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Abstract 

For a natural language, morphology is the very basic layer over which the higher syntactic 

and semantic layers are built. So, most of the software systems concerned with the natural 

text-based human-machine interaction are either direct or indirect candidates of reliable 

and efficient computational morphological processors. Through out all the significant 

contemporary natural languages, Arabic has the most elaborate though systematic 

morphological system. It is hence an excellent candidate of modeling without which any 

serious computational processing of the Arabic language, with all of its layers, is infeasible. 

An industry-quality computational processor of the Arabic morphology − called 

Morpho3 − along with a host of dependent applications as well as complementary utilities 

have been implemented. This thesis presents the theoretical basis upon which this 

morphological processor has been built as well as its domain of applications. Special 

attention was given to explaining how Morpho3 approaches the main problems that 

challenge any serious system for processing the Arabic morphology such as coverage, 

tolerability and ambiguity. 

Morpho3 may be regarded as a demonstration of how a rule-oriented knowledge base 

and a statistical knowledge base can be married towards solving problems in computational 

linguistics.
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Introduction 
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1.1 Morphological Processing 

The morphology of any natural language is the linguistic system that governs how the 

words of this language are built.  

For a written language, morphology is the most basic layer over which the higher 

syntactic and semantic layers are built. So, most of the software systems concerned with 

the natural text-based human-machine interaction are candidates of the computational 

processing of morphology. Several such systems rely on morphological processing directly 

such as smart search engines, spell checkers, dictionary binders, high accuracy OCR 

systems, text-to-speech converters, etc1. Some others need morphological processing 

indirectly, as a basis of higher linguistic layers, such as the natural language interfaces of 

expert systems. 

The morphology of any language is different from that of any other one. In specific, 

the morphology of Arabic is distinctly sophisticated as well as regular. To produce a 

practical and reliable computational processor of the Arabic morphology that overcomes 

such sophistication and utilizes such regularity, one must rely on a clear, simple, coherent 

and compact mathematical model of the Arabic morphology. Building such a model is the 

main issue of this thesis. 

1.2 Previous Work on the Arabic Morphological Processing 

Since the mid 80's, when PC's started to be popular in the Arabic world, the question of 

"computerizing" Arabic has become a serious one. In spite of the flood of meetings, 

conferences, literature, scientific societies and even public speeches that one can find all 

around, one can count only few real initiatives towards the computational processing of the 

Arabic language. Amazing enough is that some of these few initiatives are majorly led by 

non-native Arabic speakers!  

The actually implemented systems of the computational processing of Arabic are 

mostly Arabic morphological processors. These systems can be divided into two 

categories: 

1. Systems implemented by individuals as part of their academic activities. 

2. Systems implemented by commercial organizations for realizing market applications. 

                                                 
1 Chapter 3 is devoted to a detailed discussion of several such software systems. 
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The power point of the systems of the first category was that they presented some 

good ideas as well as some formalization. The weak point was that these systems were 

mostly partial demo systems. They gave a higher priority to demonstrating the new ideas 

over producing complete mature engines capable of dealing automatically with real-life 

Arabic text. Unfortunately, many significant problems do not manifest themselves unless a 

real-life large scale system is intended. 

On the other hand and driven by the market need for the applications of Arabic 

morphological processing (specially the need for smart-search engines), the systems of the 

second category enhanced the theoretical arguments presented by the ones of the first 

category to produce usable Arabic morphological engines.  

As the system presented here belongs to the second category rather than the first one, 

the two most representative commercial Arabic morphological processors; Sakhr™'s and 

Xerox™'s are discussed here.  

Sakhr's Arabic morphological processor was the best system achieved by native 

Arabic speakers. Nevertheless, it suffers from the following shortcomings: 

1. Each regular derivative root is allowed to combine with a selected set of forms (or 

patterns) to produce only words that can be found in standard Arabic dictionaries. 

The morphologically possible Arabic words that are not registered in these 

dictionaries are not considered. The problem of this restriction is that even the most 

elongated Arabic dictionaries do not list all the used Arabic vocabulary at its time 

(like ref.[3] which is regarded as the most elongated the medieval Arabic language). 

Moreover, the language is a dynamic phenomenon, i.e. an unused possible word at 

some time may be indispensable at a later time. Also, an unused word at some Arabic 

country (e.g.: Egypt) may be famous at another Arabic country (e.g.: Syria). 

2. The orthography (the writing style) of the Arabic text makes the written words 

morphologically ambiguous, i.e. each word has multiple possible analyses. The 

approach of disambiguation is statistical which is powerful in principle. However, the 

actual implementation of statistical disambiguation at Sakhr suffers from the two 

following problems: 

i) The statistical database was built from a text corpus once and forever, i.e. the 

system can not be trained by another text corpus or even be extra trained by 

extending the primary text corpus.  

ii) Disambiguation is made by considering only the monograms of words (the 

frequency of single words) in the text corpus and does not count for the 
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correlation among the neighboring words. Considering correlation makes 

statistical correlation far more effective than overlooking it. 

3. The morphological model is a heterogeneous one, i.e. it treats regular derivative 

words in some way, the irregular derivative ones in another way, the fixed words in a 

yet different one. This heterogeneity is not theoretically sound. More important is that 

it unnecessarily complicates the applications built over the morphological analyzer.  

4. As Sakhr did not publish any technical documents about its Arabic morphological 

analyzer, no one knows exactly how does its model of Arabic morphology look like. 

From the experimentation with its morphological analyzer, however, it can be 

inferred that ad hoc's exist here and there. A lot of ad hoc's causes a lot of subtle 

problems. This is specially noticed with the conjunction of affixes with the word 

body (or stem).  

On the other hand, Xerox's Arabic morphological processor1 was the best system 

implemented by non-native Arabic speakers. Also, it suffers from the following 

shortcomings: 

1. Each regular derivative root is allowed to combine with a selected set of forms (or 

patterns) to produce only words that can be found in standard Arabic dictionaries. 

The morphologically possible Arabic words that are not registered in these 

dictionaries are not considered. This is the same corresponding shortcoming of 

Sakhr's system mentioned above.  

2. Xerox system has no mechanism of disambiguation! 

3. The underlying morphological model is a heterogeneous one, i.e. it treats regular 

derivative words in some way, the irregular derivative ones in another way, the fixed 

words in a yet different one. This is the same corresponding shortcoming of Sakhr's 

system mentioned above.  

4. This system is made by non-native Arabic speakers. Moreover, they also selected 

dictionaries and references on the classical Arabic morphology written by non-native 

Arabic speakers. Some concepts as well as many fine points are misunderstood or 

simply overlooked. Also, a significant portion of the morphological entities (roots, 

                                                 
1 One can find a rich material (history, papers, NLP systems to test, ..., etc.) on Xerox's NLP research 

reactivities on http:\\www.xrce.xerox.com/research/mltt. Materials specifically on the Arabic language are 

found on http:\\www.xrce.xerox.com/research/mltt/arabic. Also this material can be requested by paper 

mail at "Xerox Research Centre Europe, Grenoble Lab., 6, chemin de Maupertuis, 38240 MEYLAN, 

FRANCE". 
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forms, prefixes or suffixes) are absent or mistaken. So, the coverage of the final 

system is not excellent especially when the system is tested against a literature-

oriented or an old Arabic text1. 

5. The finite-state based morphological model is an involved one. To transform a 

written rule from its classical statement to its finite-state form, one needs an 

automatic tool to do so. Because Arabic does not fit this model perfectly2, one can 

not automate the transformation process and have to tediously do so by hand3! 

1.3 This System "Morpho3" 

The system described here is called Morpho3. Morpho, which stands for Morphology, has 

been developed in RDI labs. Morpho2 and Morpho3, developed by the author of this thesis, 

can be considered as descendants of Morpho1 developed by Nagy Fatehy Mohammad (See 

ref.[22]). Morpho3 in its final form has the following advantages over the competing 

systems: 

1. Each regular derivative root is allowed to combine with any form as long as this 

combination is morphologically allowed. This allows Morpho3 to deal with all the 

possible Arabic words and removes the need to be tied to a fixed vocabulary as 

shown in sections [2.5] and [2.6].  

2. Morpho3 uses a powerful dynamic m-gram statistical disambiguation technique. 

"Dynamic" means that the statistical knowledge of the system may be altered or 

adjusted any time to consider any desired text corpus. M-gram means that the system 

considers the statistical correlation among the words and their neighbors as detailed 

in chapter 8. 

3. The morphological model of Morpho3 is a homogeneous one, i.e. it treats regular 

derivative words in the same way as the irregular derivative and the fixed ones. This 

homogeneity is theoretically sound. More important is that it simplifies the 

applications built over Morpho3.  

                                                 
1 Xerox developers confess that their Arabic morphological analyzer is intended to cover only modern 

Arabic (called sometimes the Arabic of press). 

2 Xerox developed this technology originally to deal primarily with modern European languages. 

3 Xerox developer K.R.Beesley says that Xerox started its work on the Arabic morphological analyzer in 

1991 and ended with a system-under-test in 1997. Several talented people worked on its theory and 

implementation. The Arabic Morphological Analyzer described by this thesis (Morpho3) took only three 

years (1997 to 1999) by one man! 
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4. This system covers almost the whole Arabic morphological phenomenon. It can deal 

with modern Arabic text as well as ancient Arabic text. It can also deal with Arabic 

business text, literature and scientific-oriented text as well. 

5. The morphological model employed by Morpho3 is a consistent and coherent one 

that almost contains no ad hoc's. So it is less error prone. 

6. Also, this morphological model is a simple compact one. So, scripting the 

morphological entities in Morpho3 is an easy straightforward task as long as one 

knows the classical morphological properties of the entities as shown in chapter 5. 

1.4 Thesis Overview 

In the next chapter, Arabic morphological processing is gradually presented until it is 

formally defined by the end of the chapter. In chapter 3, several interesting applications are 

demonstrated. Chapter 4 puts hands on the main three challenges before Arabic 

morphological processing; namely coverage, tolerability and ambiguity. These three 

chapters may be regarded together as part one which presents the problem. 

Chapter 5 shows how to build a consistent and compact morphological knowledge 

base. While chapter 6 details the morphological analysis algorithm, chapter 7 details the 

complementary morphological synthesis process. Finally, chapter 8 describes a powerful 

statistical technique for disambiguation. These four chapters may also be regarded together 

as part two which solves the problem. 

Finally, chapter 9 presents the conclusions of this thesis and some suggestions for 

future work. Good reading. 
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2.1 The Definition of a Word 

As morphology is concerned with the analysis of words, it is primary to define the term 

word. Although linguists may enjoy endless discussions about what a word definitely 

means1, we fortunately follow a much straightforward and easier approach. As words are in 

the form of written text, we operationally define a word as it is defined by any text editing 

program: 

A word is the alphanumeric string between any two non-alphanumeric characters.  

Example [2.1]: Illustrating the definition of a word. 

This short paragraph illustrates the operational definition of the term “word” in Morpho3. 

Each underline marks a whole word. 

2.2 The Definition of an Arabic Word 

As with the definition of word, Arabic linguists do not agree on what an Arabic word 

definitely means. Here also, we operationally define an Arabic word as: 

An Arabic word is a word, as defined above, which meets the following two 

conditions: 

1. All its characters are bare or diacritized Arabic alphabets (Diacritics are introduced in 

section [2.3].) 

2. It belongs to either of the following two categories: 

i) The original Arabic words. 

ii) The Arabized words. 

Original Arabic words are divided in turn into two sub-categories: 

- Derivative Arabic words: These are the verbs and nouns that are built 

according to the Arabic derivation rules2. The sweeping majority of the Arabic 

words belong to this category. 

- Fixed Arabic words: These are a set of words molded by Arabs, anciently, and 

do not obey the Arabic derivation rules. Most of these fixed words are neither 

verbs nor nouns, most of them are functional words like pronouns, 

prepositions, conjunctions, question words, and the like. They may be best 

regarded as the glue that ties the words of the Arabic sentence together. The 

                                                 
1 See for example Ref.[25], ch. 28, pp. 579. 

2 Derivation is detailed in section[2.5]. 
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category of the fixed Arabic words contains a limited number of members 

(While building our system “Morpho3”, we found about 260 significant fixed 

words only.) 

The Arabized words are nouns borrowed from foreign languages (perhaps with some 

phonetic adjustments to suit the Arabic pronunciation) and have become common 

among the native Arabic speakers. To preserve the purity of the Arabic language, it is 

not preferable to consider a word in this category unless its meaning has no counterpart 

in the category of the original Arabic words.   

Figure[2.1] summarizes the definition of the Arabic word.  

 
Arabic word

 ArabizedOriginal

Derivative Fixed
 

Figure [2.1]: The classification of the Arabic words. 

Although the number of the derivative Arabic words is much larger than both the 

fixed Arabic and the Arabized words, the frequency of the latter ones, specially the fixed 

words, is considerably high that any treatment of Arabic must treat all the above categories 

with the same degree of care.  

Example [2.2]: The fixed words are frequent in the Arabic text. 

