, etc. Each synset construction step is followed by a validation phase, where formal consistency is checked and 
the coverage is evaluated in terms of frequency of occurrence and domain distribution. The total coverage of AWN will be 
around10,000 synsets. Although the construction of AWN has been manual, some efforts have been made to automate part of 
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the process using available bilingual lexical resources. Using lexical resources for the semiautomatic building of wordnets for 
languages other than English is not new. In some cases a substantial part of the work has been performed automatically, using 
PWN as source ontology and bilingual resources for proposing correlates. An early effort along these lines was carried out 
during the development of Spanish WordNet within the framework of EuroWordNet project. Later, the Catalan WordNet and 
Basque WordNet were developed following the same approach.ForAWN, they have investigated two different possible 
approaches. On the hand, they produce lists of suggested Arabic translations for the different words contained in the English 
synsets corresponding to the set of Base Concepts. In this case the input to the lexicographical task is the English synset, its set 
of synonyms and their Arabic translations. On the other hand, they derive new Arabic word forms from already existing, 
manually built, Arabic verbal synsets using inflectional and derivational rules and produce a list of suggested English synset 
associations for each form. In this case the input is the Arabic verb, the set of possible derivates and the set of English synsets 
which would be linked to corresponding Arabic synset. In both cases, the list of suggestions is manually validated by 
lexicographers. 
 
This methodology takes advantage of one of a central characteristic of Arabic, namely that many words having a common root 
(i.e. a sequence of typically three consonants) have related meanings and can be derived from a base verbal form by means of a 
reduced set of lexical rules. Since AWN entries must be manually reviewed, our aim is once again not to automatically attach 
new synsets but rather to suggest new attachments and to evaluate whether these suggestions can help the lexicographer. As 
with previous approach, we are more interested in getting a broad coverage than high accuracy, although an appropriate balance 
between these two measures is nonetheless desirable.[22] 

 
C. Automatic Developing  Ontologies 
1) Automatic construction of ontology from Arabic texts 

 
The work proposes an approach of automatic construction that is using statistical techniques to extract elements of ontology 
from Arabic texts. Among these techniques they use two; the first is the “repeated segment” to identify the relevant terms that 
denote the concepts associated with the domain and the second is the “co-occurrence” to link these new concepts extracted to 
the ontology by hierarchical or nonhierarchical relations. The processing is done on a corpus of Arabic texts formed and 
prepared in advance. They use statistical methods, since these methods do not require these types of annotated corpora and 
NLP1 analyzers (such as the lexical analyzer and parser). These methods are based on two criteria: the relevance of a term from 
a domain that is defined by the number of occurrences of the word in the corpus and the co-occurrence of two terms at a 
frequency more high. they started the initialization of the ontology manually, by the general (generic) concepts retrieved from 
the ontology of GOLD (General Ontology for Linguistic Description).they have formed a domain corpus by the recovery of text 
from articles of journals and books of the domain and also the collection of documents over the Web. This corpus was 
preprocessed to remove some ambiguity, reduce the number of transactions and adapt the corpus according to their aim. 
 
After preparing the corpus, they move to the extraction step of ontology elements. The processing is done in two passages. In 
the first; they extract all the terms (one or more words) used to denote concepts in the domain, using the method of “repeated 
segments” based on the following prepositions: A significant term is used several times in a specialized text. 
• Terms can be complex, that are composed of several words used individually (ex. . (جملةاسمیة 
• Complex terms are constructed using a finite number of sequences of words. In the second passage; we will seek the pairs 

of terms that co-occur more frequently in the corpus. The result of this processing provides them with a list of pairs of 
terms that will be used to update the ontology.   

Many perspectives are offered based on our work, among them; we proposed an ontology that represents the fundamentals 
notions of Arabic linguistics, this ontology can be useful for developing NLP tools that analyze Arabic texts. A second 
perspective would be to use our techniques and statistical methods for information extraction on Arabic texts for other works 
(e.g. terminology extraction, creation of electronic dictionaries and thesaurus ...) [19]. 
 

5 CONCLUSION 
The increasing interest in Ontologies for many natural language applications in the recent years has led to the creation of 
ontologies. These Ontologies are for different purposes and with different features systems. Also the recent work in Artificial 
Intelligence is exploring the use of formal ontologies. Its use is as a way of specifying content-specific agreements for the 
sharing and reuse of knowledge among software entities. There are various studies conducted on Arabic language in Semantic 
Web. The propose of this studies is to improve the Arabic information retrieval on the web. The ontology development life 
cycle had many questions around it in the last few years. We have discussed some of these criteria’s and methods and give some 
examples. This paper is part of an ongoing research to develop a frame work for building an Arabic ontology. 
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 :ملخص
 أنطولوجیا عربیة باستخدام تقنیات مختلفة لتعلم الأنطولوجیا
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ومن بین . للغة العربیة وبرمجیاتتطویر أدوات  ھذا صعبة وعرقلال اتغللامن  ھاجعلت خواصحتوي اللغة العربیة على مجموعة من الت

اللغة العربیة ھي اللغة الرسمیة لمئات الملایین من الناس في منطقة الشرق  .الجوانب الدلالیةالصرفیة المعقد، النحویة و خواصال تلك
قلیل بتم القیام على الرغم من ذلك . وھي اللغة الدینیة لجمیع المسلمین من أعراق مختلفة في جمیع أنحاء العالم .الأوسط ودول شمال أفریقیا

یشیر . ختلف من اللغات الأوروبیة نحویا ولغویا وشكلیاتي تاللغة العربیة ھي لغة سامیة وال. في مجال اللغة المحوسبة والموارد المعجمیة
سمع في التلفزیون والإذاعة وفي الخطابات العامة تكتابة والإلى النموذج القیاسي من اللغة المستخدمة في ' العربیة الفصحى'مصطلح 

 واتخاذ وجھة نظر الھندسة على تطویر. للغة العربیة اتوجودمالھدف من ھذا البحث ھو مناقشة معاییر لتصمیم علم ال. خطب الدینیةوال
 .اتوجودمأنواع مختلفة من دورة حیاة تطویر علم ال یعرض البحث. ذلك العلم
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Abstract— a semantic network is a network, which represents semantic relations among concepts. This is often used as a form 
of knowledge representation. It is a directed graph consisting of nodes, which represent concepts, and edges which represent 
relations between nodes. A semantic network is used when one has knowledge that is best understood as a set of concepts that 
are related to one another. More generally, most semantic networks are cognitively based.  In this paper, we evaluate semantic 
networks and present its different types and variations.  
 

1 INTRODUCTION 
A semantic network (SN) is widely used knowledge representation technique. Semantic network is a graphical 
knowledge representation scheme consisting of nodes, and links between nodes. Computer implementations of semantic 
networks were first developed for artificial intelligence and machine translation, but earlier versions have long been used 
in philosophy, psychology, and linguistics [1]. The nodes of the net represent objects or concepts and the links represent 
relations between nodes. The links are unidirectional and labelled; therefore, a semantic network corresponds to a 
directed graph. From the graphical point of view, the nodes are usually represented by circles or boxes and the links are 
drawn as arrows or simple connectors between the circles. The structure of the network defines its meaning, depending 
on which nodes are connected to which other nodes. KR techniques are divided in to two main categories one is 
declarative and other is procedural. The declarative representation techniques are used to represent objects, facts, 
relations. Whereas the procedural representation are used to represent the action performed by the objects. Semantic net 
is a declarative KR technique that can be used either to represent knowledge or to support automated systems for 
reasoning about knowledge [2]. 
 
Semantic network have different application such as practical knowledge representation for the Web [3], [4]. Semantic 
modelling and knowledge representation in Multimedia Database is another application of SN [5]. SN is used to model 
trouble shooting’s knowledge. In Pattern-recognition semantic net can be used to help the computer to identify how 
objects to be analyzed are related to one another. It is used heavily in Natural language processing. Bootstrapping 
knowledge representation uses semantic nets to make the web more intelligent. Finally, SN is an excellent reasoning 
mechanism [6].  
 
The paper is organized after this introduction. Section 2 reviews the basics of SN. In section 3 we explain how SN 
inferencing is performed and inheritance criteria. Types of SN are listed in section 4. Then an evaluation of SN is 
presented in section 5 to study the pros and cons of SN. In section 6 partitioned semantic nets are defined. Finally, the 
conclusion of the paper is given in section 7 with future work. 

2 SEMANTIC NETWORK REVIEW  
In order to have a concrete example of what a semantic network is, let us look at figure 1 in [7], as can be seen, the node 
which labeled "person" is linked to the node which labeled “living being”. The link is labeled “is-a”. Indeed, technically 
speaking, the diagram represents the fact that there is a binary relation between a living being, such as a person, and the 
concept of person itself. Another node with the label “cat”, as well as a “is-a” link from this node to the “living being” 
node, again representing that a cat is a type of living being. 
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Figure 1: Example of Semantic Network  

Also, there is a person called “David” and a cat called “Tom”, and David owns Tom, the structure of the network 
becomes apparent as shown in figure 1. Clearly, a new link labeled "owns" would need to be added as well, in order to 
represent that David owns Tom. Indeed the nodes labeled “living being”, “person” and “cat” represent the generic or 
class concept of a living being, a person and a cat, respectively; in practice, they represent just abstract concepts. Instead, 
the nodes “David” and “Tom” represent an individual instance of the nodes “person” and “cat”, respectively; in fact 
David is a person and Tom is a cat. In conclusion it is crucial to notice that there are two types of context, classes and 
individuals, although they are represented in the same way. Now let us add more information as shown in figure 2. The 
information now being represented is that David is a person and home is the place he is at.  

  
Figure 2: Example of Semantic Network 

 
As the number of nodes increases, the meaning of the respective links needs to be considered. It should be apparent that 
not all links are alike. Indeed, some links express only relationships between nodes, and are therefore assertions of the 
nature of the relationship between two different nodes. For example, the link “is-at” in figure 2, which describes the 
relationship that the person David is at the place home. The “is-a” links in figure 2, instead, are structural links, in that 
they provide “type” information about the node. It is clear since this information is about the node itself and not about the 
relationship it has to be a different type of node. For instance, the node “home” is an individual instance of the class node 
labeled “place”. The network in figure 2 now provides a representation for information about the nodes belonging to it. 
For instance, a person called David is the owner of a cat called Tom, and at the moment he is sitting in the living room, 
using a television. 
 
Another important characteristic of the node-link representation is the implicit “inverse” of all relationships represented 
by a link. Indeed, if there is a link going from one node to another, this also implies the reverse, and it means that there is 
a link from the second node to the first. For example, there are two nodes labeled “David” and “television” with the link 
labeled “uses”. The direction of the relationship is that “David uses a television”. In practice “David” is a subject and 
“television” is the object, and “uses” is the verb or action or link between them. This “David uses television” relation 
implies the inverse relationship that “television is-used- by David”, as shown in figure 3. 

 
Figure 3: Symmetric relationships in Semantic Networks 

 
Non-binary relationships can be represented by “turning the relationship into an object”. This process in knowledge 
representation system is known as “reification”. As shown in figure 4, we can represent the generic give event as a 
relation involving three things: a giver, a recipient and an object, give (john, mary, book)[8], [9]. 
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Figure 4: Non-binary relations 
 

Semantic networks are very good at representing events, and simple declarative sentences, by basing them round an 
“event node” [10]. For example: “John gave lecture w6 to his students” as shown in figure 5. In fact, several of the 
earliest semantic networks were English-understanding programs. 

 
Figure 5: Example of representing events 

3 KNOWLEDGE  INFERENCING IN SEMANTIC NETWORKS 
With any kind of knowledge representation scheme, it is possible to infer knowledge that is not directly represented by 
the scheme. To give an example of what can be found out from the semantic network in figure 2 that is not directly 
represented, let us consider figure 6. By tracing the path from the node “living room” to the node “David” via the link 
labeled “is-in” and then from the node “David” to the node “television” via the link labeled “uses”, it is possible to infer 
that the television is in the living room by inferring a link labeled “is-in” between the node “television” and the node 
“living room”, as shown in figure 6. This means that this information does not need to be explicitly represented in the 
original network, for it can be easily inferred later. 

 
Figure 6: Example of knowledge inferring in Semantic Networks 

 
From a mathematical point of view, composing links occurs by placing them end-to-tail. This composition creates a new 
link. It is not possible to compose every pair of links, only those whose destinations and sources correspond. The 
destination of the first must be the source of the second. By composing links, new relationships between nodes can be 
found and described. Such a process is also called chasing links and the terminology introduced comes from a branch of 
mathematics called Category Theory. Looking at figure 7 in [3] and formalizing the whole lot from a logical point of 
view, we can say that if x is an individual and y is class, the link “is-a” between them can be interpreted as the following 
formula: y(x). 

 
Figure 7: Simple example of instancing in Semantic Networks 

 
E.g.: cat (Tom). 
Instead, if x and y are classes, the link between them can be interpreted as the following formula:  
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Category theory is an area of study in mathematics that examines in an abstract way the properties of particular 
mathematical concepts, by formalizing them as collections of objects and arrows, where these collections satisfy some 
basic conditions. 

 
Finally, if a class or an individual has some properties, these can be translated to binary predicates: 

 
In conclusion, coming back to our original example, figure 8 shows the results of more link chasing. As you can see, 
additional relationships are derived, e.g., a person has a posture, may own a cat and may use appliances. 

 
Figure 8: A more complicated example of inference in Semantic Networks 

 

A. Inheritance in Semantic Net 
Semantic network are generally used to represent the inheritable knowledge. Inheritance is most useful form of inference. 
Inheritance is the belongings in which element of some class inherit the attribute and values from some other class. To 
support inheritance object must be organized into classes and classes must be arranged in a generalization hierarchy. 
Because there is an association between two or more nodes the Semantic nets are also known as associative nets. These 
associations are proved to be useful for inferring some knowledge from the existing one. If user wants to get any 
knowledge from the knowledge base they need not to put any query. The activated association or relation provides the 
result directly or indirectly only need to follow the links in the semantic net. IS-A, and A-KIND-OF are generally used to 
represent the value of a link in semantic net as shown in figure 9. The searching algorithms of the semantic net are 
Intersection Search, Inheritance, Breadth First, Depth First, and Heuristic Search [6], [9]. 
 

 
Figure 9: Represents of IS-A, HAS, INSTANCE 

 
Two important features of semantic networks are the ideas of default (or typical) values and inheritance. We can assign 
expected/default values of parameters and inherit them from higher up the hierarchy. This is more efficient than listing 
all the details at each level.  
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B. Multiple Inheritance 
A node can have any number of super-classes that contain it, enabling a node to inherit properties from multiple parent 
nodes and their ancestors in the network. Sometimes it may cause conflicting inheritance. With simple trees, inheritance 
is straight-forward. However, when multiple inheritance is allowed, problems can occur. For example, consider this 
famous example: Question: “Is Nixon a pacifist?” [8]. 

 
Figure 10: Multiple Inheritance 

 
Conflicts like this are common is the real world. It is important that the inheritance algorithm reports the conflict, rather 
than just traversing the tree and reporting the first answer it finds. In practice, we aim to build semantic networks in 
which all such conflicts are either over-ridden or resolved appropriately [8], [10].  
 

4 SEMANTIC NET TYPES 
According to [1], [11] the known semantic networks can be divided into six kinds depending on the used techniques: 

A. Definition network 
Definition network emphasizes the subtype or is-a relation between a concept type and a newly defined subtype. The 
resulting network, also called a generalization hierarchy, supports the rule of inheritance to copy properties defined for a 
supertype to all of its subtypes. Since definitions are true by definition, the information in these networks is often 
assumed to be necessarily true. Such systems can be useful for many applications, but they can also create problems of 
conflicting defaults as shown in figure 11. 

 
The Nixon diamond on the left shows a conflict caused by inheritance from two different supertypes: by default, Quakers 
are pacifists, and Republicans are not pacifists. Does Nixon inherit pacifism along the Quaker path, or is it blocked by the 
negation on the Republican path? On the right is another diamond in which the subtype Royal Elephant cancels the 
property of being gray, which is the default color for ordinary elephants. If Clyde is first mentioned as an elephant, his 
default color would be gray, but later information that he is a Royal Elephant should caused the previous information to 
be retracted. 

 
Figure 11: Conflicting defaults in a definitional network 

 To resolve such conflicts, many developers have rejected local defaults in favor of more systematic methods of belief 
revision that can guarantee global consistency. 

B. Assertion network 
Assertion networks are designed to assert propositions. Unlike definition networks, the information in networks of this 
kind is assumed to be contingently true, unless it is explicitly marked with a modal operator. Some assertion networks 
have been proposed as models of the conceptual structures underlying natural language semantics. The most successful 
approach was the method of adding explicit nodes to show propositions. Logical operators would connect the 
propositional nodes, and relations would either be attached to the propositional nodes or be nested inside them.  

C. Implication networks 
Implication networks are a special case of a propositional semantic network in which the primary relation is implication. 
Other relations may be nested inside the propositional nodes, but they are ignored by the inference procedures. They may 
be used to represent patterns of beliefs, causality, or inferences. Depending on the interpretation, such networks may be 
called belief networks, causal networks, Bayesian networks, or truth-maintenance systems.  
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D. Executable networks 
Executable networks include some mechanisms which can perform inferences, pass messages, or search for patterns and 
associations. Executable semantic networks contain mechanisms that can cause some change to the network itself. The 
executable mechanisms distinguish them from networks, which are static data structures and can only change through the 
action of programs external to the net itself.  
 
Three kinds of mechanisms are commonly used with executable semantic networks: 
1) Message passing networks can pass data from one node to another. For some networks, the data may consist of a 
single bit, called a marker, token, or trigger; for others, it may be a numeric weight or an arbitrarily large message. 
2) Attached procedures are programs contained in or associated with a node that perform some kind of action or 
computation on data at that node or some nearby node. 
3) Graph transformations combine graphs, modify them, or break them into smaller graphs. In typical theorem provers, 
such transformations are carried out by a program external to the graphs. When they are triggered by the graphs 
themselves, they behave like chemical reactions that combine molecules or break them apart. 
These three mechanisms can be combined in various ways. Messages passed from node to node may be processed by 
procedures attached to those nodes, and graph transformations may also be triggered by messages that appear at some of 
the nodes. 
 
 The simplest networks with attached procedures are dataflow graphs, which contain passive nodes that hold data and 
active nodes that take data from input nodes and send results to output nodes. Petri nets are considered as the most 
widely-used formalism that combines marker passing with procedures.  

E. Learning networks 
Learning networks build or extend their representations by acquiring knowledge from examples. The new knowledge 
may change the old network by adding and deleting nodes and arcs or by modifying numerical values, called weights, 
associated with the nodes and arcs. A learning system, natural or artificial, responds to new information by modifying its 
internal representations in a way that enables the system to respond more effectively to its environment. A learning 
system, natural or artificial, responds to new information by modifying its internal representations in a way that enables 
the system to respond more effectively to its environment. Systems that use network representations can modify the 
networks in three ways: 

1) Rote memory: The simplest form of learning is to convert the new information to a network and add it without 
any further changes to the current network. 

2) Changing weights: Some networks have numbers, called weights, associated with the nodes and arcs. In an 
implicational network, for example, those weights might represent probabilities, and each occurrence of the 
same type of network would increase the estimated probability of its recurrence. 

3)  Restructuring: The most complex form of learning makes fundamental changes to the structure of the network 
itself. Since the number and kinds of structural changes are unlimited, the study and classification of 
restructuring methods is the most difficult, but potentially the most rewarding if good methods can be found. 

Systems that learn by rote or by changing weights can be used by themselves, but systems that learn by restructuring the 
network typically use one or both of the other methods as aids to restructuring. Neural nets are a widely-used technique 
for learning by changing the weights assigned to the nodes or arcs of a network.  
 
F. Hybrid networks 
Hybrid networks combine two or more of the previous techniques, either in a single network or in separate but closely 
interacting networks. Conceptual graphs, for example, include a definitional component for defining types and an 
assertion component that uses the types in graphs that assert propositions. The most widely used hybrid of multiple 
network notations is the Unified Modeling Language (UML). Although UML is not usually called a semantic network, 
its notations can be classified according to the categories of semantic networks discussed in this research. 

5 SEMANTIC NETWORK EVALUATION 
As we saw so far, Semantic networks are characterized by a high representational and expressive power, which is why 
they constitute a powerful and adaptable method of representing knowledge. In particular, semantic networks present 
some advantages that can be summarized as follows. Many different types of entities can be represented in Semantic 
Networks. SN is easy to visualize. Semantic Networks provide a graphical view of the problem space. So they allow an 
easy way to explore the problem space and therefore they are relatively easy to understand. They can be used as a 
common communication tool between different fields of knowledge, e.g., between computer science and anthropology. 
Efficient in space requirements; objects represented only once, relationships handled by pointers. Semantic Networks 
provide a way to create clusters of related elements. They resonate with the ways in which people process information.  
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They are a more natural representation than logic (using meaning axioms). They are characterized by a higher cognitive 
adequacy than logic-based formalisms. Semantic Networks allow the use of efficient inference algorithms (graph 
algorithms). They have a higher expressiveness than logic (e.g., they allow properties overriding). They allow us to 
structure the knowledge to reflect the structure of that part of the world, which is being represented. There are very 
powerful representational possibilities as a result of “is a” and “is a part of” inheritance hierarchies. The semantics, i.e. 
real world meanings, are clearly identifiable. They can accommodate a hierarchy of default values They can be used to 
represent events and natural language sentences. Knowledge engineers can easily define the relationship. Scalable and 
modular structure i.e. easy to build and maintain. Formal definitions of semantic networks have been developed. 
Simplicity, naturalness, and clarity 
 
Semantic Network also has some limitations, which frequently lead to some epistemological problems. First, a distinction 
between classes and individuals does not exist. The system is limited by the user’s understanding of the meanings of the 
links in a semantic network. As pointed out previously, links between nodes are not all alike in function or form. 
Indeed, we need to differentiate between links that constitute some relationship and links that are structural in nature. As 
shown in figure1, the link “is-a” behaves in two different ways: between the nodes “Tom” and “cat” it specifies an 
instance of a cat; instead, between the nodes “cat” and “living being” it specifies a category, a hierarchy [7]. 

 
Figure 12: Example of a link used with different meanings 

 
On the subtleties of the "is-a" link revealed even more distinctions in the uses of this link. A possible work-around to this 
problem could be to specify in a more detailed way the name of the links, distinguishing between relational and structural 
ones, as shown in figure 13. In this case we re-wrote the link between the nodes “Tom” and “cat” as an “instance-of” link; 
and the link between the nodes “cat” and “living being” as a “subtype-of” link. 

 
Figure 13: Removing ambiguity from a link 

Second, SN lacks a link name standard [6]. Third, there are no standards about node and arc values [4]. Forth, there is no 
internal structure of nodes [8]. Fifth, binary relation is easy to represent, however, sometimes it is difficult. For example: 
the sentence “John causes trouble to the party” [6]. 
 

 
Figure 14: Binary relation in semantic network 

 
Sixth, quantified statements are very hard to represent by Semantic net [6] for example: "Every dog has bitten a 
postman" and "Every dog has bitten every postman". The solution to this problem could by using Partitioned semantic 
networks to represent quantified statements. Moreover, negation "John does not go fishing" and disjunction "John eats 
pizza or fish and chips" produce discrepancies. Seventh, the context of a word is not clear, as if a node is labeled "Table," 
for example [6], does it represent? A specific Table, The class of all Table, or The concept of a Table. 
A distinction between attributes associated to a class and attributes inherited by the individuals of the class does not exist 
[7]. A formal semantic does not exist, so there is not an agreed-upon notion of what a given representational structure 
means. Indeed, semantic networks do tend to rely upon the procedures that manipulate them. A solution to this problem 
could be using conceptual graphs, formalism for knowledge representation, or a knowledge representation system such as 
KL-ONE, which allows overcoming semantic indistinctness in semantic network representation [7]. 
Inheritance particularly from multiple sources and when exceptions in inheritance are wanted can cause problems [8]. 
Difficult implementation of some operations, and difficult control of the inheritance, to solve this problem, Nisenbowm 
[12] proposes an algebraic method.  
 
No easy way to represent heuristic information [8]. Search may lead to combinatorial explosion especially for queries 
with negative results [2]. There is much formalism under the name semantic networks with different expressive 
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capabilities but always with a formal reasoning model. So, a formal semantic model for reasoning is necessary. A more 
structured formalism is necessary. Poor representation of arbitrary relations exists; Insufficient expressiveness; and 
unclear semantics. 

6 PARTITIONED SEMANTIC NET 
The semantic net can be divided into two more networks. The semantic net is to be partitioned to separate the various 
nodes and arcs in to units and each unit is known as spaces. Using partitioned semantic net user can define the existence 
of the entity. One space is assigned to every node and arc and all nodes and arcs lying in the same space are 
distinguishable from those of other spaces. Nodes and arcs of different spaces may be linked, but the linkage must pass 
through the boundaries, which separate one space from another. The central idea of partitioning is to allow groups, nodes 
and arcs to be bundled together into units called spaces. Every node and every arc of a network belongs to one or more 
spaces. Universal and existential quantifier can be represent by the Partitioning semantic net Partitioning semantic nets 
can be used to delimit the scopes of quantified variables [2], [6]. While working with quantified statements, it will be 
help full to represent the pieces of information consist some event. Suppose that we wish to make a specific statement 
about a dog, Danny, who has bitten a postman, Peter: "Danny the dog bit Peter the postman". Hendrix’s Partitioned 
network would express this statement as an ordinary semantic network: 
 

 
Figure 15:  Partitioned Semantic Net 

Suppose that we now want to look at the statement: "Every dog has bitten a postman". Hendrix partitioned semantic 
network now comprises two partitions SA and S1.  Node G is an instance of the special class of general statements about 
the world comprising link statement, form, and one universal quantifier∀  
 

 
 

Figure 16: Represents Partitioned Semantic Net for Quantifiers 

Suppose that we now want to look at the statement: "Every dog has bitten every postman". 

 
Figure 17: Represents Partitioned Semantic Net for Quantifiers 

Suppose that we now want to look at the statement: "Every dog in town has bitten the postman". 
 

 
 

Figure 18: Represents Partitioned Semantic Net for Quantifiers 
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7 CONCLUSION 
There are various knowledge representation techniques in AI. Semantic net is commonly used KR technique that 

represents the connection between objects or class of objects. It is a directed graph in which nodes / vertices represent the 
objects/ class of objects and edges and links (unidirectional) represent the semantic relations between the objects. 
Semantic net are used to represent the inheritable knowledge. Inheritance is most useful form of inference. Semantic nets 
have some advantage such as simplicity, naturalness. However, they have some disadvantages as poor representation of 
arbitrary relations, difficult implementation of some operations, and difficult control of inheritance. All KR techniques 
have their own semantics, structure as well as different control mechanism and power. Combination of two or more 
representation technique may be used for making the system more efficient and improving the knowledge representation. 
So, in the future we are trying to build the intelligent system that can learn itself by the query and have a power full 
mechanism for representation and inference. The aim is to take the advantage of the semantic net and another knowledge 
representation technique under one umbrella. 
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 تقییم الشبكة الدلالیة
*بسنت محمد الكفراوى محمود عبدالواحد رافع,  ** محمد مصطفى ناصف,  * رشا خلیل السید النمر,  ** 

نوفیةجامعـة الم -كلیة العلوم, قسم الریاضیات * 

المعمل المركزى للنظم الزراعیة الخبیرة**  
 مركز البحوث الزراعیة

 

 .  وكثیرا ما یستخدم ھذا كشكل من أشكال تمثیل المعرفة إن الشبكة الدلالیة ھي شبكة تقوم بتمثیل العلاقات الدلالیة بین المفاھیم
والحواف والتي تمثل العلاقات بین ھذه العقد والشبكة الدلالیة ھي مخطط موجھ یتكون من العقد والتي تمثل المفاھیم وتستخدم الشبكة  .

.الدلالیة عند وجود معرفة ویكون افضل طریقة لفھمھا ھو تمثیلھا كمجموعة من المفاھیم المرتبطة بعضھا بعض وفى العموم معظم  
. ة الدلالیة ونعرض انواعھا المختلفةوفى ھذة الورقة البحثیة نحن نقیم الشبك.  الشبكات الدلالیة تعتمد على الادراك المعرفى  
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Abstract—Case-Based Reasoning (CBR) is a problem-solving paradigm that solves a new problem by remembering a previous 
similar situation and by reusing the information and knowledge of that situation. A Case-Based Reasoning (CBR) tool is 
software that can be used to develop several applications that require case-based reasoning methodology. However, large 
volumes of information can make it a complex task to gain useful insight from historic datasets. This paper gives background 
information about CBR software and introduces the most used CBR tools (CBR Shell, FreeCBR, jCOLIBRI, myCBR and 
eXiTCBR). Then it introduces a comparative analysis study based on some determined factors that affect the CBR software 
including noisy data or missing values in the cases. Finally, an evaluation of the retrieving phase of each software is introduced. 
The process of Natural Language Generation for a Conversational Agent translates some semantic language to its surface form 
expressed in natural language Case Based Reasoning technique show which is easily extensible and adaptable to multiple 
domains and languages, that generates coherent phrases and produces a natural outcome in the context of a Conversational 
Agent that maintains a dialogue with the user. 
Keywords: - Artificial Intelligence, Case-Based Reasoning, Natural Language. 

1 INTRODUCTION 
The AI Engine is the core of the Personality Forge. It uses both Natural Language Processing (NLP) and Case-Based 

Reasoning (CBR) which are two philosophies of artificial intelligence which had previously not been mixed (to my 
knowledge). In Natural Language Processing, sentences are parsed and broken down to reveal the structure of the 
sentence and information about individual words and their relation to other words in the sentence. In Case-Based 
Reasoning, sentences are searched for keyphrases which trigger pre-programmed responses. The AI Engine does both- it 
first breaks down the sentences using NLP into their most basic elements, finds relationships between those elements, 
finds the meaning of individual words, and then passes all this information forward to the keyphrase, or CBR section. 
Responses are matched against both specific and broad categories of statements, and then the response is constructed 
using both the bot's own original words and a wealth of information available from the other chatter's message and 
memories of the other chatter. The Personality Forge's own scripting language, AIScript, takes this flexibility even 
further by providing the ability to create if-statements and responses based on memories, emotion, sex, time, and date. 

 
Case-based Reasoning is an emerging field in Artificial intelligence. It is mostly used in problem solving in the 

artificial intelligence applications. Case-based reasoning is an approach which utilizes the experience gained from 
solving past problems [1]. This approach maintains all information of past-solved problems, where this experience is 
stored as a case. The collection of all these past cases is stored in the form of case-base. There are various factors which 
define the efficiency of this approach [2]. The major factor is the number of past experiences stored in a case base. The 
new problem should be identified in term of the experience of the problems faced before. The new upcoming problem is 
considered as a new case. The strategy of finding a similar case for the new problem under investigation stored in the 
case base is another major factor of defining the efficiency of the case-based reasoning approach. The evaluation of the 
selected case and indexing of the suggested case for future use are other factors that define the performance of case-based 
reasoning system.  

 
Case-based reasoning has many advantages over other reasoning approaches such as rule based reasoning [5]. This 

reasoning approach bears a resemblance to human reasoning. It provides the facility of taking the decision such as human 
beings take decision in real time. Case-based reasoning is a machine learning mechanism as the solutions of precedent 
problems faced are stored in the case base. This approach learns from both success & failure of solutions of the previous 
problems. These past experiences are being reused for solving the coming problems. The process of knowledge 
acquisition is easily handled in this approach. But in the case of other reasoning approaches, the knowledge acquisition 
process is not so simple & alsocostly. The other major advantages of this approach over the other reasoning approaches 
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are the worth of the solution. In the revise phase of case-based reasoning approach, the proposed solution is revised 
according constraints of the problem. Then the proposed solution is repaired according to constraints. It is also modified 
for fulfilling the constraints of the problem. This phase of case-based reasoning boosts the excellence of the solutions & 
extends the effectiveness of this approach. The errors of the previous solutions do not propagate in the future of 
problem’s solutions [5]. It can also be applied in those domains where the information about problems is incomplete & 
insufficient for finding the adequate rules or algorithms to solve them.  

After this introduction, a theoretical background is illustrated in section 2. Section 3 introduces a brief description of 
each software used in this paper. The section 5 introduces a comparative study after testing and comparing the CBR 
applications. The conclusion andfuture workareintroduced in section 7.. 

2 THEORETICALBACKGROUND 
Case-Based Reasoning (CBR) is a problem-solving paradigm that solves a new problem by remembering a previous 
similar situation and by reusing information and knowledge of that situation [1]. More specifically, CBR uses a database 
of problems to resolve new problems.  The database can be built through the knowledge Engineering (KE) process or it 
can be collected from previous cases.  
In a problem-solving system, each case would describe a problem and a solution to that problem. The reasoning engine 
solves new problems by adapting relevant cases from the library [3]. Moreover, CBR can learn from previous 
experiences. When a problem is solved, the case-based reasoning can add the problem description and the solution to the 
case library. The new case that in general represented as a pair <problem, solution> becomes immediately available and 
can be considered as a new piece of knowledge.  
According to Doyle et al. [4], Case-Based Reasoning is different from other Artificial Intelligence approaches in the 
following ways:Traditional AI approaches rely on general knowledge of a problem domain and tend to solve problems 
on a first-principle while CBR systems solve new problems by utilizing specific knowledge of past experiences.  
CBR supports incremental, sustained learning. After CBR solves a problem, it will make the problem available for future 
problems. The CBR Cycle can be represented by a schematic cycle, as shown in Figure 1. First phase is the retrieve 
phase, which identifies features via noticing the feature values of a case, initially match a list of possible candidates and 
select the best match from the cases[7].  
Second phase is the reuse phase, where the difference between the new and the old case is determined by copying the old 
case and adapting by transforming or reusing the old solution. The third phase is the revise phase, if the solution from the 
last phase is incorrect, then this solution must be evaluated in a real environment setting and the errors/flaws of the 
solution must be found if the solution was evaluated badly.Finally, the Retain phase which incorporates the lesson 
learned from the problem-solving experience into the existing knowledge by extracting or indexing. By extracting we 
mean if the problem was solved using an old case, the system can build a new case or generalize an old case. By indexing 
we mean via deciding what types of indexes can be used in the future by integrating and modifying the indexing of 
existing cases afterthe experience. 

 
Figure 1: Case-based reasoning 

 
There are three main types of CBR that differ significantly from one another concerning case representation and 

reasoning. The first one is called Structural in which a common structured vocabulary is developed, i.e. ontology. The 
second is textual in such way cases are represented as free text, i.e. strings. The third is the Conversational CBR in which 
a case is represented through a list of questions that vary from one case to another; knowledge is contained in customer / 
agent conversations [5]. 

During the past twenty years, many CBR applications have been developed, ranging from prototypical applications 
built in research labs to large-scale fielded applications developed by commercial companies[6].  

The common application areas of CBR include help-desk and customer service, recommender systems in electronic 
commerce, knowledge and experience management, medical applications and applications in image processing, 
applications in law, technical diagnosis, design, planning and applications in the computer games and music domain [6]. 
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CBR shells are kinds of application generators with graphical user interface. Nonprogrammer users can use them but 

the extension or integration of new components in these tools are not possible.  
There is a clear difference between a CBR application and a CBR shell. A CBR application is a direct implementation 

of CBR methodology to a specific domain problem in order to solve this problem. On the other hand, a CBR shell is an 
application that enables developers to develop a CBR application. 

3 CBR SOFTWARE 
This section introduces a brief description of each software used in this paper. 

TABLE I 
CBR SOFTWARE USED 

CBR 
Shell 

Author 

CBR Shell AIAI, Stuart Aitken 
FreeCBR  Lars Johanson 
jCOLIBRI University Complutense Madrid, GAIA group 
myCBR  German Research Center for Artificial Intelligence  
eXiTCBR  University of Girona 

 

A. CBR Shell 
The AIAI CBR [8] Shell is a generic tool for case-based reasoning. The tool performs classification based on case 

comparison. The parameters of the algorithm can be varied: the number of nearest neighbors considered can be specified, 
the weights can be set manually, or the weights can be optimized by genetic algorithm. The accuracy of the algorithm is 
measured by a leave-one-out evaluation. 
 

The data must be in comma-delimited form, where a newline delimits a case. The first line of the case base must 
contain the name of the key file, the second states the goal field. The key file defines the type of matching that is done on 
each field in each case. The matching types include: 

• Num-numerical comparison by evaluating the ratio of 2 numbers 
• Stringexact-string comparison (equality test) 
• Trigram-comparison of strings/sentences/paragraphs by trigram matching 

 
Figure 2 shows a sample screen shots of the application while testing a sample case base.  