َّاُلووح اُوٖيرح رىضِّؼ  ٛنٙ ٌّ وَُؼِزَلٗ  فيرٌواه أٌُِبد الجبٓلح  ؤ ِّ اُؼوبيِّ ٓه . ثٚاُٖ٘
َُٖٔيُ  ُّورُ  .تحزهباُلٔوْوح بخظٍّ  ٛنٙ فئًِخ عبٓلح  ً

Total number of words in the paragraph = 23. 

Number of fixed words in the paragraph = 8. 

Frequency of fixed Arabic words in the paragraph = 8/23  35% 
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2.3 Arabic is a Diacritized Language 

The pronunciation of a word in some languages, like English, is almost always fully 

determined by its constituting characters. In these languages, the sequence of consonants 

and vowels determines the correct corresponding voice while pronouncing a word. Such 

languages are called non-diacritized languages.  

On the other hand, there are languages, like Latin, where the pronunciation of their 

words cannot be fully determined by their spelling characters only. In such languages, two 

different words may have identical spelling whereas their pronunciations and meanings are 

totally different. To remove this ambiguity, special marks are put above or below the 

spelling characters to determine the correct pronunciation. These marks are called 

diacritics and the language that uses them is called a diacritized language. Arabic is also a 

diacritized language. In fact, Arabic has the most elaborate diacritization system. 

Table[2.1] shows the Arabic diacritics and the significance of each one. 
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Table [2.1]: The Arabic diacritics and the shadda. 

Diacritic Name Sounds like Examples Comments 

ََٖٓ٘غ، a كزؾخ Fateha عَ (1) ٌَبكَإح،  ٓ 
 ثَوَاءَح، ػََِْ

 

ٖٔخ Damma عُ (2) ُٔىّ، o ضَ ُٛ  ًِزُت، 
 ُٕواؿ، ػُىك

 

ٓٔه٘خ،  e ًَوح Kasra عِ (3)  ًٔزبة، 
ْٔٔٛ  ػُٔبٍ، 

 

ٌٍُىٕ Sokoon عِ (4)  A non 

vowelized 

consonant 

 ػىِٕ، إَِٗبٕ،
 هؤْي، اٍزؼِٔبٍ 

 

 Tanween fateha ػّب (5)

 ر٘ىَٖ كزؾخ
Fateha + ْٕ  ًزبثّب، نهبَخً، 

ّٓب، صواءً   عؼب

Only the last character may be 

assigned this diacritic 

 Tanween damma عْ (6)

 ر٘ىَٖ ضٔخ
Damma + ْٕ ؽٖوْ، هٖىهْ،  

 اٍزؼلاكْ، ٍوكْ

Only the last character may be 

assigned this diacritic 

 Tanween kasra عٍ (7)

 ر٘ىَٖ ًَوح
Kasra + ْٕ  َٓبءٍ، ٓلاهبحٕ، 

 ٍّ ٕٕ،  لزب  ٓؼب

Only the last character may be  

assigned this diacritic 

َٓلٓ Vowel ا ، و ، ي (8)  Long (a), (e), 

or (o) vowel 

َـبلً، هَبٍ،  ًَبرت، ٓ
حٔمير، ػُٔل،  عٔين، 
ًِىكئ، هُوػ  ثُُىد، 

 

 Alef leyna ي (9)

 ؤُٔق ٍَُُّ٘خ
Long (a) vowel  ،ًَِْز َٓ ٖٓغلًَ، 

 ٗبكَي، ٓـبًَُ

Only a terminal ي may be 

assigned this diacritic. 

 Bypassed ا (10)

character 

 ؽوف ؿير ٓ٘غىم

Not 

pronounced 

َٖٔبء،  َٖٔبء، واُ اَُ
 هبُِىا، ؤِوُئي

 

 Hidden alef vowel ع (11)

زو ثبلأُٔقَٓلٌّ َٓز   

Long (a) ،ٛنا، مُي 
 اُوحمٖ، ٛؤلاء 

 

َّلٖح  Shadda عٓ (12)   ِّ  ٍِ+ٍْ= ٓؼِِّْ؛ 

 دَ+دِ= ًِزٖبة؛ دٖ 
 مْ+مِ= ؽنٌّ؛ مٌّ 
 ٗٓ ٖٗجؼ؛   ُٓ+ِٓ= اُ

In fact, shadda is not a 

diacritic but is a mark of 

doubling the character while 

pronouncing it. The character 

with a shadda needs another 

diacritic (from no.1 to no.7) to 

determine its vowel. 

Each character in an Arabic word must be assigned two things about diacritics: 

1. The shadda state of the character. (With Shadda/Without Shadda.) 

2. The diacritic of the character. 

These are called the diacritic information of the character. 
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Unfortunately, in today Arabic writing, people do not explicitly mention diacritics. 

They depend on their knowledge of the language and the context to supply the missing 

diacritics while reading a non-diacritized text. They only mention diacritics in writing 

when a severe ambiguity is feared or for educational purposes. An automatic 

morphological analyzer must consider diacritics in its model of Arabic word and must also 

have some mechanism of figuring out the missing diacritics of a given Arabic word (The 

mechanism of supplying the missing diacritics is presented in chapter 7.) 

We conclude this section with a definition of each of the three diacritization states of 

an Arabic word:  

1. Full dicaritization: It is the assignment of all the diacritic information for each 

character in the word including the last one. In Arabic, the diacritization of the last 

character sometimes depends on the syntactic analysis of the word within its 

sentence. 

2. Half diacritization: It is the same as full diacritization except for that it does not 

provide the diacritic mark of the last character if it depends on the syntactic analysis 

of the word. As the morphological analysis deals with words one by one and does not 

analyze the sentence as a whole, it can only be hoped to provide half diacritization.   

3. Partial diacritization: Any other diacritization state of the word that provides less 

diacritic information than half diacritization is called partial diacritization. 

Example [2.3]: An example on each of the three diacritization states of the Arabic 

word. 

No diacritization إما ً٘ذ ما هِت ه٘ىع كإٗذ وٓبُي اُلُٗب ٍىاء 

Partial diacritization ٍَُىَاء  إما ً٘ذَ ما هِتٍ ه٘ىعٍ كإٗذ وٓبُٔي اُلُٗٗب 

Half diacritization ٍَىَاء َٓبُٔي اُلَُِٗٗب  ًِِ٘ذَ مَا هَِْت هَُ٘ىع كَإَِٗذَ وَ  إمَا 

Full diacritization َُٓبُٔي ٍَىَاءُ كَإَِٗذَ وَ اُلَُِٗٗب  ًِِ٘ذَ مَا هَِْتٍ هَُ٘ىعٍ   إمَا 

2.4 The Prefix-Body-Suffix Structure of the Arabic Word 

In some modern European languages like English, a word may be a verb, a noun, a 

preposition, an article,  ..., etc; i.e., a word in such languages is usually a single entity. In 

Arabic, the situation is more complex. Example[2.4] shows some simple English sentences 

and their Arabic translations. It also tabulates the Arabic words and their English 

counterparts in these statements. 
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Example [2.4]: An Arabic word may correspond to more than one English word.  

Mohammad gave me many things 
ٖٔلْ ؤُّبءَ ػلَلحًؤػِ  غبني لز

Arabic word English counterpart  
ٖٔل   Mohammad لز

غبنيؤػِ  Gave me  
  Many ػلَلح
  Things ؤُّبء

 

He returned my book 
 ؤػبكَ ًزببي

Arabic word English counterpart  
  He returned ؤػبكَ
  My book ًزببي

 

I will do it 
 ٍٚإػِٔ

Arabic word English counterpart  
  I will do it ٍإػِٔٚ

The example above shows that the Arabic word may correspond to a single entity but 

can as well be compounded of more than one entity. In fact it may be a phrase or even a 

complete sentence. So, the Arabic word is in general a complex. If we study a sufficiently 

large sample of Arabic text, we can infer the following general simple structure of the 

Arabic words1: 

- The main part, a noun or a verb, of the word occurs in the middle. Let us call this part 

the word's body. 

- The body may be prefixed by something like the definitive article, a preposition, a 

gender determiner, a tense determiner, ..., etc., or some combination of them. When a 

prefix precedes a body, it may slightly modify its string and also be slightly modified. 

We should note that the prefix cannot be a standalone word.  

- The body may also be suffixed by something like a pronoun, a gender determiner, a 

tense determiner, ..., etc., or some combination of them. When a suffix succeeds a 

body, it may slightly modify its string and also be slightly modified. We should also 

note that the suffix cannot be a standalone word.  

If the absence of a prefix is assumed as a null prefix and the absence of a suffix is 

                                                 
1 This structure of the Arabic word is in fact a refined version of that introduced in Ref.[22] 
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assumed as a null suffix1, we can then generalize the aforementioned structure of the 

Arabic word as: 

 Any Arabic word = Prefix Body Suffix 

Example[2.5] shows this structure for the words of an Arabic sentence. 

Example [2.5]: The prefix-body-suffix structure of the words of two verses from the 

Holy Quran. 

َٕلِهَىَ، وَوَضَؼَِ٘ب  ػَِ٘يَ وِىِهَىَ) ِْوَػِ َُيَ  َٗ ِْ  هوإٓ ًويم( ؤََُ

 Arabic 

word 

Prefix Body Suffix  

1 ِْ ِْ ؤَ ؤََُ َُ   

ِْوَػِ 2    َّوَػَ ُٗ َٗ

   َُيَ  َُيَ 3

  ىَ َٕلِه  َٕلِهَىَ 4

  َٗب وَضَغَ وَ وَضَؼَِ٘ب 5

ِٖ  ػَِ٘يَ 6   ىَ ػَ

  ىَ وِىِه  وِىِهَىَ 7

From the example above, we note that not only verbs and nouns have the Prefix-

Body-Suffix structure but fixed words also do (like the words no.1, no.3, and no.6). 

It is important also to note that the terms “prefix” and “suffix” here have different 

meanings from that in some modern European languages. Here, the prefix or the suffix can 

add an entity to the noun or the verb. For example the prefix may be a preposition and the 

suffix may be a pronoun. In modern English, modern French and the like languages, the 

prefix or the suffix is usually a modifier of the meaning of the noun or the verb but does 

not add to them another entity. 

2.5 The Structure of the Arabic Word's Body 

The body part of the Arabic word has in turn an internal structure which is different for the 

bodies of the derivative Arabic words from that of the non-derivative; fixed and Arabized 

ones. 

Let us start with the derivative bodies. Arabic has a very powerful bodies-generation 

                                                 
1 The null prefix or suffix is an empty string. While the prefix and/or the suffix of a given Arabic word may 

be a null, our model does not permit the body to be a null. 
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mechanism called derivation that makes Arabic have the richest vocabulary ever found 

among all the important contemporary natural languages. Arabic has a relatively small 

number, about one thousand, of derivative forms. Each form is a string of two types of 

characters; fixed characters (or constants) and 3 or 4 generic characters (or variables). 

Although the form carries one or more specific semantics, it cannot be a word’s body on its 

own. Arabic also has a limited number, about five thousands1, of derivative roots. Each 

root is a set of 3 or 4 fixed characters. Each root also cannot be a word's body on its own. 

Nevertheless, the root has one or more standalone specific semantics. The derivation of a 

word's body from a specific root and a specific form is made by respectively substituting 

the generic characters of the form with the fixed characters of the root. The derivation 

process is successful only if each constant character of the root is in the permitted range of 

the corresponding generic character of the form2. The semantic of the resulting word's body 

is a mix of the semantic of its form and the semantic of its root albeit the latter plays a 

greater role. Example[2.6] illustrates the derivation process for several derivative word 

bodies. 

Example [2.6]: The derivation process of some regular derivative Arabic word 

bodies from their forms and roots. 

 Form Root The Resulting Body 

  x3=، ة x2=، د x1=ى ًَبرٔت  ى د ة x3 x2ا x1 = كَبػَٔ   
ٍِزٔلْؼَبٍ  ًِ دٔ = ا ٍِزٔؼِلَاك  ع ك ك x3ا  x2 x1ا   x3=، ك x2=، ك x1=ع ا
 x3 ً ،=x4=، ك x1 ٕ ،=x2=ٛـ لًٔ ُٓهَِ٘ ٛـ ٕ ك ً x4 x3 x2 x1ُّ = ُٓلَؼَِِٔ 
 x3=، ك y1  ٍ ،=x2=يو ُٓٔلَاك  و ٍ ك x3ا  x2 y1ِّ = ٓٔلؼَبٍ 
ٍّ  ػ ّ ٌ o3 x2ا  x1ُّ = ُٓلَبعٍ   o3=يx1 ّ ،=x2   ،=ػ ُٓؾَب

Each of the forms mentioned above may be regarded as a general derivation rule and 

the bodies made by combining them with roots are called regular derivative bodies. 

However, there is a small set, few hundreds, of derivative bodies that are irregular. The 

form of an irregular derivative body is tailored only for that specific body; i.e., such a form 

                                                 
1 The most elongated Arabic dictionaries document a larger number (around 8500) of these roots. While 

building our system we elected the significant 4500 derivative roots and dropped the remaining almost 

extinct 4000 ones. 

2 In fact, “generic” is a collective word that may refer to a variable character, an altered character or an 

omitted character. All the generic characters used in our system are explained in table[5.3]. 
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does not have any generic characters and can hence combine with only one specific root to 

produce one specific body. Irregular derivative bodies were in fact regular derivative ones 

that have been deviated from its regularity. People then preferred the deviated form that 

became famous and neglected the regular one which became extinct. Example[2.7] 

presents some famous irregular derivative word bodies. 

Example [2.7]: Some famous irregular derivative bodies 

 Irregular derivative 

body 
The corresponding 

(not used) regular 

body 

Root  

  ؤ ٍ ٛـ اُْئَُبٙ الله 

  ؤ ٍ ى َٓأُٔي ََِٓبئٔيُ 

  ؤ ؿ م ائْزَقَنَ ارٖقَنَ 

َْٛ رُهَْ    و ٛـ ّ وُ

  و م ي وَهْىَي رَوْىَي 

On the other hand, the bodies of the fixed Arabic words and the Arabized words have 

no internal structure because they are molded. The form of such a body is simply a string 

with all its characters fixed. The form in this case is in fact a body on its own. Now the root 

plays no role in building the body, nonetheless, we will define it in a way that gives it an 

important role. One may have several fixed or Arabized words that are semantically or 

functionally related to one another. In such a case they may be viewed logically as a family. 

If we select the most famous or the most important member of this family to be the root of 

every member of the family, this will lead to a classification that serves two purposes: 

1. It makes the structure of the Arabic word bodies the same for all the Arabic word 

types. 

2. It is invaluable for some applications on the computational Arabic morphological 

analysis such as smart search (See section [3.4] for adetailed discussion of a smart 

search.) 

Example[2.8] illustrates this classification for some fixed word bodies. 
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Example [2.8]: The concept of the root of a family of fixed bodies. 

Fixed word bodies Root of the family  

 ،ٖٖ ُٛ  ،ِْ ُٛ َٔب،  ُٛ  ،ٍَ ٔٛ  ُٛىَ …ُٛىَ، 

ِْزَب،  ًٔ ًَِٔب،   ،َّ ًِ… َّ ًِ 

 ،ٕٔ ٕٔ، ٛنَا َٛبرَب  ،ٔٙ  مَا …مَا، ٛنَا، ٛنٔ

2.6 A Unified Formal Description of the Arabic Word 

In this section we will summarize the structure of the Arabic word in a compact formal 

form. 

Let us agree on the following symbols: 

w = the string of any Arabic word 

p = the prefix of w 

b = the body of w 

r = the root of w 

f = the form of w 

s = the suffix of w 

Let us assume that p and s are compatible and the constraints posed by f are met by 

each of r, p and s.1 Let us also define the following two operators: 

1. The conjunction operator (+): The only two operations that can be carried out using 

this operator are: 

 p + b := p`b`  

 where p` = p after being affected by b, 

 and b` = b after being affected by p. 

 p`b` + s := (p`b`)`s`  

 where (p`b`)` = p`b` after being affected by s 

                                                 
1 The match, or compatibility, of a prefix and a suffix within one word as well as the match of a form with a 

root, a prefix and a suffix is determined by the properties stated in the descriptions of these entities. 

Describing entities is the subject of chapter 5. 
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 and s` = s after being affected by p`b`. 

 This conjunction operator is neither associative nor commutative. 

 Now, We can compactly write:  

 w = p + b + s [2.1] 

2. The combination operator (*): The only operation that can be carried out using this 

operator is:  

i. For regular derivative bodies:  

 r * f := f(r) = b  

 where f(r) is the string of the form f after substituting its generic characters by 

the fixed characters of root r. 

ii. For non-derivative and irregular derivative bodies: 

 r * f := f = b  

This combination operator is also neither associative nor commutative. 

Let us finally assign a precedence of the combination operator higher than that of the 

conjunction operator. 

Using both of the conjunction and the combination operators defined above, we can 

write: 

 w = p + r * f + s [2.2] 

Equation[2.2] summarizes the mechanism by which any Arabic word is built out of 

its constituting entities: combine the root and the form to get a body, put the prefix in 

conjunction with the body and finally put the resulting string in conjunction with the suffix. 

Two important facts are implicitly stated by this equation: 

1. The building (or synthesis) mechanism is the same for any Arabic word.  

2. The result of the synthesis process is unique, so the quadruple Q =(t: p, r, f, s) 

constituting any Arabic word is a representation of this word1. 

Note finally that this equation says nothing about how to analyze w into Q. The 

analysis process is the subject of chapters 6, 7 and 8. 

                                                 
1 The quadruple is (p, r, f, s) only. t mentions the type of the body and hence the type of the word. The four 

possible types are Regular_Derivative, Irregular_Derivative, Fixed and Arabized. 
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2.7 The Function of an Arabic Morphological Analyzer 

Analysis means decomposition, so an Arabic morphological analyzer is a software engine 

that can decompose the words of a given Arabic text into their constituting entities; i.e., it 

replaces each word w in the input text with its quadruple Q = (t: p, r, f, s). If w is not a 

valid Arabic word, the analyzer flags an error. Our Arabic morphological analyzer 

“Morpho3” makes more than mere analysis. It reuses the quadruple it has found for each 

word to resynthesize the word. The resynthesis process supplies the missing diacritics of 

the Arabic word as well as it corrects common near-miss spelling mistakes. Done 

computationally, this processing of the Arabic morphology is essential for building several 

important Arabic software systems as will be explained in the next chapter. 
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Morphological analysis by itself may seem a pure academic philosophy. Through this 

chapter we are showing that the availability of a computational Arabic morphological 

analyzer is essential for building many important end-user Arabic software systems. 

Several such systems are introduced. But first, we shed some lights on the role of text in 

the modern Arabic multimedia applications. 

3.1 Text as an Active Medium in Multimedia Applications 

Multimedia applications employ several media such as text, printed documents, sound, 

images, video, touch, etc. for smoothly transmitting/receiving information to/from the end 

user. We define an active medium in a multimedia application as the one that has all, or at 

least most of, the following properties: 

1. It can be used easily and efficiently for both the output and the input of information 

to and from the end user. 

2. It can be used to efficiently navigate the whole database of the application whatever 

the media contents of this database are. 

3. It can be automatically transformed to the format of other media and vice versa. 

4. It can be viewed at different levels of detail, clarity, or explanation according to the 

instantaneous need of the end user. 

For knowledge oriented multimedia applications,1 if we study the above properties 

and match the common media to them, we conclude that text, in principle, is graded the 

most active one. Consequently, this brand of multimedia applications should be built 

around their text contents. Being the central medium, the Arabic text needs more than the 

Arabic text editing functions. It needs enough linguistic processing to make it truly an 

active medium. 

3.2 Arabic Text Enhancement 

Spelling mistakes are common through the text typed on a keyboard, mainly because of 

mistypos. Automatically scanning such a text by a morphological analyzer reveals a high 

percentage of such mistakes. 

As mentioned in section[2.3], Arabic is a diacritized language. Nevertheless, Arabs 

                                                 
1 Where the transfer of knowledge not the entertainment or the advertisement is the main issue. Digital 

libraries, including on-line magazines, computerized books, computerized dictionaries, computerized 

encyclopedias, etc., are good examples of knowledge oriented multimedia. See ref.[24] for more on 

Digital Libraries and the role of each medium in them. 
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nowadays are taking the easy way of writing non-diacritized text and depend upon the 

linguistic knowledge of the reader that enables him to figure out the correct pronunciation 

of the words. Due to a lot of cultural and social reasons, the Arabic linguistic knowledge of 

the new generations is degrading. One way to aid preserving and enhancing the Arabic 

linguistic knowledge among the public is to automatically convert the commonly found 

non-diacritized Arabic text into half diacritized text using an Arabic morphological 

analyzer. 

As they increase the correctness, the clarity, and the educability of the Arabic text, 

both of spell checking and automatic half-diacritization are collectively called Arabic text 

enhancement. 

3.3 On-line Arabic Dictionaries 

An exhaustive master dictionary of modern European language–like English is mainly an 

alphabetically arranged look-up table of words and their explanations for the whole 

vocabulary of the language. To build a master Arabic dictionary, the previous procedure is 

impractical! This is due to the structural and derivative nature of Arabic that makes its 

possible vocabulary very huge in size1 that no master Arabic dictionary tries to follow the 

vocabulary look-up table technique. Instead, a traditional master Arabic dictionary builds 

an alphabetically arranged look-up table of the constituting entities of the Arabic words, 

especially the roots. This makes the table size within the reasonable range of few thousands 

of entries. Each entry then leads to the explanation of the root and the usage of its 

frequently used derivatives. So, to look up an Arabic word, one must have enough 

knowledge to morphologically analyze the word and get its root. Unfortunately, not a lot of 

Arabs today – software users are no exception – are skillful enough for such a task. To 

equip a multimedia application with an on-line Arabic dictionary, an Arabic morphological 

analyzer is needed to take the word in question and analyze it, on behalf of the user, for 

extracting its root. 

                                                 
1 A master dictionary of English like “The Modern Dictionary of Contemporary English” for British 

English, or “The American Heritage Dictionary” for American English contains at most 650,000 words. 

On the other hand, given around 250 prefixes, 4500 regular derivative roots, 1000 derivative regular 

forms, 550 suffixes and assuming the constraints on the conjunction and the combination of these entities, 

we have around (2505001000550)/10  610
10

 possible Arabic words! 
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3.4 Smart Text Search 

Searching a certain scope of text for a query composed of a given word, a given sequence 

of characters, or a logical AND/OR combination of words and sequences of characters is a 

basic and common text editing function. This type of text search is called exact search 

because it is based on the exact matching of the text to the items of the query. Exact search 

may be helpful with a text written in some modern European languages like English. On 

the other hand, exact search is very restrictive with a structured and derivative language 

like Arabic. A user searching exactly for some word in an Arabic text will find only its 

occurrences where each of its type, prefix, root, form and suffix are the same. This is a very 

strict condition on matching. In Arabic, when the user is searching for some word, he is 

intuitively expecting to find the occurrences of the morphologically relevant words. The 

fuzzy word (relevant) may be interpreted according to several possible search modes of the 

word in the query. The most important morphological search modes are:  

1. Exact search: where the whole Q of the word in query must equal the whole Q of the 

occurrences. This is the most strict and hence the weakest mode. 

2. Body-level search: where only (t: r, f) of the word in the query must equal (t: r, f) of 

the occurrences regardless of the prefix and the suffix. 

3. Root-level search: where only (t: r) of the word in the query must equal the (t: r) of 

the occurrences. This search mode allows finding the occurrences of words that are 

originated from the same root and probably the same general semantic also1.  

The tolerability and the flexibility provided by the search modes 2 and 3 is the reason 

why we call morphological search smart search. To build an Arabic morphological search 

engine, an Arabic morphological analyzer is, of course, needed. In fact, the primary reason 

behind the commercial support of research in the Arabic morphology was the need to 

provide the large Arabic text databases with smart search facilities. Example[3.1] shows a 

paragraph as the search scope, some search queries and the results obtained using 

morphological (or smart) search. 

                                                 
1 As we mentioned in the first part of section[2.5], the semantic of the root plays the greatest role in the 

semantic of a regular derivative word. 
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Example [3.1]: Examples on morphological search.  

 
Query Search Mode Result  

  Exact-Search not found ًزبثخ

ٍّ) Exact-Search ػًِٔ ٔٔ   (ػِْٔ

ٌٔزَبثَخٔ) Body-Level-Search ًزبثخ ٌٔزَبثَبدُ),( اُْ ِْ),( اُْ   (ًٔزَبثَبرٔهِ

ٍّ) Body-Level-Search ػًِٔ ٔٔ ُٖٔٔخِ), (ػِْٔ ِْ   (اُْؼٔ

ٌٔزَبثَخٔ) Root-Level-Search ًزبثخ ٌٔزَبثَبدُ),( اُْ ٌَبرٔتُ),( اُْ ( اُْ
,(ِْ (ًٔزَبثَبرٔهِ  

 

ٍَبُُٔتِ) Root-Level-Search الأٍبُُت ٍِِِىةٍ),( ؤَ ٍِِِىةٍ),( ؤِ   (وَؤِ

3.5 Support for Arabic Text-to-Speech Systems 

Several reasons make automatic Text-to-Speech conversion (TTS) very attractive: 

1. Compression: There is no need to store huge sound files but only small text ones1. 

2. Eyes-free reading: The eyes and the hands are free for another useful activity while 

the required text is being automatically read. While this feature is invaluable for 

ordinary people, it is indispensable for the blind.  

3. Hear your favorite announcer: TTS can synthesize a speech similar to the voice of 

a certain person provided that it had enough recordings of his speech. So, the voice of 

the famous people may be provoked for reading any time the user wants. 

                                                 
1 To store 1 hour of mono sound sampled at 8K Samples/Sec. and quantized into 255 levels (8 bits), a 

storage space of (606080008)/1024
2 
 220 Mbits  27.5 MBytes is needed. Assuming a fast reader 

uttering 100 Words/Min. and the diacritized word needs 15 bytes in average for storing it as a diacritized 

text, the text corresponding to 1 hour of fast reading needs (6010015)/1024
2
  0.086 MBytes of storage. 

The compression ratio is hence (27.5/0.086)  320. 
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4. A reading teacher at your disposal: Those who are learning reading in some 

language, specially adults learning a foreign language, may benefit very much from a 

high-quality TTS in attaining the correct pronunciation of words. 