 
Figure 2: CBR shell GUI interface 

B. FreeCBR 
FreeCBR[9] is a free open source Java implementation of a Case Based Reasoning tool. Cases are stored as text cases; 
each case is a set of features. Each case consists of a predefined set of features. It finds the closest match among cases in 
a case set. The closestmatch is calculated using weighted Euclidian distance, Normal Distance algorithm, and 
Logarithmic Distance algorithm. It only supports selection and retrieval phases. 
 
Author details must not show any professional title (e.g. Managing Director), any academic title (e.g. Dr.) or any 
membership of any professional organization (e.g. Senior Member IEEE). 
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Figure 3: FreeCBR 

C. jCOLIBRI 
jCOLIBRI [10] is a framework for developing various CBR applications. It is Java-based and uses JavaBeans 

technology for case representation and automatic generation of user interfaces.  
jCOLIBRI supports full CBR cycle. At Retrieve stage, the nearest N cases are retrieved and there are 5 retrieval 

strategies, 7 selection methods and over 30 kinds of similarity functions (SF) in the spheres of text formatting and 
ontology. At the Refusal stage, several methods for adaptation are available (direct proportion) and also in ontology. At 
Revise stage, methods for revision of cases are realized, as well methods for new indexes (IDs) generation and methods 
for decision making (preference elicitation). At Retain stage, there are methods for query retaining as a new case. The 
maintenance algorithms such as RENN, BBNR, etc. are also supported. jCOLIBRI allows retrieval form clustered and 
indexed  case bases and submits program interfaces (connectors) to access text and XML files, as well standard and DL 
(descriptive logic) data bases. These interfaces can be used for diagnostic systems databases access. All CBR cases can 
be represented graphically. There are lots of CBR applications, developed on jCOLIBRI  base: additional shells (abstract 
levels) for distributed CBR systems, statistical CBR systems, multiagent supervisor systems [10, 11,12], systems for text 
files classification, and a lot of CBR recommender systems intended  to trip, car type or restaurant choice, and other of 
discrete-event type. Figure 4 shows a sample screen shot of jCOLIBRI 
 

 
 

Figure 4:jCOLIBRI GUI 

D. myCBR 
myCBR [13] is an open-source similarity-based retrieval tool and software development kit (SDK).  The framework 

my CBR supports description of cases with various attributes: numeric, character and string, logical, class type, etc. The 
templates of the cases are generated as classes or subclasses with a number of attributes, called slots (Figure 5b). 
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(a)       (b) 

Figure 5: a:myCBR case base, b: Editing the local similarity function viaGUI 

The CBR Cases are objects of the class described by its attributes. Each attribute can participate in the class with its 
value and weight that determine the significance of the attribute in relation to others. Attributes with weight of zero (0) 
are not considered when searching the case-base DB. 

Usually, case decisions have attributes with zero weight. In myCBR are given the opportunity to edit the similarity 
functions (SF) on class level (global SF) and on an attribute level (local SF). At the class level the SF are: weighted sum, 
Euclidean difference, maximum or minimum. On attribute level, the SF can be modified through the GUI, as shown in 
the middle of Figure 5a and they can be symmetrical, asymmetrical, step-type or smooth step-type, linear or polynomial. 

In myCBR the case and their attributes can be created manually or automatically. The automatic generation of 
attributes (slots) is done during the import procedure of the Comma Separated Value (CSV) file. Then to each column 
name from the CSV file is assigned an attribute with the same name. To each row of the file the new case (instance of the 
class) is created in the case-base DB. 

E. eXiTCBR 
eXiTCBR [14] is a case-based reasoning tool developed at the eXiT research group of the University of Girona. It 

goes beyond pure CBR prototyping and aims to support experimentation. 
 

The eXiTCBR framework was designed to bring together CBR methods currently used in medical applications and 
data mining and visualization techniques that can be plugged into it. eXiTCBR also facilitates the incorporation of new 
techniques, if required. 
 

eXiTCBR architecture follows a modular approach based on the different phases in a CBR system. Each CBR step is 
implemented as generic class. When a new method is required but not provided in the system, it can be assembled as a 
particular instance of a generic class. When other techniques need to be integrated or hybridized, the corresponding 
executable codes should also be included. 
 
Input file Requirements:[15] 
- First row: description of the attributes 
- Second row: short name of the attributes, in a single word 
- Third row: attribute type: 

0: discrete (as Nause, LumbarPain, Urine, Micturition, Burning) 
1: numeric (as Temp) 
2: text 
-1: do not take into account (as identifier, or the classes). 

-Fourth row: attribute weight 
- First Column: case identifier. There should be a different identifier for all of the cases 
- Class attribute: it should be numeric (0-positive, 1-negative, or the other way around). In the example, 
Inflammatory is a diagnosis (class attribute), as well as nephritis. 
- No empty lines at the end of the file 
- Decimal numbers expressed with dots (39.0). Do not use dots for thousands. 
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-Current eXITCBR version provides support for the first two steps. 
 
In selection the retrieved cases, the selection methods select the best cases from with the solution of a new case is 
provided at the reuse phase. The selection methods available are the following:  

• Select1K. The best / most similar case will only be used. 
• Select NK. The N best similar cases will be used. 
• Select Threshold. The cases close to the new case will be used. “Close” is modeled by a threshold that needs to 

be specified at the right box. Use this option as a first attempt to use the tool, indicating in the right box 0.7 this 
option illustrates in a nice way the plots that result after running the experiment. 

• Null. No method is applied. All the cases are used. 
 
 
 
 
 
 
 
 

 

 

 

Figure 6: eXiTCBR CBR 

4 COMPARATIVE STUDY 
This section introduces a comparative study after testing and comparing the CBR applications mentioned previously in 

table 1 using the same case base.  
The case base used for testing the previously mentioned software obtained from the UC Irvine Machine Learning 

Repository, which contains details for 1000 cases for used cars [16]. 
 

Figure 7: Case-base snapshot 

There are a number of major concerns when studying case-based reasoning approach. These major concerns are listed 
below: 
 

• What is the structure of the cases?  
• What are the selection strategies for finding similar cases?  
• How is the case being retrieved?  
• How is the selected case being revised?  
• How is the suggested case being stored in case base?  
• How is the suggested case being indexed for faster access?  
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• How to deal with noisy data or missing values? 
 
According to the previous mentioned points, a comparative study between the CBR software mentioned previously in 
table 1 in section 3 is done. Next paragraphs describe the effect of each factor to each CBR software respectively.  
 
After applying the same query to all CBR software, the researcher has discovered the following: CBR Shell, very simple 
interface, the retrieval can use KNN or Threshold and weights can be specified manually, it uses genetic algorithm for 
optimization, no case revised and cases are stored in custom text files, no case indexing. 
 
FreeCBR  has a very simple GUI interface, find the "closest" match of the stored cases, the closest match is calculated 
using weighted Euclid distance. FreeCBR finds the closest match among cases in a case set. Each case consists of a 
predefined set of features. The features are defined by a name and a data type where the data type may 
be String, MultiString, Float, Int and Bool. 
jColibri has a very simple and powerful GUI, it represents cases in a very simple way. jColibri allows retrieving cases 
using a SQL query and then it organizes cases after they load into memory and the case can be graphically presented. 
 
There are a number of case retrieval algorithms applicable in case based reasoning. These algorithms are based on the 
similarity metric that allows resemblance between cases stored in case base. The nearest neighbor retrieval algorithm & 
induction retrieval algorithms are two chief algorithms used in this process. Nearest-neighbor retrievalis a 
straightforward approach that computes the similarity between relevant cases found through indexing. The case is elected 
on worth of weighted computation of its feature. When the value of weighted calculation of its features is greater than 
other cases, then meticulous case is elected from the case base.  
jCOLIBRI can be used  as a basis for complex CBR applications development with full CBR R4 cycle, using various 
data bases.  jCOLIBRI  supports working  with external Database and external sources. 
 
myCBR has a simple GUI. The cases are very simple. They support only Retrieve and Retain phases. During the Retrieve 
phase, all precedents are extracted. They are sorted by degree of similarity based on the chosen global SF. The Query to 
the case-base DB could be done on the basis of all or part of the attributes, describing the case. 
myCBR does not work with external DB. It stores the cases in text file or in XML file. That's way it cannot support the 
case indexation and categorization. The case cannot be graphically presented in the GUI, but it is possible to present the 
distribution of values of a selected attribute for all cases in the database. 
 
No interfaces to external systems and DB are available in myCBR. It is valid regarding the interfaces to real-time or 
diagnostic systems. On Retain phase, myCBR allows saving the Query as a new case, also to use an old case as a basis 
for new Query. MyCBR is entirely based on GUI, providing a ready-windows templates and forms for defining classes, 
attributes, SFs, queries to the case-base DB, visualization of found results and more. 
 
myCBR platform can be used for non-complex CBR applications development with partial CBR R4 cycle and with small 
number of cases in text file. For CBR application development, no time for programming is needed but it is needed only 
for case configuration. MyCBR is not suitable to be applied with large number of attributes with text solution, especially 
when they must be visually presented in one window. Table 2 summarizes the comparisons between the selected CBR 
software. 
 
Concerning the missing data and unknown values in the case base software, CBR Shell, FreeCBR, and eXiTCBR can’t 
load the case base if modified or edited with removing values as shown in figure 8. myCBR handles this type of noise by 
adding two extra values (_unknown_ and _undefined_) to an attribute as shown in figure 9. 
 

 
Figure 8: FreeCBR and missing values 
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Figure 9::myCBR and missing values 

As an addition to the comparative study, it must be taken in consideration the evaluation of each software, using some 
statistical measures like precision, recall, and F-Measure.Precision is the probability that a retrieved case is relevant, 
Recall is the probability that a relevant case is retrieved in a search, and F-Measure is the harmonic mean of recall and 
precision together which appeared in table 2. 
Table 2 also shows a statistical view after applying the same query to the five CBR softwares. The results show that the 
highest accuracy reached and the number of cases retrieved and matched through the jCOLIBRI followed by myCBR, 
FreeCBR,CBR Shell and eXiTCBR respectively. 
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5 CONCLUSIONS 
This paper introduces a comparison among most common used CBR software. It also mentions the advantages and 

disadvantages of each software. Moreover, this paper applies the same case base to the five CBR software to compare 
and evaluate the results using the predetermined factors and calculating Precision, Recall ,F-Measure and Accuracy for 
each one. As a conclusion CBR, Free CBR and eXit CBR are very simple software including simple GUI and only 
include the selection and retrieval of similar cases using traditional techniques. On the other hand, both myCBR and 
jCOLIBRI are more complex and can be used for complex CBR. myCBR interfaces over matches jCOLIBRI's and 
provides more options as weights and Similarity functions, type modification of attributes and cases. This is of great 
importance for query adjustment and refining the case base.There should be a new technique to improve the CBR process, 
which needs to be developed and tested. The new idea is to use a semantic approach to store and retrieve cases with 
added meta-data to the cases itself to help in measuring similarity instead of the traditional techniques. 
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 الطبیعیةاللغة و المنطق البرمجیات القائمة علىحالة دراسةمقارنة ل
**رانیا احمد محمد,*بسنت محمد الكفراوى  

العلوم جامعة المنوفیة كلیة, أستاذ مساعد *  
*مدرس مساعد بالجامعة الحدیثة للتكنولوجیا والمعلومات**  

 الملخص
إعادة استخدام و لسابق بتذكروضع مماثلا مشكلة جدیدة یحل لمشكلة التي حلا نموذجھو ) CBR( الحالة القائم على المنطق

لتطویرالعدید من  التي یمكن استخدامھا البرمجیات ھي) CBR( الحالة القائم على المنطق .ھذا الوضع من المعلومات والمعرفة
 التجارب السابقة المكتسبة من المعلومات أن الحدس على CBR ویستند .القضیة التفكیرالقائم على منھجیة التي تتطلب التطبیقات

، وبالتالي. في متناول الید، والمشكلة وتعزیزالعملیات ذات الصلة، ھال لتوفیر حلول أداة ھامة یمكن أن یكون) أوالحالاتالحالات (
 مھمة معقدة یجعل من المعلومات كمیات كبیرة من یمكن أن، ومع ذلك. الموارد القیمةتوفیر و تحسین النتائجفإنھ یساعد على 
الظروف  في مثل ھذه معلومات مفیدة للحصول على ھوأداة فعالة  CBR. التاریخیة قواعد البیانات المفیدة من لاكتساب المعرفة

 عن معلومات أساسیة ھذه الورقة تعطي .السنوات الأخیرة بنجاح في معظم تطبق الذكاء الاصطناعي تقنیاتھي واحدة من و
 FreeCBR ،jCOLIBRI ،myCBR، شل CBR( التأھیل المجتمعيدوات لأ الأكثر استخدامایقدم و التأھیل المجتمعي برنامج

بما  التأھیل المجتمعي برنامج التي تؤثر على المحددة بعض العوامل على أساس مقارنةتحلیلیة  دراسة انھ یقدم ثم). eXiTCBRو
 كل استرجاعمرحلة تقییما للقدم و، أخیرا لھم من بین أیضا فإنھ یقارن .الحالات المفقودة في أوالقیم صاخبة في ذلك البیانات

 اللغة الطبیعیة المعبر عنھا في سطحھشكل الدلالیة ل العباراتبعض  یترجم المحادثةوكیل الطبیعیة ل اللغة تولید عملیة.البرامج
متماسكة  العبارات یولد أنبلغات متعددة، المجالات وقابلة للتكیف مع و بسھولة ینزلق الذي التفكیرالمعرض أسلوب استنادا القضیة

 .الحوارمع المستخدم التي تحافظ على المحادثة وكیل سیاق في نتیجة طبیعیةتنتج و
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A Proposed Standardization for Arabic Sign Language 
Benchmark Database 

 
 
 
 
 
 
 
 
 
 
 
Abstract- This The lack of a visualized representation for standard Arabic Sign Language (ArSL) makes it difficult to do 
something as commonplace as looking up an unknown word in a dictionary. The majority of printed dictionaries organize 
ArSL signs (represented in drawings or pictures) based on their nearest Arabic translation; so unless one already knows the 
meaning of a sign, dictionary look-up is not a simple proposition. In this paper we introduce the ASL database, a large and 
expanding public dataset containing video sequences of thousands of distinct ArSL signs. This dataset is being created as part 
of a project to develop an Arabic sign language translator. At the same time, the dataset can be useful for benchmarking a 
variety of computer vision and machine learning methods designed for learning and/or indexing a large number of visual 
classes especially approaches for analyzing gestures and human communication. 
 
Key words: Arabic Sign Language (ARSL), Arabic Sign Language Database, Database Benchmark. 
 

1 INTRODUCTION 
 

 Arabic Sign language is different in each Arab region or/and country with many dialects. This difference gives the 
difficulty of communicating and dealing between deaf people in different Arabian countries. A need appeared to unify 
Arabic sign language in all Arabian countries. This derived the Council of Arab Ministers of Social Affairs (CAMSA) to 
take a decision of developing a unified Arab sign language dictionary and publish it to all countries, in an attempt to help 
Arab deaf people to have a common language in addition to their local language [1]. This dictionary is mostly used in 
education and in common communication such as sign language interpreters in television. Arabic sign language like 
other known sign languages depends on three basic factors that are used to represent the manual features: hand shape, 
hand location and orientation. In addition to the non-manual features that are related to head, face, eyes, eyebrows, 
shoulders and facial expression like puffed checks and mouth pattern movements. ASL is limited to represent nouns, 
adjectives and verbs. Prepositions and adverbs are represented in the context of articulation by specifying locations, 
orientations and movement. Intensifiers represented by iteration [1]. Signs forming and sequencing in the articulation, are 
done depending on the Arabic sign language grammar and rules.  
Arabic sign languages (ARSLs) are still in their developmental stages. Only in recent years has there been an awareness 
of the existence of communities consisting of individuals with disabilities; the Deaf are not an exception. Arab Deaf 
communities are almost closed ones. Interaction between a Deaf community and a hearing one is minimal and is 
basically concentrated around families with deaf members, relatives of the deaf, and sometimes play friends and 
professionals [2]. As in other communities, communication with a deaf person is polarized within such circles. This 
situation has led to the emergence of many local means of sign communication. Until recently, such signs have not been 
gathered or codified. Signs are starting to spread, forming acknowledged sign languages. By and large, the view held vis-
a-vis disability, including hearing, in the Arab society is still one of accommodation rather than assimilation [2]. 
 Sign languages all over the world are not a new invention. They existed on par with the spoken languages. Their 
invention cannot be attributed to any person. Rather, they developed naturally just as other verbal languages. Similarly, 
ARSLs have been developing naturally. In their ‘‘natural context,’’ ARSLs developed as in-dependent systems of 
communication. They are not interpretations of standard Arabic or spoken vernaculars [2]. 
 

2 ARABIC SIGN LANGUAGE 
 
 ARSLs share many similarities and manifest certain features of difference. After all, this is true for all languages; 

indeed, trace features of universality can be traced among the sign languages of the world. Basically, ARSLs developed 
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independently, although some have benefited from the pioneer experience of the others. The possible sources of ARSLs 
could be traced to the following: 

• Borrowings, especially European and American. 
• Creations, which are initialization of conceptual signs usually by gestural repertoire of spoken varieties. 
• Miming actions, shapes, and things in nature. 
• Expanding means, such as compounding and blending. 
• ‘‘Dumb’’ regional signs, which are basically signs inherited over centuries, used by ‘‘mute’’ people, and of a 

local nature. 
 
Finger spelling is fairly new and is mostly a combination of creation and miming source. It is used to spell out proper 

nouns and words that do not have sign correspondence. Finger spelling, however, is not used to read out or communicate 
the standard form of Arabic. Therefore, there is no ‘‘manual Arabic’’ yet; perhaps such form of signed standard Arabic 
might develop if the deaf are to be educated through sign language and if need arises to have a signed Arabic that 
corresponds to the standard. Further, there has been no attempt so far to write down ARSLs (sign writing). ASL, for 
example, has established writing systems, but these have not been widely used to record ASL literature; however, there is 
a large body of ASL literature available in movies, videotapes, and compact disks [3]. 
Arabic, on the other hand, has a considerable body of signed literature mainly in movies, TV series, and news bulletins; 
this body has been neither recorded nor utilized for the development of Arabic sign vernaculars.  
Arabic sign languages are not particularly different from other known sign languages, such as BSL. In fact, the Arabic 
varieties in use have undergone some lexical influence from other sign languages [4]. ARSLs are basically manual 
languages made from cheremes that involve the three recognized elements: configuration of hands (hand shape), 
placement/space (position of hand in relation to body), and movement (directions and contacts within space). In addition 
to these manual shapes, ARSLs make use of other non-manual features, like those of the face, mouth, and tongue.  

Arabic sign languages also exhibit similar forms to other established sign languages, such as links between form and 
meaning that may be iconic, pictorial, conventional, or arbitrary [5]. Arabic sign languages’ word correspondence (i.e., 
signs) is limited to two basic classes, nouns/adjectives and verbs, and lacks, unlike standard Arabic, many of the particles 
(e.g., prepositions and some adverbs or intensifiers). However, the relationships and concepts represented by prepositions 
and intensifiers, for example, can be expressed by other means. This could be done by the position and direction of one 
sign in relation to another in the case of prepositions and by repetition of sign regarding intensifier [6]. Other vocabulary 
items can be explained under the following categories: synosigns, antosigns, homosigns, and compounds. 

• Synosigns: usually two different signs with one meaning are not common in ARSLs. However, they do exist 
and mostly evolve as a result of shifting from one sign to another, and when the first sign is not totally 
abandoned, the two signs continue to coexist for some time until one, usually the second, dominates. Examples 
from Jordanian Sign Language are girl and rich.  

• Antosigns: The type of antosigns present in ARSLs is mostly complementary pairs, which is different only in 
one element: movement. This makes an to signs in sign language different from antonyms in spoken languages, 
in which the sounds and meaning are different  

• Homosigns: Arabic sign languages use some homo-signs. There is no difficulty in understanding the referential 
meaning of such signs, which is usually clear from the context  

• Compounds: A very important method to expand vocabulary is through compounding. This is also true for sign 
languages, including Arabic. Whenever two signs can give the meaning of another concept when combined, 
they are employed to do so, especially in developing sign languages such as those of Arabic. Indeed, it is much 
easier to understand a concept in relation to another rather than to invent one; consider these examples: dentist, 
internist, vet, and dream. 

Arabic sign languages are similar to other sign languages of the world in that they are basically spatial–gestural 
languages. This makes it difficult to compare sign languages with their spoken counter-parts; Arabic in this regard is 
not an exception. As a matter of fact, many concepts used to describe spoken languages are inadequate for the 
description of sign languages. Nevertheless, inevitably, one system should be mapped practically into the other.  

Generally, ARSLs do not follow the same order of their spoken or written counterparts. Usually, a reversed order is used. 
This is because sign languages are highly schematized and indeed more pragmatic than the spoken ones. In Arabic, 
emphasis is given to content signs, those representing nouns and verbs. The nominal ‘‘sentence’’ is usually made up from 
a subject and a predicate, such as ‘‘she/he deaf ’’ [6]. And, unlike spoken and written varieties, there is no singular, dual, 
or plural agreement in ARSLs.  
Signed sentences, on the other hand, do not make use of tense/aspect as in spoken and written varieties. Tense is simply 
and practically used. Past, present, and future times are indicated at beginnings of conversation chunks and only shifted 
when there is need to indicate a different tense (e.g., worked). Negatives and interrogatives have more than one way of 
expression. While in some cases non manual gestures are important (e.g., raised eyebrows, head and shoulders leaning 
forward, signed question mark), in other cases signs are used, for instance, ‘‘red not’’. 
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As for other grammatical features like emphasis and adverb position, emphasis is done by repetition, longer signing time, 
and facial expressions and dramatization; adverbs are explained manually, by one hand’s position in relation to the other. 
Other features, such as passivization, declension, and indeclension, are nonexistent. Conditional expressions, sentence 
boundaries, and turn taking are usually achieved by non-manual features of facial expressions and context. 
Sign languages show greater link between form and meaning than spoken languages [5]. Arabic word order is so flexible 
that it allows for one meaning to be expressed in different formal structures, such as V-S-O (verb-subject-object), S-V-O, 
O-V-S, V-O-S. This makes the structure of ARSLs familiar, especially to hearing learners, and easily comprehensible to 
the uneducated (most deaf people in the Arab countries are) because of their grammatical simplicity, which does not exist 
in standard Arabic. All this in my opinion makes sign language in general and Arabic in particular more ‘‘pragmatic’’ 
than the spoken varieties of language, which adds to the advantages of sign language more than is customary. This 
measurement and others are deliberate, using specifications that anticipate your paper as one part of the entire 
proceedings, and not as an independent document. Please do not revise any of the current designations. 

 

3 RELATED WORK 
 
For evaluation and benchmarking of automatic sign language recognition, large corpora are needed. Recent research has 
focused mainly on isolated sign language recognition methods using video sequences that have been recorded under lab 
conditions using special hardware like data gloves. Such databases have often consisted generally of only one speaker 
and thus have been speaker-dependent, and have had only small vocabularies. Most databases used in sign language 
processing so far do not provide or include what is important for the evaluation of sign language processing algorithms.  
The National Center for Sign Language and Gesture Resources at Boston University has published an expanding 
database of American Sign Language (ASL). Dreuw and colleagues from the RWTH Aachen University created several 
subsets for the evaluation of isolated and continuous sign language recognition: RWTH-BOSTON-50 [7, 8], 
RWTHBOSTON- 104 [9], and the new RWTH-BOSTON-400.  
The new RWTH-BOSTON-400 is the largest publicly available benchmark corpus for video-based continuous sign 
language recognition. It contains 843 sentences, several speakers, and separate splits for training, development, and 
testing of automatic sign language recognition systems.  
The RWTH-BOSTON-400 database is created from a subset of the larger data set available through Boston University. 
The BU ASL corpus has been used previously in evaluation of computer vision and pattern recognition methods, 
including detection of head gestures [10], recognition of facial expressions [11], hand tracking and recognition of hand 
shapes and movements [12, 13, 14].  
The National Center for Sign Language and Gesture Resources (NCSLGR) at Boston University has been engaged in the 
collection of ASL data (including sets of individual utterances, narratives, and dialogues) from Deaf native signers. 
The NCSLGR makes available high-quality video files showing the signing from multiple angles, including a close-up of 
the face, in a variety of video formats, along with linguistic annotations that have been carried out in conjunction with the 
American Sign Language Linguistic Research Project (ASLLRP) at Boston University, using Sign Stream [15, 16]. 

 

       4     ARSL DATABASE BENCHMARK 
 
This benchmark database is being created as part of a project to develop an Arabic sign language translator. This project 
aims to provide a credible tool of communication between the deaf sector and the community. The first milestone in the 
project is to build a national digital database for standard Arabic sign language.  
The Standard Arabic sign language dictionary can be categorized in 27 categories of words. The number of signs is: 1216 
signs including the alphabets and numerical. Four sign language experts have captured the complete dictionary and two 
different experts have reviewed the signs validity. The four sign experts are deliberately picked as: two are a left-handed 
person and the other are a right-handed. For each captured person: 

• Videos are captured from 4 different angles (Fig. 1).  
• Recording signs’ videos using different viewing angles (0, 270 then 315, 225).We recorded videos of 5, 10, 30 

and 50 frames per second. The recording has been done for 2 different persons; each sign is recorded 3 times.  
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This concludes the database size as: 4*(1216*4) = 19,456 signs videos. The facial expressions represent a major non-
ignorable key feature in identifying the meaning. (Ex: divorce and marriage have the same hand signs but differ in the 
facial expressions). A study has been conducted on the captured signs database conclude that nearly 72% of the signs 
mainly depend on facial expressions and body language to deliver the right meaning to the recipient .  
The database benchmark has several orientations: 

• The performance benchmark.  
• The data validity benchmark.  
• The data variation and generalization benchmark. 

The formal Arabic sign language dictionary approved by the league of Arab states is used to build Arabic sign language 
database .In order to validate the created database; a survey was conducted with a sample of 80 deaf students who were 
participating in the various user studies. The sample of deaf people is chosen from 4 different certified NGOs with 
different levels of education.  
The main objective of interface development is to ease the access of the required video(s) or sign of a specific word. The 
Database Access Interface is implemented in ASP.Net and runs in any modern browser. As discussed before, the 
procedure of building ASL at Boston University is used to build our database. The Interface provides high-quality video 
files showing the signing from multiple signers, multiple angles, including a close-up of the face, different lighting 
conditions,  
in a variety of video formats as shown in figure 2. Summary of the number of recorded videos available in the interface 
with different acquisition techniques is outlined in table 1. 
 
  

Figure 1: The word (one) captured by different orientation angles. 
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TABLE 1 
NUMBER OF RECORDED VIDEOS FOR EACH SIGNERS AND DIFFERENT RECORDING CONDITIONS 

 
 Signer 1 Signer 2 Signer 3 Signer 4 

Number of Videos 1216 1216 1216 1216 
Top-Side orientation 1216 1216 1216 1216 

45-135 degrees 1216 1216 1216 1216 
Close up face 980 682 733 822 

Body Only 1216 720 1216 1216 
Normal Lighting 1216 1216 1216 1216 

Low Lighting 912 941 891 951 
 
 
 
 

Figure 2: Different samples of the database with multiple signers, positions and lighting conditions 
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In addition, the interface provides with linguistic annotations that have been carried out in XML format. The interface 
allows users to query the data (or some user-specified subset of the data) in search of specific signs (or types of signs, 
e.g. finger-spelled signs), non-manual behaviors, or combinations thereof, while facilitating transfer of video files and 
annotations from the web site to the user’s computer without the need of third-party software. 
The annotations are available as XML files. Video files are available in a variety of formats that offer different trade-offs 
between file size and video quality. The original, uncompressed video sequences have resolution of 600x800 pixels, and 
were recorded at 60 frames per second. Grayscale and color cameras were used for recording the sequences. Each 
sequence was captured simultaneously by multiple (two to four) synchronized cameras: one or two cameras showing a 
front view of the upper body of the signer, one camera zooming in on the face from the front, and in many cases a camera 
showing the signer’s upper body from the side. Calibration sequences are available for most of the recording sessions. 
The calibration sequences show a chessboard-like calibration pattern at a variety of 3D orientations, as seen from 
multiple cameras. 

5        CONCLUSIONS 
 

The In this paper, we described the recording of a new sign language corpus which meets the requirements for an Arabic 
sign language translator. The database is based on a vocabulary of 1216 basic signs in Arabic sign language and 
comprises 531 sentences each articulated by 4 different signers. The whole database will be made available for interested 
researchers in order to establish the first benchmark. The currently extracted features produce good recognition 
performance for a single trained signer. The experimental results reveal that they are robust enough for signer-
independent sign language recognition. 
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 لغة الاشارة العربیة ل لبناء قاعدة بیانات موحدة مقترح توحید قیاسي
 جامعة عین شمس -كلیة الحاسبات و المعلومات  -قسم الحسابات العلمیة   -أحمد سمیر 

 جامعة عین شمس -الحاسبات و المعلومات كلیة -قسم الحسابات العلمیة   -محمد فھمي طلبة 
 

 :خلاصة
 

منع انتشار  مما یسبب العوائق و التحدیات للبحث عن اشارة في القاموس ر للغة الاشارة من أكب تعتبر الصعوبة في التمثیل الشكلي
قاموس للغة الاشارة العربیة  أولیھدف ھذا البحث لاقتراح و تنفیذ   .و وصول قاموس لغة الاشارة لمستخدمیھ مترجمات لغة الاشارة

نھدف من ھذا وضع قاعدة بیانات علي أساس توحید قیاسي . الاضاءة و منفذس الاشارات, معتمدا علي فیدیوھات متنوعة الزوایا
 .یمكن الاستفادة من قاعدة البیانات في مجالات البحث الاكادیمي و الاستخدام العادي. للبحث
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Abstract—This paper presents a long distance continuous language model (LM) based on a latent semantic analysis (LSA). In 
the LSA framework, the word-document co-occurrence matrix is commonly used to tell how many times a word occurs in a 
certain document. Also, the word-word co-occurrence matrix is used in many previous studies. In this research, we introduce a 
different representation for the text corpus, this by proposing long-distance word co-occurrence matrices. These matrices to 
represent the long range co-occurrences between different words on different distances in the corpus. By applying LSA to 
these matrices, words in the vocabulary are moved to the continuous vector space. In the LSA space, we represent each word 
with a continuous vector that keeps the word order and position in the sentences; this may help to attack the long-range 
dependencies problem occurs in many LMs. The word continuous vector is constructed by concatenating the reduced 
continuous vectors for that word from each projection matrix. We use tied-mixture HMM modeling (TM-HMM) to robustly 
estimate the LM parameters and word probabilities. Experiments on Giga Words corpus show improvements in the perplexity 
results compared to the conventional n-gram. 

1 INTRODUCTION 
A language model (LM) plays an important role in automatic speech recognition systems (ASR). It determines how 
likely a word sequence would occur in terms of probability. In other words, the LM task is to estimates the 
probability𝑃(𝑊)for a given word sequence 𝑊 = 𝑤1,𝑤2, … ,𝑤𝑁. Together with the acoustic model, LM has been used to 
reduce the acoustic search space and resolve acoustic ambiguity. Without it, ASR systems would not understand the 
language and it would be hard to find the correct word sequence. 
 
N-gram model[1], [2],[3] is the most frequently used LM technique in all types of natural language processing, speech 
recognition and machine translation applications. There are several factors contributing to this reality. First, n-gram 
models are easy to build; all it requires is a plain text. Second, the computational overhead to build an n-gram model is 
virtually negligible given the amount of typically used data in many applications. Last, n-gram models are fast to use 
during decoding as it does not require any computation other than a table look-up. It defines the probability of an ordered 
sequence of n words by using an independence assumption that each word depends only on the last n-1 words. In case of 
trigram (n=3), the probability for the word sequence 𝑊 = 𝑤1,𝑤2, … ,𝑤𝑁 is: 
 

 
𝑃𝑡𝑟𝑖𝑔𝑟𝑎𝑚(𝑊) = �𝑃(𝑤𝑖|𝑤𝑖−2,𝑤𝑖−1)

𝑁

𝑖=1

 
 

(1) 

 
In spite of this success, the n-gram suffers from some major problems. One of the key problems in n-gram modeling is 
the inherent data sparseness of real training data. If the training corpus is not large enough, many actually possible word 
successions may not be well observed, leading to many extremely small probabilities. This is a serious problem and 
frequently occurs in many LMs. Assigning all strings a nonzero probability helps prevent errors in speech recognition. 
 
A technique called smoothing is partially solved the problem by ensuring that some probabilities are greater than zero for 
words which do not occur or occur with very low frequency in the training corpus. The basic idea of smoothing 
techniques is to subtract probability mass from the relative frequent seen events and distribute it to the unseen events. 
Smoothing methods can be categorized according to how the probability mass is subtracted (discounting) and how it is 
redistributed (back-off)[4], [5], [6], [7],[8],[9], [10]. 
 
Another way to avoid data sparseness problem is by mapping words into classes which is called a class-based LM, 
resulting a LM with less parameters. Class-based LM gives for infrequent words more confidence by relying on other 
more frequent words in the same class. The simplest class-based LM is known as class-based n-gram LM[11]. A 
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common way to improve a class-based n-gram LM is by combining it with a word-based n-gram LM using interpolation 
method[12], [13]. Another approach is using a class-based n-gram LM to predict the unseen events, while the seen events 
are predicted by a word-based n-gram LM. This method is known as word-to-class back-off[14]. 
 
In addition to the data sparseness problem, the n-gram also suffers from the adaptability problem[15]. N-gram language 
model adaptation (to new domain, speaker, and genre) is very difficult using a relatively small amount of data, simply 
because of the huge number of parameters, for which large amount of adaptation data is required. The typical practice for 
this problem is to collect data in the target domain and build a domain specific language model. The domain specific 
language model is then interpolated with a generic language model trained on a larger domain independent data to 
achieve robustness[16]. 
 
Based on the Markov assumption, the word-based n-gram LMs are very powerful in modeling short-range dependencies 
but weak in modeling long-range dependencies, this because it uses only short-range dependencies and does not care 
about the long-range information. Many attempts were made to capture long-range dependencies. The cache-based 
LM[17] used a longer word history (window) to increase the probability of re-occurring words. Then there was a trigger-
based LM[18], a generalization of the cache-based model. In this model, related words can increase the probability of the 
word that we are trying to predict. However, the training process (finding related word pairs) is computationally 
expensive. There are also n-gram variants known as skip n-gram LM[19], [5] that tries to skip over some intermediate 
words in the context, or a variable-length n-gram LM[20] that uses extra context if it is considered to be more predictive. 
 
Based on the n-gram problems that are briefly introduced above, several studies are introduced to build LMs in the 
continuous parameter space. This may help to overcome the data sparseness, adaptability, and long range dependencies 
problems of the conventional n-gram LM. In the continuous space, the words are treated as vectors of real numbers rather 
than of discrete entities. As a result, long-term semantic relationships between the words could be quantified and can be 
integrated into the model. 
 
Bellegarda et al[21], [22], [23]. introduced latent semantic analysis (LSA) to language modeling. The concept of LSA 
was first introduced by Deerwester et al[24]. for information retrieval. It maps words into a semantic space where two 
semantically related words are placed close to each other. Recently, LSA has been successfully used in language 
modeling to map discrete word into continuous vector space (LSA space). Bellegarda combines the global constraint 
given by LSA with the local constraint of n-gram language model. The same approach is used in[25], [26], [27], [28], 
[29], [30] but using neural network (NN) as an estimator. Gaussian mixture model (GMM) could also be trained on this 
LSA space[15]. Also, the tied-mixture LM (TMLM) is proposed in the LSA space[16]. Context dependent class (CDC) 
LM using word co-occurrence matrix is proposed in[31]. Instead of a word-document matrix, a word-phrase co-
occurrence matrix is used in [32]as a representation of a corpus. 
 
To apply the LSA, the text corpus must be represented by a mathematical entity called matrix. LSA is usually used 
together with the word-document matrix[33] to represent the corpus. Its cell contains the frequency of how many times a 
word occurs in a certain document in the corpus. Also, the word-word co-occurrence matrix is used in some previous 
studies; its cell 𝑎𝑖𝑗  contains the frequency of word sequence 𝑤𝑗𝑤𝑖 in the corpus. 
 