As we mentioned in section[2.3] Arabic is a diacritized language, whereas Arabs 

often write non-diacritized text which is not enough for an Arabic TTS to figure out the 

correct pronunciation of words. Adding to the TTS a tool that can supply full diacritization 

is perfect. Unfortunately, this needs a reliable Arabic syntax analyzer which is not available 

so far. However, adding an Arabic morphological analyzer that can supply half 

diacritization only is also acceptable1.  

3.6 Support for Arabic OCR Systems 

Optical character recognition OCR (or machine reading) systems are applications of the 

field of pattern recognition. Although the pattern recognition techniques have become more 

and more mature, there is no OCR system that has a 100% recognition accuracy. 

Recognition errors most often occur due to the noise on the printed documents to be 

recognized. As the noise increases, the accuracy degrades. For Arabic OCR systems, an 

Arabic morphological analyzer may help as follows: 

Some OCR systems are built with a backtracking feature. Given a printed word, the 

OCR system provides the best interpretation of it from the viewpoint of the pattern 

recognition technique it uses. If the OCR system is told, by a morphological analyzer, that 

interpretation is morphologically invalid or extremely improbable, it can backtrack; i.e., 

provide the second best solution. This process is repeated until a morphologically 

reasonable interpretation is found. With the companionship of an Arabic morphological 

analyzer, the Arabic OCR system becomes a self error-correcting one.  

Even with non-backtracking OCR systems, the existence of an Arabic morphological 

analyzer that filters the recognized words into linguistically acceptable and linguistically 

rejected ones makes the whole system a self error-detecting one. This is an appreciable help 

for the user while checking the result of recognition. 

                                                 
1 Due to their limited knowledge about the Arabic syntax analysis, a lot of Arabs today pronounce the 

words without the last diacritic even while delivering formal speeches. Although we do not encourage this 

practice, it has become a widely accepted one. 
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3.7 Extracting the Morphological Print of an Arabic Writer 

Everyone, regardless of his language, has a specific writing style that an intimate friend of 

him can decide whether a given written passage belongs to him or not. Like fingerprints, 

iris prints and genetic prints, it is not strange to claim that every one has a linguistic print. 

In fact, many researches have proven the existence of such prints for famous writers and 

poets of many cultures and languages including Arabic. Researchers have even devised 

several statistical measures and indices that define such linguistic prints. A lot, in fact 

most, of the practically feasible, measures and indices depend on the morphological 

analysis of the text under study (Ref.[7] discusses this topic in detail for the Arabic 

literature). Many poems and writings having an unknown or doubted identity could be 

attributed to their actual authors using computational morphological analysis. 

3.8 Supporting the Higher Layers of Arabic Linguistic Analysis 

The computational processing of any natural language in the aim of making machines 

attain linguistic capabilities similar to those of humans is a formidable task! In fact, the 

computational linguistics research is very far from realizing such an aim. To attack the 

problem, computational linguists usually divide the task into phases or layers. The most 

agreed-upon scheme of such layers is the one shown in figure[3.1] below (See Ref.[23], 

ch.15, pp.380.) 

As shown in this figure, the lexical (or morphological) analysis occupies the very 

bottom layer of the scheme. Morphological analysis is hence the basis layer for any higher 

linguistic processing specially the syntax and the semantic analysis ones. 
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Pragmatic Analysis 
ِـيَي اٌُلاّ َٓ  اٍزقلآ 

Discourse Integration 
 ََٔ تحَُِ اُزواثظ ثين الِج

Semantic Analysis 
تحَُِ ٓؼ٘ىيٓ 

Syntactic Analysis 
 تحَُِ َٗؾِىيٓ

Morphological Analysis 
َٕوِفّى  تحَُِ 

Layer 5 

Actions to be done are implied and transformed into commands to the 

suitable objects. 

Dependencies among the sentences are resolved. 

Syntactic structures are mapped into objects in the task domain. 

Syntactic structures. 

Words are analyzed into their components 

i/p text 

Layer 4 

Layer 3 

Layer 2 

Layer 1 

 
Figure [3.1]: Dividing the processing of a natural language into layers. 
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We start building our computational Arabic morphological analyzer, “Morpho3”, in the 

next chapter and on. But first in this chapter, we put hands on the main challenges before 

such a task so that effort is focused towards solving them.  

4.1 Coverage 

Given the Arabic morphological entities that constitute the Arabic words, and given the 

conditions that govern the combination of these entities, and according to the Arabic word 

model presented in section[2.6], the number of possible Arabic words is a finite, though a 

huge, number1. Let us call this number NT. Assume that we have already built our 

morphological analyzer and tried it on each of the NT possible Arabic words to find that it 

can correctly analyze N words only. We then define the coverage of the analyzer to be: 

 1
TN

N
c  [4.1] 

The closer from 1, the better is the morphological analyzer. As NT is huge, no one is 

going to compute c using formula[4.1]. To practically compute an approximate value of the 

coverage of an Arabic computational morphological analyzer, a reasonably large and 

unbiased text sample containing MT words is scanned by that analyzer. Assume M words 

only from the MT ones are correctly analyzed. Then, the approximate coverage of the 

analyzer c
~
 is computed as: 

 1~ 
TM

M
c  [4.2] 

A system with c
~
<98% is classified as an inferior one as it is unable to deal or 

incorrectly deals with more than 1 word from each 50 ones; i.e., more than 4 faults are 

committed per the average page. 

To compare between two Arabic computational morphological analyzers with respect 

to their coverage capabilities, repeat the procedure above with both of them and find their 

uncoverage ratio u12 as: 

 
)1(

)1(
~

1

~

2
12

c

c
u




  [4.3] 

If u12>1, then the coverage of the first analyzer is better u12 times than that of the 

                                                 
1 Given around 250 prefixes, 4500 regular derivative roots, 1000 derivative regular forms, 550 suffixes and 

assuming the constraints on the conjunction and the combination on these entities, we have 

(2505001000550)/10  610
10

 possible Arabic words! 
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second one. If u12<1, then the coverage of the second analyzer is better 1/u12 times than that 

of the first one. 

To have a high coverage, the morphological analyzer cannot try vainly remembering 

the morphological analysis of each of the possible NT Arabic words. Instead, it should build 

a reasonably small morphological knowledge base composed of the few thousand 

separated entities from which any Arabic word can be constituted; i.e., the prefixes, the 

roots, the forms, and the suffixes1. The analyzer must also employ some algorithm to 

analyze, if possible, a given Arabic word into its constituting entities. In the next chapter, 

we show how the morphological knowledge base of our analyzer is built. In chapter 6, the 

analysis algorithm is detailed.    

4.2 Tolerability 

Ideally, the given Arabic text to be morphologically analyzed should have all of its words 

be half or fully diacritized. Practically, the given Arabic text to be analyzed is expected to 

contain non-diacritized words, partially diacritized words, words with wrong diacritics and 

may even contain words with common near-miss spelling mistakes. Such a text is called a 

crude text. Example[4.1] shows a typical crude paragraph taken from an Arabic newspaper. 

Example [4.1]: A crude paragraph where common near-miss spelling mistakes and 

wrongly diacritized words are underlined. 

 تهتى بانتىسَع انعادل نهُاتج المحهً انذونه
 الإستثًاررئُس انىسراء أياو يؤتمز تمىَم 

 انسكاَُهَصم إلى ثلاثت أيثال انشَادة  ديالإقتصاانًُى 
ٖٓو ر٘لّـن ؽبُُـب ثوٗبلرـبً ٓزٌـبٓلًا      إهئٌُ لرٌِ اُىىهاء " ًٔبٍ الج٘يوهي"ؤًل اُلًزىه 

ٓؼـلٍ نمـى اَُـٌبٕ، ْٓـيراً إلى      آضبٍيحون ٓؼلٍ نمى ََٖ إلى صلاصخ  الإهزٖبكيُلإٕلاػ 
َٖبد اّبكح اُـني ؽـوٓ ػِـً اُجؼـل      اُزوىيم اُلوُُـخ ث٘غـبػ اُّّٗـبٓظ الدٖـوي     ٓؤٍ

 .الاعزٔبػً ثزىعُهبد ٓجبّوح ٖٓ اَُُل هئٌُ الجٔهىهَخ

The successful morphological analyzer should be able to process both ideal and crude 

text. Meanwhile, this analyzer should make use of any supplied diacritics to reduce the 

                                                 
1 Our system employs around 250 prefixes, 4500 regular derivative roots, 1000 derivative regular forms, 

300 irregular derivative bodies, 250 fixed bodies, 120 fixed roots, 300 Arabized bodies, 300 Arabized 

roots, and 550 suffixes. So, the total number of entities in our system = (250 + 4500 + 1000 + 300 + 250 + 

120 + 300 + 300 + 550) = 7570 entities. Compare a know-ledge base of 7570 entities to a one of 610
10

 

words! 
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morphological ambiguity. Such a morphological analyzer is called a tolerable one. Making 

our Arabic morphological analyzer tolerable is the concern of chapter 7. 

4.3 Disambiguation 

Ambiguity means having multiple interpretations of the same observation. As we 

mentioned in section[2.6], the result of synthesizing an Arabic word from its constituting 

entities is unique. Unfortunately, the same is not true for the analysis process. 

Example[4.2] shows how a given undiacritized Arabic word can have many possible 

morphological analyses. As we mentioned in section[4.2], the practically successful Arabic 

morphological analyzer must deal with both diacritized and non-diacritized text as well. 

Example [4.2]: A non-diacritized word may have multiple morphological analyses. 

 i/p word: َٓزوم Prefix Root Form Suffix 

َِزَوِمٓ 1 ُٓ  ه م م َّ َِزَلٔ ُٓ  

َِزَوَمٓ 2 ُٓ  ه م م َّ َِزَلَ ُٓ  

َِزَوِم 3 ُٓ  ُٓلْزَؼَٔ ً ه م  

َِزَوَم 4 ُٓ  ُٓلْزَؼََ ً ه م  

َِزَوِمٍ 5 ُٓ  ٌ َِزَلْغٍ ه م ُٓ  

Morphological ambiguity in a word can be decreased, and even sometimes 

eliminated, if the diacritics of certain characters in it are provided. Example[4.3] shows 

how the word in the example above can be ambiguity-free after careful partial 

diacritization. Unfortunately, careful partial diacri-tization needs a highly knowledgeable 

writer. So, careful partial diacritization is not a frequent clue to rely on. 

Example [4.3]: Careful partial diacritization may remove the morpho-logical 

ambiguity. 

i/p word: َٓٓزوَم Prefix Root Form Suffix 

َِزَوَمٓ ُٓ  ه م م َّ َِزَلَ ُٓ  

Although the morphological ambiguity is decreased appreciably when the input text 

is half or fully diacritized, there remain many cases where half and even fully diacritized 

words are still morphologically ambiguous. Example[4.4] shows how a given fully 

diacritized Arabic word can have more than one morphological analysis. 
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Example [4.4]: Even a fully-diacritized word can still be ambiguous. 

i/p word:  ٌَ  Prefix Root Form Suffix هَبئٔ

  كَبػَٔ م و ٍ  (ٖٓ اُوَىٍِ)هَبئَٔ 

  كَبػَٔ م ي ٍ  (ٖٓ اُوُِىُخ)هَبئَٔ 

The examples above show that morphological ambiguity of the Arabic words is an 

inherent problem that can never be ignored. There is no practical solution that can 

terminate the morphological ambiguity in Arabic text but there are three approaches that 

can greatly reduce the ambiguity to the level that makes the morphological analyzer a really 

helpful tool: 

1. Linguistic approach: In this approach, the higher syntax and semantic layers, as 

shown in figure[3.1], should be built and used to reject those morphological analyses 

that lead to syntactically or semantically meaningless structures.  

2. Statistical approach: Statistics of the occurrence frequency of each single entity and 

the occurrence frequency of sequences of entities are collected from a large and 

unbiased text corpus. When a word occurs within some sentence, these statistics are 

examined and used to select the most probable morphological analysis of the word. 

3. A mix of the two approaches above. 

The third approach is the best as it is the nearest to the one used by humans. 

Unfortunately, the first approach, and consequently the third one, is very difficult to 

achieve. In fact, no one, so far, can claim he has built a good-enough general syntactic or a 

semantic processor of Arabic. Consequently, the second approach is practically selected for 

our morphological analyzer. Statistical disambiguation is detailed in chapter 8. 

Like the coverage, the disambiguation capability of a computational morphological 

analyzer can be evaluated by trying it on a reasonably large crude text sample with size of 

MT words. Assuming the analyzer can decide the correct single analysis for M words only, 

its disambiguation1 d can be written as: 

 1
TM

M
d  [4.4] 

                                                 
1 The value of d resulting from statistical disambiguation is typically  95%. The ambiguity of the 

remaining 5% is reduced but still needs manual checking to remove it. 
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5.1 The 9 Types of Morphological Entities 

According to the Arabic word model presented in chapter 2, we have the following types of 

entities from which any Arabic word can be constituted: 

1. P: Prefixes. 

2. Rd: Roots of the derivative words. 

3. Frd: Forms of the regular derivative words. 

4. Fid: Forms of the irregular derivative words.  

5. Rf: Roots of the fixed words.  

6. Ff: Forms of the fixed words. 

7. Ra: Roots of the Arabized words. 

8. Fa: Forms of the Arabized words. 

9. S: Suffixes. 

Figure[5.1] classifies these types of morphological entities. 