We introduce a LM in the continuous parameter space based on LSA by proposing a different representation for the text 
corpus and taking into consideration the long range dependencies between words. We represent the text corpus by 
creating long-distance word co-occurrence matrices. These matrices represent the co-occurrences between different 
words on different distances in the corpus. And then applying the LSA to each one of these matrices separately. A tied-
mixture HMM model is trained on the LSA results to estimate the LM parameters and word probabilities in the 
continuous vector space. 

2 CONTINUOUS SPACE LANGUAGE MODELING 
The concept of language modeling in continuous space is introduced in several studies before as discussed above. The 
underlying idea of this approach is to attack the data sparseness, adaptability, and long range dependencies problems of 
the conventional n-gram models by performing the language model probability estimation in a continuous space. In the 
continuous space, words are not treated as discrete entities but rather vectors of real numbers. 
 
Thus, what we need to build a continuous space LM is: a mapping from the discrete word space to a representation in the 
continuous parameter space in the form of vectors of real numbers, and then training a statistical parametric model 
(classifier) which decides the next word given the mapped history in the resulting space. 
As a result, long-term semantic relationships between the words could be quantified and can be integrated into the model, 
where in the continuous space we hope that there is some form of distance of similarity between histories such that 
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histories not observed in the data for some word are smoothed by similar observed histories. This help to attack the data 
sparseness issue discussed above for n-gram LMs. 
 
By moving to the continuous space, we can cast the language modeling problem as an acoustic modeling problem in 
speech recognition. In the acoustic modeling, large models can be efficiently adapted using a few utterances by 
exploiting the inherit structure in the model by techniques like maximum likelihood linear regression (MLLR)[34]. So, 
we can re-call the acoustic modeling adaptation tools to adapt language models in the continuous space. This addresses 
the adaptability issue discussed above for n-gram LMs[15], [16]. 
 
In this study we propose a method to address the long range dependencies issue discussed above for the n-gram LMs, in 
addition to the data sparseness and adaptability problems as well. 

3 LATENT SEMANTIC ANALYSIS 
LSA is a study that mainly aims to reveal the hidden meaning behind the text. It is also able to represent the text in a low-
dimension of continuous space. 
 
The concept of LSA was first introduced by Deerwester et al.[24]for information retrieval. Since then there has been an 
explosion of research and application involving LSA. It was brought to the field of LM for ASR by Bellegarda et al.[21] 
LSA extracts semantic relations from a corpus, and maps them to a low dimension vector space. The discrete indexed 
words are projected into LSA space by applying singular value decomposition (SVD) to a matrix that representing a 
corpus. 
 
The first step is to represent the text as a matrix in which each row stands for a unique word and each column stands for a 
text passage or other context. Each cell contains the frequency with which the word of its row appears in the passage 
denoted by its column. In the original LSA, the representation matrix is a term-document co-occurrence matrix. 
 
Next, LSA applies singular value decomposition (SVD) to the matrix. In SVD, a rectangular matrix is decomposed into 
the product of three other matrices. One component matrix describes the original row entities as vectors of derived 
orthogonal factor values, another describes the original column entities in the same way, and the third is a diagonal 
matrix containing scaling values such that when the three components are matrix-multiplied, the original matrix is 
reconstructed. For a matrix 𝐶 with 𝑀 × 𝑁 dimension, SVD decomposes the matrix 𝐶as follows: 
 

 𝐶 ≈ 𝑈𝑆𝑉𝑇 (2) 
 
Where 𝑈 is a left singular matrix with row vectors and dimension𝑀 × 𝑅, the matrix 𝑈 is corresponding with the rows of 
matrix 𝐶. 𝑆is a diagonal matrix of singular values with dimension 𝑅 × 𝑅. 𝑉is a right singular matrix with row vectors and 
dimension 𝑁 × 𝑅, the matrix 𝑉 is corresponding with the columns of matrix 𝐶. 𝑅is the order of the decomposition and 
𝑅 ≪ min (𝑀,𝑁).These LSA matrices are then used to project the words into the reduced 𝑅-dimension LSA continuous 
vector space. In case of a term-document matrix used as a representation matrix, matrix 𝑈 contains information about 
words while matrix 𝑉contains information about the documents. So, the matrix 𝑈 is used to project words in the LSA 
space. 
 
Assume we have a vocabulary of size V, each word {i 1 ≤ i ≤ V} can be represented by an indicator discrete vector wi 
having one at the ith position and zero in all other V − 1 positions. This vector can be mapped to a lower dimension 
Rvector ui, using a projection matrix A of dimension V × R according to the following equation: 
 

 𝑢𝑖 = 𝐴𝑇𝑤𝑖  (3) 
 
In other words, a continuous vector for word wi is represented by the ith row vector of matrix A. So each word wi has a 
continuous representation vector ui. 
 
Based on the word mapping in Equation 3, each history h consists of a set of N − 1 words for an n-gram can be 
represented as a concatenation of the appropriate mapped words. The history vectors are of dimensionR(N − 1) . 
According to this mapping for word histories h, we can train a statistical parametric model on these histories continuous 
vectors and build a model to estimate the word probabilities p(w|h)in the continuous LSA space. 
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4 PROPOSED LONG-DISTANCE MATRICES 
LSA starts from representing the corpus through a mathematical entity called a representation matrix. In the original LSA, 
the used representation matrix is a term-document co-occurrence matrix, where its cell C�wi, dj� contains co-occurrence 
frequency of word wi in documentdj. In[15], [16], [31], the word-word co-occurrence matrix is used to represent the 
corpus, where each cell C�wi, wj� denotes the counts for which word wi follow word wj in the corpus. 
 
In this study, we propose a representation for the corpus using many word-word co-occurrence matrices, where each 
matrix will represent the co-occurrence relation between each word and the previous words on different distances in the 
corpus as we will show below. 
 
The distance-one word co-occurrence matrix is a matrix representation where each row represents a current wordwi, and 
each column represents the 1st  preceding word wi−1  as illustrated by Fig. 1. Each cell C�wi, wj� is a co-occurrence 
frequency of word sequence wjwi. This is a square matrix with dimension V × V, where V is the vocabulary size. It 
represents the co-occurrence relations between each word and the first preceding words to that word appeared in the 
corpus. 
    1𝑠𝑡 𝑝𝑟𝑐𝑒𝑑𝑖𝑛𝑔 𝑤𝑜𝑟𝑑������������� 

𝐶 =

⎣
⎢
⎢
⎢
⎢
⎡
𝑐11 𝑐12 ⋯ 𝑐1𝑗 ⋯ 𝑐1𝑣
𝑐21 𝑐22 ⋯ 𝑐2𝑗 ⋯ 𝑐2𝑣
⋮ ⋮ ⋱ ⋮ ⋯ ⋮
𝑐𝑖1 𝑐𝑖2 ⋯ 𝑐𝑖𝑗 ⋯ 𝑐𝑖𝑣
⋮ ⋮ ⋯ ⋮ ⋱ ⋮
𝑐𝑣1 𝑐𝑣2 ⋯ 𝑐𝑣𝑗 ⋯ 𝑐𝑣𝑣⎦

⎥
⎥
⎥
⎥
⎤

 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑤𝑜𝑟𝑑 

Figure 1: Distance-One Word Co-occurrence Matrix 
 
The distance-two word co-occurrence matrix is a matrix representation where each row represents a current word wi, and 
each column represents the 2nd preceding word wi−2  as illustrated by Fig. 2. Each cell C�wi, wj� is a co-occurrence 
frequency when the word wj occurs as the 2nd preceding word of word wi. This is a square matrix with dimension V × V, 
where V is the vocabulary size. It represents the co-occurrence relations between each word and the 2nd preceding words 
to that word appeared in the corpus. And the same for distance-three matrix and so on. 
 

2𝑛𝑑  𝑝𝑟𝑐𝑒𝑑𝑖𝑛𝑔 𝑤𝑜𝑟𝑑������������� 

𝐶 =

⎣
⎢
⎢
⎢
⎢
⎡
𝑐11 𝑐12 ⋯ 𝑐1𝑗 ⋯ 𝑐1𝑣
𝑐21 𝑐22 ⋯ 𝑐2𝑗 ⋯ 𝑐2𝑣
⋮ ⋮ ⋱ ⋮ ⋯ ⋮
𝑐𝑖1 𝑐𝑖2 ⋯ 𝑐𝑖𝑗 ⋯ 𝑐𝑖𝑣
⋮ ⋮ ⋯ ⋮ ⋱ ⋮
𝑐𝑣1 𝑐𝑣2 ⋯ 𝑐𝑣𝑗 ⋯ 𝑐𝑣𝑣⎦

⎥
⎥
⎥
⎥
⎤

 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑤𝑜𝑟𝑑 

Figure 2: Distance-Two Word Co-occurrence Matrix 
 
By using these long-distance co-occurrence representation matrices, we hope to collect more information about each 
word and its relation with the previous words in the corpus on different distances; this may help to attack the long-
dependencies problem of the conventional n-gram model. These matrices are large, but very sparse ones. Because of their 
large size and sparsity, we can apply the second step of LSA, by making SVD to each one of them separately to produce 
a reduced-rank approximation to each matrix of them. 
 
Before proceeding in the SVD step, the entries of the co-occurrence matrices are smoothed according to Equation 4, this 
because the co-occurrence matrices typically contain a small number of high frequency events and a large number of less 
frequent events, and the SVD derives a compact approximation of the co-occurrence matrix that is optimal in the least 
square sense, it best models these high frequency events, which may not be the most informative[16]. 
 

 𝐶̂�𝑤𝑖 ,𝑤𝑗� = log�𝐶�𝑤𝑖 ,𝑤𝑗� + 1� (4) 
 
Based on the SVD results from Equation 2, we construct a projection matrix 𝐴 of dimension V × R corresponding to each 
word co-occurrence matrix by using the left singular matrix 𝑈, and the diagonal matrix 𝑆 of the SVD results as follows: 
 

 𝐴𝑉×𝑅 = 𝑈𝑉×𝑅𝑆𝑅×𝑅 (5) 
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Now, we have a projection matrix A for each constructed long-distance word co-occurrence matrix. For example, if we 
create distance-one, distance-two, and distance-three word co-occurrences matrices then after the SVD for each one of 
them, we will have three projection related matrices. We can map the discrete word vector wi {i 1 ≤ i ≤ V} into the 
continuous space using Equation 3 to get a word vector ui in the continuous space for each word from each projection 
matrix A. 
 
As a result from the previous step, we have more than one mapped continuous vector ui for each word wi, then we 
concatenate these continuous vectors of each word to construct the final word vector that uniquely represent the word in 
the LSA continuous vector space. The final word vector will contain information about the relation of the word with the 
previous words appeared on different distances in the corpus. In the next section, we introduce the tied-mixture model 
used to estimate the word probabilities using these word vectors in the continuous space. 

5 EXPERIMENTS 
Two primary metric used to evaluate the language model is perplexity (PP) on test data as defined by the following 
equation: 
 

 𝑃𝑃 = 2−
1
𝑁 log2 𝑃𝐿(𝑊) (6) 

 
Minimizing perplexity means maximizing the log-likelihood function. Although perplexity is not always agree with 
word-error rate[37], but it is the first approximation towards better language model. It tells how many word choices 
during the recognition process. Small number of word choices will make speech recognition system easier to choose the 
correct word. 
 
As a baseline, a statistical bigram language model using Modified Kneser-Ney smoothing has been built using SRILM 
toolkit[38], which is referred to as Word-2gr. -The language model data has about 85K sentences comprising about 2M 
words. The vocabulary size is 91K words. First, we limit the construction of TMMs for words that occur 100 times or 
more, so we ended up in 2800 words including the beginning sentence and end sentence symbols. We mapped all the 
remaining words into one class, a sort of filter or unknown word, so the vocabulary size become 2801 words from the 
original 91K vocabulary. 
 
The normal tied-mixture language model (TMLM) is trained by constructing the word co-occurrence matrix of 
dimensions 2801 × 2801. Each element C�wi, wj� in the co-occurrence matrix is smoothed using Equation4. Singular 
value decomposition (SVD) is performed on the resulting smoothed co-occurrence matrix. The SVDLIBC toolkit[40] 
with Lanczos method is used to compute the 50 (R=50) highest singular values and their corresponding singular vectors 
for the smoothed co-occurrence matrix. The resulting singular vectors are used to construct the projection to a 50-
dimensional space. Each word in the vocabulary is represented by a vector of size 50. In another words, each bigram 
history is represented by a vector of size 50 representing that word. Then a TM-HMM is built and trained. 
 
The proposed long-distance tied-mixture model (LD-TMM) with max distance (D=5) is trained as follows: we construct 
distance-one, distance-two, distance-three, distance-four, and distance-five word co-occurrence matrices, these are sparse 
matrices each of dimensions 2801 × 2801. Each element 𝐶�𝑤𝑖 ,𝑤𝑗� in each co-occurrence matrix is smoothed using 
Equation 4. Singular value decomposition (SVD) is performed on each of the resulting smoothed co-occurrence matrices. 
The SVDLIBC toolkit with Lanczos method is used to compute the 10 (R=10) highest singular values and their 
corresponding singular vectors for each smoothed co-occurrence matrix. The resulting singular vectors of each matrix are 
used to construct the projection to a 10-dimensional space. Each word in the vocabulary is represented by a vector of size 
50, this by concatenating the five word vectors of size 10 resulting from the SVD step for the five co-occurrence matrices. 
In another words, each bigram history is represented by a vector of size 50 representing that word. Thus, a document can 
be represented by a sequence of 50-dimensional vectors corresponding to the history of each of its constituent words. 
Then a TM-HMM is built and trained. 
 
For the TMLM and LD-TMLM, we use the HTK toolkit[39] for building and training the TMM-HMM model, and the 
total number of the shared Gaussian densities (Gaussians pool) used is set to 200. Also, when calculating the TMM score, 
the TMM likelihood probability generated by the model is divided by 40 to balance its dynamic range with that of the n-
gram model. 
 
 
Table 1 shows the log probabilities and perplexity results for: the baseline word bigram (Word-2gr) with Modified 
Kneser-Ney smoothing, the normal TMLM, the proposed long-distance trigram TMM (LD-TMM) with max distance 
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(D=5), and an interpolation between the baseline bigram and the proposed LD-TMM. The interpolated LM uses uniform 
weights. These results for the same 53 reference sentences (3677 words) used in the rescoring results before. 
 

TABLE 2 
LANGUAGE MODELS PERPLEXITY RESULTS 

Language Model (LM) Log prob. Perplexity(PP) 
Word-2gr -6264.47 47.80 
TMLM -1474.40 2.48 
LD-TMLM (D=5) -1026.57 1.88 
Word-2gr + LD-TMM (D=5) -3645.52 9.50 

 
The first two rows in the table show the perplexity of the baseline bigram (Word-2gr) model and the perplexity of the 
tied-mixture continuous language model (TMLM), where the perplexity of the baseline Word-2gr model is 47.80 and the 
perplexity of the TMLM is 2.48. The continuous TMLM shows improvement in the perplexity results over the baseline 
Word-2gr model. The third row in the table shows that the proposed LD-TMLM (D=5) improves the perplexity to 1.88. 
An interpolation between the baseline bigram (Word-2gr) and the proposed LD-TMM (D=5) using uniform weights 
improves the perplexity results to 9.50 compared to the perplexity results of the baseline bigram (Word-2gr) model. 
 

6 CONCLUSION 
In this paper, we first point out the problems and drawbacks of the widely used n-gram language model. We have 
proposed a different representation for the text corpus, this by constructing more than one word-co-occurrence matrix 
that cover long distance dependencies between different words in the corpus. Also, we introduced a continuous space 
language model based on LSA using these matrices. We used the tied-mixture HMM modeling to robustly estimate 
model parameters. The proposed corpus representation may help to address the n-gram drawbacks in the continuous 
vector space. Our initial experimental results validated the proposed approach with encouraging results compared to the 
traditional n-gram LM. 
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 فى الفضاء المتصلبناء نماذج لغویة 

 شریف عبده، محمود شومان ،محمد طلعت
 لقاھرةجامعة ا -كلیة الحاسبات و المعلومات

 ملخص
وھذا العمل یعد تطویر للنماذج اللغویة فى الفضاء . فى ھذا البحث نقدم طریقة لبناء نماذج لغویة بعیدة المدى فى الفضاء المتصل

فى ھذا . الشھیرة التى تواجھ صعوبة حساب العدد الضخم من المتغیرات ngramالمتصل التى أثبتت كفائتھا بالمقارنة بنماذج ال 
ولقد اثبتت النتائج قدرة ھذه . البحث نقدم تطویر لھذه النماذج اللغویة مع توفیر القدرة على أدخال العلاقات بین الكلمات بعیدة المدى

 .للنصوص المختبرة  perplexityالنماذج المطورة على تحسین مقیاس ال
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  أقسام الكلم العربي
  نحو تقييم المحللات الصرفية العربية في ضوء منهج تمام حسان

  عمرو حمدي الجندي
  مجمع اللغة العربية

  حاسوبويه فريق
Amr25@hotmail.com 

  ملخص
تسعى هذه الورقة إلى محاولة تقييم تحليل المحللات الصرفية العربية لأقسام الكلم في ضوء منهج العالم اللغوي 

ح الدعائم التي يتوضثم أساسية في مجال تقنيات اللغة،  تراهاالتي  الحقائقم بعض يتقدحسان؛ وذلك من خلال  تمام
 متناولة، وحاجة تقنيات اللغة إلى معيارية هذا التقسيم أهمية تقسيم الكلممبينة ، لنظام الصرفي العربيقام عليها ا

في  المحللات الصرفية العربيةعدد من  ومنهج، تمام حسان وعلى الأخص منهج في تقسيم الكلم العربمنهج النحاة 
  .في هذا السياق، وأخيرا تقترح الورقة عددا من التوصيات أهم ما يميز منهجها وما يعيبه موضحة تقسيم الكلم

  الكلمات المفتاحية
  .النظام الصرفي العربي – أقسام الكلم – ةالصرفي تالمحللا

  مقدمة .1

معالجة أن : وثانيها، وقواعدها المتميزةأن لكل لغة خصائصها : أولها كيد عليها في البداية؛هناك عدة حقائق أود التأ
أن وسائل : وثالثها، بهدف إنتاج التقنية الحاسوب إلىهذه الخصائص وتلك القواعد  نقل –ضمن ما يعني  – يعنياللغة 

هذه الخصائص وتلك تعلم جميع دون ) الإنسان تحاكي(عالية الدقة  إنتاج تقنيات لا تستطيع وحدهاالذكاء الاصطناعي 
  .والتقيد بها القواعد

ومن خلال ما سبق يمكن القول إن فهم طبيعة اللغة العربية وما انبنى عليه نظامها الصرفي، مسألة استراتيجية إذًا 
لبنى التحتية لمنظومة وإذا أخذنا في الاعتبار أن المحلل الصرفي هو أحد ا. عند بناء ما يعرف بالمحلل الصرفي العربي

  .تهمّ تقنيات اللغة؛ فلا مفر أمام طرق الذكاء الاصطناعي من تعلم هذا النظام برُ 

 علمائهالنظام الصرفي العربي، ومن ثم لزم التعرف عليه من خلال هذا أركان إحدى  يإن ما يعرف بأقسام الكلم ه
، كما لزم صف هذا النظام واستكشاف قواعده التي تحكمهالقدامى والمحدثين، ومن خلال المحاولات الجادة التي حاولت و 

تدخل ضمن رصد مدى تقيد المحللات الصرفية العربية بهذا النظام، خاصة وأن الدرس الصرفي هو أحد الدروس التي 
  .تطبيقات التعلم الإلكتروني، فضلا عن حاجة الحاسوب نفسه إلى تعلم هذا النظام كما هو عدد كبير من
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 ي العربيالنظام الصرف .2

 1:هامةالدكتور تمام حسان أن النظام الصرفي العربي مبني على ثلاث دعائم  یرى

 :المعاني الصرفیة )أ (
 .كالاسمیة والفعلیة: من حیث تقسیم الكلم -
 .كالإفراد والتعریف :تقسیم الصیغمن حیث  -

ستتار، وهي التي تدل على ومباني الأدوات والحذف والاوهي الصیغ المجردة واللواصق والزوائد  :الصرفیةالمباني  )ب (
تدل على صیغة الاسم، ) زید(فـ المعاني الصرفیة، وتتحقق هذه المباني عن طریق العلامات التي تندرج تحتها،

 :وتنقسم هذه المباني إلى نوعین .تدل على ال المعرفة، وهكذا) الـ(تدل على صیغة الفعل، و) ضرب(و
حتها من صیغ صرفیة للأسماء والأفعال والصفات، وصور وهي أقسام الكلم وما یندرج ت :مباني التقسیم -

 .للضمائر والظروف والأدوات والخوالف
؛ فتسند الأفعال إسنادات مختلفة بحسب التكلم بین مباني التقسیمالموجودة المقابلات وهي  :مباني التصریف -

تصریفات مختلفة رف الأسماء وتتص، والخطاب والغیبة وبحسب الإفراد والتثنیة والجمع وبحسب التذكیر والتأنیث
 .والتعریف والتنكیر، وهكذا بقیة مباني التقسیمباختلاف الإفراد والتثنیة والجمع، والتذكیر والتأنیث، 

 .وهي وجوه الارتباط والاختلاف بین هذه المباني :الإیجابیة والقیم الخلافیة العلاقات العضویة )ج (

 أهمیة تقسیم الكلم العربي .3

، وإنما الاهتمام به فضلا عن التقید به لیس بالضرورةم الكلم العربي نوعا من فضول العلم الذي لا یمكن اعتبار تقسی
 .التقنيأو  اللغويهو ضرورة ملحة في فهم العربیة سواء على المستوى 

 على المستوى اللغوي 3.1

على  أصوغها (As-Saqy, F., 1977)، أمرا هاما وضروریا تقسیم الكلمدّ الدكتور تمام حسان ستة أسباب تجعل علقد 
 :النحو التالي

توقف جزء من المعنى النحوي على البنیة الصرفیة؛ كتوقف الفاعل والمفعول على كون البنیة اسما، وتوقف الحال  )1
والتمییز على الاشتقاق والجمود، وتوقف المفعول المطلق على بنیة مصدر من مادة الفعل، بینما المفعول لأجله على 

 .إلخ...غیر مادة الفعل، مصدر من بنیة 
عدم إمكانیة استخراج الكثیر من المعاني الصرفیة الهامة إلا بتقسیم الكلم؛ كالمسمى، والموصوف بالحدث، واجتماع  )2

 .إلخ...الحدث والزمن، 

 ي ھذه الدراسة على منھج الدكتور تمام حساناعتمدنا ف 1
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أمن اللبس في فهم أقسام الكلم التي تنقل إلى استعمال أقسام أخرى؛ كنقل الفعل والوصف إلى العلمیة، والاسم إلى  )3
 .إلخ...الظرفیة، 

 .إلخ...، كصیغة فعیل، وهنا، وإذا، وما، "تعدد المعنى الوظیفي للمبنى الواحد"اتضاح ظاهرة  )4
 .تحدید المعرب والمبني من الكلم، ومن ثم الانتفاع بقرینة الإعراب في الكشف عن المعنى )5
 .، كقرائن الربط والتضام والرتبةالتعرف على المباني التي تحدد القرائن اللفظیة المركبة في بعض أنماط الجمل )6

 التقنيعلى المستوى  3.2

، عنى بمحاكاة الإنسان في أنشطته ومساعدته في حیاتهإحدى فروع الذكاء الاصطناعي الذي یُ  هيتقنیات اللغة 
وتواصله بها  الإنسان للغة استخدامالنظر إلى كیفیة  یستلزم، وهذا في تعامله مع اللغة محاكاة الإنسانهو هدفها فوبالتالي 

 .وتعلمه إیاها

 -تعاملهم مع اللغة في أقسام الكلم مما لا شك فیه أن معظم الناس لا یفكرون كثیرا عند بعبارة مختصرة فإنه و 
فهو یهتم الفهم والتواصل، أما متعلم اللغة، إنسانا كان أم آلة، بل یهمهم في نهایة المطاف  -وإن كانوا یطبقون قواعدها 

 .ومن ثم فإن الداعي إلى التقید بأقسام الكلم أهم من الداعي إلى إهمال هذا الأمربأقسام الكلم، 

 عند النحاة العربالرئیسة أقسام الكلم  .4

 ما قبل تمام حسانمرحلة  4.1

عكف النحاة العرب " اللغة العربیة معناها ومبناها"منذ الخلیل بن أحمد الفراهیدي وحتى ما قبل ظهور كتاب 
وا بعض العلماء الذین أضافالطویلة تخلل هذه الفترة  ؛ ولكن)اسم، فعل، حرف(ثلاثة إلى أقسام العربیة  الكلمة على تقسیم

 :اختلاف بینهمقسما رابعا على 

 .)اسم الفعلاسم، فعل، حرف، (: القدماء بعض -
 ).أداة، ضمیر، فعلاسم، (: إبراهیم أنیس.د -
 ).كنایات، أداة، فعل، اسم(: مهدي المخزومي.د -

 تمام حسانلة مرح 4.2
 المعنى والمبنى يأساس ، مستخدمالكلم العربيعلى المنهج الوصفي في التقسیم الدقیق لتمام حسان . داعتمد 

، وأما أساس المبنى )التسمیة، الحدث، الزمن، التعلیق، المعنى الجملي: (أما أساس المعنى فیتضمن كلا من؛ معا
 .)لصیغة، الجدول، الإلصاق، التضام، الرسم الإملائيالصورة الإعرابیة، الرتبة، ا: (فیتضمن كلا من
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: سبعة أقسام هيلكلم العربي تمام حسان باختلاف واحد في المعنى والمبنى معا، كي یجعل ا. اكتفى دلقد 
 .، ثم جعل لكل قسم أقساما فرعیة، وتحت كل قسم فرعي أقساما أخرى)اسم، صفة، فعل، ضمیر، أداة، ظرف، خالفة(

 أقسام الكلم العربي عند تمام حسان: 1ل جدو         
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 في المحللات الصرفیة العربیةالرئیسة قسام الكلم أ .5

 المحللات الصرفیة العربیة 5.1

وتسمى  والثانیة تقوم بتعیین أقسام الكلم، "المحلل الصرفي"وتسمى تقوم بالتحلیل الصرفي  ثمة أداتان إحداهما
، على اعتبار أن "التحلیل الصرفي"كلتا الأداتین تنتمیان إلى شيء واحد هو  ویعتبر البحث أن، "معیّن أقسام الكلم"

 .ا تحدید القسم الكلامي الذي تنتمي إلیهالتحلیل الصرفي للكلمة یتضمن أیضً 

كل عام، واللغة إحدى البنى التحتیة في عملیة معالجة اللغات الطبیعیة بشهي المحللات الصرفیة وعلى كلٍّ فإن 
بالإضافة إلى معالجة النص تعتمد بشكل رئیس على عملیة التحلیل الصرفي، خاص، ویرجع ذلك إلى أن  العربیة بشكل

 .الاشتقاق والتصریفلغة  -كما هو معلوم  –العربیة كون 

، ، السوابق، اللواحقعالجذ، نالوز الجذر، : (العناصر الآتیة للكلمةتحدید هي القیام بالمحللات الصرفیة  وظیفة
 ).مباني التصریف، یممباني التقس

المحللات الصرفیة العربیة مهمة في كل تطبیق أو تقنیة أو معالجة تتصل بالنص العربي من  كانتومن هنا 
تطبیقات الوسائط المتعددة، تدقیق النص العربي من حیث الضبط والإملاء، صناعة المعاجم : قریب أو بعید، مثل

أنظمة تحویل النص العربي إلى كلام منطوق وأنظمة التعرف البصري  الإلكترونیة، البحث النصي الذكي، دعم كل من
 ,.Attia, M). على الحرف العربي، استخراج الطابع الصرفي للكتّاب العرب، دعم المستویات العلیا للتحلیل اللغوي العربي

2000) 

التي تم ) خلیل، باك ولتر، الالمیزانصخر، (نقدم نبذات مختصرة عن المحللات الصرفیة  فسوف وعلى كل
: كلمة من العربیة المعاصرة في مجالات 7500بار، والتي بلغت حوالي الاخت مدونةاستخدامها في إجراء التجارب على 

 .هافیعلى أقسام الكلم العربي  اللاحقةنطلع في الفقرات  كما والسیاسة والعلوم والاجتماع والریاضة،الفن والاقتصاد والأدب 

 صخر 5.1.1

 :اللغویة، على نحو مما یأتي البیاناتالصرفي التابع لشركة صخر بإنتاج العدید من  یقوم المحلل

وتتضمن قسم الكلم، المیزان الصرفي، الساق، الجذر ونوعه، السوابق، اللواحق، العدد ونوعه، : بیانات صرفیة .1
 .الجنس، التعریف والتنكیر

 .الضمیر المتصل ونوعه، نوع الفاعلابلیة التنوین ونوعه، وتتضمن قابلیة الحالة الإعرابیة ونوعها، ق: بیانات نحویة .2
، كون الكلمة تشیر إلى عاقل أو غیر وتتضمن المعنى بالعربیة، المعنى بالإنجلیزیة، السمات الدلالیة: بیانات معجمیة .3

 .عاقل
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، الكلمات صیغة أَفْعَلَ : یقوم صخر أحیانا بإعطاء أكثر من قسم كلامي لبعض الكلمات التي تحتمل ذلك، مثل
 .إلخ...المحولة دلالیا، المشترك اللفظي، صیغة المبني للمجهول للفعل الثلاثي المضعف المجرد أو المزید، 

 تعدد الأقسام الكلامیة لبعض الكلمات في محلل صخر الصرفي: 2جدول 

 

بلغت نسبة و  ،ةكلم /حل صرفي  1.25 قیمتهما لكل كلمة، محلل صخر  هاقدّمبلغ متوسط الحلول الصرفیة التي 
 %1.98الكلمات التي لم یستطع إیجاد حل لها 
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 المیزان 5.1.2

، التي تقول إن نسبة RDIهو أحد أدوات معالجة اللغة في الشركة الهندسیة لتطویر النظم الرقمیة  المیزانمحلل 
 .مورفیم 7,500معتمدة في ذلك على % 99.5تغطیته تتجاوز 

 :ل الصرفي، على النحو التاليبین نوعین من التحلی المیزانویفرق 

، ویقسم نوع الكلمة )النوع، السابق، الجذر، الوزن، اللاحق(معلومات عن الكلمة  5ویعرض فیه : التحلیل الصرفي .1
 ).مصرفة منتظمة، جامدة، مستثناة صرفیا، معربة، غیر عربیة: (هي 5إلى أنواع 

 .وتقدم فیه بقیة المعلومات الصرفیة المتعلقة بكل من مباني التقسیم ومباني التصریف: أقسام الكلم .2

بلغ إمكانیة عرض جمیع الحلول الممكنة للكلمة أو اختیار حل واحد فقط من الحلول المتاحة، ولذلك  المیزانلدى 
بلغت نسبة الكلمات غیر كلمة، و / حل صرفي  1.00لكل كلمة، ما قیمته  المیزان متوسط الحلول الصرفیة التي قدّمها

 .%4.29المحللة 

 ولترباك 5.1.3

بعرض جمیع الصور المختلفة للكلمة من ناحیة الضبط، عن طریق الكتابة یقوم محلل صرفي إنجلیزي للغة العربیة، 
 :یعرض جمیع احتمالاتها على النحو التالي" بَابُ "فمثلا كلمة الصوتیة، 

 لدى باكولتر) باب(التحلیل الصرفي لكلمة : 3جدول 

 bAb bAb bi|b bi>ab الكلمة

 bAb_1 bAb_2 |b_1 <ab_1 الجذع

 bAb bAb   

 bi bi   السابق

 NOUN NOUN PREP PREP النوع

1المعنى   Door category by by 

2المعنى   Gate rubric with with 

   |b <ab 

1المعنى     NOUN_PROP NOUN 

2المعنى     August father 

 :ما یقدم المعلومات الآتیةك

 .ومعانیها وقسمهاجذع الكلمة  .1
 .السوابق واللواحق ونوعها ومعانیها .2

كلمة، أما الكلمات التي لم / حل صرفي  2.53لكل كلمة، ما قیمته  باكولتر بلغ متوسط الحلول الصرفیة التي قدّمها
 %1.19یستطع باكولتر إیجاد حلول لها فلم تتجاوز 
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 سام الكلامیة لبعض الكلمات في باكولترتعدد الأق: 4جدول 
 

 

205

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



 الخلیل 5.1.4

لائحة الخصائص الصرفیة لهذه  یقوم هذا المحلل الصرفي بالتعرف على جمیع الحلول الممكنة للكلمة، وتحدید
 :وتشمل هذه اللائحة بالنسبة لكل حلالحلول، 

 تشكیل الكلمة .1
 السوابق واللواحق .2
 نوع الكلمة .3
 الوزن .4
 الجذع .5
 رابیةالحالة الإع .6

، كلمة/ حل صرفي  1.79لكل كلمة، ما قیمته  محلل الخلیل الصرفي بلغ متوسط الحلول الصرفیة التي قدّمها
 %31.47 صرفیة حلولأیة لها  تبلغت نسبة الكلمات التي لیسو 

 تعدد الأقسام الكلامیة لبعض الكلمات في محلل الخلیل الصرفي: 5جدول 
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 فیة العربیةأقسام الكلم في المحللات الصر  5.2

 صخر 5.2.1

اسم، فعل، (مثل أقساما رئیسیة ، ویلاحظ أن هذه الأقسام تتضمن قسما 48 صخرمحلل في بلغ عدد أقسام الكلم 
 ).إلخ...اسم آلة، صفة مشبهة، فعل أمر، جمع تكسیر، (، كما تتضمن أقساما فرعیة مثل )إلخ...ضمیر، 

 ي محلل صخرتعدد الأقسام الكلامیة لبعض الكلمات ف: 6جدول 
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 المیزان 5.2.2

على الوزن في تحدید خصائص جذع الكلمة، وعلى السوابق واللواحق في تحدید  أقسام الكلمفي تحدید  المیزانیعتمد 
 .نوعا 56 عینة الاختبارمن خلال أقسام الكلم بلغت وقد صق الكلمة، خصائص لوا

 المیزانالأقسام الكلامیة في : 7جدول 

 

 باك ولتر 5.2.3

 .قسما 18ولتر الكلم على عینة اختبار محلل باك م تتجاوز أقسامل
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 الخلیل 5.2.4

 قسما 70 اختبارهبلغت أقسام الكلم في عینة صرفي الخلیل المحلل 

 الأقسام الكلامیة في محلل الخلیل الصرفي: 9جدول 

 

 
 عدد الأقسام الكلامیة في المحللات الصرفیة: 1شكل 

 

209

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



 تمام حسان. من منهج د رفیة في تقسیم الكلممنهج المحللات الص تقریب 5.3

 صخر 5.3.1

الاسم، الصفة، الفعل، الضمیر، الأداة، اسم الفعل، الظرف، : أقسام رئیسة 9یمكن تقسیم الكلم داخل محلل صخر إلى 
 .جمع التكسیر، التحول المعجمي

مین الأخیرین هما قسمان جدیدان لیس بالنسبة تمام حسان؛ بینما القس. الأقسام السبعة الأولى تتفق تماما مع أقسام د     
 .لمنهج تمام حسان وإنما لمنهج الصرف العربي كله

، ولذا یتم وضعه تحت الجمع الذي تغیرت صورة مفرده، هذا المفرد قد یكون اسما وقد یكون صفةهو فجمع التكسیر      
ة الصرفیة، هذه الدلالة قد تكون علما أو وظیفة أو والتحول المعجمي لیس سوى دلالة جدیدة للبنی. قسمي الاسم أو الصفة

 .أي شيء آخر غیر المعنى الصرفي الذي یعبر عنه هذا المبنى

إلا أن التطبیقات التي تقوم صخر بتنفیذها كالترجمة الآلیة وغیرها، قد تكون هي السبب في إدخال هذه الأقسام      
 .الجدیدة على الكلم العربي

 العربي لدى صخر بعد إعادة هیكلتها أقسام الكلم: 10جدول 
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 المیزان 5.3.2

 )اسم، فعل، صفة، ضمیر، أداة، ظرف: (أقسام، هي 6إلى  المیزانیمكن تقسیم الكلم في 

 باك ولتر 5.3.3

ظرف  –أداة  –ضمیر  –حرف  –صفة  –اسم : أما أقسام الكلم في محلل باك وولتر فیمكن القول إنها ثمانیة أقسام هي
 .كلمة وظیفیة –

 أقسام الكلم العربي لدى باكولتر بعد إعادة هیكلتها: 11جدول 
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 الخلیل 5.3.4

 .ظرف –أداة  –حرف  –ضمیر  –فعل  –صفة  –اسم : أقسام الكلم في الخلیل سبعة هيیمكن جعل 

 أقسام الكلم العربي لدى محلل الخلیل بعد إعادة هیكلته: 12جدول 
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 الاستنتاجات والتوصیات .6

كفاءة المحلل الصرفي العربي بناء على ما یقدمه من معلومات صحیحة فقط، ولكن ینبغي أن تقاس لا یمكن قیاس  •
، وبعبارة أخرى ینبغي أن تتوافق المحللات لومات لما اتفق علیه علماء الصرفكفاءته بمدى مطابقة هذه المع

 .ومنتهیاته ف العربيمنطلقات علم الصر  ، یأخذ في اعتبارهعلى نظام معیاري للتحلیل الصرفيالصرفیة 
إلى عینة اختباریة أكبر حجما؛ كي بحاجة یظل تحلیل أقسام الكلم الرئیسة والفرعیة داخل المحللات الصرفیة  •

 .تستوعب جمیع تلك الأقسام، بالإضافة إلى عناصر التحلیل الصرفي الأخرى
 .ى التحلیل الصرفيیكفي محلل صرفي عربي معیاري واحد یستخدم في جمیع التطبیقات التي تحتاج إل •
إدخال أقسام صرفیة جدیدة على الكلم العربي ینبغي أن یعتمد على المنهج الوصفي الذي یقرر هذا بناء على أساسي  •

 .المعنى والمبنى، خاصة إذا كان هذا القسم الجدید قد تم تناوله ضمن الدلالة
أنه من الممكن وببعض الخوارزمیات  تمام حسان. أثبتت محاولة تقریب مناهج المحللات الصرفیة إلى منهج د •

البسیطة والعنونة الصرفیة الیدویة، أنه من الممكن الوصول إلى محلل صرفي معیاري للغة العربیة، یراعي متطلبات 
 .التطبیقات التكنولوجیة ولا یهمل أركان النظام الصرفي العربي العبقري

 الأعمال المستقبلیة

 .ات الاشتقاقیة الأجنبیة كالعبریة والروسیة والصربیة والفرنسیةللغ المحللات الصرفیةالاستفادة من  •
 .المفید لتطبیقات معالجة اللغة العربیة آلیا مواصفات المحلل الصرفي المعیاري للغة العربیةمحاولة تحدید  •

 شكر وتقدیر

قة، كما أشكر كلا هذه الور أود التوجه بخالص الشكر إلى الدكتور یاسر حفني الذي ساعدني بأفكاره وتوجیهاته في كتابة 
 .آر دي آي على إمدادي بالتحلیلات الصرفیة التي احتجت إلیها -من شركتي صخر 

 المراجع
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 عمرو حمدي الجندي

 .معید بمجمع اللغة العربیة بالقاھرة •
 .مؤسس فریق حاسوبویھ لتقنیات اللغة العربیة •
 .ر لغویات حاسوبیة بجامعة عین شمس وأكادیمیة حاسوبویھمحاض •

 .بالشركة الھندسیة لتطویر الأنظمة الرقمیةسابقا  ات حاسوبیةغویل باحث •
 .عضو لجنة التحكیم في أكثر من مجلة علمیة ومؤتمر دولي في مجال تقنیات اللغة العربیة •
 .بقسم علم اللغة، كلیة دار العلوم، جامعة القاھرةفي اللغویات الحاسوبیة باحث ماجستیر  •
 .عن حوسبة اللغة العربیة متحدثاتلیفزیونیة والإذاعیة استضیف لدى العدید من البرامج ال •
 .تقنیات اللغة العربیةبأبحاث متخصصة في من المؤتمرات واجتماعات الخبراء شارك في العدید  •
 . الأنطولوجیا والتنقیب عن المعلومات داخل النصوص مجاليشارك في أكثر من مشروع بحثي ممول في  •
 .في معالجة النصوص NLTKم أدوات معالجة اللغات الطبیعیة درّب عشرات اللغویین على استخدا •
 OCRأسھم في بناء عدة مدونات لغویة ضخمة في مجالات الدلالة والشعر والتعرف البصري على الحروف  •

       
     Abstract 

 
ARABIC PARTS OF SPEECH 

 

Towards The Arabic Morphological Analyzers Evaluation in Spot of Tammam Hassan’s Approach 

Amr Hamdy El-Gendy 
Academy of the Arabic Language 

Hasoubawayh Team   
Amr25@hotmail.com  

Abstract: This paper proposes to evaluate the Arabic Morphological Analyzers analysis to the 
part of speech in spot of Tammam Hassan’s  Approach. Paper offers some of the facts which 
think are essential in the language technologies, then describes the Arabic morphological system 
props, indicating the importance of the speech division and the need of the language 
technologies to the normative division, explaining the Arabic grammarians and number of 
Arabic morphological analyzers approach in the division of speech, pointing out the most 
important characteristic, finally, the paper proposes a number of recommendations in this 
context. 
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Abstract— This paper focuses mainly on building rule-based Arabic part of speech tagger (APOS) which is a major component 
in higher-level analysis of text corpora. Before building the tagger some steps have to be taken. The first step is to compile 
representative corpus that represents the modern Standard Arabic (MSA). Suggesting new tag sets is one of the most 
important steps. Collecting Arabic rules from different Arabic grammatical books and handling these rules to be suitable for 
MSA. The purpose of building a POS tagger is to assign part of speech tags automatically to words reflecting their syntactic 
category. The final stage is designing the APOS to disambiguate Arabic words.  Its output can also be used in many NLP 
applications, such as: Speech synthesis, Spelling correction, searching large text databases, information extraction, Question 
Answering, Speech Recognition, Text-to-speech conversion, Machine Translation, Grammar Correction and many more. It is 
also one of the main tools needed to develop any language corpus. The evaluation stage of the APOS tagger contributes 84%. 

1  INTRODUCTION 

Natural Language Processing (NLP) is a research discipline related to artificial intelligence, linguistics, philosophy, and 
psychology. The aim of this discipline is building systems that are capable of understanding and interpreting the 
computational mechanisms of natural languages. 
Part-of-speech tagging (POS tagging or POST) disambiguation, is the process of automatic tags assignment of words in a 
text according to the word features and its relationship with the adjacent and related words in a phrase, sentence, or 
paragraph; the word in context1. Fig. 1 shows an example of POST for words of the sentence “the girl kissed the boy on 
the cheek”: 

 
Figure 1: POST for the sentence “the girl kissed the boy on the cheek” 

There are three general approaches to deal with tagging: first is the rule-based approach where there are fundamentals 
that any system depends upon such as dictionary or lexicon to obtain all the possible tags for every word and a set of 
hand-written rules to identify the correct tag from the multiple choices of tags for each word. Then, the linguistic rules 
are analyzed in order to disambiguate words.  Second, the statistical approach which belongs to the mainstream approach 
in natural language processing and computational linguistics including POST, syntactic parsing, semantic interpretation, 
lexical acquisition, machine translation, information retrieval, and also in language learning such as automatic grammar 
induction and syntactic or semantic word clustering [1]. Third, the transformation-based learning (TBL) approach which 
allows having linguistic knowledge in a readable form, because it is a rule-based algorithm for automatic POST by 
transforming from one linguistic level to another using transformation rules in order to find the suitable tag for each 
word. It consists of algorithms, and rules and processing2. In probabilistic approaches only few tags are possible for any 

1 http://en.wikipedia.org/wiki/Part-of-speech_tagging 
2 http://en.wikipedia.org/wiki/Brill_tagger 
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given word; the list of tags can be found in the lexicon. Contextual rules that define the valid sequences of tags which 
permit choosing the correct tag from the local context [2]. 

There are three approaches to deal with the tagging problem: Rule-based approach: consists of developing a knowledge 
base of rules written by linguists to define precisely how and where to assign the various POS tags. Statistical approach: 
consists of building a trainable model and to use previously-tagged corpus to estimate its parameters. Hybrid approach: 
Consists in combining rule-based approach with a statistical one. Most of the recent study uses this approach as it gives 
better results [3]. 
 
In what follows, section 2 presents some Arabic taggers and analyzers such as Arabic Part-of-Speech Tagger (APT), 
ASVM Tagger Tag set, Statistical Arabic Part-of-Speech Tagger (APOS), RDI Arab tagger (ArabMorpho), MAPSSeman 
Lite PoS Tagger, and Alkhalil Morhphological analyzer (Alkhalil Morpho Sys). Section 3 describes the levels of building 
APOS tagger which included suggesting new tag sets, data preparation, and designing APOS tagger. Conclusions and 
results are presented in section 4. 

2 SOME ARABIC TAGGERS AND ANALYZERS 

A Part-Of-Speech Tagger (POS Tagger) is software that reads text in some language and assigns parts of speech to each 
word as well as any other token3. 

A. Arabic Part-of-Speech Tagger (APT) 

APT was built by Shereen Khoja; it was developed using a combination of both statistical and rule-based techniques 
since hybrid taggers seem to produce the highest accuracy rates. The APT Tag sets were 131 derived from the Arabic 
grammatical tradition rather than from an Indo-European based Tag sets, the reason for this is that Arabic is a very 
different language from Indo-European languages [4]. These parts-of-speech are further sub-categorized into more 
detailed parts-of-speech which collectively cover the whole of the Arabic language [5]. 
However, there are some disadvantages that have appeared; the transliteration of the tagger has no vowels to differentiate 
between the pronunciations of words such as “ksrna كسرنا,  we broke”. The tags are treated as one compound without 
separating its components such as “VPPl2MJ”. There is no differentiation between “taa marbuta” and “taa maftuha "ة" ” 
such as “mdrst   “مدرسة” which is pronounced as “مدرست””. The initial version of the lexicon contains all the corpus 
words without removing any clitics. Finally, the tags in APT tag sets are insufficient does not provide full description of 
the language [6]. 

B. ASVM Tagger Tag set 

ASVM Tagger is based on a supervised machine learning technique which is Support Vector Machine (SVM)4, by Diab 
M. et al. ASVM-POS system uses a compact tag set of simple RTS tags. RTS is the collapsed tags available in the Arabic 
Treebank distribution, this collapsed tag set is a manually reduced form of the 135 morpho-syntactic tags created by 
AraMorph, and a rule based morphological analyzer by Buckwalter. They consist of 24 tags, by adding definiteness, 
number and gender information to enrich the number of tags; they comprise the ERTS tag set. ERTS tag set is comprised 
of 75 tags, but only 57 tags are instantiated for the current system. It also reflects some of Modern Standard Arabic 
morphological features [3]. The ASVM-POS tags each word with only a single tag specifying the word type as NN for 
noun, VBD for Verb in past tense. It also separates each clitic (prefix or suffix) as a single token with separate tag [7]. 

C. Statistical Arabic Part-of-Speech Tagger (APOS) 

Arabic part-of-speech tagger (APOS) is the development that can be used for analyzing and annotating traditional Arabic 
texts, especially the Quran text and relatively old books (from the third century Hijri) [8]. Moreover, this tagger is 
responsible for assigning to each word the most appropriate morphological tag by using 13 tags: 3 subcategories of verbs, 
6 subcategories of nouns, and 4 subcategories of particles with investigating the principle aspects of Arabic morphology 
and grammar. It counts a total words of 21882 with a 3565 unique words ranged in more than 1600 sentences. Among 
these counts, there are 10258 nouns, 2587 verbs, and 9037 particles. 
  

3 http://nlp.stanford.edu/software/tagger.shtml 
4 http://www.ldc.upenn.edu/myl/morph/buckwalter.html 
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D. RDI Arab tagger (ArabMorpho) 

RDI Arab tagger is based on long n-grams probability estimation in addition to powerful and efficient tree search 
algorithms and search-based disambiguation technique. However, it does not have specific tags, for example,  proper 
nouns may be assigned to the same general tag “NN” and ”NNS” for plural noun. r. RDI tag set consists of 62 tags. Each 
word is tagged with multiple detailed tag vectors; these vectors represent some morphological features of this word such 
as word type, gender, number, syntactic case and definiteness. Also, a word containing prefix or suffixes or both, is 
tagged as a single word [7]. 
The Arabic POS tagging process are implemented in the following steps: 1) The Arabic strings sequence to be POS 
tagged are morphologically analyzed and disambiguated in combinatorial manner using ArabMorpho©. These results are 
presented in a disambiguated quadruples sequence where each string is substituted by either one quadruple or a mark of 
transliterated string. 2) For the prefix, pattern, and suffix morphemes of each quadruple in the sequence, the Arabic POS 
labels; APOS (p) APOS (t:f) APOS(s) are retrieved from the Arabic lexical knowledge base. 3) The Arabic POS tags 
vector of each word in the sequence is then composed using the formula: 

APOS (w)=Concat(APOS(p), APOS(t:f), APOS(s)) (2) 

Where the “Concat” function simply concatenates the POS sub vectors of the constituting morphemes after eliminating 
any mutual redundancy among their tags.  

E. MAPSSeman Lite PoS Tagger5 

Kalmasoft's Deep PoS Tagger (MAPSSeman® Lite PoS Tagger) returns semi context-free solutions for each token using 
comprehensive set of syntactic rules. It is designed to prepare Arabic corpus, since tagged corpus is more useful than an 
untagged corpus, because it contains  more information than in raw texts. Once a corpus is tagged, it can be used to 
extract information. Then, this can be used for creating dictionaries and grammars for a language using real language 
data. Tagged corpora are also useful for detailed quantitative analysis of texts. Unfortunately, this tagger is not available. 

F. Buckwalter’s Morphological Analyzer (BAMA) 

Tim Buckwalter Morphological analyzer uses a concatenative lexicon-driven approach where morphotactics and 
orthographic rules are built directly into the lexicon itself instead of being specified in terms of general rules that interact 
to realize the output [9]. 
In Buckwalter analyzer, Arabic words are segmented into prefix, stem and suffix strings6. Buckwalter 
morphological analyzer has two versions: 
The first is Buckwalter Arabic Morphological Analyzer Version 1.0. It was produced by Linguistic Data Consortium 
(LDC) (2002); representing a stage of development somewhere between the Penn Arabic Treebank part 1 (the AFP 
corpus) and the Penn Arabic Treebank part 2 (The Ummah Corpus). The Buckwalter Arabic Morphological Analyzer is 
being used for POS-tagging a considerable amount of text data, and various orthographic anomalies have been observed 
in the source text. 
The data consists primarily of three Arabic-English lexicon files: prefixes (299 entries), suffixes (618 entries), and stems 
(82,158 entries representing 38,600 lemmas). The lexicons are supplemented by three morphological compatibility tables 
used for controlling prefix-stem combinations (1,648 entries), stem-suffix combinations (1,285 entries), and prefix-suffix 
combinations (598 entries). The actual code for morphology analysis and POS tagging is contained in a Perl script7.  
The second is Buckwalter Arabic Morphological Analyzer Version 2.0. This is the version that was used for 
morphological annotation and POS tagging of the Penn Arabic tree bank part 3 (The Annahar Corpus). This release is 
available only to LDC members. 
The data consists primarily of three Arabic-English lexicon files: prefixes (548 entries), suffixes (906 entries), and stems 
(78,839 entries representing 40,219 lemmas). The lexicons are supplemented by three morphological compatibility tables 
used for controlling prefix-stem combinations (2,435 entries), stem-suffix combinations (1,612 entries), and prefix-suffix 
combinations (1,138 entries). The actual code for morphology analysis and pos tagging is contained in a Perl script 
(aramorph.pl). Sample input (infile.txt) and corresponding output file (outfile.xml) are provided8. 
In this Tag set there is no distinction between categories and features for POS. The particle classification has no 
attributes. He does not distinguish between attached pronouns or other clitics and inflection of the word (suffixes) [10]. 
  

5 http://www.kalmasoft.com/index.htm 
6 http://www.ldc.upenn.edu/Catalog/docs/LDC2004L02/readme.txt 
7 http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogId=LDC2002L49 
8 http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogId=LDC2004L02 
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G. Alkhalil Morhphological analyzer (Alkhalil Morpho Sys) 

AlKhalil Morpho Sys could be considered as the best Arabic morphological system. Actually, AlKhalil won the first 
position, among 13 Arabic morphological systems around the world, at a competition held by ( العربیة للتربیة والعلومالمنظمة  ) 
The Arab League Educational, Cultural and Scientific Organization (ALECSO) [12]. The system was developed in 
collaboration with the Arab League Educational, Cultural and Scientific Organization (ALECSO) and King Abdul Aziz 
City for Science and Technology (KACST).  
For each given word, Alkhalil Morpho Sys enables the identification of all of the  possible solutions associated with their 
morphosyntactic features.  
For nouns these features are as follows: 

1) For non derivable words, the system gives: 
• Vocalization 
• The proclitic and the enclitic associated whenever they exist, 

2) For derivable words, the system generally proposes several solutions. For each of these solutions, the system 
displays: 
• Vocalization 
• The proclitic and the enclitic associated whenever they exist, 
• The nature of the noun: 

 Different verbal noun types (مصدر أصلي ، مصدر میمي). 
 Active participle (اسم فاعل). 
 Passive participle (اسم مفعول). 
 Time and place nouns. 
 Instrumental noun (اسم آلة). 

Al khalil also provides the concordance between proclitics and enclitics along with the output syntactic features: 
• To check the concordance of the stem ultimate character’s diacritical short vowel (العلامة الإعرابیة) with the proclitic 

syntactic function, e.g., the prepositions “ب” and “ك”appear only with nouns in genitive case (الأسماء المجرورة). 
• To check the concordance of the word nature with the enclitic, e.g., No concordance between the enclitic pronoun 

 .and passive verbs ”ھم“
 Concordance of the hamza allography (ء, أ   in the system’s proposed solutions with that of the input (ؤ or ,ئـ ,إ ,

word, e.g., the hamza “ؤ”cannot be followed by the short vowel kasra “ ٍ◌” 
 Concordance of the vocalizations of the system’s proposed solutions with those that may exist in the input 

word. (Manual reference). 
 Of benefit to users, Open Source software is licensed so you can download and use the software free-of-

charge. The source code for this software is made available free-of-charge, you (or a programmer you hire) 
can make changes to this software to better meet your needs, and you can release your changed code back to 
the community passing the benefit on to other users9. 

3 PLANNING TO BUILD APOS TAGGER 

Arabic language processing (ALP) is a field of research in which many linguistic specialists are interested. Such interest 
has increased with the written Arabic documents’ proliferation which is partly due to the Web popularization and the 
increase of the means of communication in Arabic. Researchers achievements in the recent years, in this field have led to 
a variety of important applications such as automatic indexing, information retrieval, machine translation, automatic 
summarization, automatic word generation, syntactic analysis, morphological analysis, automatic vocalization, spell 
checking and text analysis systems [11]. Furthermore, tagging is one of the important applications that has gone through 
a lot of development. However, tagging is a challenging task. The degree of difficulty depends on the language under 
consideration. In this research, Arabic is the language that is considered which is a highly inflected language. Arabic 
language is morphologically quite regular; it includes very few irregular forms. Moreover, Arabic is highly inflectional 
which leads to changes in the structure of the words in many cases; ultimately causing high degree of complexity of 
tagging. The other problem is the lack of Arabic language resources such as corpora and tools. 
Modern Standard Arabic (MSA) processing is highly affected by the missing diacritical which makes it more complex to 
both syntactic and semantic analysis. That is due to the fact that diacritics reduce the number of possible classes for each 
word. 
However, most of the current written texts are without diacritics. Thus, the most appropriate solution is to remove the 
diacritics for all the diacritized words of the corpus in order to uniform the data. Also, experimental results on 
undiacritized Arabic were proven to be useful [2]. The Arabic word is composed of stem and affixation that indicate 

9 http://alkhalil.sourceforge.net/ 
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tense, gender and number. Clitics can also be attached to the beginning of the stem, end or both. Clitics are segments that 
represent an independent syntactic role; mainly conjunctions, preposition and pronouns. Prepositions and conjunctions 
are attached to beginning of the word while pronouns at the end [6]. Bar-Haim referred to each unit of the word that 
represents an independent tag as segment [12]. 

A.   Suggested New POS Tag Set 

Alkhalil analyzer is the best analyzer, although it has some problems with its database [13]. It has some limitations; it 
does not provide POS tags in a format that is reusable. Neither does it fully differentiate between clitics and affixes nor it 
detects proclitics or enclitics, but they are referred to either as prefix or suffix [14]. Accordingly the built tagger has 
adopted Alkhalil Marphological analyzer tag sets with some editing to disambiguate the data that have been used to test 
the built tagger. 
This tag set is quite different from AlKhalil Sys tag sets in some points: 
• Pronoun category is separated from the noun category, because the pronouns have different features from that of the 

nouns. Most Arabic nouns are derived from trilateral lexical roots, and all the nouns that are derived from the same 
root are clustered under that root entry in any Arabic or Arabic-English dictionary. However, some nouns have more 
than one root. Also, Arabic nouns are usually derived from lexical roots through application of particular 
morphological patterns [15]. 

• Adjective category is separated from the noun category, because an adjective modifies a noun  by describing, 
identifying, or quantifying words10. An adjective is preceded by the noun which it modifies11.  It’s an attribute, a 
characteristic, or a description originally refers to a continuing adjective. Adjective has specific patterns such as 
“?afaal أفّْعَل”, “faala? فعَْلاء”, “faalan فعَْلان” , “faala فعَْلى”, “fael فعَِل” , “faela َفعَِلة”, and “fail فعَِیل” , “faila فعَِیلة” P11F

12
P. As 

shown in the following example: 
Examples of Arabic sentences that contains adjectives: 

 .ھذا كتابٌ مفیدٌ 
 .قرأت الكتابیَْن المفیدَیْن

In this tag set, Alkhalil’s tag set is further modified to be smaller and more inclusive, because, generally smaller tag sets 
perform better on unknown words [16]. 

TABLE 1 

FINAL MAIN POS TAG SET 

Main POS 

Tag set 

أقسام الكلام 

 الرئیسیة

POS Tag set 

Abbreviation 

Noun اسم NOUN 

Adjective صفة ADJ 

Verb فعل VERB 

Pronoun ضمیر PRON 

Particle أداة PART 

The previous tag sets are decided according to EGALS recommendations. 
  

10http://www.writingcentre.uottawa.ca/hypergrammar/adjectve.html 
11http://www.reefnet.gov.sy/education/kafaf/Bohoth/Naet.htm 
12http://www.reefnet.gov.sy/education/kafaf/Bohoth/SefaMushabaha.htm 
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B. Data Preparation 

1) Collecting data: The main task of compiling a corpus is collecting and editing texts13. This corpus was 
collected in 2011 from different sources that represent Modern Standard Arabic (MSA) to be used in morphological 
analysis process later. It was collected from  three sources: Books, Net articles and Newspapers; every source consists of 
four main classes of Dewey’s classification: Arts & recreation which contain Arts (CLA) and Sports (SPT), Social 
sciences which contains Economic (ECN) and Politics (PLT), Religion (RLG), Social sciences (SCT) and Computer 
science, information & general works and Miscellaneous (MSL) which contains all other sciences. 
The whole collected data consists of approximately 534,266 words with 714 files distributed over the three sources; 
218,810 words in 8 files of Books, 19,499 words in 8 files of Net Articles, and 295,957 words in 698 files of 
Newspapers. As shown in the Fig. 1: 

 

 

Figure 2: The corpus distribution with numbers 

Presenting the repressiveness of a language variety through a set of linguistic samples is a controversial issue. The 
discussion stems from the complexity found in defining representativeness itself and achieving that a fraction contains 
the components which confer the representative nature of the whole [17]. 

2) Building lexicon:  The collected data was analyzed by AlKhalil morphological analyzer. Then, the researcher 
extracted the distinct solutions and enhance them to be compatible with the new tag sets for building the lexicon. Fig. 3 is 
an example of AlKhalil output: 

 

Figure 3: An example of AlKhalil output 

13 https://www.uni-due.de/CP/compile_corpus.htm 
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Fig. 4 is the example of the created lexicon after enhancement: 

 

Figure 4: Example of the created lexicon after handling 

3) Collecting rules:  The rules stage is one of the most important stages in the tagging and disambiguation 
processes. These rules were collected from different Arabic grammatical books and were developed according to the use 
of MSA. Rules are useful in increasing the accuracy by reducing the number of solutions for the selected words that have 
more than one solution or if the selected word has no solutions at all within the lexicon. 

Examples of rules to assign tags to the words: 
• If the current word is “خلال”, the following word is tagged as “NOUN”. 
• If the current word is “لن”, the following word is tagged as “VERB”. 
• If current word ends with “ة” or “ات”, assign the tag “NOUN_SUFF” to this word. 

C. Designing of the POS Tagger Application 

NLP, simply put, is to make computers understand and generate human language. Therefore, it requires both linguistic 
knowledge and programming skills14. So, the implementations of all system stages were done in C# programming 
language and the final results of the tagged text were automatically extracted in an access database file. 
In spite of the fact that statistical models are less accurate than rule-based models, most existing POS analyzers have 
been based on a probabilistic model, because these systems are very robust and can be automatically trained. The 
limitations of the rule-based taggers are that they are non-automatic, costly and time-consuming [18]. 
The researcher presents a rule-based POS tagger which automatically infers rules from a training corpus. Thereby it 
avoids most of the limitations of traditional rule-based taggers in this system.  The interface of built APOS is as shown in 
Fig. 3: 

14 http://nlpdotnet.com/ 
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Figure 5: APOS tagger interface 

The POS tagger is tested on data that consists of 150,000 words collected from different sources that were tagged 
manually according to Arabic context rules; because Arabic grammatical structures by themselves are rather useless. 
Like road signs, grammatical structures take on meaning only if they are situated in a context and in connected discourse 
[19]. Fig. 3 shows the APOS workflow: 

 

Figure 6: The APOS workflow 
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4 CONCLUSION 

The purpose of building POS tagger is to assign part of speech tags automatically to words reflecting their syntactic 
category. POS tagger is a system that uses various sources of information to assign possibly unique POS to words. 
Automatic text tagging is an important step in discovering the linguistic structure of large text corpora. This project will 
make using Arabic language easier for native Arabs or non-Arabic speakers. It will serve search engines, database 
engines, Information Extraction applications and any other applications of Artificial Intelligence (AI) that makes use of 
Arabic Language Processing. POS tagger is one of the basic tools and components necessary for any robust NLP 
infrastructure of a given language.  
Before building the POS tagger, some steps were taken: a) In the process of tagging a corpus, it is important, to 
distinguish a "tag-set"; a group of symbols represents various parts of speech, from tagger software program that inserts 
the particular tags making up a tag-set. This distinction is important because tag-sets differ in the number and types of 
tags that they contain, and some taggers can insert more than one type of tag-set. 
The tag-set comprises of 5 main tags. This tag-set follows EAGLS guidelines, b) some data was compiled to be used as 
the testing corpus. It was compiled according to the criteria of corpus linguistics. Afterwards, some parts of the data have 
been disambiguated manually to be a training data to test the POS tagger, c) AlKhalil Arabic morphological analyzer was 
used to analyze the collected corpus and to obtain a lexicon containing different solutions for the corpus tokens. The tags 
were handled to agree with the new tag-set, d) setting Arabic rules is one of the most challenging steps of this project. 
These rules help in words disambiguation. Finally, the tagger has passed through three stages of tests; the rules were 
improved to enhance the tagging and disambiguation results. After comparing the results with the manually analyzed 
data, the percentage of the correct solutions was 84%. 
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بناء نظام حاسوبي لوسم أقسام الكلمة العربیة لتطبیقات المعالجة الآلیة للغة 
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والمدونات الذخائر  یتركز ھذا البحث على بناء واسم لغوي صرفي لوسم كلمات اللغة العربیة والذي یعد من أھم العناصر الأساسیة في المراحل المتقدمة لتحلیل —ملخص
تجمیع ذخیرة لغویة تمثل اللغة العربیة المعاصرة، وتشكیل أوسمة جدیدة لوسم كلمات الذخیرة لتناسب كل أشكال : ویجب قبل بناء الواسم المرور بعدة خطوات من أھمھا. العربیة

 .تصمیم الواسم الصرفي كأداة لوسم الكلماتالكلمات الموجودة، والبحث عن وتجمیع قواعد عربیة من مختلف الكتب النحویة العربیة، وأخیرًا 
أما عن النتائج التي تم الحصول علیھا من عملیة الوسم فیمكن استخدامھا في . لیاآإن الھدف الأساسي من بناء الواسم الصرفي ھي إلحاق وسم كل كلمة تبعًا لموقعھا في الجملة 

 %.84ھذا الواسم الصرفي واختباره على عینة من الكلمات فإن النتائج التي تم الحصول علیھا  وبعد تقییم. عدة تطبیقات أخرى لخدمة معالجة اللغة الطبیعیة
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 ةِ مُعَاصِرَ فُصْحَى الْ عَرَبيَِّةِ الْ لْ لِلُّغَةِ ا رِيٍّ نَحْوِيٍّ كٍ شَجَ بنَِاءُ بَـنْ 
 )∗()جًاوذَ مُ نَ  ةِ يَّ رِ صْ مِ الْ  ةِ يَّ ونِ رُ ت ـُكْ لِ الإِْ  حافةِ الصّ  غةُ لُ (

 محمد روبيأحمد 
 باحث ماجستير في قسم علم اللغة والدراسات السامية والشرقية*

 .الفيوم، مصركلية دار العلوم، جامعة *
Ahmedruby757@yhoo.com 
aruby@istnetworks.com 

 
 :ملخص

ا لبناء التطبیقات الإحصائیة لمعالجة اللغات ا ھامًّ البنك الشجري النحوي موردً  یعدُّ 
ا على مجموعة الواقع اعتمادً  أیضا أداة للبحث في الظواھر اللغویة التي تصفُ  كما یعدُّ   NLPالطبیعیة

rabic Ayntactic Sالعربي فالبنك الشجري النحوي. اللغوي من النصوص التي تمثل  ذلك الواقع
ankBreeT لاینإسلام أون  موقع مستقاة من عربیةمجموعة من التحلیلات النحویة لجمل. 

لمعلومات اللغویة عن البنوك الشجریة الأخرى من حیث اSATBویختلف البنك الشجري 
على الوظائف النحویة  یقوم نحويٍّ  لٍ محلّ من بناء  لطبیعة الھدف المنشود  وذلك وطریقة تمثیلھا؛ 

وھي توفیر المعطیات اللازمة للتحلیل اللغوي  لتحقیق المھمة الأساسیة للتحلیل النحوي الآلي،؛ الدلالیة
 Phrase structureنیة العبارة بِ  تمثیلَ واستخدمتالأتوماتي للنصوص اللغویة،لفھم لالأعمق،

representation تحدید العلاقات النحویة لكل وحدة  في التحلیل مع مراعاةToken وذلك ؛في الجملة
حداتالمكونة للو Features Extractionالممیزة سھولة استخلاص السمات ل الأوّ : لسببین رئیسیین

من حیث X-barالحصول على سمات ھجینة بین الاعتمادیة وھیكلة السین الباریة والآخر ، للجملة
 .تحدید العلاقات النحویة التبعیة بین المركبات ورؤوسھا ومكمّلاتھا

م ھذه الورقة توصیفا لمراحل البناء المتسلسلة ثم مقارنتھا بغیرھا من البنوك الشجریة وتقدّ 
 .في بناء المحلل النحوي ستخدام البنك الشجريا مدى الاستفادة من ، ثمالأخرى

 
 : الكلمات المفتاحیة

معالجة اللغات –المحلل النحوي–العنونة النحویة  –التحلیل النحوي  –ة البنوك الشجری
 .الطبیعیة 

 
 :مقدمة -1

لقد من أھم مجالات تقنیة المعلومات والاتصالات، و العربیة لقد أصبحت ھندسة اللغة
الحاجة إلى المعالجة الآلیة للغة العربیة بمستویاتھا المختلفة الصوتیة  دعا ذلك إلى تعاظم

من جانب وإلحاقھا بالثورة التكنولوجیة  بسبب الفیض المعلوماتي، والصرفیة والنحویة والدلالیة

الأستاذ الدكتور فرید عوض حیدر أستاذ عل�م اللغ�ة بكلی�ة دار : بحث تكمیلي لنیل درجة الماجستیر في علم اللغة بإشراف)∗(
الفیوم، ونائب رئیس الجامعة لشؤون البیئة وتنمیة المجتمع مشرفا رئیسیا، والأستاذ الدكتور محسن رشوان أستاذ -العلوم

والإلكترونیات بكلیة الھندسة جامعة القاھرة مشرفا مشاركا، والدكتور خالد أبو غالیة مدرس علم اللغة بكلی�ة الاتصالات 
 .الفیوم مشرفا مشاركا-دار العلوم
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بكافة  وتساعد الأنظمة الخبیرة في مجال الذكاء الاصطناعي على تمثیل اللغة، من جانب آخر
 . امعھ لَ یستطیع الحاسوب التعامُ  على نحو وقواعد تجریبیة للمعرفة اعدَ وفق قو مستویاتھا
 

صلب اللسانیات الحاسوبیة، وتشھد ساحتھا  -ا على الأقلّ حالیًّ –تمثل معالجة النحو آلیا 
أقصى درجات الامتزاج بین اللسانیات والحاسوبیات، بجانب ذلك فالمعالجة النحویة الآلیة ھي 

 ]5[.تعبر خلالھا مسارات الاقتراض المتبادل بین علوم اللغة وعلوم الحاسبقنطرة الوصل التي 
، ]5[صیاغة رسمیة مكتملة وفقا للنموذج النحوي المتبع في ویلزم لمعالجة النحو آلیا وضعقواعده

المعنیة بحوسبة اللغات إلى بناء مدونات  وانطلاقا من ھذا سعت المؤسسات الأوروبیة والأمریكیة
 Machineللاستفادة من أسالیب التعلم الإحصائيannotated Parsedcorporaنحویامعنونة 

Learning في بناء نماذج إحصائیة لھذه المدونات. 
 