 

P

Entities

SBody

Derivative Non-derivative

FrdRd Fid Fixed Arabized

Rf Ff Ra Fa  
Figure [5.1]: Classifying  the 9 types of morphological entities. 
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5.2 The Two Parts of Entity Description 

To build the morphological knowledge base, a computational description must be 

developed for each of the nine types of entities listed above. How should such an entity 

description look like in general? 

Analogous to the “mechano” bricks, the Arabic morphological entities are in essence word 

parts that are ready to fit one another in order to construct Arabic words according to the 

Arabic word model presented in section[2.6]. So, the entity description must in general be 

composed of the following two main parts: 

1. Isolated part: This part describes the entity in isolation; i.e., as it exists alone before 

any interaction with other entities.  

2. Interactive part: This part describes how the entity can interact with other entities, 

according to the Arabic word model, for building words.      

Each of the remaining sections in this chapter details the description of similar types 

of entities. 

5.3 The Description of the P and S Entities 

The isolated part of a prefix or a suffix is composed of the following items: 

1. Spelling: If common near-miss spelling mistakes are expected, the near-miss 

spellings are included after the correct one, else, the correct spelling only is 

registered. 

2. Shadda states: For each character in the spelling, this item registers whether the 

character has a shadda (True) or not (False). 

3. Diacritics: For each character in the spelling, this item registers the diacritic of this 

character. 
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The interactive part of a prefix or a suffix is composed of the following items: 

1 The IDP vector: The elements of this vector are the identification properties of the 

prefix or the suffix. An identification property (IDP) is a code of a prefix 

morphological functionality class (prefix IDP) or a suffix morphological functionality 

class (suffix IDP). Our model needs define only 33 prefix IDP's and 52 suffix IDP's1. 

The prefix IDP's form a tree and so do the suffix IDP's. An IDP vector is composed 

of some terminal IDP’s plus all the predecessors of these terminal IDP’s without 

duplication. The prefix IDP's tree and the suffix IDP's tree are illustrated in 

figure[5.2] and figure[5.3] respectively. 

2 Action: This item is a code that determines both the analytic and the synthetic mutual 

effects between the string of the prefix and the string of the body (prefix action) or 

between the string of the body and the string of the suffix (suffix action). Our model 

needs define only 20 prefix actions and 26 suffix actions. Due to the space limitations 

here, only some of the prefix actions and some of the suffix actions are listed in 

table[5.1] and table[5.2] respectively. 

                                                 
1 As our morphological knowledge base is composed of the descriptions of the relatively few building 

entities only rather than the huge Arabic vocabulary, the number of items used for describing these entities 

must also be few. Otherwise, the entity descriptions quickly grow massive that the whole idea of dealing 

with only the building entities loses its value.  
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Figure [5.2]: The tree of prefix IDP's 
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Figure [5.3] The tree of suffix IDP's (cont. on the next page) 
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Figure [5.3] The tree of suffix IDP's (cont’d) 



 40 

 Table [5.1]: Some prefix actions. 

Prefix 

Action Code 

Ap 

The procedure of mutual effects between 

The prefix P=(p1 … pm-1 pm) and 

The body B=(b1 b2 … bn) 

 

Examples 

ActpDEF I P+B=P`B`=(p1 … pm-1 pm b1 b2 … 

bn) 

If ( is not a definite diacritic) 

Then If (Fp  {MNKS, NMMK})
1
 

         Then 

bn ٌٌَ ،  

         Else 

bn{bَn, bِn, bُn} 

P=اُـ 
B=ٕهِوِآ 
P+B=ٕاُْوِوِآ 
P=كَبُـ 
B=ٍِزٔوْوَاه  أ
P+B=ٍِزٔووَاه  كَبُٔب
P=وَاُـ 
B=َٔبء ٍَ  
P+B=َٔبء َٖ  وَاُ

 II If (b1“ا”) 

Then P+B=P`B`=(p1…pm-1 pm=“ٍِ ”b1=“ا” 
b2…bn) 

 III If (b1 ،ٗ،ط،ػ،ٍ،ٕد، س،ك،م،ه،ى،ً،ُ،ٓ ) 

Then P+B=P`B`=(p1 … pm-1 pm=“ٍ” bّ1 b2 … bn) 

Else P+B=P`B`=(p1 … pm-1 pm=“ٍْ ” b1 b2 … bn) 

ActpDFGR I P+B=P`B`=(p1 … pm-1 pm b1 b2 … 

bn) 

If ( is not a definte diacritic) 

Then If (Fp{MNKS, NMMK}) 

         Then 

bn=“ٌ” 

         Else 

bn=bِn 

P=ُِٔـ 
B=ٍٔهَبض 
P+B=ٍِْٔوَبض ُٔ 
P=ُِٔـ 
B=ََُُِ 
P+B=َِ َُُِّٔ 
P=ًَبُـ  

B=ٍَبثِن  
P+B=َِٖبثِن ًَبُ  

 II If (pm-1==“ٍ” AND pm== “ٍ” AND b1== “ٍ”) 

Then P+B =PB= (p1 … pm-1=“ٍ” ٍّ b2 … bn) 

 

 III The same as (II) of ActpDEF 

 IV The same as (III) of ActpDEF 

                                                 
1 Fp is the Prefix Action Flag which is a component of the description of the Frd, Fid and Ff entities and is 

hence a component of the body. The descriptions of these entities are detailed in sections[5.4] and [5.6].  
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Table [5.2]: Some suffix actions. 

Suffix 

Action Code 

As 

The procedure of mutual effects between 

the body B=(b1 b2 … bn) and 

the suffix S=(s1 … sm-1 sm) 

 

Examples 

ActsMINE I B+S=B`S`=(b1 … bn-2 

bn-1 


bn 


s1) 

If (bn==ٌ AND bn has no Shadda AND Sokoon) 

Then omit 

bn, add Shadda to s1 , =Fateha 

Else If (bn== “ا” AND ==Vowel) 

        Then =Fateha 

        Else If (Vowel) 

               Then =Kasra  

B=ٍٔٓ ُٓؾَب  
S=ٍـ 
B+S=ٍٖ ٔٓ ُٓؾَب  
B=هِضَب 
S=ٍـ 
B+S=ٌَ  هِضَب

B=ًٔزَبة  
S=ٍـ 
B+S=ًٍِٔزَبث  

ActsDMMA I B+S=B`S`=(b1 … bn-1 

bn 


s1 s2 … sm) 

If (Fs==MNFT)
1
 

Then If (s1 has no Shadda) 

         Then =Sokoon 

Else =Damma 

B=َٔٓ  اُْؼَب
S=َٕ  و
B+S=َٕ ِِٓٔى  اُْؼَب
B= ًَِٖغَل ُٓ  
S=َٕ  و
B+S= َٕ ِٖغَلَىِ ُٓ  

ActsMDWW I B+S=B`S`=(b1 … bn-1 

bn 


s1 s2 … sm) 

If (Fs==VWYA OR Fs==VYW2 OR Fs==VERB) 

Then =Damma, =Vowel 

If (Fs==VAA OR Fs==VAYW) 

Then =Fateha, =Sokoon 

 

B=ََ ٔٔ  ػَ
S=وا 
B+S=ِِٔٔىا  ػَ

B= ٍَ َِ َٗ 
S=وا 
B+S= َُىا َٗ  

B=ًٍََؼ  

S=وا 
B+S= ٍَؼَىِا  

Example[5.1] shows the description of some prefixes and suffixes. 

Example [5.1.a]: The description of some prefixes. 

Isolated part Prefix IDP Vector Prefix 

                                                 
1 Fs is the Suffix Action Flag which is a component of the description of the Frd, Fid and Ff entities and is 

hence a component of the body. The descriptions of these entities are detailed in sections[5.4] and [5.6].  
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Action 

 انـ
like in ٕاُْـوِوِآ 

[NOUN, DEF] ActpDEF 

 بِانـ
like in ُْٕٔثِب وِوِآ  

[NOUN, HGRR, GRRb, DEF] ActpDFGR 

 َـ
like in ُٚ ُٔ  َٗـزَؼََِّ

[VERB, MODR, ACTV, MTKL, GM] ActpACTV 

 سَُـ
like in ُٚ ٍََ٘ـؼِوِكِ  

[VERB, MSTK, MODR, ACTV, MTKL, GM] ActpTVMS 

Example [5.1.b]: The description of some suffixes. 

Isolated part Suffix IDP Vector Suffix 

Action 

 ـٍ

like in ٍٔؤَفَِِبه 
[NOUN, MINE] ActsMINE 

 ـت
like in ََِِّٔـخُٓزَؼ  

[NOUN, MNTH, MFth] ActsMFth 

 ـتهَا
like in ِٕلَاهَرُـهَب  إ

[NOUN, MNTH, MFth, DMNT, MFdn, GHdn, MNdn] ActsMNDN 

ٌَ  ـى
like in َٕ ِِٓٔـى  اُْؼَب

[NOUN, CNT, GMZ, NMDF, MRF] ActsDMMA 

 ـىا
like in ُٔـىا  رَؼََِّ

[VERB, DMRF, MADI, GHma, GMma, MZmd] ActsMDWW 

5.4 The Description of the Frd Entities 

The isolated part of a Frd is composed of the following items: 

1. The spelling: For each character in the form, this item registers either of the 

following: 

a) An ordinary, constant, alphabetical letter. 

b) A generic letter. Table[5.3] shows the generic characters used for representing 

the Frd entities as well as their semantics. 

If common near-miss spelling mistakes are expected, the near-miss 

spellings are included after the correct one. Otherwise, the correct 

spelling only is registered. 
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Table [5.3]: The generic characters. 

N.B: The following notation is considered in this table: 

1. The generic character, of order k within the root, is registered at location i[k] 

within the body. 

2. The set Gi[k] is the corresponding range of the generic character. 

3. A is the set of all the Arabic alphabetical characters. 

Generic 

Character 

Semantic Example 

xk 

1  k  4 

ْْ لا  ؽَوِفْ ٍبُٔ
َِٔ٘غُ اُزٖضؼُقَ ََ 

xk = ci[k] ; 

ci[k]  A-Gi[k] 

 َٓلْؼُىٍ

ٌْزُىة َٓ 
 ّx1 x2  وx3 

zk 

2  k  4 

َِٔ٘غُ  ََ ْْ ؽَوِفْ ٍبُٔ
 اُزٖضؼُقَ

zk = ci[k]; 

(ci[k]  A-Gi[k])  

AND ( (ci[1]  ci[3] AND ci[2]  ci[4] for quad roots) 

            OR (ci[2]  ci[3] for tri roots ) ) 

َّ  ُٓلْؼَِٔ
ٖٓ َٔئٔ  ُٓغْ

 ّx1 x2 z3 z4 

dk 

2  k  3 

ؽَوِفْ ٓضؼٖقْ 
ٌِىى  َٓلْ

dk = ci[k]; 

(ci[k]A-Gi[k]) AND (ci[2]==ci[3]) 

 كََِِْـ ـذُ
 هَكَكِدُ

x1 d2 d3 

d2&3 

ُٓضَؼٖقْ  ؽَوِفْ 
ْْ  ُٓلِؿَ

d2&3 = ci[2&3]; 

ci[2&3]  A-Gi[2&3] 

ٍّ  كب
 ؽبهٌّ
x1  اd2&3  

yk 

1  k  3 

ٌّ ُٓؼَ  ؽَوِفْ 

yk = ci[k]; 

ci[k]  Gi[k] - {Gi[k][0]} 

Gi[k][0] is the original character of the root and is 

replaced by any one of Gi[k] - {Gi[k][0]} 

 ٓٔلؼَبٍ
 ُٓٔلاك

 ّy1 x2  اx3 
 ٌو 

ok 

1  k  3 

َٓؾِنِوف  ؽَوِفْ 

The original character Gi[k][0] is omitted. 

Gi[k] = {Gi[k][0]} 

 إكَبَُخ
 إػَبهَح

 ـخ x3ا  x1  o2 إ
  و 
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2. Shadda states: For each character in the form, this item registers whether the 

character has a shadda (True) or not (False). 

3. Diacritics: For each character in the form, this item registers the diacritic of this 

character. 

4. The character ranges: For each character in the form: 

a) If the corresponding spelling letter is a constant one, a don't-care or CONS 

code is registered. 

b) If the corresponding spelling letter is a generic one, the code of its range is 

registered.  

 For each generic character mentioned in table[5.3], one example of its possible 

ranges is shown in table[5.4]. 

Table [5.4]: Some possible ranges of the generic characters. 