ى بالبنوك أو ما تسمّ  االمعدّة یدویًّ مجموعة التحلیلات النحویة للجمل  وتعدُّ 
واستخدمت  ،وتقییمھا بشكل عامّ لات الإحصائیة بناء المحلِّ ا لِ مصدرا مھمًّ Treebanksالشجریة

 العدید من التطبیقات منھا، تجزئة ھذه التحلیلات أو البنوك الشجریة الغنیة بالتذییل التفصیلي في
نیة النصوص، والتشكیل الآلي، والعنونة بأقسام الكلام، وفك اللبس الصرفي، وتحدید أب

 Goldستخدم أیضا ھذه التحلیلات لبناء المعاییر الذھبیة نونة الدلالیة، وتُ المركبات، والعَ 
Standardsبھ والاختلاف في اشتوكذلك لإیجاد أوجھ ال،لتقییم دقة الأنظمة المحوسبة وقیاسھا؛

 .نتائج التحلیل مبینة الحالات التي تتفق علیھا والتي تختلف فیھا الأنظمة المحوسبة
إلى ثلاثة عقود  -للغة الإنجلیزیة-نونة نحویاعَ مُ  نةدوَّ ل محاولة لبناء مُ یعود تاریخ أوَّ و

مضت، حیث كانت في الأغلب قائمة على الطرق الیدویة، وكان ھدفھا ھو محاولة إیجاد منھج 
ثم تبنت المؤسسات المعنیة بحوسبة اللغات فكرة ،]6[للترمیز یصلح للتطبیقات المتنوعةشامل 

 Linguistic(ركز اتحاد البیانات اللغویةإنشاء مشروع البنوك الشجریة وكان على رأسھا م
Data Consortium (الذي تولى مھمة إنشاء مشروع البنك الشجري للغة  بجامعة بنسلفانیا

 .ولغات أخرى ثم بدأ یتوسع لیشمل اللغة الصینیة والعربیةم، 2001عام  )PATB(الإنجلیزیة 
  

بنك بنسلفانیا : ا وھمانونة نحویًّ نات اللغویة العربیة المعُ في المدوّ وھناك مجھودان كبیران 
وھذان المجھودان قدما تمثیلات ،PADB)( وبنك براغ الشجري الاعتمادي، PATB)(الشجري

لتسمح ھذه المعلومات بالبحث في التطبیقات العامة ؛ لغویة معقدة ومعلومات لغویة غنیة التفاصیل
یر مستخدم حالیا في التطبیقات  أن كثیرا من ھذه المعلومات غلمعالجة اللغة الطبیعیة، إلاّ 

وقدم مؤخرا .كثیر من الوقت والجھد البشريالنات ، ویتطلب ھذا النوع من المدوّ ]15[العربیة
 )Center For Computational Learning Systems(مركز أنظمة التعلم الحاسوبي

بھدف تسریع عملیة ) CATiB( بنكًا شجریاًّ نحویاًّ ثالثاً بجامعة كولومبیا
 .]15[، وكان غرضھ الترجمة الآلیةالمعلومات التي لا فائدة منھا وتجنبannotationالترمیز

  
بھدف بناء محلل نحوي ، )SATB(ا آخر نحویًّ  بناءً قدم الباحث  وفي ھذا الإطار

تحدید من خلال Tokensحداتالجملة على تحدید المعاني الوظیفیة النحویة لو یقومإحصائي 
ا في التفھم الآلي للنصوص، وتحدید استقلالیة الجملة من النحویة؛ لما لأھمیتھت التركیبة العلاقا

 بناء وبھذا تختلف طبیعةخلال العلاقات النحویة عن طریق الربط والارتباط بین مكونات الجملة،
من حیث المعلومات اللغویة وطریقة عن بناء البنوك الشجریة الأخرى ) SATB(البنك الشجري 

 النصوص، والعنونة بأقسام الكلام، والمحتوى تجزئةأما المعلومات اللغویة  فتتمثل في تمثیلھا، 
فكان باستخدام النظریة النحویة  النحوي من حیث المركبات والعلاقات النحویة، أما تمثیلھا

-Xمستخدمة القوالب التخطیطیة ل السین الباریة Descriptive theoryالوصفیة 
Bar]11[ بنیة العبارة  شجرة من خلال تمثیل الجمللعرض أبنیةPhrase Structure Tree 

Representation . 
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مع تزویدھا  ،الشجري النحوي لمراحل بناء البنك توصیفاًسأقدم  ،وفي ھذه الورقة
البنوك ثم عرض مقارنة بینھ وبین والأدوات الحاسوبیة المساعدة، بالمعلومات الإحصائیة،

 .والخاتمة والأعمال المستقبلیة واستخدامھ،الشجریة الأخرى،
 

 :اختیار المدونة اللغویة -2
یمكن التعامل معھا آلیا والتحكم في بیاناتھا  مجموعة من النصوص فالمدونة اللغویة 

ومدخلاتھا بالإضافة أو الحذف أو التعدیل من خلال قواعد البیانات التي تتعامل مع ھذه 
إلى وصف الواقع اللغوي اعتمادا على مجموعة من ، وتھدف ھذه المدونة ]1[النصوص

 .]1[، أو تأكید فرضیات قائمة حول لغة معینةالنصوص التي تمثل ذلك الواقع
 

وھذا الھدف ،واختیار المدونة اللغویة المعنیة بالتحلیل یعتمد على الھدف المنشود منھا
یتعلق بالزمان والمكان والمستوى اللغوي المطلوب، وفي معظم الحالات تتكون ھذه النصوص 

 –وعلى ھذا فاخترت صحیفة إسلام أون لاین، ت المعاصرةالصحف أو الجراید أو المجلاّ من 
لعدة )∗(اللغویة المعنیةبالتحلیلمصدرا للمدونة  - 2010إلى  2002للمدة الزمنیة المحددة من 

 :منھا أسباب
إسلام أون لاین صحیفة إلكترونیة، والصحافة الإلكترونیة أصبحت من أھم الوسائل             -

 .الإعلامیة المعاصرة، وتنشر بین كافة الشرائح المجتمعیة بصورة متسارعة
 .التزامھا بالكتابة العربیة الفصحى غیر الھجینة بالعامیة-
من اللغویین، وھذا یعكس نقاء المفردات والأسالیب معظم المحررین العاملین بھا -

 .وخلوھا من الأخطاء الإملائیة والنحویة اللغویة
 .كثرة عدد زوّار موقع الصحیفة عن المواقع الأخرى-
 

نظریة العینات الإحصائیة على  –وفقا لبناء المدونة اللغویة  –ویخضع اختیار النصوص 
Statistical Sampling Theory ،  ومن خلالھا یقوم صناّع المدونة باختیار عینة من

 Probabilisticالنصوص التي تتفقوأھدافھم البحثیة سواء أكانت عینة عشوائیة
Samples(Random) ،أم عینة غیر عشوائیة. Non-Probabilistic Samples (Non-

Random)]1[ 
 

 عدد كلماتھالات التي تنتمي إلیھا، وبلغ ھذه النصوص حسب المجاوتم تصنیف 
مقالا، وتم تحریرھا في  98وحدة، وعدد المقالات 123 ,000وبلغ عدد الواحدات كلمة000,100

تصنیف ) 1(، ویوضح الشكل رقمملفات نصیة وتسمیة كل ملف باسم المجال الذي ینتمي إلیھ
 .المدونة المستخدمة وحجمھا

 .والتي یبلغ عدد كلماتھا ملیون كلمة RDIھذه النصوص مأخوذة من مدونة الشركة الھندسیة لتطویر النظم الرقمیة )∗(

227

The Fourteenth Conference on Language Engineering 3-4 Dec. 2014 ESOLEC'2014



 
 )1(الشكل رقم 

 .تصنیف المدونة المستخدمة إلى مجالات

 
 

 :Tokenizationتجزئة النصوص -3
مرحلة أساسیة قبل المعالجة الآلیة للنصوص اللغویة،  -آلیا -تعد عملیة تجزئة النصوص

وفي ظل التطور السریع لمعالجة اللغات الطبیعیة أصبحت عملیة تجزئة النصوص خطوة حاسمة 
غة الطبیعیة إن وتقول الحكمة الشائعة في معالجة الل .في تنقیب النصوص واستخلاص المعلومات

من خلال التجرید وتقلیص الاحتمالات تجزئة النص العربي إلى كلمات 
مفید للعدید من التطبیقات مثل نمذجة اللغة Orthographic Normalizationالھجائیة

 ]15[. واسترجاع المعلومات والترجمة الآلیة الإحصائیة
-Part-Ofوتعمل معظم تطبیقات معالجة اللغات الطبیعیة مثل معنونات أقسام الكلام 

Speech taggers  ّلات النحویة والمحلSyntactic Parsers والتجذیع Stemming على
الكلمات والأرقام وعلامات الترقیم  ھذه الأجزاء تشملو، عناصر/النصّ المقسّم إلى أجزاء

 .الواحدات المكوّنة للنصّ غیرھا من والرموز، و
 

لأنھا مرحلة أولیة أو ؛وتتوقف دقة ھذه التطبیقات وفقا لدقة عملیة تجزئة النصوص
لنحوي فھي مطلب أساسي للتحلیل ا ،أساسیة في التحلیل اللغوي تقوم علیھا بقیة المراحل التحلیلیة

مراحل البناء ) 2(رقم  الشكل التالي ویوضح ، حدات النحویةالذي ترسي دعائمھ تلك  الو
 .  الشجري

 

50% 

10% 

10% 

10% 

10% 
10% 

 مجالات المدونة 

 السیاسة

 الاقتصاد

 العلوم

 الفنون
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 )2(الشكل رقم 

 مراحل بناء البنك الشجري

ھي عملیة تقسیم تجُرى على النص لتقسیمھ إلى Tokenizationوتجزئة النصوص
حسب  كلمات أو وحدات أو جمل،حتى تتمكن آلیات معالجة اللغات الطبیعیة من معالجة النصوص

 -بالنسبة للغة العربیة–وتتم عملیة تجزئة النصوص ، ]8[ما تھدف إلیھ طبیعة التطبیقات المنشودة
 : على ثلاثة مستویات

 التجزئة على مستوى الجملة )1
حسب  -في تحدید أبعاد الجملة في المدونة اللغویة موضوع الدراسة-وینجز التقسیم 

والتركیب التام المفید وما بین الجمل من علاقات الربط بواسطة أدوات الاستئناف  الإسناد
في  -اتحدیدا شكلیًّ -لتحدید ھذه الأبعاد الجملیة  خیر سبیل ت علامات الترقیمفكان، ]3[والعطف

 .النصّ 
من خلال وجود فواصل الأسطر  في النص -آلیا-أو تحدیدھا  الجمل عملیة تجزئة تمتو

أن تحدد حدود الجملة من خلال Tokenizerوعلامات الترقیم، وتستطیع آلیة تجزئة النصوص 
التي توضع في نھایة الجملة، وكذلك بعض الجمل التكمیلیة مثل الجملة (.) علامة الترقیم النقطة

 أن ، إلاّ (!)تي تنتھي بعلامة تعجب، والجملة التعجبیة ال)؟(الاستفھامیة التي تنتھي بعلامة استفھام
تواجھ عدة مشكلات في تحدید حدود الجمل بسبب تعدد  التي تعتمد على ھذه المدخلات ھذه الآلیة

بین  أیضا توضعو، توضع في نھایة الجملةوظائف بعض علامات الترقیم مثل النقطةالتي 
زا للفصل بین ملحما ممی التي تعد,) (ب وغیرھا، وكذلك الفاصلة .د.د، ص.الاختصارات مثل أ

 ومع ذلك یتغلب، 11,4في حال الأرقام العشریة مثل  أیضا توضع  الوحدات أوالمكونات،
 binaryالحاسوبیون على ھذه المشكلات عن طریق بناء مصنفات ثنائیة اللسانیون

classifiers مثل أشجار القرارDecision Treesذه التقنیة على تحدید خواص ، وتعتمد ھ
حیث یشكل التنسیق بین ھذه الخواص ، وإعادة ترتیبھا في صورة شجریة متدرجة العلامات

رقم  الشكل التالي ، ویبینّ )ع(ت من حیث التجزئة أو عدم التجزئةتصورا یؤدي إلى تحدید الفئا
 .في تحدید الكلمة النھائیة للجملة مصنِّف أشجار القرار الخواص التي یعتمد علیھا )3(

التحليل النحوي        
Syntactic Parsing 

       الكلام بأقسام العنونة
POS Tagging  

             تجزئة النصوص

Tokenization 
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 )3(رقم الشكل 
 .تحدید الكلمة النھائیة في الجملة باستخدام أشجار القرار

المدرجة في المحلل Tokenizerواستخدمت في البحث آلیة تجزئة النصوص
 أنھ لم إلاّ ، التابع لفریق معالجة اللغات الطبیعیة بجامعة ستانفوردStanford parserالنحوي

لبس حدود الجملة، ونتج عن ذلك أخطاء في تحدید حدود الجمل،  إزالةیستخدم ھذه التقنیات في 
 :، ومن ھذه الأخطاءقمت بتصحیحھا یدویا

 .سم 2,4كلثم، .د: یفصل في الحالات الآتیة مثل-

، ویعتبر كل نقطة نھایة ...یفصل في حالة تعدد النقاط الدالة على الكلام المحذوف -
 .جملة

 .یضمھ إلى السطر التالي لھ) ؟(أو (.) إذا لم ینتھ السطر بعلامة-
 

 العناصر الرئیسیة/التجزئة على مستوى الوحدات )2

من  اھو أصغر وحدة نحویة، یمكن أن تكون كلمة أو جزء Tokenفالعنصر اللغوي 
ومادامت العناصر اللغویة الرئیسیة ھي ،، أو علامة ترقیمتعبیراصطلاحي، أو مركبا الكلمة، أو

تلك ]2["وحدات التحلیل النحوي"فیمكن أن نطلق علیھا أیضاالجزء الملموس من التحلیل 
الوحدات الرئیسیة التي تعتبر عنصرا أساسیا في النص اللغوي،  فالوحدة الرئیسة ھي البناء 

 ]8[.كلمة أو علامة أو رقما تاللغوي المتكامل سواء أكان
 :ثلاثة متسویات فالتجزئة على مستوى الوحدات أو العناصر الرئیسیة تشمل

 
 :الكلمة - أ

ولعل أشھر من عرف الكلمة من علماء ، وھي أصغر وحدة مستقلة في النص فالكلمة 
الكلمة أصغر وحدة " ، الذي قال Bloomfield" بلومفیلد"اللغة المحدثین ھو العالم الأمریكي

، كما یمكن ]2[ومعنى ھذا أن الكلمة عنده ھي أصغر وحدة لغویة یمكن النطق بھا معزولة" حرة
على  Free Morphemeاستعمالھا لتركیب الجملة أو كلام، ویجب أن تتكون من مورفیم حر 

الأقل، وتعتبر عنصرا تحلیلیا بسیطا على المستوى النحوي في بعض الأنحاء رغم تركیبھا مع 
 .مورفیمات أخرى

 :لمركب غیر الكلاميا - ب
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الله، _عبد: نحویا ودلالیا مثلھو انضمام كلمة إلى كلمة فأكثر، وتكون بحكم المفرد 
 .إستراتیجیة _أمریكي، الجیو_لصھیولاین، ا _أون _إسلامعید، _أبو

 :الرمز أو العلامة - ت

، یشمل جمیع الرموز المستخدمة في النص العربي، مثل علامات الترقیم والأرقام
 .وغیرھا من الرموز

واللغات ذو النظام الفكري وھناك فرق بین تجزئة النصوص للغات ذو النظام الألفبائي 
مثل الصینیة، فعادة في اللغات ذو النظام الألفبائي یتم الفصل من خلال حدود الكلمات أي 
الفراغات أو المساحات البیضاء، أما في اللغات ذو النظام الفكري فھي لا تحتوي على معلومات 

 .حول حدود الكلمة؛ لذلك التجزئة أصعب بكثیر من النظام الألفبائي
على الفراغات البیضاء وعلامات الترقیم  Tokenizerوتعتمد آلیة تقطیع النصوص 

، أما الوحدات التي تحتوي على ]9[الرئیسیة والأرقام كعلامات ممیزة لتجزئة ھذه الوحدات
 .الله_عبد: لتصبح  الفراغات البیضاءمثل عبدالله، قمت بوضع شرطة بدلا من  أو أكثر كلمتین

 العناصر الفرعیة/الوحداتالتجزئة على مستوى  )3
فنجد أن ، " بناء لغوي یحدده مستوى التحلیل" یمكن أن نعرّف العنصر اللغوي أیضا بأنھ

عنصر فرعي واحد أو أكثر من مورفیم   /العنصر اللغوي الرئیسي قد یكون مكونا من مورفیم
أن تشمل على ما یصل ) العنصر الرئیسي(، فعلى سبیل المثال،  حیث یمكن للكلمة المفردة ]2[

 .]8[إلى أربع وحدات فرعیة سواء سوابق أو لواحق
وتتوقف حدود عملیة تجزئة العناصر الرئیسیة إلى عناصر فرعیة إلى طبیعة الغرض من 

 البحث، أي ما ھي العناصر الفرعیة المراد تجزأتھا من العناصر الرئیسیة؟
 Concatenativeاللصقیة أنواع المورفیمات -أولا-وللإجابة على ھذا السؤال، نبینّ 

Morphemes ،ة وھي ھناك ثلاثة أنواع من المورفیمات المتسلسلففي اللغة العربیة :
 .)Clitics(والزوائد affixes)(واللواصق Stem)(عالجذ
، ووجوده ضروري لكل ھو أساس الكلمة بعد حذف الزوائد واللواصق منھا :فالجذع - أ

والجذع ) وسیكتبونھا(الذي تكون عنھ التركیب في) كتب(الجذع : أمثلتھومن كلمة، 
 .)المكتبات(في صیغة الجمع) مكتب(

 :مورفیمات تتعلق بجذع الكلمة، وھناك نوعان من اللواصق ھي :اللواصق - ب
نون في الفعل : وھي مورفیم یسبق الجذع في أولھ ومن أمثلتھ): Prefixes(السوابق )1

 ".نشكر-نعمل-نفعل"المضارع في 
الواو والنون : وھي مورفیم یلحق الجذع في آخره ومن أمثلتھ): Suffixes(اللواحق )2

 ".العاملون-المسلمون" في جمع المذكر السالم في
تتعلق بجذع الكلمة  تكون مقیدة بكلمات أخرى، و نحویةھي مورفیمات :الزوائد - ت

 :وھناك نوعان من الزوائد،اللواصقبعد
فھي تشبھ اللواصق، ولكنھا تختلف اختلافا )Proclitics( بدایة الكلمةالزوائد في  )1

 نواضحا عن اللواصق التي تمثل جزءا من الكلمة صوتیا وبنیویا، وم
 .روف الجر، والنداءحروف العطف، وح:أمثلتھا

 .وھي التي تعقب الكلمة، مثل الضمائر المتصلة)Enclitics(الزوائد في نھایة الكلمة )2
نحویة، ومع  لاصقة صرفیة أو زائدةوقد یكون القرار مربكا أحیانا  في جعل المورفیم 

) العدد-جنسال-الشخص-الزمن(تحمل ملامح صرفیة نحویة مثل اللواصقأن  -عموما–ذلك نقول 
 ).العطف أو الجر -التعریف-النفي(تخدم الوظائف النحویة مثل بینما الزوائد
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باعتبارھا ) بنوعیھا ةائدالز( وطبیعة ما نصبو إلیھ یجعلنا نقف أمام الوحدات النحویة 
وسنبینّ  علاقات نحویة نظمیة بغیرھا، فھي عنصر تحلیلي ذات ، النحويعنصرا مستقلا للتحلیل 

 :في التجزئة من خلال الأمثلة التالیة منھجنا
 المدرسة+ل> ----للمدرسة  •
 ھم+سیكتبون+و>------سیكتبونھم و •
 ھم+مستشفى> ------مستشفاھم  •
 ه+سماء> -------سمائھ  •
 نا+مكتبة> ------مكتبتنا  •

في التجزئة  ATBباتباع منھجلتجزئة النصوصMADA+TOKANواستخدمت آلیة 
 .كخطوة أولیة للتحلیل، ثم قمت بتعدیل الخارج یدویا لیتناسب مع المنھج المقترح

 
 POS Tagging:العنونة بأقسام الكلام  -4

الكلامیة عملیة أساسیة من عملیة التحلیل اللساني حیث تھدف إلى  تعد عنونة الأقسام
استخلاص الانواع الكلامیة وھي تلك السمات التي تحمل الخواص النحویة البدائیة الممیزة لكل 

 .]7[كلمة منفردة بمعزل عن سیاقھا الإعرابي في النص محل الدراسة
الكلامیة لكلمات نص ما ھي من أھم المدخلات الابتدائیة لأي  ومن البدیھي أن الأقسام

في ) تحلیل(عملیة تحلیل نحوي لھذا النص، فلا نستطیع مثلا على الإطلاق أن نعرف أن كلمة
ولذلك تقوم المحللات النحویة بشكل ؛ ]7[الجملة السابقة مضاف إلیھ دون أن نعرف أولا أنھا اسم

 .تعام على التحلیل الصرفي للكلما
لكل وحدة في العنونة بأقسام الكلام ھي مھمة تعیین السمات الصرفیة والنحویة ف

سماتھا الصرفیة  إلى یرشأو عدة رموز ت عن طریق  إلحاق كل مفردة بالنص برمز ]10[النص
ویمكن أن تكون سمات أقسام الكلام للغة العربیة كبیرة جدابسبب غنى اللغة العربیة .والنحویة

العمل على صرفیا، ومع ذلك یفضل كثیرمن الباحثین العاملین في معالجة اللغة العربیة 
 .عن طریق أسالیب التعلم الإحصائي مجموعات أصغر حجما؛ حتى یمكن التنبؤ بھا بدقة

وتتم عملیة ترمیز الخصائص الصرفیة للكلمة المحللة باستخدام مجموعة العناوین 
للغة ، ویمكن أن تصل السمات الصرفیة   POS Tag setللخصائص الصرفیة للكلمة المحللة

، )للنص غیر المقطع(وقد اعتمد باكولتر على آلاف السمات  ألف سمة،  330العربیة نظریا إلى 
، وھذا ما سمة 500تصل إلى حوالي ) للنص المقطع( وعة من السماتبینما اعتمد على مجم

 .استخدمھ بنك بنسلفانیا الشجري
وبلغ عدد سمات ھذه -  POS Tag setمجموعة العناوین الصرفیة واعتمدت على 

لتطویر آلیة التشكیل،  في رسالتھ للدكتوراه التي اقترحھا الباحث محمد عطیة-سمة 62المجموعة 
بأنھا لیست مستعارة من اللغات الأخرى، بل  تمیزكما  ت، مناسبا لعملیة التحلیل النحويه لما أرا

©Arab Taggerوتم استخدام آلیة .صمتت خصیصا للغة العربیة
)∗(

لعنونة الأقسام 
لمعنون  ، ومن أمثلة التحلیلثم مراجعة الخارج یدویا  لمدونة اللغویة المعنیة بالتحلیلالكلامیةل

 :الأقسام الكلامیة كما في المثال التالي

 }) NullPrefix) (Conj) (NullSuffix(;  )وَ ({

 .RDIللمعنون العربي للأقسام الكلامیة في الشركة الھندسیة لتطویر النظم الرقمیةالاسم التجاري )∗(
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 }) NullPrefix) (Active) (Verb) (Past) (NullSuffix(; )جَاءَ ({

 } ) Definit) (Noun) (NullSuffix(;  )الَْعُدْوَانُ ({

سْراَئيِلِيُّ ({  } ) Definit)  (Noun) (NoSARF)  (RelAdj(; )اَلإِْ

 } ) Definit)  (Noun)  (ExaggAdj)  (NullSuffix(;  )اَلأَْخِيرُ ({

 } ) NullPrefix)  (Prepos)  (NullSuffix(;  )عَلَى({

نَانَ ({  }  (NullSuffix) (Single) (Femin) (NoSARF) (Noun) (NullPrefix)(; )لبُـْ

 } ) NullPrefix)  (Prepos)  (NullSuffix(;  )عَلَى({

 } ) NullPrefix)  (Noun)  (SubjNoun)  (Femin)  (Single(;  )قاَعِدَةِ ({

 } ) NullPrefix)  (Noun)  (NounInfinit)  (NullSuffix(;  )اِسْتِمْراَرِ ({

 } ) NullPrefix)  (Noun)  (NullSuffix(;  )حِراَكِ ({

هَةِ ({  } ) Definit)  (Noun)  (Femin)  (Single(;  )اَلجْبَـْ

 } ) Definit)  (Noun)  (ObjNoun)  (Femin)  (Single(;  )الَْمَفْتُوحَةِ ({

 } ) NullPrefix)  (Prepos)  (NullSuffix(;  )فيِ ({

 . }) Definit)  (Noun)  (ExaggAdj)  (NullSuffix(;  )اَلجْنَُوبِ ({

 )4(الشكل رقم 
 ©Arab Taggerباستخدام معنون أقسام الكلام  POSتحلیل 

 

 :Syntactic Parsingالتحلیل النحوي  -5
وتظل المھمة الرئیسیة للتحلیل النحوي الآلي، ھي توفیر المعطیات اللازمة للتحلیل 

وتقوم ھذه المرحلة على عدة ، ]5[اللغوي الأعمق، ألا وھو الفھم الأتوماتي للنصوص اللغویة
والنظریة النحویة،  وھي التقویس النحوي أو التمثیل النحوي، خطوات أساسیة في التحلیل

 .والمحتوى النحوي

 Syntactic bracketingالتَّقوِیس النحوي   )1

بحیث یظھر العلاقات بین الكلمات كلمات بطریقة متماسكة، الھو نموذج ریاضي ینظم 
واعتمده تشومسكي في إعادة كتابة .BNF، وھو ما یشبھ صیغة باكوس نور ]13[في الجملة

 .]12[خلال النحو المتحرر من السیاقمن القواعد النحویة الشكلیة 
 ھو النحو المتحرر من السیاقوالنظام الریاضي المستخدم في الترمیز النحوي للمدونة

عدم الاعتماد من حیث الرأس والمكمل والوصف، مع X-barا على مخطط السین الباریةاعتمادً 
مع الاعتماد على الفئات على الفئات الفارغة، وھذا ما یعتمده محلل ستانفورد النحوي، وبایكل 

 .الفارغة
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في تحلیل جمل المدونة،  كخطوة شبھ آلیة Stanford Parserواعتمدت على آلیة 
عنطریق استخدام نتائج التحلیل تعدیلثم قمت ب ،)Tokenized(والمدخل للمحلل نصوص مجزئة

مثالا لجملة محللة ) 5(ونجد في الشكل التالي رقم ، Regular Expressionالتعبیرات النمطیة
 .Stanford Parserباستخدام 

 
 )5(الشكل رقم 

 Stanford Parserجملة محلل باستخدام 

مع النظریة النحویة من حیث  لیتوافقَ  ؛وتم تعدیل الخارج من محلل ستانفورد
، Regexباستخدام التعبیرات النمطیةPredicate-argument structureالمحمولوأبنیة العوامل

 .من حیث المحمول وأبنیة العوامل الجملة معدَّلة) 6(الشكل التالي رقمویبین 
 

 
 .بعد التعدیل الیدوي POSمجردة من  Stanford parserنتائج   )6(الشكل رقم 
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 Functional Tags:الرموز الوظیفیة  )2

ولا یستغنى التحلیل اللغوي عن البیانات التصنیفیة والوظیفیة؛ لأن المكونات مع نفس 
خصائصھا التصنیفیة یمكن أن تقع في علائق وظیفیة أخرى، والعلائق الوظیفیة نفسھا یمكن أن 

، وانطلاقا من الھدف المنشود ]4[رى مع اختلاف خصائصھا التصنیفیةختنطبق على مكونات أ
وھذه الرموز مصنفة كما في  جُعلت ھذه الرموز الوظیفیة لوحدات الجملة ولیس مركباتھا،

 ):1(الجدول رقم

 )1(الجدول رقم 
 الرموز الوظیفیة المقترحة

 المصطلح الإنجلیزي الرمز المصطلح العربي الفئة

 
 الوظائف النحویة
Grammatical 

functions 
 
 
 
 

 

 SBJ Predicate المسند-

 PRD Subject إلیھ المسند-

 TPC Topic الموضوع-

 OBJ Object المفعولیة-

 VRB Verb فعل-

 TMZ Tamyiyz تمییز-

 MOD Modifier وصف-

 IDF IDafa إضافة-

 IOB Indirect  object مفعول غیر مباشر-

 الأدوار الدلالیة
semantic roles 

 
 
 

 TMB Locative Temporal الزمان والمكان-

 PRB Purposive السببیة-

 MOV movement الحركة-

 DIR direction الاتجاه-

 IDH IDah الإیضاح-

 التلازم التركیبي
Phrase depended 

 DPN Depending المتلازم-

 VRD Verb_depend متلازم_فعل-

  CON Conjunction ربط-
- - For punc and sym 

، مستخدما أداة عرض )6(، یظھر التحلیل كما بالشكل رقموباستخدام المراحل البنائیة الثلاث
 .stanford-tregexالشجريالتحلیل 
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 )6(الشكل رقم 

 .التحلیل الشجري باستخدام أداة العرض الشجري

 
 :والبنوك الشجریة SABTأوجھ التشابھ والاختلاف بین -6

 . على أوجھ التشابھ والاختلاف بین البنوك الشجریة العربیة) 2(ویحتوي الجدول التالي رقم

 )2(الجدول رقم 
 أوجھ التشابھ والاختلاف بین البنوك الشجریة العربیة

حوية نعددالوظائف ال سمات أقسام الكلام التمثيل النحوي المدونة اللغوية البنك النحوي

 المعنونة للكلمات

عدد الوظائف النحوية 

 المعنونة للمركبات

 الفئات الفارغة

ATB صحیفة النھار 
شجرة بنیة 

 العبارة
   20-  سمة 500

PADT 

صحیفة وكالة 
فرانس 

وكالة +برس
 أنباء الحیاة

بنیة شجرة 
 التبعیة

 500أكثر من 
 سمة

20  - -

CATiB 

صحیفة وكالة 
فرانس 

وكالة +برس
أنباء 

 الحیاة+الحیاة

شجرة بنیة 
 التبعیة

- -  7 سمات 6

SATB  صحیفة إسلام
 أون لاین

شجرة بنیة 
 العبارة

- -  18 سمة 62

 
 :XMLلغة التوصیف  نة باستخدامترمیز المدو -7

 Extensible Markupالترمیز القابلة للامتداد تم ترمیز البنك النحوي بلغة
LanguageباستخدامDTD بالبنك الشجري الألمانيالخاصTIGER، حیث یحولنظام
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التنسیق یجعل البیانات على وھذا ،Negra export formatتنسیقإلى bracketingالتقویس
 Featuresسھولة استخلاص السماتعلى  نایساعد مما؛شكل مصفوفة سھلة القراءة

Extractionالشجري من البناء. 

 
 :SATBاستخدام البنك الشجري -8

وتحقیقا للغرض من البناء، قمت ببناء محلل نحوي قائم على الوظائف 
 supervisedباستخدام أسالیب التعلم الإحصائي الموجھةFunctional Tagsالنحویةالدلالیة

learningمستخدما مصنفّ الحقول العشوائیة المشروطةConditional random fields 
(CRFs)وتم استخراج سمات البناء لكل جملة عن طریق استخدام ملفاتXML وكانت

 البناء الشجري ھي الأقسام الكلامیة والفئة النحویة للكلمة، ووضع الكلمة في  Featuresالسمات
 ریة من حیث الرأس، نوع الكلمة في ھیكلة السین البا)الأخوات-الأب( من حیث التسلسل العائلي

 .ھي الرموز الوظیفیة  Classesوالمكمل والوصف، والمصنفات
 

على مصنف الحقول العشوائیة ) البنك الشجري(وبعد تدریب المدونة النحویة
 ).3( ت نتیجة الإحصائیات كالآتي، كما ھو مبینّ في الجدول رقموكان++CRFالمشروطة

 )3(الجدول رقم 
 إحصائیات عن البنك الشجري والتدریب الآلي

 

Class error 
rate 

Testing Training Sentence Tokens Words 

11,2% 10% 90% 5,045 K123 000,100 

 
 

 :الخاتمة -9
قائم على الوظائف موردا لغویا جدیدا بھدف بناء محلل نحوي  عرضنا في ھذا البحث، 

الأتوماتي للنصوص النحویة الدلالیة،لتحقیق المھمة الأساسیة للتحلیل النحوي الآلي وھي الفھم 
اللغویة ثم ذكرت مراحل البناء من اختیار المدونة اللغویة، وتجزئة النصوص، والتحلیل النحوي، 

، وآمل أن تزید عدد كلمات البنك الشجري نحويٍّ  ثم بینّت استخدام البنك الشجري في بناء محللٍ 
 .لیصل إلى ملیون كلمة

 
 :المراجع    -10
مدونة معجم تاریخي للغة العربیة، معالجة لغویة حاسوبیة، أطروحة دكتوراه، ) 2010( السعید، المعتزباللہ[1]

 .   القاھرة-كلیة دار علوم
 .الإسكندریة-الأنماط الشكلیة لكلام العرب، مؤسسة الثقافة الجامعیة) د ت( شمس الدین، جلال [2]
 .تونس-ة، منشورات كلیة الآداب بمنوبةبنیة الجملة العربیة بین التحلیل والنظری) 1991(عاشور، المنصف [3]
 .القاھرة-تحلیلھا، مكتبة الآداب-أنواعھا-الجملة العربیة مكوناتھا) 2007(عبادة، محمد [4]
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 .أحمد روبي محمد عبد الرحمن
 

بالقاهرة،  بإحدى شركات تقنیة اللغات الطبیعیة معالجة اللغة العربیة آلیا فيباحث لغوي 
درست اللغة العربیة التراثیة والمعاصرة في مرحلة اللیسانس بكلیة دار العلوم جامعة 

وفي مرحلة الدراسات العلیا ركزت على اللغویات بشكل عام واللغویات الحاسوبیة  الفیوم،
تحویل المكتوب إلى (وعات في معالجة الكلام آلیاوعملت على مشر  ،بشكل خاص

ومهتم بالنظریات  للغة العربیة، والتشكیل الآلي، والمدقق الإملائي ،)منطوق، وتحویل المنطوق إلى مكتوب
 .اللغویة الحاسوبیة وبعنونة المدونات اللغویة
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Ahmed Ruby Mohammed 
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Abstract-The syntactic Tree bank is an important resource for building applications 
for statistical natural language processing NLP syntactic Arab Treebank SATB is a set 
of grammatical analysis of Arabic sentences, has been relying on Islam on line corpus 
as a source of texts to be analyzed, and SATB differs from other tree banks in terms 
of linguistic information and the method of representation; and that the nature of the 
objective of building Parser based on semantic grammatical functions; to achieve the 
primary task of the automated analysis of grammar, which provide the necessary 
linguistic analysis to Natural Language Understanding, I used the Phrase Structure 
Tree representation in the analysis taking into account to determine the grammatical 
relations per Token in the sentence, and so for two main reasons: first easily extract 
the distinctive features of tokens constituent of the sentence, and the other is to get a 
hybrid attributes between dependency and structure X-barin terms of identifying 
grammatical dependency relations between the heads and complements phrases. This 
paper is a description of the stages of the constructions sequent and then compare it to 
other tree banks and how to use it.   
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Abstract ـــــ The prime purpose of this study is to automatically extract the syntactic arguments of the modern standard Arabic verbs 
by designing a parser for analyzing the syntactic structures of Arabic verb phrases based on Chomsky’s X-bar theory. This study also 
aims to test to what extent is X-bar theory an appropriate syntactic theory that is able to reveal the related syntactic arguments of 
specific predicates. In order to fulfill the purposes of the study, the researcher adopts an analytical descriptive approach where a 
corpus containing 600 sentences that was taken from Arabic Parkinson corpus for 60 verbs are analyzed using the IAN tool. IAN is 
the Interactive Analyzer and it is chosen for modelling X-bar(to model) theory owing to its close association with the X-bar approach 
whichindicates that all languages share the same underlying syntactic structure. Acquiring verb subcategorization is a fundamental 
issuein several NLP tasks, for instance, in parsing where theavailability of knowledge related to subcategorizationframes (SCFs) and 
the complement/adjunctdistinctionmeaningfully increases the accuracy of results. 

Keywords: Syntactic arguments, Subcategorization frame (SCF), X-bar theory, F-measure 

1 INTRODUCTION 

Automatic acquisition of lexical knowledge is the milestone in building the computational lexicons and grammars which 
enrich the work in Natural language processing applications (NLP) [1]. Knowledge about the verb is highly important 
because it is the primary source of the relational information in the sentence. The lexical information of the verb should 
specify the information about the subcategorization frame that represents the number,types, and the syntactic realization 
of the arguments which are the participants of the event described by the verb [2]. 
An argument is an expression that helps complete the meaning of a predicate. Most predicates take one, two, or three 
arguments. The discussion of predicates and arguments is associated the most with (content) verbs and noun phrases 
(NPs), although other syntactic categories can also be construed as predicates or as arguments. Arguments must be 
distinguished from adjuncts. While a predicate needs its arguments to complete its meaning, the adjuncts that appear 
with a predicate are optional; they are not necessary to complete the meaning of the predicate. Although, most of the 
syntactic and semantic theories acknowledge arguments and adjuncts, their definitions vary, and the distinction exists in 
all languages. The area of grammar that explores the nature of predicates, their arguments, and adjuncts is called valency 
theory. Predicates have a valence; they determine the number and type of arguments that can or must appear in their 
environment. Identifying the syntactic arguments of the predicate leads to the acquisition of the subcategorization frame 
of this predicate which plays a vital role in many natural language processing (NLP) applications.For example,it is 
important in improvingthe parsing results, solving the problems of parsing (PP-attachment,distinction between 
arguments and adjuncts) and the construction of lexicons. The parser that is enhanced withsubcategorization information 
is able to recognize the correct predicate – arguments relations [3]. Subcategorization frames specify the number and 
syntacticcategory of the predicate arguments;it also describes the predicateargumentstructure that is associated with it. 
SCFs is a well-studied linguistic phenomenon from a theoretical perspective. SCFs are of immediate utility in natural 
language processing (NLP) for electronic dictionaries and statistical parsers. Particularlywhen the language which is 
processed is a free wordorder language, where complements can freely appear on the leftor right side of the verbal head, 
Information about the subcategorization will play a crucial role in building applications serving this language [4]. 

Therefore, the representation of subcategorization plays an important role in tree bank annotation. Tree banks usually 
annotate subcategorization, both for free word order languages, likeTIGER Corpus for German 
(http://www.ims.unistuttgart.de/projekte/TIGER/), Alpino Dependency Tree bank for Dutch 
(http://www.let.rug.nl/˜vannoord/trees/),and Italian Syntactic Semantic Tree bank [5], and for fixed word order, like the 
English and Chinese Penn Tree banks ([6], [7]) that associate the resource with a repository, i.e. Prop Bank, where SCFs 
are collected. 
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The task of collection SCFs is a very time-consuming, because of the relative unportability of SCFs across corpora that 
feature different kinds of text andliterary genres. Therefore, various scholars proposedthe development of automatic 
systems for the extraction of subcategorization knowledge from linguistic corpora. [1] claimed that the task of 
syntactically analyzing substantial corpora of naturally occurring text has become a focus ofrecent work. Analyzed 
corpora would be of great benefit in the gatheringof statistical data regarding language use. Predicate subcategorization 
is a key component of any lexical entry, because most, if not all, recent syntactic theories extract syntactic structure from 
the lexicon [8]. A wide-coverage parser utilizing such a lexicalist grammar must have access to an accurate and 
comprehensive dictionary encoding the number and category of a predicate's arguments and also information about 
control with predicative arguments, semantic selection preferences on arguments, and so forth, to allow the extraction of 
the correct predicate-argument structure. 
 
It has been very crucial in the recent years for the NLP researchers in order to develop any NLP application is to 
recognize the predicat’s syntactic arguments because it has been found that several substantial machine-readable 
subcategorization dictionaries exist for English, either built largely automatically from machine-readable versions of 
conventional learners' dictionaries, or manually by (computational) linguists (e.g. the Alvey NL Tools (ANLT) 
dictionary [9]; the COMLEX Syntax dictionary [10]). Unfortunately, neither approach can yield an accurate or 
comprehensive computational lexicon, because both rest ultimately on the manual efforts of lexicographers, therefore, 
prone to errors of omission and commission which are hard or impossible to detect automatically [8]. Furthermore, 
manual encoding of the lexical entries with the predicat’s argument is labour intensive. 
The subcategorization of a lexical item is one of the most important pieces of information associated with it. It is vital for 
both theoretical linguistics and in practical applications. It is indispensable in computational lexicons in order to be 
useful for natural language processing. Parsing can be greatly enhanced by providing the parser with the 
subcategorization frames of the verbs[11]. 
 
Several methods have been suggested to automatically extract the subcategorization frames from text corpora (e.g. [8] 
[12]-[14]; [15],[16],[17], [18]). 
 
The architecture of the Brent system [12] consists of three modules: 1) verb detection: finds some occurrences of verbs 
using the case filter ([19]), a proposed rule of grammar, 2) SF detection: finds some occurrences of five 
subcategorization frames using a simple, finite state grammar for a fragment of English, 3) SF decision: determines 
whether a verb is genuinely associated with a given SF, or its apparent occurrences in that SF are due to error. This is 
done using statistical models of the frequency distributions. Brent uses the untagged brown corpus as input. The 
syntactic frames are: NP only, Tensed clause, Infinitive, NP & Clause, NP & Infinitive and NP&NP (these phrases types 
yield three syntactic frames with a single argument and three with two arguments. The cues used for identifying these 
frames are: lexical categories used in the definitions of the cues. 
 
[15] suggested a method for the automatic extraction of the subcategorization frame by collecting as much co-statistics 
about the occurrences as possible from the text corpus, and then use statistical filtering (e.g., significance test ora mutual 
information measure) to get rid of false cues. He used the Kupiec’s stochastic part-of-speech tagger to tag 4 million words 
of the New York Times newswire. Then,he suggested a program to detect the SF consisting of two parts: 1) a finite state 
parser ran through the text to parse auxiliary sequences noting whether a verb is active or passive, and then it parses 
complements that follow the verb until something recognized as a terminator of subcategorized arguments is reached ([15] 
usedaperiod and subordinating conjunctions as frame terminators). Whatever has been found is entered in the histogram. 2) 
a process of statistical filtering is performed on the raw histograms to decide the best guess for what frames each observed 
verb actually had. The parser does not learn from participles since an NP after them may be subject rather than the object. 
The program acquired a dictionary of 4900 frames for 3104 verbs (an average of 1.6 per verb) [2]. 

[16]also make use of a PoS tagged corpus and a finite-state NP parser to calculate the relative frequency of the same six 
syntacticframes Brent used. The procedure of [16] to automatically determine subcategorization frame frequencies is to 
make a list of verbs out of the tagged corpus and then tokenize each sentence that contains the target verb; all the noun 
phrases except the pronouns are tokenized as “n” by a noun phrase parser. Then, they apply a set of frame extraction 
rules to the tokenized sentences. These rules are written as regular expressions as in Fig.1.A regular grammar is used to 
estimate the appropriate syntactic frame for each verb token in the corpus. 
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Figure 1: A frame extraction rules to the tokenized sentence 

 
In an experiment involving the identification of these frames, the system showed an accuracy rate of 83%. The most 
frequent source of errors in frame identification by this system was errors in NP boundary detection. The second most 
frequent source was misidentification of infinitival purpose clauses. 
 
[8] proposed a system for distinguishing 160 verbal frame classes and their relative frequency in English. B & C’s 
system consists of six components, which are applied in sequence to sentences containing a specific predicate in order to 
retrieve a set of frame classes for that predicate: 
1. A tagger, a first-order HMM part-of-speech and punctuation tag disambiguator, is used to assign and rank tags for 
each word and punctuation token in a sequence of sentences; 
2. A lemmatizer is used to replace word-tag pairs with lemma-tag pairs; 
3. A probabilistic LR tagger, trained on a tree bank, returns ranked analyses; 
4. A pattern set extractor which extracts frame patterns, including the syntactic categories and head lemmas of 
constituents from sentence subanalyses which begin/end at the end of specified predicates. 
5. A pattern classifier which assigns patterns in patternsets to frame classes or rejects patterns as unclassifiable on the 
basis of the feature values of syntactic categories and the head lemmas in each pattern; 
6. A pattern set evaluator which evaluates sets of patternsets gathered for a (single) predicate constructing putative frame 
entries and filtering the latter on the basis of their reliability and likelihood. 
The system of [8]achieved a token recall of 80.9%, which is comparable to previous approaches. B & C have attributed 
most of the errors to the filtering phase, which they describe as the ‘weak link’ in the system. 
 
[17] presented an unsupervised learning method for subcategorization acquisition that considers what the shortcomings 
of the previous methods; that is, they are knowledge-based and thus require either existing tools (e.g., a wide-coverage 
parser in the case of [8]) or an important amount of time and linguistic expertise to write the necessary patterns, regular 
expressions, finite-state NP parsers etc (e.g., [12], [15], [16]). In contrast, [17] method only requires PoS-tagged text as 
input. This method is based on the assumption that subcategorized constituents differ from non subcategorized ones in 
terms of frequency [10]. This means that the subcategorization property of a verb should somehow show up when 
enough sentences containing this verb are collected. The idea of unsupervised learning then is to model the global 
behavior of each verb, and group verbs that behave syntactically similar. These groupings should then ideally correspond 
to groups of verbs with similar subcategorization properties. The information about the group membership of a verb 
could therefore be used by a parser when making local decisions, e.g., about the complement- or adjuncthood of a 
constituent. The global subcategorization behavior of a verb is extracted using hierarchical clustering ([20],[21]) 
 
There is an Arabic attempt to automatically extract the Arabic subcategorization frames (or predicate-argument 
structures) from the Penn Arabic Treebank (ATB) for a large number of Arabic lemmas, including verbs, nouns and 
adjectives [18]. The results have been compared against a manually constructed collection of subcategorization frames 
designed for an Arabic LFG parser [22].  
In English,the construction and extraction of subcategorization frames received a lot of attention [18],one example is the 
specialized lexicon COMLEX [10] which is an extensive computational lexicon containing syntactic information for 
approximately 38,000 English headwords, with detailed information on subcategorization, containing 138 distinct verb 
frames for 5,662 active verbs lemmas. For Arabic, the attention has been directed, for the most part, to the construction 
and automatic extraction of semantic roles [22]. According to the researcher knowledge, there areonly one resource that 
exists for Arabic subcategorization frames which is the lexicon that is manually developed for the Arabic LFG Parser 
[22]. It is published as an open-source resource under the GPLv3 license1. It contains 64 frame types, 2,709 lemmas 
types, and 2,901 lemma-frame types, averaging 1.07 frames per lemma. The resource incorporates control information 

                                                            
1http://arasubcats-lfg.sourceforge.net 
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and details of specific prepositions with obliques and the automatically lexicon of Arabic subcategorization frames [18] 
(the automatic extraction of syntactic information, or subcategorization frames, from the Arabic Treebank (ATB) [23].) 
which uses the first manual one in the evaluation of it. 

In this paper, the researcher will present an implemented system that takes a raw, untagged text corpus as its only input to 
generate a partial list of verbs that occur in the text and the subcategorization frames (SFs) in which they occur. Verbs are 
detected by the tagger, through searching in the dictionary and tokenizeing the sentence. Section 2 explains the notion of 
the syntactic arguments and the differences between the main arguments, the difference between arguments and adjuncts. 
Section 3 includes the definition of the subcategorization frame and sheds light on all different frameworks works in the 
area of the automatic extraction of the subcategorization frame. Section 4 details the description of the used Arabic 
corpus.Section 5 represents the analysis tool (IAN) and the proposed system to automatically extract the SCFs for modern 
standard Arabic (MSA) verbs. Section 6 illustrates an experiment on an Arabic sentenceto explain the methodology of the 
automatic extraction of subcategorization frames. Section 7 evaluates the output. Finally, section 8 concludes the paper. 

2 SYNTACTIC ARGUMENTS 

An argument is an expression that helps complete the meaning of a predicate. Most predicates take one, two, or three 
arguments. The discussion of predicates and arguments is associated the most with verbs and noun phrases (NPs), 
although other syntactic categories can also be consideredas predicates oras arguments. Recognizing the syntactic 
arguments of the predicate leads to the acquisition of the subcategorization frame of this predicate. In syntax, the terms 
argument and complement overlap in meaning and use to a large extent. In dependency grammar,arguments are 
sometimes calledactants. 

Languages usually have one privileged syntactic argument per sentence which should always be a subject.There are 
certain tests that could be done to detect the subject, one involving agreement. The form of the verb depends on a certain 
entity which is the subject.The object is another syntactic argument which typically is the entity in which the action is 
done to. For example,in sentence (1), the subject of that sentence is "الولد" , while the entity that the action was performed 
onis the word “الدرس”, which makes it the object of the sentence. The syntactic arguments such as subject and object are 
not the same as semantic roles of agent and patient.There is also the third argument, which goes by various names. Some 
call it the indirect object, dative, recipient. Inexample (2),“علي” is the third argument. This is used whenever there is a 
verb that takes three arguments. 

 .كتب الولد الدرس )1
  .أعطى محمد علي ھدية )2

A. The difference between arguments and adjunct 

In order to represent accurate subcategorization information, a distinction should be made between complements and 
adjuncts. Complements are taken to be syntactically specified and required by the head (The predicate needs its arguments 
to complete its meaning), whereas adjuncts can only modify a head (the adjuncts are not necessary to complete the 
meaning of the predicate; their appearance with a predicate are optional), according to almost all different frameworks (e.g. 
the Minimalist Program [24], Lexical-Functional Grammar [25], Head-Driven Phrase Structure Grammar [26], Categorial 
Grammar [27], and Tree-Adjoining Grammar [28]. Constituents have to be either selected as complements or adjuncts. The 
distinction between arguments and adjuncts certainly exists in all languages. The distinction between arguments and 
adjuncts is essential in the basic analysis of the syntax and semantics of clauses.Sentencein (3) contains the first noun 
phrase asthe subject, while the object argument is the prepositional phrase (على الجائزة). Verbal predicates that require an 
object argument are described as transitive. Moreover, there are verbal predicates that require two object arguments are 
described as ditransitive. In (4) additional information has been added which is considered as an adjunct. 

 ةحصلت المرأة العجوز على الجائز )3
 الكبيرة ةحصلت المرأة العجوز على الجائز )4

 
The added phrase “الكبيرة” is adjunct because it provides additional information that is not necessary to complete the 
meaning of the predicate “حصل”. One key difference between arguments and adjuncts is that the appearance of a given 
argument is often obligatory, whereas adjuncts appear optionally. The PP in (3)is an argument because when it isomitted, 
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the remaining part makes an incomplete sentence.Subject and object arguments are known as core arguments; core 
arguments can be suppressed, added, or exchanged in different ways. 

B. Obligatory vs. optional arguments 

Many arguments behave like adjuncts with respect to another diagnostic which is the omission diagnostic (sign). 
Adjuncts can always be omitted from the phrase, clause, or sentence in which they appear without rendering the resulting 
expression unacceptable. Whereas, the obligatory arguments cannot be omitted.“البيت” ‘the house’ is an optional 
argument,see sentences in (5) and (6). 

  .الأم نظفت البيت )5
  .لأم نظفتا  )6

C. Representing arguments and adjuncts 

 
The distinction between arguments and adjuncts is often indicated in the tree structures used to represent syntactic 
structure. In phrase structure grammar, an adjunct is "adjoined" to a projection of its head predicate in a manner that 
distinguishes it from the arguments of that predicate. The distinction is very clear in the theories that employ the X-bar 
schemaas in Fig.2. 
 

 

Figure 2: The schema of X-bar theory 
 

The complement argument appears as a sister of the head X, and the specifier argument appears as a daughter of XP. The 
optional adjuncts appear in different positions adjoined to a bar-projection of X or to XP. 

D. Semantic Intuitions Concerning the Argument-Adjunct Distinction 

The task of making the distinction between arguments and adjuncts of a verb can be described as a way of capturing a 
basic intuition. For example, if a world event or activity must be described, such an event will necessitate participants 
or other relevant information that is salient to the setting (completion of meaning).In any sentence, some information 
will be more crucial to the described event and other information will be less important. Thus, the linguistic intuition is 
that in an event described by the verb, there will be key participants without it the event would not be complete and 
other peripheral information that provides descriptors of the general condition or circumstance of the state or event, 
which are not as central to the meaning of the verb [29]. 
When we invoke our intuitions of which are the “necessary” participants in a given state or event described by the verb, 
we are referencing the semantics side of the issue [29]. When we need to know the arguments of a given event or state 
we ask about the participants of that event, our intuition is responsible for that.For example: 
 

 .الليلة الماضية لنجاحھا في دراستھاھو أعطاھا كتاب عن السيارات من باريس  )7
 

This sentence includes five elements or concepts: “الليلة الماضية“,”كتاب عن السيارات من باريس“ ,”ھا“ ,”ھو” and “ لنجاحھا في
 giving’, there are certain participants that would be considered necessary to make the‘”أعطى“ In such an event as .”دراستھا
meaning complete. We would first require the mention of the entity who gives, the entity who receives, and the object 
that is transferred between the two entities. That is, intuition would tell us that for in a sentence like (7) there are three 
participants, namely “ھو” ‘he’, “ھا” ‘her’ and “كتاب” ‘a book’, each expression plays a central role in the “أعطى”‘giving’ 
event and are required by the verb. 
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The other two expressed elements in the sentence, namely the adverbial  “الليلة الماضية” ‘last night’ and the prepositional 
phrase “لنجاحھا في دراستھا” ‘for succeeding in his studies’, provide a general setting for the event of “أعطى” ‘giving’. 
In the case of the first three elements, the relationships they have with the verb are often referred to as thematic relations. 
This concept of thematic relations has been discussed by numerous studies in the linguistics literature (cf. [30], [31], 
[32]). Thematic relations describe the roles these participants play in the event or state created by the verb. Then, in 
example (7), “ھو”‘he’ is the AGENT or GIVER as he takes on the role of the giving entity, “كتاب”‘book’would be the 
THEME or TRANSFERRED ITEM, and “ھا”‘her’ is the RECIPIENT of the “كتاب” ’book’. Furthermore, these 
participating roles are considered required or obligatory in such a way that if they were removed from the sentence as in 
(8) and (9), they will result in incomplete sentences: 

 .أعطىھو  )8
 .ھو أعطاھا )9

For such utterances as in (8) and (9) to be meaningful, the missing participant(s) would have to be cited elsewhere and 
recoverable in the context. Thus, these participants are considered to play a direct role in the relational information 
conveyed by the verb, and therefore, necessary components of the semantics of the verb. Those participants that have 
thematic relationships with the verb are considered to be semantic arguments of the verb. In contrast to the arguments, 
the last two elements in example (7) would be considered semantic adjuncts. Unlike arguments, adjuncts do not rely on 
the relational information conveyedby the verb. Rather they comment on the general action or state of the predicating 
unit – the verb and its arguments. The adverbial “الليلة الماضية”‘last night’and the prepositional phrase “لنجاحھا في دراستھا” 
‘for succeeding in his studies’ are present because they comment on the event described by the verb and its arguments: 
the adverbial sets the time in which the giving takes place and the prepositional phrase describes causal events leading 
up to the event. Thus, in general, the elements in the sentence that are in a thematic relationship with the verb, and play a 
central role in the event or state presented by the verb are considered to be arguments. These arguments are licensed and 
required by the verb to realize its full meaning but the elements in the sentence that do not hold a specific relationship to 
the verb and provide contextual information. 

E. Problem of Semantic Intuition 

The semantic intuition in determining the argumenthood may be tricky. Example in (10),the "أكل" ‘eating’event has two 
participants: the one who eats and the entity that is eaten. The prepositional phrase provides a general location or setting 
in which eating takes place. From such example one can extrapolate that prepositional phrases could always be 
considered adjuncts as in example (10). However, this is not always the case. Consider the example in (11): 

 .أكلنا الطعام في المطبخ )10
 .على الطاولةوضعت الكتاب  )11

The locative prepositional phrase in (10) is distinguished from the same prepositional phrase inexample (11), which 
would generally be recognized as the argument of the verb ‘put’ as it is thelocation in which the book is placed. The 
event would not be complete without the prepositional phrase “على الطاولة” so it would have to be classified as an 
argument.Finally, in certain cases, the distinction seems to depend on the lexical items present in theSentence [33]. 

F. Challenges in NLP 

Dealing with the distinction between arguments and adjuncts constitutes a clear semantic challenge in the NLP 
community. There is no single set of rules by which we could say that a certain phrase is an argument or an adjunct, as 
such a decision would depend on the verb in the sentence. The distinction depends on the semantic and syntactic context 
and world knowledge. There are numerous automatic tasks in NLP that would benefit from a clear distinction between 
arguments and adjuncts, including tasks like automatic parsing, machine translation, text summarization and text 
simplification. In order for such tasks to successfully benefit from the argument/adjunct distinction, the syntactic, lexical, 
and semantic resources on which these NLP tasks rely have to do an accurate and consistent job in identifying as well as 
describing the distinction [29]. Finally, one of the well-known challenges in creating and maintaining NLP resources, 
especially the creation of labeled corpora, is that annotations are costly. Establishing clear guidelines for any NLP 
resource is crucial, as they are the key factor in facilitating quick but consistent decisions in annotating text. 
Due to the influences of transformational syntax (e.g. Principles & Parameters (P&P), Minimalist Program (MP)) and its 
view that semantics can be mapped onto a hierarchical syntactic structure in a systematic and deterministic manner, 
much of the discussion of argument and adjunct distinction cannot be made without making close reference to the 
syntactic concept of complements, and core and oblique arguments. Complements are phrases that are obligatorily 
selected or subcategorized by the verb. Since objects, which are core arguments of the verb, are obligatory in 
transitive/ditransitive sentences, they are also considered to be complements of the verb. In a similar manner, since 
oblique arguments (e.g. adverbial phrases) are not required like the core arguments are, they are considered to be 
syntactic adjuncts (i.e. non-complements) of the verb [29]. 
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3 SUBCATEGORIZATION FRAME  

A. What is subcategorization 

The subcategorization frame (SCF) of a verb specifies the number and categories of syntactic arguments a verb takes. It 
includes all the complements of a given word. For instance, the verb “أكل”‘eat’can be used as both transitive or 
intransitive, respectively, as in “أكل الولد”‘the boy eat’ or “أكل الولد الطعام”‘the boy eat the food’ both are valid frames 
associated with the verb “أكل”‘eat’. 

B. Valency vs. subcategorization 

The theory that explores the nature of predicates, their arguments, and adjuncts is called the valency theory. Predicates 
have a valence; they determine the number and type of arguments that can or must appear in their environment. The 
valence of predicates is also investigated in terms of subcategorization frames. Valency includes all of the verb 
arguments, including the subject. The linguistic usage of the term valence is derived from the definition of valency in 
chemistry. This scientific metaphor is developed by Lucien Tesnière, who rendered verb valency into a major component 
of his dependency grammar theory of syntax and grammar. The notion of valency first appeared as a comprehensive 
concept in Tesnière's book[34]. 

C. The status of subjects 

The subcategorization notion is similar to the notion of valency. Although subcategorization has originated with phrase 
structure grammars in the Chomskyan tradition, while valencyhas originated with Lucien Tesnière of the dependency 
grammar tradition. The primary difference between the two concepts concerns the status of the subject. As it was 
originally conceived, subcategorization did not include the subject, meaning that a verb is subcategorized for its 
complement\complements only; whereas, valency includes the subject. Tesnière used the word actants to mean what are 
now widely called arguments (and sometimes complements). An important aspect of Tesnière's understanding of valency 
was that the subject is an actant (=argument, complement) of the verb in the same manner that the object is. The concept 
of subcategorization which is related to valency, but associated more with phrase structure grammars than with the 
dependency grammar that Tesnière has developed, did not originally view the subject as part of the subcategorization 
frame. 

D. Verb Subcategorization in Linguistic Theory 

The treatment of subcategorization varies across linguistic theories [11]. In the following section, we will offer an 
overview of the different approaches and compare their relevance for subcategorization acquisition. 

1) Government-Binding and related approaches:The government and binding theory was developed by Chomsky 
and others in 1980’s. One of the central parts of GB is the X-bar theory [11]. GB seeks to capture the similarities between 
different categories of lexical phrases by assigning the same structure to them. Rather than having different phrase 
structure rules for VPs, NPs, etc., just the two basic rules in (1) cover all the lexical categories. 

 
(1) Phrase Structure Rules: 

(For any lexical category X, X0=Head) 
XP Specifier X' 

X' X0 Complements  
 

In the trees generated by these rules, the top node (corresponding to left side of the rule) is known as the mother, with 
the two daughters introduced by the right side of the phrase structure rule. The daughter nodes at the same level are 
known as sisters. In (2) one of the daughters, X', is also a mother with daughters of her own, just as in normal family 
relationships. 

(2) Basic X-bar Structure 
XPmaximal projection 

specifier X'intermediate projection 
X0head complement(s) 
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This schemaclaims that all phrases are projected from lexical categories in the same way. For adjunction: XnYmXn.A 
head (=X0) subcategorizes for all and only its sisters. The subcategorized complements are always phrases.Heads and 
their maximal projections share features, allowing heads tosubcategorize for the heads of their sisters (i.e. rely).In 
general, specifiers are optional. Evidently, specifiers may be words or phrases. The following trees illustrate how X-bar 
theory works. We apply the X-bar rules to specific categories. First, we have to find the head, which determines the type 
of phrase, then look for specifiers, complements, adjuncts, and conjunctions. An important feature of GB is the fact that 
subjects are not subcategorized for by the verbal head. The domain of subcategorization is limited to the maximal 
projection containing the head. In GB subjects are typically outside of VP, i.e. they are not sisters to the verbal head. 
This leads to GB predicting a number of subject/object asymmetries in syntax [35]. 

2) Lexical-Functional Grammar: The LFG model of syntax consists of two parts, the c-structure and the f-structure. 
c-structure encodes such inter linguistically variable properties as word order and phrase structure. F-structure expresses 
the relations between the functional constituents of a phrase. Those constituents are grammatical functions such as SUBJ 
(subject), OBJ (object), or XCOMP (open complement). Thus, LFG accords theoretical, primitive status to the notion of 
grammatical function, which GB treats as reducible to phrase structures. LFG accords to the notion of grammatical 
function. Although c-structures, together with the lexicon, determine the f-structures there is no direct mapping from c-
structures to f-structures, and each obey their own specific constraints. F-structures are built based on information from 
two sources. One is functional annotations associated with c structures. For example, see Fig.3. 
 

 
Figure 3: Functional annotations associated with c structures 

 
The arrows in the annotation refer to the function of the annotated constituent. The up-arrow means that the function 
refers to the mother of the node, while the down-arrow indicates the node itself. So the first NP annotated as (↑SUBJ) 
means that this NP is the SUBJ of its mother, i.e. the S, or more precisely, that the f-structure carried by the NP goes to 
the S’s SUBJ attribute. Similarly, the VP’s annotation (↑=↓) indicates that the VP’s f-structure is also S’s f-structure – 
which can be paraphrased as VP being the functional head [35]. The other source of information is the lexicon. Lexical 
forms subcategorize for forms rather than categories. This allows for non-standard categories to realize functions in a 
sentence (e.g. non-NP subjects). Functions are also linked to arguments of the Predicate-Argument Structure. In contrast 
to GB, in LFG; subject forms part of the verb’s subcategorization frame. 

3) Head-Driven Phrase-Structure Grammar:This theory of grammar combines insights from a variety of sources, 
most notably GPSG, CG and GB. It stresses the importance of precise formal specification. In HPSG subcategorization, 
information is specified in lexical entries as exposed in [26], the subject is treated in a way similar to other arguments. 
Verbs have a SUBCAT feature whose value is a list of synsem objects corresponding to values of the SYNSEM features of 
arguments subcategorized for by the head. The order of these objects corresponds to the relative obliqueness of the 
arguments, with the subject coming first, followed by the direct object, then the indirect object, then PPs and other 
arguments. 

4 THE CORPUS 

A. Compiling some of Arabic verbs 

Subcategorization is used to refer to the subdivision of major syntactic categories, particularly verbs, according to what 
other constituents they co-occur with. Thus, the category of verbs can be split into subcategories such as transitive, 
intransitive, ditransitive or other kinds of verbs based on the number and type of syntactic arguments they requires. A 
single verb may belong to more than one subcategorization frame (SF); which can be described as the order and category 
of the constituents that are co-occurring with the verb. The Arabic verbs were selected by the researcher according to the 
types of transitivity: transitive, ditransitive since they are the most commonly used verbs in the Arabic. The transitivity 
(TRA) consists of two major classes and each oneconsists of subclasses; firstly, the transitive category (TST) (requires 
object) which consists of the following subclasses: direct monotransitive (TSTD): one direct object, indirect 
monotransitive (TSTI): one indirect object, ditransitive (TST2): one direct object and one indirect object and tritransitive 
(TST3): three objects. Secondly, the intransitive (NTST): (does not require object). This class consists of the following 
subclases: unergative (NERG): the subject is the agent and unaccusative (NACC): the subject is not the agent. The latter 
(intransitive verbs)is not included in the researcher study. 
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Figure 4: A list of the selected Arabic verbs from the analyzed data 

B. Corpus description and Classification 

The researcher has selected60 verbs belonging to different types of transitivity sub-categories. 100 sentences were 
extracted for each verb, the selected sentences were chosen according to the length; the length of sentences range from 
five to 12 words.The selected sentences were filtered to be 10 sentences for each verb. The filtration was done to achieve 
some criteria; the criteria were assigned on a linguistic and systematic basis. 
The corpus is intended to be representative of the contemporary standard use of the written Arabic language. The corpus 
is segmented into sentences and tagged for POS. All the required linguistic attributes are assigned to each word. The 
maximum length of the sentences is 12 words. This corpus is collected according to the following: 

 The occurrences of the syntactic arguments of the predicate (verb).  
 Does the syntactic argument occur after the predicate immediately or preceded by a constituent as in (12)? 

 ن انه ينطويبموقفھا الذي قال بار ايلا 2تمسكت الدولة العبرية امس )12
 Does the same predicate have one specific type of subcategorization frame in all its context? 

Moreover, the frequency of each structure is documented. Since the researcher’s data is compiled from different genres (as 
the corpus was extracted from arabi Corpus3 ), the coverage rate is high and the opportunity of the occurrence of different 
structure is extremely high, as a result the data is considered more robust. Example from the collected corpus can be seen 
in table 1. 

TABLE I 

EXAMPLES OF THE CONTEXTS SELECTED FOR THE ARABIC VERB “حصل” 

ID Sentences sentence_ref

142 126  حصل أحمد حميد الطاير وزير المواصلات الاماراتي بالوكالة، في مؤتمر وزراء
143 126 يحصل الأردن على جزء من النفط العراقي بسعر خاص يقل عن
144 126 على استثمارات قدرت ب 1996الحديد عام  حصل قطاع السكة
145 126 حصلت الجزائر امس على قرض من صندوق أبو ظبي للتنمية مقداره
146 126 حصل خطأ من قبل الادارة السابقة في عدد محدود من العلب
147 126 على شھادة نظام الجودة العالمية الأيزو «الرضوان للھندسة والمقاولات»حصلت شركة 
148 126 التي تنشط في أسواق المال والاستثمار على مقعد في «نومورا»حصلت 

                                                            
2Note that it was wrote wrongly in the corpus and will be corrected automatically in the processing phase 
3 http://arabicorpus.byu.edu/ 
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ID Sentences sentence_ref

149 126 حصلت الشركة الخليجية الدولية للاستثمار على ترخيص من السلطات الكويتية بالعمل
150 126 يحصل زبون المصرف المشترك في الخدمة المصرفية الالكترونية على الاشتراك مجانا
151 126 الجمھوريون ايضا على ما طلبوه، أي على نصوص تشمل خفضحصل 

 
In table 1, there are examples of the contexts selected for the Arabic verb “حصل” which was extractedfrom the corpus. 
There are ten sentences that were selected very carefully, taking into account the diversity in the structures, for example 
sentence in (13):is not selected bythe research to be analyzed because it is an incomplete sentence, but sentence (14) can 
be analyzed manually and automatically because the researcher can extract the syntactic argument of the predicate 
 Moreover, in sentence (14) the complement of the verb occurs after the subject, but in sentence (15) the.”حصل“
complement of the verb occurs after the adverb “امس”and not after the subject. In sentence (16), the subject is modified 
by a phrase that separate the main predicate “حصل” from its syntactic argument. 
 

 حصل أحمد حميد الطاير وزير المواصلات الاماراتي بالوكالة، في مؤتمر وزراء )13
 عر خاص يقل عنيحصل الأردن على جزء من النفط العراقي بس )14
 حصلت الجزائر امس على قرض من صندوق أبو ظبي للتنمية مقداره )15
 نوموراالتي تنشط في أسواق المال والاستثمار على مقعد في حصلت )16

C. Tagging the data 

The researcher used a list of features extracted from the UNDL Foundation tagset4. This tagset is a set of features in the 
universal networking language (UNL5) dictionary that depend on the structure of the natural language. However, in order 
to boost the standardization of the lexical resources used in the UNL framework, the UNDL Foundation6 recommends 
adopting the following tags for some specific and pervasive grammatical phenomena. The hierarchy of the tagset is shown 
in Fig.5.  

 
Figure 5: List of tags in alphabetical order 

 
Several of those linguistic constants have been already proposed in the Data Category Registry (ISO 12620)7, and 
represent widely accepted linguistic concepts. The purpose of this tag set is providing the technical means for describing 
any linguistic behavior which should be done in a highly standardized manner, so that others could easily understand and 
exploit the data for their own benefit. The main intention is to create a harmonized system in order to make language 
resources as easily understandable and exchangeable as possible.  
 
 
                                                            
4http://www.unlweb.net/wiki/Tagset 
5 http://www.unlweb.net/unlweb/ 
6www.undlfoundation.org 
7 http://media.dwds.de/clarin/userguide/text/concepts_ISOcat.xhtml 
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D. The analysis of the data 
The theory which is adopted in the linguistic analysis process is the X-bar8 theory; it postulates that all human languages 
share certain structural similarities, including the same underlying syntactic. Constituency grammars are a method of 
sentence analysis that divides a sentence into major parts, which are in turn further divided into smaller parts in a process 
that continues until irreducible constituents are reached, i.e., until each constituent consists of only a word or a 
meaningful part of a word. The end result is presented in a visual diagrammatic form that reveals the hierarchical 
immediate constituent structure of the sentence at hand. For example sentence (17) is represented in Fig.6. 
 

 .ريةالخطة المص وافق شارون على )17
 

 
Figure 6: The deep representation of sentence (17) by X-bar theory 

 
وافق :  V, +[ـــــPP] 

The researcher introducesthe linguistic analysis of two sentences for the verb “اعتمد” based on X- bar theory,the verb 
 .has two different subcategorization frames, as shown in in Fig .7 and Fig.8 ”اعتمد“
 

 فكرة الحفار علي شفط الاتربة الناتجة عن الحفر بالبنطة والحلزون تعتمد )18
 اعتمد مجلس الإدارة رواتب الجھاز الفني )19

 

 
                        Figure 7: The representation of sentence in (19)                                                    Figure 8: The representation of sentence in (18) 

مداعت : V, +[ ــــــNP]اعتمد: V, +[ــــــPP[علىNP]]

                                                            
8http://www.unlweb.net/wiki/X-bar_theory 
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5 THE ANALYSIS TOOLUSED INTHE AUTOMATIC EXTRACTION OF THE SUBCATEGORIZATION FRAME 

This section discusses the linguistic design and the implementation of the tool used in the automatic extraction of the 
subcategorization frame. The UNL system has developed a tool that is capable of performing a tokenization, 
disambiguation and deep/shallow syntactic analysis of the Arabic structures. The tool is called Interactive Analyzer (IAN). 
IAN is a natural language analysis systemthatcan represent natural language sentences into syntactic trees. In its current 
release, it is a web application developed in Java and available at the UNLdev9. The lexicon of the tool is designed to 
includethe lexical items of a given natural language along with a set of assigned linguistic features. The grammar of the 
tool consists of different steps to syntactically analyze the structures: tokenization (the identification of the tokens (lexical 
items) of each sentence of the input sentence) and parsing. These steps are responsible for both of the lexical and the deep 
syntactic analysisof the Arabic sentences. They can be implemented through three different types of rules; Normalization 
rules (N-rules), Disambiguation (D-rules) and transformation rules (T-rules).  

A. UNL Lexicon 

The dictionary assignsa list of features for each lexical item. The features cover different linguistic levels: morphological 
information, morpho-syntactic information and syntactic information. UNL framework uses a standard and universal list of 
features (Tagset) to describe all types of linguistic information concerning every Arabic word. Part of speech feature; used 
to classify words into main classes and each class may include subclasses. The classes are nouns, verbs, adjective, adverb, 
affix, classifier, conjunction, determiner, interjection, numeral, particle and pronoun. Morpho-syntactic information is 
concerned with the grammatical categories and linguistic units that have both morphological and syntactic 
properties,gender, number, person and many other features are involved in the grammatical agreement in the 
lexicon.Transitivity is a feature of verbs which indicates the number of objects a verb requires or takes in a given instance. 
The transitivity of a verb can be basically classified into intransitive (NTST) and transitive (TSTD). Moreover, the lexicon 
is enhanced by information about person, tense, case and voice. 

B. The grammar 

Grammars are sets of rules used to transform the natural language into a parsed tree. There are two different types of rules: 
transformation rules that are used to make changes to the nodes or relations and disambiguation and tokenization rules that 
are used to control the changes over nodes or relations. 

1) Normalization Rules: N-rules constitute the pre-processing module that is applied to the input text prior to the 
processing phase; before the dictionary lookup phase. They are concerned with normalizing the input text; replace the 
abbreviations by their extended forms, assign the spaces if not found (some texts are written wrongly with no space 
boundary between the words). Finally,correct the wrong written words toassistthe identificationof the words from the 
dictionary. 

2) Disambiguation rules: The function of D-rules is to tokenize and prevent wrong lexical choice from the 
dictionary.The tokenization algorithm is strictly dictionary-based. The D-rules also control the segmentation of the tokens.  

3) Transformation rules: This type of rules is used for normalization and syntactic analysis. The syntactic moduleis 
responsible for transforming the list of nodes into the tree structure using binary relations based on X-bar theory. The 
syntactic processing is done automatically.The general design for this module is that “It starts by composing small trees for 
the small phrases in the sentence and combining these small trees together to form a bigger tree”. While building the 
syntactic trees for the 600 sentences a lot of linguistic issues have been faced. 

6 A WALK THROUGH AN EXAMPLE 

In order to parse the sentence in (17) “وافق شارون على الخطة المصرية”, First, the sentence should be tokenized according to the 
dictionary.Thus, the sentence will be tokenized to the following pattern: 

 ]مصرية][ال)[][ة ](على الخط][][شارون][][وافق[
 

                                                            
9 http://dev.undlfoundation.org/index.jsp 
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 and each node is assigned with the”مصرية”,space,definite article,”تاء مربوطة”,”على الخط“ ,space,”شارون” ,space ,”وافق”
appropriate tag, so “وافق”is VER (verb),space is assigned tothe tag BLK (blank), “شارون” is assigned tothe tag PPN 
(proper noun), “ الخط  ىعل “is wrongly tokenized hence assigned to the tag ADJ (adjective), the definite article "ال "  is 
assigned to the tag ART (article) and finally the word “مصرية” is assigned tothe tag ADJ (Adjective), see 
Fig.9.,whichrepresents the automatic output of this stage. 