Generic 

character 

One possible range 

xk Gi[k] = WYHx = {و،ي،ؤ}  xk  {و،ي،ؤ} 

zk Gi[k] = WYx = {و،ي}  zk  {و،ي} 

dk Gi[k] = WYx = {و،ي}  dk  {و،ي} 

d2&3 Gi[2&3] = WYHx = {و،ي،ؤ}  d2&3  {و،ي،ؤ} 

yk Gi[k] = WHy = {و،ؤ}  yk = وؤ 
Original letter (و here) at position i[k] within the 

body and position k within the root is transformed 

into (ؤ). 
ok Gi[k] = Wo = {و}  ok = و 

Original letter (و here) at position i[k] within the 

body and position k within the root is omitted. 
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The interactive part of a Frd is composed of the following items: 

1. Relations: A relation is composed in turn of the following sub-items: 

a) A prefix must-have IDP: If not null, then a prefix is permitted to precede the 

form1 only if the IDP vector of the prefix includes2 the (prefix must-have IDP).  

b) Prefix may-have IDP vector: A prefix is not permitted to precede the form, if 

any IDP from the prefix IDP vector is not mutually inclusive3 with any IDP 

from the (prefix may-have IDP vector).  

c) A suffix must-have IDP: If not null, then a suffix is permitted to succeed the 

form only if the IDP vector of the suffix includes the (suffix must-have IDP).  

d) Suffix may-have IDP vector: A suffix is not permitted to succeed the form if 

any IDP from the suffix IDP vector is not mutually inclusive with any IDP from 

the (suffix may-have IDP vector). 

A prefix, a suffix and a form are a match if the IDP vector of the prefix matches the 

IDP vector of the suffix4, and both of them satisfy the form's relation. Some forms can be 

described by one relation whereas others need more than one. In case of more than one 

relation, at least one of them must be satisfied by the IDP vectors of the prefix and the 

suffix. Otherwise, the prefix and the suffix do not fit the form. In section[6.3] and [6.7], the 

Boolean formulae[6.1] through [6.3] compact the prefix-body-suffix match verbally 

expressed above. 

2. Prefix action flag: A prefix action flag is a code of the morphological class of the 

form when preceded by a prefix. The prefix action of the prefix that precedes a form 

uses this flag to tune the mutual analytic or synthetic effect between the string of the 

prefix and the string of the form. Table[5.5] lists some prefix action flags and their 

semantics. 

                                                 
1 Or more precisely “precede the body produced by the combination of this form and a suitable root”. 

2 An IDP vector includes a given IDP if at least one IDP in the vector is a descendant of the given IDP. 

3 Two IDP's are mutually inclusive if one of them is a descendant of the other. 

4 If one IDP in the prefix IDP vector is not compatible with one IDP in the suffix IDP vector, the prefix IDP 

vector does not match the suffix IDP vector. 
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Table [5.5]: Some prefix action flags. 

Prefix Action Flag Semantic 

pbf NMSR  َْٖوٖف ُٓ  ْْ ٍِ ٍِ الِإكْواكٔ واُزٌِٖ٘ير)ا َِوَحٔ فى ؽَبَُزَ ٌَ ِٕ وَُغَوٗ ثبُ  (ََُ٘ىٖ

pbf NMMN  ٖٖٔوِف ٖٓٔ اُ ِٔ٘ىعْ  َٓ  ْْ ِٕ وَُغَوٗ ثبُلَزِؾَخٔ في ؽبَُخٔ الِإكْواكٔ واُزٌِٖ٘ير)اٍ  (لا ََُ٘ىٖ

pbf ELSE ََٔخٔ صبثِزَخٌ لا رَزَإ ٌَِٔ ٖٓٔ اُ ًَخِ آفٔوِ ؽَوِفٕ  ِّ ٍبثِنٍؽَوَ  .صَّوُ ثِإ

3. Suffix action flag: A suffix action flag is a code of the morphological class of the 

form when succeeded by a suffix. The suffix action of the suffix that succeeds a form 

uses this flag to tune the mutual analytic or synthetic effect between the string of the 

form and the string of the suffix. Table[5.6] lists the suffix action flags and their 

semantics. 

Table [5.6]: Some suffix action flags. 

Suffix Action Flag Semantic 

bsf MNFT ٔٚ ِٕ ٓلزىػَ اِفٔوِ ػِٔ٘لَ إُْؾبهٔ ٌِى َٓوْٖىهْ ََ  ْْ ُٖ واوَ الَجٔبػَخٔ ثَؼِلَٙ اٍ ِّ ََ َّوِ وَُ ِٔغِ الِدنَ  .ثِغَ
bsf NA  ٌّواوي ٌٍ ٓٔضب  ٌَ ِٖ الِدضبهِع( ََجِلَؤِ ثبُىاو)كٔؼِ َٓ ُٚ وَُلْزَؼُ الَحوِفُ اُزٖبلي كٍٔ اُيٖ  .َُؾِنَفُ ؤَوُِٖ

bsf ELSE  ِّ َٔخٔ صبثِزَخٌ لا رَزَإَصَّوُ ثِإَ ٌَِٔ ًَخِ آفٔوِ ؽَوِفٕ ٖٓ اُ  .لاؽٔنٍؽَوَ

Example[5.2] shows the description of some Frd's. 
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 Example [5.2]: The description of some Frd entities. 

 Description of Frd entity Examples 

 
 َّ  ُٓلْؼَِٔ

Spell1:  (MEEM, x1, x2, z3, z4) 

Shadda:  (FALSE, FALSE, FALSE, FALSE, TRUE) 

Diacritics:  (DMMA, SOKOON, FATEHA, KASRA, UNDT) 

Ranges:  (CONS, NNBS, NNBS, NNBS, NNBS) 

Prefix must have IDP: null 
Prefix may have IDP vector: [VORN, NOUN]. 

Suffix must have IDP: null 
Suffix may have IDP: [NONE, DMNT, NOUN]. 

Prefix action flag: NMSR 

Suffix action flag: NOUN  

َٔئٔيٓ ُ ّ ؤ ى  ِْ ُٓ 
ٖٓ ط ّ ؤ ٕ  َٔئٔ  ُٓغْ

 ى ف ٛـ ه 
ٌْلَهِوٓ ُٓ 

 
ٍِزٔلْؼَبٍ  ا

Spell1:  (ALEF, SEEN, TAA, x1, x2, ALEF, x3) 

Spell2:  (HMZE, SEEN, TAA, x1, x2, ALEF, x3) 

Shadda:  (FALSE, FALSE, FALSE, FALSE, FALSE, FALSE) 

Diacritics:  (BPKS, SOKOON, KASRA, SOKOON, FATEHA, 

  VWL, UNDT) 

Ranges:  (CONS, CONS, CONS, WYx, NNBS, CONS, WYx) 

ٍِزٔقِوَاط  ؿ ه ط  ا
َٔبٍ  ع ّ ٍ ٍِزٔؼِ  ا

ِـَِبٍ ؽ ٍ ٍ  ٍِزٔ  ا

 Prefix must have IDP: null 

Prefix may have IDP vector: [VORN, KSAM, CALL, HGRR] 

Suffix must have IDP: null 

Suffix may have IDP vector: [NONE, DMNT, MDF, NMDF, MTH, 

  MRF, NMR, MNTH, MINE] 

 

 Prefix must have IDP: DEF 

Prefix may have IDP vector: [VORN, NOUN] 

Suffix must have IDP: null 

Suffix may have IDP vector: [NONE, NMDF, MTH, MRF, NMR, 

  MNTH] 

 

 Prefix must have IDP: null 

Prefix may have IDP vector: [VORN, NOUN] 

Sufffix must have IDP: NSAB 
Suffix may have IDP vector: [DMNT, NOUN] 

 

 Prefix action flag: NMSR 

Suffix action flag: NOUN 
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5.5 The Description of the Rd Entities 

The isolated part of a Rd contains a single item only:  

- Spelling: The spelling of a Rd is composed of either three (triple Rd) or four (quad 

Rd) alphabetical letters. 

The interactive part of a Rd also contains a single item only:  

- “Ella” flag1: Many triple Rd's have one or more “Ella” characters. Although the 

constant characters of such Rd's may obey the corresponding ranges of the generic 

characters of a given Frd, the Ella flag may ban the combination of such a Rd and the 

given Frd. Our system needs define only 10 Ella flags, some of which are explained 

in table[5.7]. 

Table [5.7]: Some Ella flags. 

“Ella” flag Explanation like in 

VERB  ْْ ٌَ ٍبُٔ َْ (لا ََؾِزَىٌِ ػًََِ ؽُووفٔ ػَّٔخٕ)كٔؼِ  ع ٍ ّ ػَِٔ

 ََؼَِِْ

VLAA  ِاِفٔوِ ثبلأَُٔقٔ كٍٔ الدبضٍٔ وكٍٔ الِدضبهِع ُّ ُٓؼِزَ  ٌَ كٔؼِ
ِٖ ُٔغَوٖكََِ  .اُْ

 ً ع ي  ٍَؼًَ

َِؼًَ ََ  
VLAWY  ِاِفٔوِ ثبلأَُٔقٔ كٍٔ الدبضٍ وثبُىاوِ ؤو اُُبء ُّ ُٓؼِزَ  ٌَ كٔؼِ

ََتَ الَحوِفٔ الَأفيِر في الٔجنْهِ) ُٔغَوٖكٔ( ؽَ  .في الِدضبهِعِ اُْ

ًَْ  ّ ُ ي َٓ

ٍْٔ ِٔ ََ 

VMAA ٍَظٔ ثبلأَُٔقٔ كٍٔ الدبضٍ وكٍٔ الِد ُّ اُىَ ُٓؼِزَ  ٌَ ضبهِعِ كٔؼِ
ِٖ ُٔغَوٖكََِ  .اُْ

 ؽ ي ه ؿَبهَ

َـبه ََ 

VMWY  ٍَِظٔ ثبلأَُٔقٔ كٍٔ الدبضٍٔ وثبُىاوِ ؤو ثبُُبء ُّ اُىَ ُٓؼِزَ  ٌَ كٔؼِ
ٍَظٔ في الٔجنْهِ) ََتَ الَحوِفٔ الَأوِ ُٔغَوٖكٔ( ؽَ  .في الِدضبهِعِ اُْ

 ع و ك ػَبكَ

  ََؼُىك

Example[5.3] shows the description of some Rd's. 

                                                 
1 In the Arabic morphology, “Ella” means the replacement of an original vowel character by another one in 

order to make the resulting word phonetically plausible. 
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Example [5.3]: The description of some Rd entities. 

Spelling (RAA, FAA, DDAD) (ٗ ه ف) 

Ella flag VERB 

Spelling (EIN, RAA, FAA) (ع ه ف) 

Ella flag VERB 

Spelling (TTAA, YAA, RAA) (ط ي ه) 

Ella flag VMWY 

Spelling (EIN, LAM, WAW) (ع ٍ و) 

Ella flag VLAWY 

Spelling (WAW, HA, BAA) (و ٛـ ة) 

Ella flag VFFT 

5.6 The Description of the Fid , Ff , and Fa Entities 

The isolated part of a Fid, Ff or Fa entity is composed of the following terms: 

1. Spelling: As that of the Frd entities but with no generic characters. 

2. Shadda states: As that of the Frd entities. 

3. Diacritics: As that of the Frd entities. 

4. Root spelling: As these entities do not have a built-in derivation mechanism that 

enables the analyzer to automatically extract the root (whether is a Rd, Rf or Ra) from 

the body, the root spelling must be explicitly mentioned in the description. 

The interactive part of a Fid, Ff or Fa entity is composed of the following items: 

1. Relations: As that of the Frd entities. 

2. Prefix action flag: As that of the Frd entities. 

3. Suffix action flag: As that of the Frd entities. 

Example[5.4] shows the description of one Fid, one Ff and one Fa. 
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Example [5.4]: The description of one Fid, one Ff, and one Fa entities. 

Type of entity Description of the entity 

Fid Spell:  (TAA, ALEF, RAA, YAA, KHAA) (رَبهَِـ) 
Shadda:  (FALSE, FALSE, FALSE, FALSE, FALSE) 

Diacritics:  (FATEHA, VOWEL, KASRA, VOWEL, UNDT) 

Root:  (HMZA, RAA, KHAA) (ؤ ه ؿ) 
 Prefix must have IDP: Null. 

Prefix may have IDP vector: [VORN, KSAM, CALL, HGRR] 

Suffix must have IDP: Null. 

Suffix may have IDP vector: [NONE, DMNT, MDF, NMDF, MTH, 

  MRF, NMR, MINE] 

 Prefix must have IDP: DEF 

Prefix may have IDP vector: [VORN, NOUN] 

Suffix must have IDP: Null. 

Suffix may have IDP vector: [NONE, NMDF, MTH, MRF, NMR] 

 Prefix must have IDP: Null. 

Prefix may have IDP vector: [VORN, NOUN] 

Suffix must have IDP: NSAB. 

Suffix may have IDP vector: [DMNT, NOUN] 

 Prefix action flag: NMSR. 

Suffix action flag: NOUN. 

Ff Spell:  (HA, ZAL, ALEF) (ٛنَا) 
Shadda:  (FALSE, FALSE, FALSE) 

Diacritics:  (Hidden Alef vowel, FATEHA, VOWEL) 

Root:  (ZAL, ALEF) (مَا) 
 Prefix must have IDP: Null. 

Prefix may have IDP vector: [VORN, KSAM, HGRR] 

Suffix must have IDP: Null. 

Suffix may have IDP vector: [NONE] 

 Prefix action flag: ELSE. 

Suffix action flag: ELSE. 
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Example [5.4]: The description of one Fid, one Ff, and one Fa entities. (cont’d) 

Type of entity Description of the entity 

Fa Spell:  (GEEM,, HA, NOON, MEEM) (َْٖ٘عَه) 

Shadda:  (FALSE, FALSE, TRUE, FALSE) 

Diacritics:  (FATEHA, FATEHA, FATEHA, UNDT) 

Root:  (GEEM, HA, NOON, MEEM) (ْ٘عه) 

 Prefix must have IDP: null 

Prefix may have IDP vector: [VORN, HGRR, KSAM] 

Suffix must have IDP: null. 

Suffix may have IDP vector: [NONE] 

 Prefix must have IDP: null 

Prefix may have IDP vector: [VORN, NOUN] 

Suffix must have IDP: NSAB. 

Suffix may have IDP vector: [DMNT, NOUN] 

 Prefix action flag: NMMN. 

Suffix action flag: NOUN. 

5.7 The Description of the Rf and Ra Entities 

The isolated part of a Rf or Ra entity is composed of the following items: 

1. Spelling: Only the correct spelling of the entity is stated here. 

2. Shadda states: As that of the Frd entities. 

3. Diacritics: As that of the Frd entities. 

No interactive part is needed for these types of entities. 

Example[5.5] shows the description of one Rf and one Ra. 

Example [5.5]: The description of one Rf and one Ra entities. 

Type of entity Description of the entity 

Rf Spell:  (ZAL, ALEF) (مَا) 
Shadda:  (FALSE, FALSE) 

Diacritics:  (FATEHA, VOWEL) 

Ra Spell:  (GEEM, HA, NOON, MEEM) (َْٖ٘عَه) 

Shadda:  (FALSE, FALSE, TRUE, FALSE) 

Diacritics:  (FATEHA, FATEHA, FATEHA, FATEHA) 
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5.8 Notes on the Authory of the Morphological Entities 

Through out this thesis we are working out a computational model of the Arabic 

morphology not the Arabic morphology itself. Books about the Arabic morphology written 

by the traditional Arabic linguists are presenting the Arabic morphology to ordinary human 

students and are not concerned at all with computational modeling. These books are 

speaking about neither morphological entities, isolated part, interactive part, IDP's, actions, 

etc, nor about a lot of the terms we have coined to describe our computational model. 

To build the morphological knowledge base, we had to read, understand, filter and 

then convert the contents of these traditional books on the Arabic morphology (See 

references from [1] to [15]) into the form required by our model. Both the filtering and the 

conversion processes are delicate ones because they very often require selecting one from 

several opinions as well as answering fuzzy questions not normally discussed among the 

traditional Arabic linguists.1 To be honest and scientific enough, we'd like to conclude this 

long chapter with the following statement: 

 Although systematic entity descriptions have been developed, subjective factors like 

the Arabic linguistic background, taste, sense and feel of the developer played a major role 

in the quality of the resulting morphological knowledge base which is in turn reflected on 

the performance of the whole system. 

                                                 
1 When should two similar entities be considered as one entity and when should they be assumed different?, 

Which entities should be considered and which ones should be ignored?, How can we be sure that we 

have satisfactorily collected all the members of one type of entities?, ..., etc. 
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The morphological analysis alogrithm accepts the spelling of an input word1 Ws and tries to 

find all the quadruples, if any, that can represent this undiacritized word. Each of the 

following sections details a step of the algorithm and applies this step to the following 

example: 

Example [6.1] 

Given an input string Ws = إٍزُِٔىا ; 
Get all the possible morphological analyses of this input string. 

6.1 Extract All the Possible Prefixes 

- Prepare an empty list Lp. 

- Match the spellings, the correct one and the near misses, of all the P entities in the 

morphological knowledge base against Ws from the beginning and forwards. 

- Put the codes of the matching prefixes in Lp. 

- If Lp is empty, exit declaring the input word as an invalid Arabic word. 

After applying step 1 to our example, the contents of Lp are as follows: 

Lp array index Code Prefix 

 (-)لا ٍبثِنَ  0 0

ِٓوِ  82 1 1(  إ)ؤَُٔقُ الأ
st
 near-miss spelling 

6.2 Extract All the Possible Suffixes 

- Prepare an empty list Ls. 

- Match the spellings of all the S entities in the morphological knowledge base against 

Ws from the end and backwards.  

- Put the codes of the matching suffixes in Ls.  

- If Ls is empty, exit declaring the input word as an invalid Arabic word.  

                                                 
1 The analysis algorithm processes the spelling part of the input string only. Shaddas and diacritics are 

considered in the synthesis phase presented in the next chapter. 
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After applying step 2 to our example, the contents of Ls are as follows: 

Ls array index Code Suffix 

 (-)لا لاؽٔنَ  0 0
1 81 ُٔ  (ا ) ضًٖ٘ الِدضَبفٔ الدوكىعِ ؤَُٔقُ اُْ
َٓغَ الدبضٍٔ  251 2  ِٖ  (ا ) ؤَُٔقُ أُبصَُِْ٘
َٓغَ الدبضٍٔ  253 3 َٔبػخٔ   (وا ) واوُ الَج
4 375  ِّ َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو  ِٖ  (ا ) ؤَُٔقُ أُبصَُِْ٘
5 377 ِّ َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو َٔبػخٔ   (وا )  واوُ الَج

 6.3 Match the Possible Prefixes with The Possible Suffixes 

A prefix IDP can be compatible with a suffix IDP or not according to the following binary 

function: 

 





e. compatibl's are not if the  

patible.'s are com if the 
), C(

IDP0

      IDP1
IDPsuffix IDPprefix  [6.1] 

A part of the binary table that defines the C function is shown in the following figure: 

 ... pVORN pQUES pTWK pNONE pATF ... 

. . . ... 
. . . 

. . . 
. . . 

. . . 
. . . ... 

sNNMN ... 1 0 1 1 1 ... 

sNNMH ... 1 0 1 1 1 ... 

sNNGZ ... 1 0 1 1 1 ... 

sNNGN ... 1 0 1 1 1 ... 

sDMRF ... 1 1 1 1 1 ... 

sMODR ... 1 1 1 1 1 ... 

sGUNM ... 1 1 1 0 1 ... 

sNGmd ... 1 0 0 1 1 ... 

sRFmd ... 1 1 1 0 1 ... 

sGZmd ... 1 1 1 1 1 ... 
. . .  . . . 

. . . 
. . . 

. . . 
. . . 

Figure[6.1]: A part of the binary table that defines the C function. 
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If any IDP in the IDP vector of a prefix P is not compatible with any IDP in the IDP 

vector of a suffix S, then P and S can not coexist (do not match) within the same word. 

Otherwise P and S match. This may be expressed by the following Boolean logic 

expression: 

 
 


M

i

N

j

sp jiCMatchPS
1 1

])[IDP],[IDP(  [6.2] 

Now, step 3 of the analysis algorithm is as follows: 

- Prepare an empty list Lps. 

- Match each prefix in Lp with each suffix in Ls. 

- Put the code pairs of the matching prefix-suffix pairs in Lps.  

- If Lps is empty, exit declaring the input word as an invalid Arabic word.    

After applying step 3 to our example, the contents of Lps are as follows: 

Lps array 

index 
The matching Prefix-Suffix pairs 

The code 

pairs 

 (0,0) (-()-( )لا لاؽٔنَ()لا ٍبثِنَ) 0

ُٔضًٖ٘ الِدضَبفٔ الدوكىعِ()لا ٍبثِنَ) 1  (0,81) (ا () -( )ؤَُٔقُ اُْ

َٓغَ الدبضٍٔ()لا ٍبثِنَ) 2  ِٖ  (0,251) (ا () -( )ؤَُٔقُ أُبصَُِْ٘

َٓغَ الدبضٍٔ()لا ٍبثِنَ) 3 َٔبػخٔ   (0,253) (وا () -( )واوُ الَج

ِّ()لا ٍبثِنَ) 4 َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو  ِٖ  (0,375) (ا () -( )ؤَُٔقُ أُبصَُِْ٘

َٔ() لا ٍبثِنَ) 5 ِّواوُ الَج َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو  (0,377) (وا () -( )بػخٔ 

ِٓوِ) 6  (82,0) (-()ا ( ) لا لاؽٔنَ()ؤَُٔقُ الَأ

ِٓوِ) 7 ِّ() ؤَُٔقُ الَأ َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو  ِٖ  (82,375) (ا () ا ( ) ؤَُٔقُ أُبصَُِْ٘

ِٓوِ) 8 َٓغَ ()ؤَُٔقُ الَأ َٔبػخٔ  ِّواوُ الَج  (82,377) (او)(ا ( ) الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو
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6.4 Extract All the Possible Body Strings 

- Prepare an empty list Lb. 

For each prefix-suffix code pair Lps[i]: 

- Using the prefix's spelling string and the analytic part of the prefix's action, 

dissolve the prefix string away from Ws. Put the remaining strings in a 

temporary list W`p. 

For each W`p[j]: 

- Using the suffix's spelling string and the analytic part of the suffix's 

action, dissolve the suffix string away from W`p[j]. Put the remaining 

strings in a temporary list W`ps. 

For each W`ps[k]: 

- Add W`ps[k] to Lb associated with the index i of the corresponding Prefix-

Suffix pair in Lps. 

After applying step 4 to our example, the contents of Lb are as follows: 

Lb array 

index 
Body string 

Index of the corresponding Prefix-Suffix 

pair in Lps 

 0 إٍزُِٔىا 0

 1 إٍزُِٔى 1

 2 إٍزُِٔى 2

 3 إٍزَُٔ 3

 4 إٍزُِٔى 4

 5 إٍزَُٔ 5

 6 ٍزُِٔىا 6

 6 اٍزُِٔىا 7

 7 ٍزُِٔى 8

 7 اٍزُِٔى 9

 8 ٍزَُٔ 10

 8 اٍزَُٔ 11
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6.5 Unify the Similar Body Strings 

Lb may contain similar body strings corresponding to different elements in Lps. For the sake 

of efficiency, each group of similar body strings is reduced to a single item b1 contaning a 

single body string and a group of pointers to the corresponding elements in Lps. Put the b1 

items in a list called Lb1. 

After applying step 5 to our example, the contents of Lb1 are as follows: 

Lb1 array 

index 
Body string 

Indeces of the corresponding Prefix-Suffix 

pair in Lps 

 0 إٍزُِٔىا 0

 4 ,2 ,1 إٍزُِٔى 1

 5 ,3 إٍزَُٔ 2

 6 ٍزُِٔىا 3

 6 اٍزُِٔىا 4

 7 ٍزُِٔىا 5

 7 اٍزُِٔى 6

 8 ٍزَُٔ 7

 8 اٍزَُٔ 8
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6.6 Dissolve the Bodies into Roots and Forms 

- Prepare an empty list Lrf. 

For each body string in Lb1: 

- Match all the Frd entities in the morphological knowledge base with the body 

string. 

For each match with an Frd entity having code f: 

- Extract the corresponding root. 

- If the extracted root exists in the Rd entities and has a code r, add to Lrf 

the pair (t = RegularDerivative: r, f) and a pointer to the body in Lb1. 

- Match all the Fid entities in the morphological knowledge base with the body 

string.  

For each match with an Fid entity having code f: 

- Get the corresponding Rd root with code r. 

- Add to Lrf the pair (t = IrregularDerivative: r, f) and a pointer to the body 

in Lb1. 

- Match all the Ff entities in the morphological knowledge base with the body 

string. 

For each match with an Ff entity having code f: 

- Get the corresponding Rf root with code r. 

- Add to Lrf the pair (t = Fixed: r, f) and a pointer to the body in Lb1. 

- Match all the Fa entities in the morphological knowledge base with the body 

string. 

For each match with an Fa entity having code f: 

- Get the corresponding Ra root with code r. 

- Add to Lrf the pair (t = Arabized: r, f) and a pointer to the body in Lb1. 

- If Lrf is empty, exit declaring the input word as an invalid Arabic word. 
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After applying step 6 to our example, the contents of Lrf are as follows: 

Lrf 

array 

index 

The root-form pairs (t: r, f) 

Indeces of the 

corresponding 

bodies in Lb1 

0 (RegularDerivative: 3806 (ٍ و  ّ), 41 (x3 y2 x1 ُد ًِ  2 ((إ 

1 (RegularDerivative: 3806 (ٍ و  ّ), 41 (x3 y2 x1 ُد ًِ  8 ((ا 

2 (RegularDerivative: 3817 (ٍ ٌ  ّ), 42 (x3 y2 x1 ُد ًِ  2 ((إ 

3 (RegularDerivative: 3817 (ٍ ٌ  ّ), 42 (x3 y2 x1 ُد ًِ  8 ((ا 

4 (RegularDerivative: 3806 ( ٍ ّ  و ), 43 (x3 y2 x1 َد ًِ  2 ((إ 

5 (RegularDerivative: 3806 (ٍ و  ّ), 43 (x3 y2 x1 َد ًِ  8 ((ا 

6 (RegularDerivative: 3817 (ٍ ٌ  ّ), 44 (x3 y2 x1 َد ًِ  2 ((إ 

7 (RegularDerivative: 3817 (ٍ ٌ  ّ), 44 (x3 y2 x1 َد ًِ  8 ((ا 
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6.7 Match the Forms with The Corresponding Prefix-Suffix Pairs 

- Prepare an empty list Lq. 