 

 
Figure 9: The tokenization and tagging stage 

 
Theadjective[ الخطعلى  ]should be retokenized as [على], [ال], [خط]and this is the role of the disambiguation rules. A rule 
should be added to block the sequence of the adjective and” المربوطةتاء   ”if it is preceded by a masculine noun (MCL) 
 Such rule has been added as in (1).The rule states that the adjective is blocked; the blocking is stated in the rule.”شارون“
bythe symbol (=0). 

(1) ({J|V}, %01) (^BLK , ^STAIL, ^ACC)  = 0; 
So the output would be as shown in Fig.10 

 

 

 

 

 

 

 

 

 
 

Figure 10:Re-tokenization of the wrongly tokenized adjective 

The output of the tokenization stage is as shown in Fig.11. 
 
 
 

Figure 11: The output after the tokenization stage 
 

 

Blocked at segment:[ مصرية][ال)[ ][ة](على الخط][ ][شارون][ ][وافق ] 
Position index:11 
Re-tokenizing: "على الخطة" 
Position index:11 
Pattern: [ مصرية][ال][ ][خطة][ال][ ][على][ ][شارون][ ][وافق ] 
Current State 
Pattern:[ مصرية][ال][][ خطة][ال][ ][على][ ][شارون][ ][وافق ] 
" 202594674"}160695{]وافق[ -" وافق "(LEMMA=وافق,  BF=وافق,  LEX=V,  POS=VER,  LST=WRD,  GEN=MCL,  NUM=SNG, 
PER=3PS,  ATE=PAS,  VOI=ACV,  TRA=TSTI,  PAR=M242,  FRA=Y17,  SEM=SOV)<ara,33,1>; 
" " - [ ]{-1}""(PUT=BLK)<ara,0,0>; 
" 115383488"}8506{]شارون[ -" شارون "(LEMMA=شارون,  BF=شارون,  LEX=N,  POS=PPN,  LST=MTW,  GEN=MCL,  
NUM=SNGT,  PAR=M0,  FRA=Y0)<ara,0,0>; 
" " - [ ]{-1}""(PUT=BLK)<ara,0,0>; 
" 2991{]على[ - " على }""(LEMMA=على,  BF=على,  LEX=P,  POS=PRE,  LST=WRD,  PAR=M0,  FRA=Y0,  att=@on,  
rel=PLC)<ara,255,0>; 
" " - [ ]{-1}""(PUT=BLK)<ara,0,0>; 
" 2418{]ال[ - " ال }""(LEMMA=ال,  BF=ال,  LEX=D,  POS=ART,  LST=WRD,  PAR=M0,  FRA=Y0,  att=@def)<ara,255,0>; 
" 105898568"}39202{]خطة[ -" خطة "(LEMMA=خطة,  BF=خطة,  LEX=N,  POS=NOU,  LST=WRD,  GEN=FEM,  NUM=SNG,  
PAR=M1,  FRA=Y0,  ABN=ABT,  ALY=ALI,  ANI=NANM,  CAR=CTB,  SEM=CGN,  SFR=K0)<ara,169,15>; 
" " - [ ]{-1}""(PUT=BLK)<ara,0,0>; 
" 2418{]ال[ - " ال }""(LEMMA=ال,  BF=ال,  LEX=D,  POS=ART,  LST=WRD,  PAR=M0,  FRA=Y0,  att=@def)<ara,255,0>; 
" 302971469"}44872{]مصرية[ -" مصرية "(LEMMA=مصري,  BF=مصري,  LEX=J,  POS=ADJ,  LST=WRD,  GEN=FEM,  
NUM=SNG,  DEG=PST,  PAR=M466,  FRA=Y0)<ara,100,1>; 

Pattern:[ مصرية][ال][ ][خطة][ال][ ][على][ ][شارون][ ][وافق ]
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The stage that comes after the tokenization is the transformation stage. In the transformation stage, the researcher has 
built a set of T-rules to transform the natural language in Fig.13 into a parsed tree. 

 
Figure 13:The natural language input before starting the parsing 

 
The blank space should be deleted from the input in Fig.13 to prepare the sentence for the parsing step.So, a rule for 
omittingthe blank space is used as in (2) which states that if there is a blank space beside a word, it should be deleted as in 
Fig.14. The blank space between the verb “وافق” and “شارون” is suppressed,and the rules will be applied recursively; the 
blank space beside each node is deleted, so the final output after deleting the blank space from the input will be as in Fig.15. 

(2) (Word , %y , ^blk) (BLK , %02 )  := (%y , +blk); 

 
Figure 14: Deleting the space after the word “وافق” 

 
 

Figure 15: Deleting the space in the NL input 

In this phase, small constituents or trees are constructed for the small phrases (usually noun phrases) in the sentence and 
then combined to form a bigger tree gradually until the whole sentence is analyzed. First, the noun “خطة”  ‘plan’ will be 
projected to the intermediate constituent (NB) as it is the head of noun phrases as in rule (3). Then, the adjective “مصرية” 
‘Egyptian’ will be projected to the intermediate constituent (JB) as in rule (4) then this intermediate constituent will be 
linked to the definite article “ال”to form the maximal projectionadjective phrase (JP) as in rule (5).Once the adjective 
phrase is projected to this maximal projection, it will leave the list structure and constitute a part of the syntactic tree. 
 

(3)  (N , Word , ^NB , ^PROJ , %x )  := (%x , +NB , +PROJ ) ; 
(4) (J , ^PTP , ^proj , %x )  := (%x , +JB , +proj ); 
(5) (ART,%y)(JB , %x , ^pro )  := (JP(“ال” , %y ;%x , +pro) , +JP , +GEN = %x , +DEF = %x , %01 ) ; 

The constructed (JP) will be linked to intermediate constituent (NB)”خطة” ‘plan’ to build a bigger (NB) by the rule in (6) 
as shown in Fig.16. As there are no other modifiers for the constructed (NB) “ خطة مصريةال ” ‘Egyptian plan’ will be 
projected to thecorresponding maximal projection (NP)by the rule in (7) as shown in Fig.17. 
 

(6) (NB , %n )  (JP , GEN = %n , def , %adjc )  := (NB(%n ; %adjc ) , +rel = mod , +NB , +GEN = %n , %01 ) ; 
(7) (ART, %z )  NB(NB(%x ; %y),+NB, %01 ):= (NP(%x , -NB ; %z ), NP, %01 ) (%y ) ; 

 

 

 

 
 

 

Figure 16: Building the intermediate constituent “خطة مصرية” (NB)Figure 17: Building the noun phrase “ مصريةالخطة ال ” (NP) 

The (NP) “خطة مصرية” ‘Egyptian plan’ is preceded by the preposition “على”’on’in the Arabic input sentence, so it will be 
linkedwith this preposition to form the intermediate projection (PB) by the rule in (8). There are no other modifiers for the 
constructed (PB) “ خطة مصريةعلى ال ”  ‘on the Egyptian plan’ that will be projected to thecorresponding maximal projection 
(PP)by rule in (9) as shown in Fig.18. 

]01":وافق ]03":شارون[" [  [" 05":على["  [" 07":ال ]08":خطة [ .][" 10":ال["   [" 11":مصرية ] 

String View: 
|  <SHEAD> 
|  #L(" 03":شارون",01":وافق ) 
|  #L(" 05":على",03":شارون .@on) 
|  #L(" 05":على .@on," 07":ال .@def) 
|  #L(" 07":ال .@def,:02) 
|    NB:02(" 01:,08":خطة ) 
|      JP:01(" 13":ال",11":مصرية ) 
|  <STAIL> 

| String View: 
|  <SHEAD> 
|  #L(" 03":شارون",01":وافق ) 
|#L(" 05":على",03":شارون .@on) 
|  #L(" 05":على .@on,:03) 
|    NP:03(:02," 07":ال .@def) 

NB:02(" 01:,08":خطة ) 
JP:01(" 13"":,11":مصرية ) 
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(8) (P , %p )  (NP %adjc ) := (PB(%p ; %adjc ) , +PB , %01); 
(9) (PB , %x , ^pro )  := (PP(%x , +pro ; +e , %y ) , +PP , %01 ) ; 

 

 
 
 
 
 
 
 
 
 
 

 
Figure 18: Building the prepositional phrase “ مصريةالخطة العلى  ” (PP)and the remaining nodes in the list 

 
The remaining nodes (the processing units) that are not linked to the tree structure are the proper name “شارون”’Sharon’ 
and the verb “وافق” ‘agree’. “شارون”’Sharon’ will be projected to themaximal projection (NP).The (PP) is marked as in 
rule(10). The (PP) will be linked to the verb “وافق”  ‘agree’ to form the intermediate constituent (VB) by rule (11), then this 
intermediate constituent (VB) will be linked to themaximal projection (NP)“شارون”’Sharon’ to form the maximal 
projection (VP) by rule (12). 
 
(10) (V , TSTI , Y1, %v )  (NP , ^subj , %x )  (PP , %y )  := (+subj , %x ) (%v ,V , TSTI) (%y , +Arg0 ) ; 
(11) (V, TSTI , %v )  (PP , %comp )  := (VB(%v ; %comp , +comp ) , +verb = %v , +VB , %01 ) ; 
(12) (%x , NP , subj )  (VB , %v )  := (VP(%v ; %x ) ,%01 ) ; 

 

 

 

 

 

 
 

Figure 19: The automaticsyntactic representation of sentence in 
(17) 

 

 

 

 

Figure 20: The PP which is the complement of the verb “وافق” 
‘agree’

The (PP) “ الخطة المصريةعلى  ” ‘on the Egyptian plan’ is the verb’s complement(Arg0)orthe argument of the verb “وافق” 
‘agree’ which is indirect transitive verb (TSTI)as shown in Fig.20. The first NP “شارون”‘Sharon’ is the subject of the 
verb(V) “وافق” ‘agree’. The subcategorization frame of the verb “وافق” ‘agree’ was extracted automatically as: 
[V, + [ـــــPP]]. 
 

7 EVALUATIONS AND RESULTS 

Currently, 17 SFs are detected and withlargerdata it is expected to detect more SFs. Ultimately, the researchers expect to 
provide a large SF dictionary to the NLP community and to train dictionaries for specific corpora. The output has been 
evaluated,the method that is adopted for the evaluation of the results is the F-measure. It considers both the precision and 
the recall of the grammar to compute the percentage, according to the formula: F-measure = 2 x ((precision x recall) / 
(precision + recall)).The accuracy level was high for the TSTI verbs, it was 98%, for the TST2 verbs, the accuracy was 
also %98; however, for the TSTDverbs, the accuracy was 88%. The research faces many problems in the automatic 

|  <SHEAD> 
|  #L(" 03":شارون",01":وافق ) 
|  #L(" 05:,03":شارون ) 
|    PP:05(:04,"":18) 
|      PB:04(" 05":على .@on,:03) 
|        NP:03(:02," 07":ال .@def) 
|          NB:02(" 01:,08":خطة ) 
|            JP:01(" 13"":,11":مصرية ) 
|  <STAIL> 
| ---------------------- 
LIST 
|  [" 05] :03":شارون] ["01":وافق {} 

| UW View: 
|  <SHEAD> 
|    VP:08(:07,:06) 
|      VB:07(05:,01:وافق) 
|        PP:05(:04,"":18) 
|          PB:04(05:على.@on,:03) 
|            NP:03(:02,07:ال.@def) 
|              NB:02(01:,08:خطة) 
|                JP:01(13:"ال",11:مصرية) 
|      NP:06(20:"",03:شارون) 
| <STAIL>

---------------------- 
|  Scope Reference: :05 
|  Current NL string:"" 
|  Original NL string:[] 
|  Attributes: PP, SCOPE, 
,Arg0,comp 
|  Parent scope::07 
|  ---------------------- 
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extraction of the subcategorization frame of the verbs with the TSTD category because the tool fails in detecting the 
boundaries of the phrases because of the apposition phenomena for instance.Examples of the extracted subcategorization 
frames are shown in Fig.21. 

Figure 21: Examples of the extracted SCFs lists. 

8 CONCLUSION

This paper examined a new technique to automatically extract the subcategorization frames of Arabic verbs. This paper 
showed that the technique works through tokenizing the input, then parse it and identify the cueswhich will be helpful in 
identifying the main arguments of the verbs in each context. The identification and encoding of syntactic subcategorization 
frames is an essential requirement in the construction of computational lexicons.The accuracy level was high for the TSTI 
verbs, it was 98%, for the TST2 verbs, the accuracy was also %98; however, for the TSTDverbs, the accuracy was 88%.
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 يةلتحليل التراكيب النحوية من العبارات الفعل نحوي لأفعال العربيةمن خلال تصميم محلللالنحوية  الآلي للمتعلقاتستخراج لاالغرض الرئيسي من ھذه الدراسة ھو املخص ـــــ 
يعتمد الدراسة،  غراضألتحقيق .للمسندالنحوية لمتعلقاتللكشف عن ا X-barملاءمةالنظرية النحويةمدى ھذه الدراسة أيضا إلى اختبار  وتھدف X-bar .على أساس نظرية 

اختياره في ھذا  الذي تمIAN ة التحليل داأباستخدام المدونة العربية باركنسون من  مختارةةجمل 600تحتوي على  مدونة تحليلوصفي التحليلي حيث يتم الباحث على المنھج ال
 Subcategorization(استخراج الإطار النحويإن .لعميقجميع اللغات تشترك في نفس التركيب النحوي اتشير إلى أن والتيX-barبنظرية الصدد نظرا لارتباطه الوثيق 

Frame(  انحوي اأو ملحق اق بين ما يتم اعتباره متعلقيرحة معلومات عن الإطار النحوي والتفإتاعلى سبيل المثال، ؛ لمعالجة الآلية للغات الطبيعيةمن أجلاةأساسييعتبرخطوة 
 .بالنسبة للمحلل النحوي يساعد في زيادة دقة النتائج
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Abstract—The prime purpose of this study is to build prototype rules for analysing Arabic to enable computers 
to understand the Arabic language. An important step in the language understanding process is constructing a 
representation of the meaning of a sentence, so the study aims to mapping the syntactic relations with its 
correspondence semantic relation. Universal Networking Language (UNL) as a language for computer enables 
computers to process information and knowledge of a language. In order to fulfil the purposes of the study, the 
researcher adopts an analytical descriptive approach where  a grammar of three components using UNL; 
Morphological, syntactic and semantic components was developed after building a dictionary and a  corpus 
containing 210 verb phrases are analysed using the IAN tool. The linguistic and coverage limitations have been 
discussed.  Finally, the F-measure, as a statistical analysis method is used to measure the accuracy of the 
grammar as well as its level of adequacy and grammatical competence. 

1 INTRODUCTION 

Natural language understanding (NLU) falls into the interdisciplinary field of computational linguistics. 
Allen (1987) describes several sides to this field. On the one hand, the technological aspect which is 
concerned with building systems that are able to understand and produce natural language texts in order to 
make computers smarter and more intuitively usable. The technological aspects are defined by sub-areas 
such as the development of proper grammatical representations, parsing techniques and knowledge 
representation mechanisms. On the other hand theoretical linguistics is more interested in producing a 
structural description of natural language [1]. 

Understanding a natural sentence should come up with possible interpretations and choose one or more that 
are most preferred in the current context by integrating information from various knowledge sources. The 
temporal aspects that determine when each type of information is used is still unresolved issues in 
modeling human sentence interpretation. Two alternative views have been proposed in psycholinguistic 
comprehension models. The first view is characterized by serial or syntax-first models (first analysis) 
which hold that syntax is processed autonomously prior to semantic information [2]. The second view, 
represented by interactive or constraint-satisfaction models (immediate interaction) which claims that all 
types of information interact at each stage of language comprehension [3]. Psycholinguistic studies of 
human sentence processing address the temporal issues of knowledge application attempting to support one 
side of the modularity debate. The modularity debate is a debate over whether certain decisions such as in 
syntactic analysis are shielded from the effects of semantic or contextual information or whether they are 
subject to immediate effects of such types of information. 

An important step in the language understanding process is constructing a representation of the meaning of 
a sentence, given the syntactic structure. Mapping from syntactic structures into a meaning representation is 
referred to as semantic interpretation or semantic mapping. For this type of representation we need a set of 
interpretation rules that specifies how to create a meaning representation from the syntax representation [4]. 

There are many syntactic theories, many semantic theories, and the interface questions look different for all 
of them. Jackendoff (2002) suggests a view on which semantic structures and syntactic structures are 
independently generated, and the interface conditions may be quite complex [5]. Most of the theories which 
do use a compositional formal semantics are non-transformational. In spite of  the many advantages of 
transformational grammars, and their central role in the development of modern linguistic theory, they were 
never computationally very tractable, nor formally elegant, nor easy to work with for models dealing with 
how we process language word by word. Non-transformational grammars are compatible with 
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compositional semantics include GPSG [6], HSG, and their descendants, several modern versions of 
Categorical Grammar [7], Joshi’s Tree-Adjoining Grammar [8], and Bresnan and Kaplan’s Lexical 
Functional Grammar [9]. Such theories are particularly popular within the computational linguistics 
community, where great progress is being made, including much progress in computational formal 
semantics. 

Present-day research is not much concerned with general issues concerning semantic relations. It focuses 
mostly on specific domains. Systems are designed to analyze texts in a certain field. They use lists of 
semantic relations specifically tailored to capture salient connections between concepts in the domain. 
Sometimes they also use lexical resources developed to describe the concepts in the field in question. One 
of the best known examples is the FrameNet project at the University of Berkeley, California [10],[11], 
[12].It proposes case frames used to analyze texts pertaining to law. The case frames developed label each 
participant in a specific type of legal event. The participants are extracted at the intra-clause level as 
arguments of the verb. For example, the Criminal process frame includes reference to a Suspect which has 
been arrested by an Authority, and against which are pressed Charges. Another project that has focused on 
a specific domain is BioText, also at the University of Berkeley [13]. The project aims to identify the 
relations between the entities in bioscience texts. The authors make use of an ontology of concepts built 
from medical texts - MeSH (Medical Subject Headings). They mostly focus on the relations between 
components of nominal compounds. Rosario and Hearst (2001) propose 38 relations, more specific than the 
generic Agent , Object , etc.,  specific enough to be useful for their task, for example activity/physical 
process (virus reproduction),change(disease development), cause (1-2) (food infection), cause (2-1) (flu 
virus),defect (hormone deficiency), procedure (blood culture), etc. 

SNOWY is a knowledge acquisition project developed by Fernando Gomez at the University of Central 
Florida [14], that processes general texts. The semantic interpretation part of the project is based on a list of 
thematic roles, an ontology of predicates connected to WordNet’s verb classes, in addition to connections 
between these predicates and WordNet's ontology of nouns. The thematic roles (agent, theme, instrument, 
etc.) apply to links between verbs and their arguments, and also to nominalized verbs along withtheir 
modifiers. 

Rapid Knowledge Formation (RKF) is a recently concluded project at the University of Texas at Austin 
whose goal was to develop a system for building complex knowledgebase through the combination of 
components (events, entities and modifiers) [15]. To describe the relations between these components, the 
project makes use of a dictionary of relations that describe the interaction between two events (e.g. causal 
relations), an event and the entities involved (e.g. agent, instrument), an entity and an event (e.g. capability) 
two entities (e.g. part) or an event or entity and their properties (e.g. duration, size) . These relations cover 
three syntactic levels and stem from Propbank. The system is used by experts in a certain domain to encode 
the knowledge in their specific field. 

AnCora, is a multilingual corpus annotated at different linguistic levels consisting of 500,000 words in 
Catalan (AnCora-Ca) and in Spanish (AnCora-Es). Currently, AnCora  is the largest multilayer annotated 
corpus of these languages that is freely available. The two corpora consist mainly of newspaper texts 
annotated at different levels of linguistic description: morphological (PoS and lemmas), syntactic 
(constituents and functions), and semantic (argument structures, thematic roles, semantic verb classes, 
named entities, and WordNet nominal senses). All of the resulting layers are independent of each other, 
thus making it easier to manage the data. The annotation can be performed manually, semi-automatically, 
or fully automatically, depending on the encoded linguistic information. The development of these basic 
resources constituted a primary objective, since there was a lack of such resources for these languages [16]. 

Abstract Meaning representation (AMR) makes extensive use of  PropBank framesets [17]. For example, it 
represents a phrase like “bond investor” using the frame “invest-01”, even though no verbs appear in the 
phrase. It is agnostic about how we might want to derive meanings from strings, or vice-versa. In 
translating sentences to AMR, there is no dictation of a particular sequence of rule applications or provide 
alignments that reflect such rule sequences. This makes sembanking very fast, and it allows researchers to 
explore their own ideas about how strings are related to meanings. AMR is heavily biased towards English; 
it is not an Interlingua [18]. 
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This paper is divided into four sections; section 2exhibits the formal framework of the study; formal rules 
and tool, section 3 discusses the linguistic framework behind the syntax semantics interface; syntactic and 
semantic approach as well as relations, section 4 presents the linguistic resources used to make the study; 
corpus, dictionary and grammar, section 5 discusses the limitations of the study and evaluation. Finally, 
section 6 concludes the paper. 

1 FORMAL  FRAMEWORK 

Human languages have three main components which enable people to communicate with each other, using 
their brains as the language processor for those components. The adopted framework called Universal 
Networking Language (UNL) follows the same logic; consisting of three components that simulate the 
same components as human languages. The first component is words which are used to express concepts, 
in the UNL framework they are called "Universal words", also referred to as UWs that are inter-linked with 
each other to form the UNL expressions of sentences. The second component is the links, which is called 
"relations" in the framework; they specify the role of each word in a sentence. The third component which 
is the subjective meanings that are intended by the author are expressed through "attributes" [19]. Every 
language has its own grammar which describes and governs the linguistic behaviour of the structures of 
that language. UNL as a language for computers should have its grammar that describes languages in a way 
that computers can understand; it is the UNL formal grammar.  

In order to form a semantic UNL graph, nodes; words are inter-related by relations. Inside each relation, 
nodes are isolated by a semicolon (;). In the UNL framework, there can be three different types of relations; 
they are explained in table (1):  

TABLE I 

THE DIFFERENT TYPES OF RELATIONS 

Relation type Definition Form format 
Linear relations (L) Express the surface structure of 

natural language sentences. 
binary L(X;Y), or (X)(Y) 

Syntactic relations Express the deep (tree) structure of 
the natural language sentences, they 
are not predefined, due to the free use 
of syntactic theory. 

n-ary rel(X;Y) 

Semantic relations Express the structure of UNL graphs, 
they constitute a predefined and 
closed set that are stated in the UNL 
specs [14]. 

binary rel(X;Y) 

 

The system needs a tool that encloses the three components in order to simulate the understanding process 
that takes place in the human brain. The analysis engine that enables the computers from NLU.  IAN1 [20] 
is a natural language analysis system that represents natural language sentences morphologically, 
syntactically and semantically in the UNL format, the application’s interface is shown in Fig. 1.  

 

                                                            
1http://dev.undlfoundation.org/analysis/index.jsp 
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Figure 1: The interface of “IAN” 

2 LINGUISTIC FRAMEWORK 

IAN is a flexible environment for linguistic description which can provide a linguistic description for 
Natural language texts using any linguistic theory [20]. On the syntactic level, any sentence can be 
analyzed using either the constituency based approach as shown in Fig. 2a,  or the dependency based 
approach as shown in Fig.  2b.  

 
Figure 2: constituency and dependency representations 

 

IAN’s grammar environment allows both approaches for writing grammars. For the paper in hand, the used 
approach is the dependency based approach [22]. 

The potential benefits of using dependency-based representations in syntactic parsing,  as opposed to the 
more traditional representations based on constituency. According to Coving ton (2001), dependency 
parsing offers six advantages [23] : 

- Dependency links are close to the semantic relationships needed for the next stage of 
interpretation; it is not necessary to “read off” head-modifier or head-complement relations from a 
tree that does not show them directly. 

- Dependency tree contains one node per word. Because the parser’s job is only to connect existing 
nodes, not to postulate new ones, the task of parsing is in some sense more straightforward. 

- Dependency parsing lends itself to word-at-a-time operation, i.e., parsing by accepting and 
attaching words one at a time rather than by waiting for complete phrases. 

- Dependency relations are close to semantic relations, which facilitate semantic interpretation. 
- Dependency representations are more constrained (less complex), which facilitates parsing. 
- Dependency representations are more suitable for languages with free or flexible word order. 
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3 LINGUISTIC RESOURCES 

The following sub-sections explain the linguistic resources used to conduct the study. The data collected 
for the study should have some specific parameters and size which is described in the corpus subsection. 
The dictionary built for that corpus follows some specifications in terms of the dictionary format and the 
features needed in building the grammar is explained in the dictionary sub-section. The grammar 
subsection describes the grammar modules, explained with the example in (2).   

A. Corpus 
The data is composed of verb phrases that include the selected Arabic verbs. The selected verbs are 
translated from AnCora 2.0 corpora (see section 1). The semantic annotation of verbal predicates in this 
corpora implies the systematic mapping between syntax and semantics, basically expressed in the argument 
structure in Spanish and Catalan. 

The corpus is collected from the Egyptian newspaper; Al-Ahram 1999 as it is considered as being 
representative of modern standard Arabic. The pages of Al-Ahram are collected on the Arabicorpus 
website; arabiCorpus2 allows the researcher to search in large, untagged Arabic corpora. 'Untagged' means 
that the words in the corpora have not been assigned to a particular part of speech. ArabiCorpus is divided 
into five main categories or genres: Newspapers, Modern Literature, Nonfiction, Egyptian Colloquial, and 
Pre-modern. User can search any text individually by using the Advanced Search mode. You can even 
search all of the texts at the same time. It allows search in combined, individual or all texts. The total 
number of words of the whole ArabiCorpus is: 173,600,000.  

In order to collect an appropriate size of data for linguistic analysis, the size of the corpus to be analyzed 
has to be precisely estimated: it should not be too small, because it would raise the risk of not containing 
enough data. On the other hand, the corpus should not be too big either, since the time needed for analysis 
has to be also taken into account when planning corpus building. Sentences are 8 words long to contain all 
verbs arguments with their modifiers. The average number of sentences is 5 sentences to study each verb 
differs according to the nature of the verb itself; if it is an intransitive verb, the number of its arguments is 
less than the transitive verb. The corpus is divided to two sub-corpora; training corpus and test corpus. The 
training corpus is 150 sentences which cover the proposed verbs classification (see section B). The test 
corpus contains 60 sentences to test the grammar that is built using the trained corpus. 

B. Dictionary 
The analysis dictionary is linking nodes of the natural language text to the entries of the NL dictionary in 
the UNL dictionary format in Fig.  3. It is a word-based dictionary. 

 

Figure 3: The Format of the UNL dictionary 

where:[HW] is the lexical item of the natural language,[ID ] is the unique identifier (primary-key) of the 
entry,  [UW]: is the Universal Word of UNL, For this study, it contains an Arabic word to be appeared in 
the final output as an understandable word,[ATTR]: is the list of features of the NLW. It can be a list of 
simple features: NOU, MCL, SNG or a list of attribute-value pairs: POS=NOU, GEN=MCL, NUM=SNG 
Attributes are separated by “,”, [FLG] is the three-character language code according to ISO 639-3;  'ara', 
"Arabic" for instance.  [FRE] is the frequency of HW in natural texts. It is used for natural language 
analysis (NL-UNL). It can range from 0 (least frequent) to 255 (most frequent), [PRI]: is the priority of the 
HW. It is used for natural language generation (UNL-NL). It can range from 0 to 255, and [COMMENT] is 
any comment necessary to clarify the mapping between NL and UNL entries.  

                                                            
2http://arabicorpus.byu.edu/ 
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The researcher has choose to build this dictionary as word-based because it is more appropriate for the 
analysis task. The dictionary includes all of the corpus words with their part of speech tags and the other 
needed attributes as shown in Fig. 4. 

 

Figure 4: The Arabic Dictionary 

Attributes concerning, part of speech ‘POS’, gender ‘GEN’, number ‘NUM’ and humanity ‘HUMANITY’ 
are assigned to all nouns in the dictionary. While verbs follow a syntactic – semantic classification 
described below, in table (2).The selected verbs follow the specifications of the semantic annotation of 
verbal predicates in AnCora 2.0 corpora (see section  1). There are 24 Lexical Semantic Structures (LSSs) 
compiled and described as appeared in the corpus, grouped around the 4 general event classes; states, 
activities (or processes), accomplishments and achievements. According to the UNL formalism and 
relations, verbs divide the event classes to three classes; states, activities (or processes), and achievements. 
In the accomplishment verbs the subject is mapped to causer semantic relations which does not exist in the 
UNL semantic relations. According to the UNL framework, especially with relations,  the event classes are 
divided to only three classes; states, activities (or processes), and achievements, as the subject of the 
accomplishment verbs is mapped to the causer semantic relations which is not exist in the UNL semantic 
relations; can be expressed by the agent relation and subsequently it is combined to the activities semantic 
class. Also, LSSs became 15 instead of 24. An example of the omitted LSSs, the B12 “unaccusative-
passive-ditransitive” as passive verbs are not included in the corpus.  

A, B, and C represent the semantic classes of the verbs, in other words which semantic verb class requires 
its subject to be mapped to an agent, experiencer, or object. Ax (A1, A2,…,A7) represent the description of 
the syntactic structure of the semantic class. For example, A4 requires a subject, direct object (N), and 
indirect second object (PP).  

TABLE II 

 THE ARABIC SYNTAX-SEMANTICS VERBS CLASSIFICATION 

Semantic class Syntactic structure Mapping schema example 

Activities (A) 

subject (A1) Agent صام المسلمون 
subject-direct object (A2) Agent - object فتح الطالب الباب 
subject-indirect object (A3) Agent - object وافق المجلس على المشاركة 
subject- direct object – indirect 2nd 
object (A4) 

Agent – object - goal الاتحاد يحث المواطنين على الموافقة 

subject- indirect object –direct 2nd object 
(A5) 

Agent-goal -object طلب من الطلاب المشاركة 

Subject- direct object –indirect 2nd object 
(A6) 

Agent – object - coobject تفصلھم الحدود عن قراھم 

Subject- PP (A7) Agent - place سافر كلينتون إلى نيوجيرسي 
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States(B) 

subject (B1) Experiencer بكى الأطفال 
subject-direct object (B2) Experiencer - object أحب المصري الأرض 
subject-indirect object (B3) Experiencer- object  القصر على استراحتينيحتوي  
subject-direct object [amount] (B4) Experiencer- extension   ثلاث ساعاتالرحلة استغرقت  
Subject– predicate (B5) Attribute (aoj) كان بوش رئيس المخابرات 

Achievements (C) 
subject (C1) Object ھبطت القاعدة 
subject-indirect object (C2) Object-goal خسائراليتسببالجفاففي  
subject-indirect object (C3) Object-coobject انقصلتفنلندةعنروسيا 

 

C. Grammar 
The grammar has several modules such as; morphological, syntactic, and syntax-semantic mapping. The 
following sub-sections will describe each of the aforementioned modules. 

1) Morphological Module: As Arabic displays a wide range of inflection and derivation, it gives rise 
to a large space of morphological variation. The UNL formalism is designed to segment any Natural 
Language input according to the morphemes stored in the dictionary. This means that UNL deals with any 
input as a sequence of morphemes (linearly). It cannot deal with the derivational aspect of Arabic in a two-
level approach (root + morphological pattern) [24]. Consequently, it is not possible to derive a word from a 
root although the nature of Arabic morphology is non-linear. Therefore, both of the inflectional and 
derivational aspects of Arabic should be dealt with concatenatively to be able to adapt Arabic to UNL.This 
module is perform two tasks. First, for extracting  the deep morphological form out of the surface form, for 
example the two attached prefixes “لل”which are the surface form for “لال”.Rule (1-a) states that, if there 
are two prepositions  “ل” that appear together as prefixes, change the second one to “ال”.Another two 
examples of extracting the deep form, first, the inflected verb ending “وا” when the connected pronoun 
attached to it and became  و“ ”; the “ا” is removed, as in the verb “فصلوھا”. Rule (1- b) is dealing with an 
undefined word in the dictionary as it is in the surface form, so this undefined word which ends with “و” 
and followed by  the connected pronoun “ھا” should be changed to “وا” and retrieved from the dictionary 
using the operator “?”. Second, when a connected pronoun is attached to a real feminine noun that ends 
with "ة", the "ة" becomes "ت" in the surface form. Rule in (1-c) extracts the deep form and retrieves it as a 
noun from the dictionary. For example, the noun "مدرسة" is extracted out of "مدرستھا" which include both the 
noun and the connected pronoun "ھا". 
 

(1)  
 

 

The second task of this module is to remove the linguistic obstacles between words to make them ready to 
be linked in the following module which is the syntactic module. These obstacles are blank spaces, 
punctuations, the accusative suffix “ا”, and definite article. Example in (2) explains how this module 
works: 

(2)  
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Figure 5: The sentence words mapped to their dictionary entries 

In the beginning, the words of the input sentence will be mapped with their dictionary entries as in Fig.  5. 
to prepare the nodes to be linked with a syntactic relation, the obstacles should be removed to facilitate the 
assignment of the relations. For the sentence in hand, blank spaces and definite article represent those 
obstacles. First, blank spaces will be removed using the rule in (3a). Second, definite articles “ال” will be 
combined to the nouns as in “عرب” or adjectives as in “حرة” and assigns the attribute ‘DEF’ to the nodes 
using the rule in (3b). After applying the rules of the morphological module to the nodes as shown in Fig.5, 
nodes will be ready to be linked by the syntactic relations.  

(3)  
 

The output of the morphological module in Fig.6 represents the words of the sentence in the form of a 
hypothetical list relations ‘#L’. ‘:01’, ‘:18’, ..etc and unique IDs are assigned automatically to each word 
in the sentence.   

 

Figure 6: The output of the morphological module 

2) Syntactic Module: this module depends on the morphological module; it uses the output of the 
morphological analysis as its input. It is responsible for linking the words of the sentence with syntactic 
dependency relations. The set of syntactic relations (syntactic tags) that are used in the grammar are those 
used in the Quranic Arabic Dependency Treebank [25]as shown in table (3). The reason for choosing this 
set of relations is that it is well-equipped to provide the technical means for describing any syntactic 
behaviour properly.  
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TABLE III 

THE DIFFERENT TYPES OF RELATIONS 

Relation Arabic Name Dependency Relation 
Example 

adj صفة Adjective فلسطين الحرة 

poss مضاف إليه Possessive construction دولة فلسطين 

app بدل Apposition القدس عاصمة 

spec تمييز Specification ثلاثون جنيھا 

subj فاعل Subject of a verb أكل الولد 

obj مفعول به Object of a verb تفاحةالولد  أكل  

subjx اسم كان Subject of a special verb or 
particle نشيطا كانالولد  

predx خبر كان Predicate of a special verb 
or particle نشيطاالولدكان  

gen جار ومجرور Preposition phrase في الحديقة 

link متعلق PP attachment الحديقة الولدفي  

conj معطوف Coordinating conjunction الولد والبنت 

circ حال Circumstantial accusative يأكل دائما 

emph توكيد Emphasis  أعلنقد  

sub صلة Subordinate clause يعاني  التيالمشكلة
 منھا الشعب

 

The grammar deals with four main word classes as heads; nouns, prepositions, adjectives and verbs as 
ordered sub-modules of the syntactic module; nouns sub-modules are located first in the grammar rules, 
then prepositions, adjectives and finally verbs sub-module, . So, nouns in the sentence in (2) will be linked 
together first. Then, head nouns will be linked to the verb as an optional or obligatory argument. The 
grammar is designed to link heads with their modifiers; dependents, then heads with each other. 

The grammar is designed in a way that considers that all definite nouns are heads, regardless of how it is 
defined. It includes proper names, nouns with definite article, and the head of the possessive constructions. 
For the sentence in hand, the relation ‘adj’ between the proper noun “فلسطين” as the head and the dependent 
adjective “الحرة” will be represented first using the rule in (4a) as “فلسطين” is a head and the adjective is at 
the end of the sentence and it is not modified by any other nodes after. As for the noun “دولة”, it is indefinite 
noun that is followed by a proper noun “فلسطين”, so it will be considered as a head in the possessive 
construction. Thus, they will be linked by the ‘poss’ relation using the rule in (4b). The noun “دولة” became 
a definite noun through Idafa. Moreover, the same rule in (4b) will be applied to the nouns “عاصمة” and 
 .a proper name ;”القدس“ is also definite and it is preceded by another definite noun ”عاصمة“ The noun .”دولة“
Both definite nouns have the same gender and number and definiteness, so the grammar will consider this 
construction as an apposition and link them with ‘app’ relation as in the rule in (4c). 

(4)  
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Now, there are four unmodified and unlinked nodes in the sentence; “في“ ,”العرب“ ,”يصلي”, and “القدس”.   
The second sub-module will be applied to the sentence; prepositions as heads. The preposition “في”will be 
linked to the noun “القدس” with the ‘gen’ relation as stated in rule (5). As the dependent “القدس” is a name of 
a place, the grammar will be able to predict that the preposition “في” in this sentence is locative. 
Subsequently, the LOC feature will be assigned to it. 

(5)  
 

After applying the first two models, three nodes are still unlinked which are the verb “يصلي”, the noun 
 Thus, the rules of the third sub-modules will to be applied; verbs as .”في“ and the preposition ,”العرب“
heads module.As the noun “العرب” agrees with the verb “يصلي” in gender, they will be linked by a ‘sbj’ 
relation using the rule in (6a). Finally, the remaining unlinked head nodes “يصلي” and “في” will be linked 
by ‘link’ relation, as the grammar considers that the locative preposition should be linked to the verb using 
the rule in (6b). The final dependency syntactic graph is shown in Fig. 7. 

(6)  
 

 

 

Figure 7: The syntactic dependency graph for “يصلي العرب في القدس عاصمة دولة فلسطين الحرة” 

3) Syntax-semantic mapping Module: the task of this module is to transform the syntactic graph 
to a semantic graph; map each syntactic relation to its corresponding UNL semantic relation. There are 46 
UNL semantic relations in the UNL framework which are mentioned below in Fig. 8. The study does not 
include the nominal semantic relations, as the focus is on the verb arguments rather than the noun 
modifiers. Therefore, the final result will not include all of the relations that are mentioned below. 

 
Figure 8: the UNL semantic relation labels 

There are three cases in mapping: one relation to one relation mapping, two relations to one relation 
mapping and one relation to one word with adding a UNL attribute. For the sentence in hand, only the first 
two cases are presented. 

 One Syntactic Relation to One Semantic Relation Mapping: since that the adjective and the second 
element  in the possessive construction; 'مضاف إليه' are considered to be a modification of an entity, all 
‘poss’ relations between nouns will be mapped with ‘mod’ semantic relation; the relation between “عاصمة” 
and “دولة” as well as the relation between “دولة” and “فلسطين” as stated in rule (7a).Furthermore, the ‘adj’ 
relation between “فلسطين” and “الحرة”will be mapped to the ‘mod’ relation as in rule (7b). The ‘app’ 
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relation between “القدس” and “عاصمة” will be mapped with “aoj” semantic relation, since ‘aoj’ is used to 
express the predicative relation between the predicate and the subject using the rule in (7d). For the ‘sbj’ 
relation between the verb “يصلي” and the noun “العرب”, it depends on the syntax-semantic verb 
classification in the dictionary. This verb is from the class A which implies that its subject ‘sbj’ is mapped 
to the agent semantic relation ‘agt’ as in rule (7c). 

 
(7)  

 

 

 Two Syntactic Relations to One Semantic Relation Mapping: the prepositional head in the relation 
between “في” and “القدس” is a dependent in the relation between “يصلي” and “في”, so both of these 
relations will be mapped to the ‘plc’ semantic relation between “يصلي” and “القدس”. The preposition is 
expressed through the place semantic relation by using the rule in (8). Fig. 9 shows the final semantic 
representation that is obtained by IAN tool for the sentence in (2), while Fig. 10 is the graphical view 
for Fig. 9. 

 
(8) link (V , %x ; PREP , ^att = %x , %y ) gen (PREP , LOC, %r ; N , ^TIM , %t )  := plc(%x ; %t ) ; 

 

Figure 9:  The UNL semantic representation (IAN output) 
 

Figure 10: the UNL semantic graph 
 
 One Syntactic Relation to One  word with attribute Mapping: if the head is an adverb or  a 
quantifier and the dependent is a noun that is linked by the syntactic relation ‘poss’, the noun will take the 
UNL attribute of the head. For example, in a structure like “بعض الكتب” and “قبل الشروق”, the UNL 
attributes ‘@paucal’ and ‘@before’ will be assigned to the following words; “الشروق.@before“ and 
 .”paucal@.الكتب“

 
Finally, the researcher can conclude that good syntactic representation leads to good semantic 
representation. Table (4) represent the final syntax-to semantics results for mapping as found in the corpus 
contains 210 sentences. 

TABLE IV 

THE MAPPING BETWEEN SYNTACTIC AND SEMANTIC RELATIONS 

Syntactic Relation Semantic Relation example 

sbj 

agt أكلھا الإنسان الفقير 

exp بكى الحاضرون 

obj سقط المبنى 

obj 
obj كتب الولد الدرس 

ext تستغرق الرحلة ثلاث ساعات 
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obj2 gol أعطى أحمد محمد ھدية 

Link (V) - gen 

src يأكل من شجرة معينة 

pur يصلي من أجل العثور على المفقودين 

plc سافر إلى مصر 

coa يصلي البريء مع المذنب 

tim نام أطفالھا في المساء 

obj وافق على الاقتراح 

coobj فصل الليل عن النھار 

gol طلبوا من العراق التعاون 

Link (N) -gen 

obj العثور على المفقودين 

plc تشتمل خطة التصنيع في المصانع على إنتاج مركبات صغيرة 

mod يتسبب في خسائر للبنك 

poss 

mod ھبط الجنود من فوھةالبركان 

@across,@same,@multal, 
@ paucal, @before 

 يصلي في أي مكان طاھر - أقنع الصھيونيونبعضمندوبي الدول -
 لعب حازم في نفسمركزه - سافروا إلى العراق قبلأزمة الخليج .

spec qua سيلعب المنتخب ثلاث مباريات 

app 
@proximal أظن أن ھذاالبورتريه لتشارلز كينيدي 

aoj يصلي العرب في القدسعاصمة فلسطين 
SUBJX-PREDX aoj كانت مھمة القوات المصرية تأمين مطار سراييفو 

sub 
mod أصبحت ھذه المشكلة الإنسانية التي يعاني منھا شعب العراق معقدة للغاية 

obj طلبوا إليه أن يشارك 

adj mod لعب الأھلي كرةتجارية 

Conj-conj and أصبح من المشاھد المألوفة والمتكررة 

emph @confirmation كان حزب العمال قدأعلن ھدنة 

 
4 LIMITATIONS AND EVALUATION 

The limitations of this study can be divided into two categories which are coverage and linguistic 
limitations. Concerning for the problem of coverage, the study is focusing on verbs and the syntax-semantic 
mapping of their arguments, this why not all of the UNL nominal semantic relations have appeared in the 
selected corpus such as ‘iof’; “an instance of” and ‘pof’; “part of” relations. As for the linguistic 
limitations, there are some syntactic relations that were not mapped with their corresponding semantic 
relations. The verb “سكت” is an intransitive verb; however, an unexpected occurrence have been found in 
the corpus “سكت المتحدث عن الكلام”  which is syntactically expressed as shown in Fig. 12. The preposition 
 however, this verb is encoded as ;”المتحدث“ and not with the noun ”سكت“ should be linked to the verb ”عن“
an unergative verb and doesn’t have a sub-categorization frame introduced by “عن”, so the preposition is 
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linked to the nearest head node after the verb. Subsequently, the link relation between "المتحدث" and "عن" - 
gen relation between "عن" and "الكلام" going to be  mapped to the ‘cnt’; content relation which is not 
representing the suitable meaning,  as in Fig. 11. The corpus includes similar cases of wrong mapping for 
the verb arguments which cause a mistake ratio about 5 %.   

 

Figure 11: The syntactic graph for “سكت المتحدث عن الكلام” Figure 12: The semantic mapping for “سكت المتحدث عن الكلام” 

The F-measure is primarily considered for the purpose of measuring the mapping grammar accuracy and 
precision. It integrates two folds: precision and recall, according to which calculations are performed. 
Precision is the number of correct results divided by the number of all returned results; whereas, recall is 
the number of correct results divided by the number of results that should have been returned. The 
upcoming formula explicates the way F-measure is computed:  

F-measure = 2 * ((Precision × Recall) /Precision + Recall)) 

         = 2 * ((0.98 × 0.91) /0.98 × 0.91)) = 94.8 % 

The grammar displays a high level of success and performance; accuracy of results amounts to 94.8% of 
the total number of structures analyzed. That is, merely 5.2 % of the corpora fails to be correctly mapped to 
the semantic representation. 

5 CONCLUSION 

Building a complete computational system of language understanding is a difficult problem.  The task of 
sentence understanding requires a variety of different types of knowledge; morphological, syntactic and 
semantic knowledge. In this paper, a  text understanding system has been presented which have  a flexible 
architecture that allows any and all available knowledge to be exploited to produce the best interpretations 
from the available sentence and knowledge available. We have presented the algorithm it is based upon, by 
examples and discussed the cognitive and computational motivations for the system. The pyshco-linguistic 
temporal  view of Frazier and Fodor which is characterized by serial or syntax-first models (first analysis) 
has been applied automatically by building the syntax grammar module using the UNL formalism to work 
alone first, then the mapping module to be applied second, to enable computer from natural language 
understanding. The built grammar has to be tested in a larger corpus to be more reliable and robust to be 
more useful as a Natural Language understanding system.  
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حو والدلالة من أجل بناء نظام لفھم اللغة العربية آلياالتفاعل بين الن  
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وحيث أن تمثيل . إن الھدف الأساسي لھذا البحث ھو بناء نموذجا لقواعد تقوم بتحليل اللغة العربية لتمكين الحاسوب من فھمھا آليا –ملخص 
إلى ربط العلاقات النحوية للجملة العربية بنظيرتھا من  اللغة، فإن ھذه الدراسة تھدف المعنى يعتبر ركنا مھما وخطوة أساسية في عملية فھم 

وھي نظام مصمم خصيصا لتمكين الحاسوب من معالجة   –) UNL(لغة الشبكات العالمية  وقد قام الباحث بإستخدام . العلاقات الدلالية
حيث ساعدت في بناء مكونات قواعد التحليل اللغوي ومن ثم بناء نظام الفھم كإطار صوري يتم إجراء الدراسة من خلاله،  -اللغات الطبيعية

وقد تم بناء ھذه المكونات بعد اختيار العينة . ھذه المكونات ھي المكون الصرفي والمكون النحوي والمكون الدلالي  ).الشبكات الدلالية(
أما بالنسبة لقواعد التحليل فقد تم كتابتھا باستخدام أداة التحليل   .لازم لھااللغوية التي تحتوي على مائتي وعشرة جملة فعلية وبناء المعجم ال

العلاقات النحوية  نتائج ربط  عند اختبار قواعد التحليل كانت . والتي يتم من خلالھا تحويل اللغة العربية إلى شبكات دلالية) IAN(اللغوي 
 .% 94.8  بنظيرتھا الدلالية دقيقة بنسبة
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Abstract—This paper aims to build a spoken Arabic corpus for Egyptian children. This corpus is special in many ways.It is the 
first corpusofa spoken Arabic forEgyptianchildren. It is acollection of longitudinal child language data.It is a speech- based 
corpus transcribed from recordings of spontaneous conversations.  This spontaneous speech transcribed later using the CHAT 
format as described in the CHILDES(Child Language Exchange System)database.  It provides data in consistent fully 
documented transcription system. The corpus text files transcribed from 10 children (5 boys -5 girls) aged in range from 1.6 
(one year and half) to 4 years with about 5 hour recordings.We obtained audio recording of thirty minutes spontaneous speech 
which produced by children in natural settings. The children divided into five Age groups according to their age.  Each group 
was increase by five months.The recording of children was by a transcriber and parents.  The transcripts of spoken 
interactions providea vast amount of useful data for linguistic, psychological, and sociological studies of child language.Audio 
data presented in WAV file format.  Broad phonetic transcription wasmanually by using CHILDESUnicode and chat program 
codes of transcription.  Transcription based on orthographic conventions of English using IPA symbols.  Approximately 15 GB 
of audio file transcribed.The size of the corpus is nearly 25,645 utterances based on audio files by 10 children. 
Key words:child corpus, CHILDES database. 

1 INTRODUCTION 

The primary motivation for corpus building has been to provide the data needed to address certain theoretical issues.  In 
particular, corpora have been useful for examining the language as well as characteristics of the input language learner 
typicallyhears. Corpora of child are invaluable in supporting specific claims within theories of language acquisition. It is 
possible to use general language corpora as afirst-degree approximation to the input that children receive. [1]Make 
effective use of a corpus of the wall street journal in this capacity.  The shared database can led to advances in 
methodologies and theory.The easy availability of language corpora and their processing tools have opened up many new 
areas of language research, which were unknown to us even a few decades ago.  Language corpora and the results 
obtained from them have put intuitive language study under strong challenge. In most cases, intuitive observation 
provedwrong or inadequate when compared with the findings from corpora. Thus, corpora have proved their utility in 
empirical language analysis, theory making, as well as in theory modification that were missing in intuitive language 
study. Corpora have great applications in language research.  The importance of corpora to language and linguistics 
studies aligned to the importance of empirical data. Empirical data enable the linguist to make objective statements, 
rather than those, which are subjective, or based upon the individual's own internalized cognitive perception of language. 
As language and linguistics studies cannot rely on intuition or small samples of language, they require empirical analysis 
of large database of texts as in the corpus-based approach. Corpus-based methods can used to study a wide variety of 
topics within linguistics. 

Language corpora have long provided a rich source of information about child language.  It was appeared in form of 
diary studies [2] and continue development till today in form of database [3],[4] and tools for computerized corpora 
(e.g.,[5]), which has led to a recent surge in child  language corpora. All the research trends now use computerized data 
exchange system. Build child language corpora raised as the revolution of computer technology and tools.  Thirty-two 
languages around the world build its child corpora and contribute it to CHILDES(CHIld Language Data Exchange 
System)database. CHILDES assist in the development of the field of language acquisition research in two major ways. 
First, the process of systematizing the database for the field will produce a variety of methodological contributions. 
Secondly, analysis based on processing of the database should be able to classify a wide variety of empirical issues that 
can lead to the advance of theory construction.The availability of The CHILDES project has great effect on the field of 
language acquisition research.In addition to, the increase affordability of audio recording equipment, computers and 
memory that made revolutionary changes in the way of research conduction in the child language field and enhanced the 
usability of these corpora for addressing research questions at multiple level of linguistic structure (e.g. phonology, 
morphology, and the lexicon).  The CHILDES project is an initiative, which collects transcription datasets from different 
studies of child language. Any researcher who has made transcriptions of child language can contribute their data to the 
CHILDES database.  It becomes freely available to the entire research community via the project’s website [6].  
Moreover, the contributed datasets was available in a standardized encoding format CHAT. There are significant 
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contributions to the literature on child language based on some dataset that is now part of CHILDES.  The replication of 
the findings in these studies is very high. We can download any CHILDES data and check any claims.  CHILDES 
database is valuable for two possible reasons. First, child language data is difficult to collect and the reuse is not easy.  
Second, the extensive ethical and legal permissions that obtained when a researcher collects samples of child language.  

In Arab countries, there are only two Arab countries such as Qatar and Emirates built their child language corpus 
database and make it available through websites.  Unfortunately, Egyptian Arabic corpora for children not built.  One 
reason makes us build Egyptian corpus for children is that there is no previous Egyptian spoken corpus for Egyptian 
children.  This enthuse us to work on this research.  We need to develop child corpora in Egyptian Arabic for two 
needs.The first need is to develop Corpora of child language, whichare essential for investigate the development of child 
language. The Second need is to document child languagein a standard transcription format CHAT that helps to share 
data. Transcription was originally a process carried out manually, i.e. with pencil and paper, using an analogue sound 
recording stored on, e.g., a Compact Cassette. Nowadays, most transcription is on computers.  Recordings are usually 
digital audio or video files, and transcriptions are electronic documents. Specialized computer software exists to assist the 
transcriber in efficiently creating a digital transcription from a digital recording. The most widely transcription tools used 
in linguistic research is CLAN (Computerized Language Analysis).CLAN is produce by the CHILDES, whichprovides 
tools for studying conversational interactions, as well as serving as a repository for language corpora from around the 
world. CLAN is a software program that used to transcribe sound files using a standard set of rules called “CHAT 
format.” 

In this paper, we construct a spoken Arabic corpus for Egyptian children that based on spontaneous conversation between 
young children and/or parents, researcher. This work will contribute withthree main contributions.First,it is the first 
Egyptian corpus for children.  Second, all the files are in separated text file in a standard transcription format CHAT. 
Third,it is constitute a corpus that compile to CHILDES database 

2 DATA COLLECTION 

A speech sample was a spontaneous speech in unstructured interview.  Data elicited through conversation, naming object, 
pictures around the child in his environment.We usedthe things that children normally use rather than something new, 
and describe what they were doing while playing.  We encourage natural interaction to include all styles such as set with 
child in his class, playing with the child, interacting while mother, and or teacher teaching various things.  Interview 
increasingly structured when the child was able to produce morphemes e.g. when the child was produced singular noun 
the investigator and/or mother asked him about plural competence… and so on. Data collected in nursery by investigator 
(six children), and four at home by mother and/or mother and investigator. 

A. Bases of Corpus Data Collection 

The corpus data collectedin terms of gender control.We took five boys and fivegirls.The corpus data collected based on 
spontaneous speech between investigator and /or mother and children. Therecorded corpus based on longitudinal data.  

B. Materials 
The materials used by investigator and/ or mother to facilitate spontaneous speech production were toys, objects, picture 
books and stories or just talking without any specific topics.  In young children, the activities were children’s daily life at 
home such astaking shower, wearing clothes.  The child must recognize whatever the materials used. We use anything 
that children normally use rather than using something new. 

C. Participants 
Ten children (Five Boys and five) were participated in this research.  The children selected randomly with no history of 
delayed language orhealth problems.  All children were normal and their first language is Arabic.  The children ranged in 
age from 1.6 to 4 years (mean age 2.77).  They divided into five Age groups according to their age.  Each group was 
increase by five months.  Group one: from one year and half to two years, Group two: from two years to two years and 
half, Group three: from two years and half to three years, Group four: from three years to three years and half,  Group 
five: from three years and half to four years.These groups shown in table1 below: 

TABLE I: AGE GROUP RANGE 

No Age range Number of children 
1 1.6 -2 One boy one girl 
2 2 -2.5 One boy one girl 
3      2.5-3 One boy one girl 
4      3-3.5 One boy one girl 
5 3.5 - 4 One boy one girl 

Means 10 
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D. Settings 
We took audio recording of spontaneous speech produced by children in natural settings, whether in child home or 
kindergarten. 

3 THE RECORDING OF THE CORPUS 
Recording took place in a quiet room.  The presumed time of recording for each child is to be 30 minutes with total 
approximately five hours.  The length ofinteraction was varying. In young children below two years, recording was on 
intervals because young children were easily frustrated and much moveable and needs many things during recording such 
as go toilet or eat.  In only one youngboy who is age below two years his mother recorded his speech at home and 
investigator continue recording at nursery.  Another young girl who is age below two her mother recorded 15 minutes 
and continues 15 in the next day.  Recording held by using high quality recorderSony/WM-GX322 and tapes for seven 
children and three children directly recorded digitally through phones.  Each child was informed that heor/she will 
recorded his or/her speech.  All children were happy during recordingtheir speech, play with cassette and/or phone, and 
wait to hear their voicesafter recording.  After recording, the children’s audio data saved on computer.  Transcripts of the 
recorded speech made later. 

4 PROBLEMS IN DATA COLLECTION 
Since collecting data is very large task, because the process of transcribing naturalistic samplesis extremely time-
consuming activities.  Each child took about 32 hours for transcription with total 320 hours of transcription, with 
average32hours. We were manually transcribed approximately 25,645 words for all 10 children.  This inevitably restricts 
the amount of spontaneous data that collected and result in the researcher relying on relatively ten samples of child’s 
data.We sum the total number of transcribed words for each child, as shown in table 2. 

TABLE II 
SUMMARY OF STATISTICS OF THE CORPUS DATA 

CHILD Age 
 

Line 
number 

Number of 
investigator 

items 

Number 
of child 
items 

Total 

1 1.7.2 1049 1070+  311 
Mot + Inv 

384 1765 
 

2 1.9.20 961 1122 385 1507 
3 2.2.18 1345 1448+  760 706 2914 
4 2.4.19 1304 1882 1105 2987 
5 2.10 833 1351 627 1978 
6 3.0 1272 1949 1277 3226 
7 3.5.9 737 657 2402 3059 
8 3.5.20 2491 1380 1321 2701 
9 3.7.12 1116 1686 1158 2844 

10 3.8.1 960 1252 1412 2664 
Total 12068 14868 10777 25,645 

5 METHOD 
In this section, we will explain the procedures used and summarize of the steps used in data collection. First we had a 
permission from the child’s mother and/or headmaster of kindergarten fortunately all the mothers and all the headmasters 
of kindergartensagreed to let their children participate. We spent half an hour in the class interacting with all children 
gave them candies and sweets to feel familiar. Then we took the child and set in quite room.  We audio recorded one 
young childwho is age1.7 spontaneous speech with his mother. We record one, and/or two child per time. There is no 
pressure on the child to continuerecording every child show pleasure and acceptance to record. They were happy with 
cassette recorder especially and the wait to hear their voice after recording.  We took notesafter recordingregarding 
comments on child pronunciation or articulation.  In one subject, the investigator set with mother to assure and revise the 
pronunciation of some words produced by her child. In another child, the researcher asks the mother to write the script of 
the conversation and the situation of her child recording who is an age1.9 year to check the pronunciation. 

6 DATA PRE-PROCESSING 

A. Preparing CLAN Software 
First, we download the installation files for CLAN from [7]. When we download CLAN, we get CHAT along with it.The 
CHILDS directory has subfolders: the main ones are CLAN, LIB, and MOR.  We also put media file inside the CHILDS 
directory.After we opened CLAN program we set the working and lib directories before running CLAN. The CLAN 
window and command window looks like as shown in Fig. 1. 
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Figure 1: CLAN window. 

B. Sound File Editing 
We have data from tapes and memory cards. We transferseven recorded children’s audio data from tapes in computer 
(laptop) by using a cable from cassette to computer (laptop) and saved the sound files.  We install three reordered 
children’s audio data from mobile memory by using cable.  Audio data file should be in .wav format.  We used cool edit 
program to save the file in wav and reduce the big size of file.For example, the size of one child sound file before cool 
edit was1.34GB and after we applied, become 345MB.In addition, the file rates become 48 Hz, which required for open 
the file in CLAN program.  We use audacity program to remove noise from some audiotaped recording.  The 10 digitized 
sound wave files saved in the subdirectory folder of CHILDES. Moreover, we installed quick time program to enable 
listen to audio file.We put all the sound files inside the subdirectory folder of CHILDES. Therefore, the program easily 
finds files when we transcribe it. 

C. Text File in CHILDES Format 
The sound files transcribed into text files in CHAT format.  Our transcriptions conventions follow the CHAT-
conventions of the CHILDES database.  CHAT is an acronym for Codes for the Human Analysis of Transcripts.  The 
CHAT format specifies a set of rules for transcription and specifies which additional meta-information provided with a 
transcript file.  CHAT provides both basic and advanced formats for transcription and coding.  The CHAT system 
provides a standardized format for producing computerized transcripts of face-to-face conversational interactions.  These 
interactions may involve children and parents, doctors and patients, or teachers.   
 
There are three major components of a CHAT transcript:  the file headers, the main tier, and the dependent tiers Headers.   

A. Headers 
CHAT uses five types of headers: hidden, obligatory, participant-specific, constant, and changeable. We will mention 
below: 

1) Hidden Headers: 
There are three hidden headers appear before this header.  These are the @Font header, the @UTF-8 header where all 
files in the database use this header to mark the fact that they are encoded in UTF-8., and the @Color Words which 
appear in that order. 

2) Obligatory Headers: 
CHAT has seven initial headers. The first six headers @Begin, @Languages, @Participants,  @ID, and @Media @End 
are obligatory for each file. The last one @End appears at the end of the file as the last line. 
 
@Begin 
@Language: ara 
@Participants: CHI Merna Target_Child, INVInvestigator 
@ID: ara|sample|CHI|3.8.1|female|||Target_Child|| 
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@ID: ara|sample|INV|||||Investigator|| 
@Media: Merna audio 
@End 

3) Participant Specific Headers: 
The third set of headers provides information specific to each participant.  Most of the participant specific information is 
in the @ID tier. 
@Birthplace of #: 

4) Constant Headers: 
Constant headers mark the name of the file and the background information of the children. 
@Location:      kindergarten 
@Time Duration: 12:30-13:30 
@Transcriber: Investigator 

5) Changeable Headers: 
Changeable headers contain information that can change within the file.  Changeable headers occur at the beginning of 
the file along with theconstant headers. 
@Activities: Asking Question, Naming objects, telling stories 
@Date: 
@Situation 

B. Tiers 
The content of a file presented in CHILDS as tiers.  There is a main tier and several dependent tiers for each line 
(utterance).  

1) Main Tiers: 
The main tier is the most important tier because it is where the utterances listed. It is marked with an asterisk (*).  After 
the asterisk, there is a three letters speaker ID, a colon and a tab. The main tiers used in our Arabic corpus include the 
following: 
*INV: utterance of investigator 
*CHI: utterance of child 
*MOT: utterance of mother 
*OTH: utterance of another child during recording 

C. Dependent Tiers 
Dependent tiers are optional additions to the transcript. These tiers begin with the % symbol and can contain codes and 
commentary regarding what was said in the Main Tier directly above it. There are some basic rules for coding dependent 
tiers. We will mention it in the following points. 
1- Dependent tiers wrote on separate lines, because the extensive use of complex codes in the main line make it 
unreadable.  
2- All dependent tiers begin with the percent symbol (%) followed by a three-letter code in lowercase letters.  
3-The dependent tier code is the percent (%)symbol, followed by a three-letter code ID and a colon such as”mor” for 
morphology.  
4- The text of the dependent tier begins after the tab. 
 
This is an example of Sample file coded in CHAT format: 
@Begin 
@Language: ara 
@Participants: CHI abdrahmanfawzy Target_Child, INV Investigator 
@ID: ara|sample|CHI|3.0|male|||Target_Child|| 
@ID: ara|sample|INV|||||Investigator|| 
@Location: kindergarten 
@Transcriber: Investigator 
@Birth of CHI: 8-june-2000 
@Age of CHI: 3.0 
@Date of Recording: 8-June-2003 
@Time duration: one hour and ten minutes  
@Activities: asking Question, naming Objects, telling stories, conversation 
@Source of transcription: audio tapes 
@Media: abdrahmanfawzy audio  
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*INV: ʔe tӕ:ni ?  
*CHI: bos̱̱s̱̱i  
*INV: ʔe: do:l ?  
*CHI: 0 [+ trn]  
%act: the child looks attoys 
*INV: ʔe: do:l ?  
*CHI: huh?  
@End 

7 SAVING .CHA FILE  
We saved transcriptfile with a complete set of header information with the exact same name as the audio, except with.cha 
where .cha stand for CHAT fileformat. We saved the transcript file in the same folder.  For example, Farah. Cha, Farah. 
Wav.  Then we started the full transcript.  

8 LINKING TEXT TO AUDIO 
The CLAN editing links transcripts with audio files.Linking text to audio is very important aspect of CHAT/CLAN.  It 
increases transcription accuracy and allows an infinite number of reviews or analyses of our transcript.  In addition, it 
allows us to export a given utterance to COOL EDIT, or PRAAT to do acoustical analysis of what we have recorded. As 
the acoustic analysis reveals features such as speech rate, articulation of individual words, prosodic contour. 

A. The Process of Linking 
We will summarize the steps of linking text to audio: 
1- First, we press the F5 key to begin linking causes a “bullet” to appear and the cursor move to the next line. We can 
insert 10 to 20 bullets to start after that, we wrote a transcription related to the recording. 
2- At the end of the recording, we type @End. 
3- Each time we place the cursor by a “bullet” and press F4, we hear the segment of the recording linked to that line. 
4- We press escape-8 for continuous playback. The CLAN highlights each utterance as it played. 
5- We press F5 to see the transcript of the segments of the recording linked to the lines transcribed.  
 When we finished linking the file, the transcript will look like as shown in Fig.2. 
 

 
Figure 2: The transcript shape after finished linking the file. 

9 GOALS OF TRANSCRIPTION 

A transcription system is address two different audiences.  One audience is the human audience of transcribers, analysts, 
and readers.  The other audience is the digital computer and its programs.  To deal successfully with these two audiences, 
a system for computerized transcription needs to achieve three goals.These three goals are clarity, readability, and ease 
data entry.Our transcription conform the three major goals, which the CHAT format designed to achieve [8]. The three 
goals of transcription are as the following: 

A. Clarity 
Every symbol used in the coding system should be clear anddefine real world referent. The relation between the referent 
and the symbolis consistent and reliable.  Symbols that sign particular words always spelled in a consistent manner.  
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Symbols that sign particular conversational patterns should refer to actual patterns consistently observable in the data.  
Another way of clarity is through the systematicity.  Systematicity is a simple extension of clarity across transcripts or 
corpora.  Codes, words, and symbols used in a consistent manner across transcripts.  Each code should have a unique 
meaning independent of the appearance of other codes. 

B. Readability 
The goal of readability is more important than the goal of clarity of marking. The human language needs to be easy to 
process, so transcripts need to be easy to read. In the CHILDES system, there are varieties of CHAT options that allow a 
user to maximize the readability of a transcript.  

D. Ease Data Entry 
When the distinctions increase within a transcription system, data entry becomes increasingly difficult and sensible to 
error. There are two ways todeal with this problem.  The first method tries to simplify the coding schemeand its 
categories. The problem with this approach is that the loss of clarity. Thesecond method tries to help the transcriber by 
providing computational aids.Therefore,The CLAN programs follow this path provides systems for the 
automaticchecking of transcription accuracy.  

10 TRANSCRIPTION PROCESS OF AUDIO FILE 

A. From sound File to text File 
After we preparedall text file, all sound filestranscribed into text files.  There are rules for making a transcription.  The 
programs expect transcripts to be in a particular way, or they will not run.  Thus, we download a Unicode and use the 
IPA symbol found in ‘keyman’ program from CHILDS site keyman [9] program to use in making transcription.Our data 
transcribed and coded in the CHILDS format [10].  The keyman windows work on screen so it facilitates transcription 
process.  Our recordings transcribed based on orthographic conventions of English using IPA symbols to be easy to 
access through database in internet.We used broad phonetic transcriptionto look at overall gross structure of the 
conversation or the relative distribution of turns-at-talk amongst the participants[11].Most of the data included in the 
CHILDES database document the development of a particular child without focusing on a specific issue. However, the 
transcripts have been primarily prepared to investigate the development of lexical and morphosyntax phenomena.The 
transcriber was the investigator and the checker.  Extra speaker system used to amplify the sound for more clear sound 
during transcription.The transcript sample looks like, asshown in Fig.3. 
 

 
Figure 3: Transcriptsample. 

 
As the major goals of CHAT is to maximize systematicity and minimize inconsistency.  Mapping the speech of language 
learners into standard adult forms is not an easy task.Therefore, CHAT provides various tools that mark some of these 
divergences of child forms from adult standards. CHAT is a powerful program as it tracks a wide variety of structures, 
compute automatic indices, and analyze morphosyntacx.  The basic units of CHAT transcription are the morpheme, the 
word, and the utterance.  There are rules to achieve the goal of consistency for word-level transcription. The programs 
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expect transcripts to look a certain way.  We will explain in the following sections the rules of consistency and codes of 
divergences. 

B. Transcription Code for Main Line and Basic Word 
In this section, we will discuss the principles for transcribing words and morphemes in the main line.  The main Lines 
begin with a * and the three letters CHI indicate the speaker.  After the three letters code is a colon and tab.  CLAN 
automatically put in an asterisk and a colon followed by a tab and then the bullet. The reminder of the main tier line is 
composed primarily of a serious of words. Words defined as a series of ASCII characters separated by space. All 
characters that are not punctuation markers areparts of words.  The default punctuation set includes the space and these 
characters are {, - . -; -?- !- [ ]-<>}. Not all these characters or the space not used within words. While non-letter 
characters such as the plus sign (+) or the sign (@) can be used within words to express special meanings.  The basic 
words on Main lines are composed of words and other markers. Words are pronounceable forms, surrounded by spaces. 
Most words are entered are found in the dictionary.  The first word of a sentence not capitalized, unless it is a proper 
noun. We will present some examples for CHAT conventions used in transcript files, as shown in table 3. To see more 
example of conventions visit [12]. 

TABLE III 
EXAMPLE OF CHAT CONVENTIONS 

CHAT conventions for main 
line  

Code Example 

Special form marker @s: second-
language 

*CHI: merci@s:f  

Unintelligible speech xxx *MOT: ʔe: dӕ ? 
*CHI: xxx . 
*MOT:  ʔe:h ? 

Untranscribed Material www *MOT: www. 
%exp: talks to neighbor on the telephone 

Action without speech 0 *MOT: beteʕmeli ʔe fi Fathalla ?  
*CHI: 0  
%act: the child is looking at the book 

Phonological Fragments & *CHI: &f &f &f fo:ʔʔ. 
Non completion of word text(text)text *MOT: we dæ ʔe: dæ? dæ ʔesmu ʔe: dæ? 

*CHI:   soʕ(bæ:n) 
Letters @l *INV: betӕxo:d ʔe:h ?  

*CHI: ɡi:m@l we zӕ:l@l zeʔb 
Assimilations [: ] ʔekko:rsi [: ʔelko:rsi] 
CHAT conventions forspecial 
utterance terminators 

Code Example 

Trailing Off +... *CHI: ʔӕxo ʔelʔerd dӕ. bijeṯlaʕ foʔʔ +…. 
*INV: ṯab bos̱̱s̱̱ ʔelfi:l ʕӕ:mel ʔe:h 

Interruption +/ *INV: bijeʕmel ʔe: +/  
*CHI: we dӕ bo:bi kӕmӕ:n 

Explanation [= text] *CHI: ʔӕnӕ ʔӕkteb dӕ [= pen] 
 

Retracing 
[//] 

 

*CHI:  <ʔӕnӕ bӕlӕwwen> [//]bӕlӕwwen 
beʔӕlӕm [*belʔӕlӕm] [*f:w] 
 

Errors    
[*] 

*CHI: ʕӕnd ʔettemr [: ʔennemr] [*p] we 
ʔettemr [: ʔennemr] [*p] ʕӕmmӕ:l ʔӕlʕӕb 
mӕʕӕ:h. [*p].means phonological error. 

11 Conclusions 
We introduceda construction ofspoken Arabiccorpus for Egyptian children. We introducedhow to transcribe data with the 
most widely transcription tools used in linguistic research CLAN program.CLAN is a transcription editor with a large 
functions produce by the CHILDES. CLAN used to transcribe sound files using a standard set of rules called “CHAT 
format.” 
comments that I needed through all stages of this research , for his constant encouragement to do this research the best 
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 بناء مدونة لغویة عربیة للأطفال المصریین
 جمع البیانات 

 هبه سلامة، سامح الأنصارى
 قسم الصوتیات واللسانیات، كلیة الآداب، جامعة الإسكندریة، الشاطبي، الإسكندریة، مصر

 
انها اول ) 1(بالعدید من الخصائص منها طفال المصریین وتتمیز هذه المدونة لغویة عربیة منطوقة للأیهدف هذا البحث بناء مدونة 

 تم نسخ. علي الكلام التلقائي تعتمد )3.(عبارة عن دراسة طولیة للغة الطفل) 2. (طفالمدونة لغویة خاصة باللغة المصریة للأ
مشاركة و  نترنتلسهولة وضعها علي الأ موحد كتابة صوتیةالتي تقدم نظام  CHAT formatالموجودة في قاعدة البیاناتالكلام 

. سنوات 4الي  1,6من عمر  )بنات5 -اولاد 5( اطفال  10ملفات تم تسجیلها من  10تحتوي المدونة علي  .البیانات بین الباحثین
حجم .من خلال الانشطة التي یقوم بها الطفل الباحث ووالدة الطفلتم تسجیل بواسطة . ساعات 5اجمالي عدد ساعات التسجیل 

 .طفالللأ جتماعيفي دراسات التحلیل اللغوي والسیكولوجي والأ هذه البیانات تفید. كلمة 25,645الي جیجیا بایت حو  15المدونة 
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