For each item in Lrf: 

- Using pointers, go to the corresponding item in Lb1 and whence go to the 

corresponding prefix-suffix code pair (p, s) in Lps. 

- Using the relations of the form and the two IDP vectors of the prefix and the 

suffix, test whether the prefix and the suffix match the form. The condition of 

the prefix-body-suffix match or pbsMatch expressed verbally in section[5.4], 

while explaining the relations, can be expressed formally by the following 

Boolean logic expression: 

Defining: 

 2121  OR x x:xx   

 2121  AND x x:xx   

 x NOTx:  ~   

where x1 and x2 are Boolean logic variables, and: 
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- If the pbsMatch is TRUE, add the quadruple (t: p, r, f, s) to Lq. 
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- If Lq is empty, exit declaring the input word as an invalid Arabic word. Else, 

the contents of Lq are all the possible quadruples that can represent Ws. 

After applying step 7the last step, to our example, the contents of Lq are as follows: 

Lq array 

index 
Quadruple 

0 
(t=RegularDerivative: P=0 (َلا ٍبثِن), r=3806 (ٍ و  ّ),  
f=41 (x3 y2 x1 ُد ًِ َٓغَ الدبضٍٔ) S=253 ,(إ  َٔبػخٔ   ((واوُ الَج

1 
(t=RegularDerivative: P=0 (َلا ٍبثِن), r=3817 (ٍ ٌ  ّ), 
 f=42 (x3 y2 x1 ُد ًِ َٓغَ الدبضٍٔ) S=253 ,(إ  َٔبػخٔ   ((واوُ الَج

2 
(t=RegularDerivative: P=82 ( ِٓوِؤَُٔقُ الَأ ), r=3806 (ٍ و  ّ), 
 f=43 (x3 y2 x1  َد ًِ ِّ) S=377 ,(ا  َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَو المجيو َٔبػخٔ   ((واوُ الَج

3 
(t=RegularDerivative: P=82 (ِِٓو   ,(ّ ٌ ٍ) r=3817 ,(ؤَُٔقُ الَأ
f=44 (x3 y2 x1 َد ًِ ) S=377 ,(ا  َٓغَ الِدضبهِعِ الدٖ٘ىةِ ؤَ َٔبػخٔ  ِّواوُ الَج و المجيو )) 



 63 

 

 

 

 

 

 

 

 

 

 

 

 

Chapter 7 

Morphological Synthesis 
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7.1 The Purpose of Morphological Synthesis 

By the end of the previous chapter, we explained how an input word W is analysed to get 

all the quadruples, if any, that can represent only its spelling part Ws. The next phase is to 

resynthesize these quadruples and compare the resulting half diacritized words1 to W. This 

process enables the morphological system to achieve the following two goals: 

1. Ambiguity reduction: If W is partially diacritized2, we reject those quadruples which 

represent words that do not match the partial diacaritization of W, hence the 

morphological ambiguity of W is reduced. Utilizing the partial diacritization, if any, 

of W for this purpose is governed by the following two rules: 

i) The diacritics, if any, of W are not considered if W contains a common near-

miss spelling mistake, a shadda-state mistake or a diacritics mistake. 

ii) The shadda states, if any, of W are not considered if W contains a common 

near-miss spelling mistake or a shadda-state mistake. 

2. Automatic half diacritization, and correction of near-miss spelling mistakes: 

When a single quadruple qbest is elected after the disambiguation phase3, the input 

word W is replaced by the half-diacritized word Wbest synthesized from qbest. Note 

also that as Wbest is synthesized from qbest using the correct spelling of each entity in 

qbest, Wbest is void of any common near-miss spelling mistakes. 

7.2 The Morphological Synthesis Algorithm 

1. Make an empty list Lw. 

For each quadruple Lq[i] in the Lq list: 

2. According to formula[2.2], synthesize the diacritized word Lw[i] corresponding 

to Lq[i]. 

3. Compare the spelling of Lw[i] with the spelling of W. If they do not match4, 

mark Lq[i] as Spell_Match and jump to step 7. 

4. Compare the shadda states1 of Lw[i] with those of W. If they do not match, mark 

Lq[i] as Spell_Match and jump to step 7. 

                                                 
1 Review section[2.3] for the definition of half diacritization. 

2 Review section[2.3] for the definition of partial diacritization. 

3 Disambiguation, which is statistical in this thesis, is the last phase of the morphological processing of an 

input word. The next chapter is devoted to discuss Statistical Disambiguation. 

4 This mis-match occurs when W contains one or more common near-miss spelling mistakes. 
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5. Compare the diacritics2 of Lw[i] with those of W. If they do not match, mark 

Lq[i] as Shadda_Match and jump to step 7. 

6. Mark Lq[i] as Diacritics_Match. 

7. If one or more quadruples in Lq are marked Diacritics_Match, then: 

- Only the quadruples marked Diacritics_Match are the possible analyses of W. 

- Other quadruples are rejected from Lq. 

- Exit. 

8. If one or more quadruples in Lq are marked Shadda_Match, then: 

- Only the quadruples marked Shadda_Match are the possible analyses of W. 

- Other quadruples are rejected from Lq. 

- Exit. 

9. All the quadruples in Lq are possible analyses of W. Exit. 

After applying the algorithm above to the Lq list obtained in section[6.7] for 

example[6.1], the possible analyses of W are: 

i Lq[i] Lw[i] 

0 (Regular-Derivative: 0, 3806, 41, 253) ُِِٔٔىا ٍِزُ  أ

1 (Regular-Derivative: 0, 3817, 42, 253) ُِِٔٔىا ٍِزُ  أ
2 (Regular-Derivative: 82, 3806, 43, 377) ُِِٔٔىا ٍِزَ  أ

3 (Regular-Derivative: 82, 3806, 44, 377) ُِِٔٔىا ٍِزَ  أ

Note how the common near-miss spelling mistake “إ” is corrected to “ا” in each of 

Lw[i]’s above. 

                                                                                                                                                    
1 If the shadda state of some character in W is not supplied, it is assumed in match with the corresponding 

shadda state of Lw[i]. 

2 If the diacritic of some character in W is not supplied, it is assumed in match with the corresponding 

diacritic of Lw[i]. 
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Statistical Disambiguation 
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8.1. The Disambiguation Scheme 

Given an input word string W, we concluded the previous chapter with all its possible 

morphological analyses, quadruples, put in a list Lq. In this chapter, our task is to 

disambiguate these quadruples; i.e., choose only one; the most likely one from them. Our 

general scheme for disambiguation is: 

- Prepare an empty scores list Lsc.  

- Consulting some morphological statistics1 and according to some statistical criteria, 

assign each quadruple Lq[j] a score Lsc[j]. (Review section[4.3] for why the statistical 

approach is chosen.) 

- Get the maximum score in the Lsc array; 

   ][][max maxmax jLjLS scsc
j

  

- Get 

 
 



j

sc jL

S
S

][
% max

max  

- If (Smax  Trust threshold) AND (Smax%  AutoSelect threshold), declare Lq[jmax] 

disambigeously as the best analysis of the input word. Else, ask a human operator to 

select the right quadruple itself.  

Whereas comparing with the Trust threshold detects statistically feeble best 

quadruples, comparing with the AutoSelect threshold detects the statistical ambiguity 

among the top scoring quadruples2. 

The rest of this chapter discusses how to build the morphological statistics as well as 

the statistical scoring criteria of the quadruples in Lq. 

                                                 
1 These statistics are built from a morphologically analyzed and disambiguated large-enough text corpus. 

As the untrained system then is still unable to disambiguate automatically, the disambiguation of the 

training text corpus cannot but be made manually. Having a care-fully diacritized text corpus, as was 

fortunately the case with this system, limits the number of possible quadruples per word hence 

considerably simplifies such a manual task. 

2 For a delicate text the AutoSelect threshold should be set high, say 0.99, which raises the ratio of the 

words that need manual checking. A less delicate text, on the other hand, may be disambiguated with a 

lower threshold, say 0.97, which lowers the ratio of the words that need manual checking. 
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8.2 The Correlation Neighbourhood 

In any language (a natural language, a computer language, Mourse's signals, ..., etc.), words 

(the units of the language) are not occurring randomly if meaningful context is to be 

expressed. This non-random occurrence phenomenon is responsible of what is called the 

correlation between the neighbouring words in a sentence; i.e., the likeliness of some word 

to occur gets higher when some certain words occur as neighbours and gets lower when 

some other words occur as neighbours1. Example[8.1] illustrates the idea with two Arabic 

sentences. 

Example [8.1] 

Sentence 1:   "... هبٍ الله رؼبلى "... هوإٓ ًويم  
The occurrence of (هبٍ الله) implies that (ًَُرَؼَب) is the most likely solution of (رؼبلى). 
Sentence 2:   ٌكوِذ لذب رؼبلى إلى عىاه  
The occurrence of (كَوِِْذُ َُهَب) implies that (ٍِ  .(رؼبلى) is the most likely solution of (رَؼَبَُ

Assume our word of interest, being disambiguated, W0 occurs within a sentence (... 

W-2 W-1 W0 W+1 W+2 ...); where W-i's are the previous neighbours and W+i's are the 

subsequent ones. Now, W0 is correlated to both its previous neighbours as well as to its 

subsequent ones. If one is going, naturally, to scan the text in order (from the start of the 

text toward its end), then the disambiguated analyses Q+i's of W+i's are not available while 

W0 is being examined, and we have to consider the correlation with Q-i's only. How can a 

possible quadruple Lq[j] of W0 be scored based on the correlation of Lq[j] with Q-i's? 

The well established answer used in automatic recognition systems, especially 

Speech Recognition, is to use the m-gram conditional probability for expressing 

correlation2. So the score Lsc[j] given to a possible quadruple Lq[j] of W0 is given by the 

following expression: 

  12)2()1( ,,...,,  ][][  QQQQjLPjL mmqsc  [8.1] 

where m is called the width of the Correlation Neighbourhood. As the correlation of Lq[j] 

to Q-i decreases quickly with i increasing, m needs not be large. In fact, the most typical 

values of m is 2, 3 and 4. 

                                                 
1 See Ref. 19, chapt.5, pp. 411 through pp. 435 for a discussion of the correlation of signals in general. 

With respect to correlation, a text stream (sequence of words) may be regarded as a digital signal. 

2 In automatic recognition systems, m-gram conditional probabilitiy is just an auxiliary scoring mechanism 

that supports the main recognition technique which may be Hidden Markov Models or Neural Nets for 

example. 
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In short hand notation, Eq.[8.1] is rewritten as: 

  1

)1(  ][][ 

 mqsc QjLPjL  [8.2] 

8.3 Two Hard Difficulties 

Two important statistical features of any real text corpus are important to mention here: 

1. Any finite-size text corpus, whatever large, is sparse. Sparseness means that; from all 

the possible m-gram combination of the vocabulary words, a lot, in fact most, of 

these combinations occur rarely or do not occur at all within the text corpus. 

2. Sparseness increases as m gets larger. 

So, if a direct, and naive, m-dimensional array is devoted to accomodate the 

occurrences of each of the possible m-grams in a training text corpus, the following two 

tough problems are encountered: 

1. The needed storage for such an array is proportional to V
m

; where V is the vocabulary 

size. If, for example, V=10000 (which is typically considered a small vocabulary 

size) and m=3, then the needed storage is prohibtively, and wastefully, large. 

2. Due to sparseness, most of the elements of such an array, if ever implemented, will 

be either zeroes or unusefully very small. The minority of the elements which register 

considerable occurrences (neither zeroes nor very small numbers) can be regarded as 

reliabale estimates of the actual frequency of the corresponding m-grams, whereas the 

majority zero or very small elements can not be regarded as reliable (See ref.[21]). As 

computing m-gram probabilities directly relies on the frequency estimation, these 

estimates must be reliable enough. 

How can these two problems be overcome? 

Amongst several good techniques designed to economically and reliably compute the 

m-gram conditional probabilities, the one employed in the IBM's speech recognizer is 

selected here (See ref.[21]). This technique, which will be called here The Bayes Turing-

discount Back-off technique, works in general as follows: 

1. When the occurrence of the required m-gram is high enough, the Bayes' rule1 is 

applied directly for reliably estimating the m-gram conditional probability. 

2. When the occurrence of the required m-gram is rare, the conditional probability is 

reliably estimated via the Turing-Good discount procedure1. 

                                                 
1 The Bayes' rule is the very basic law of conditional probability. It states that P(x2 |x1)= P(x1, x2)/P(x1). For 

m-grams it is written as P(Wm|W
1

m-1

) = P(W
1

 m

)/P(W
1

 m-1

). 



 70 

3. When the required m-gram occurs once or does not occur at all, the conditional 

probability is estimated recursively via the Back-off procedure using the occurrence 

statistics of (m-1)-grams. 

As the Back-off procedure compensates for the unseen and seen-once m-grams, this 

technique needs only store the occurrences of those m-grams which occurred more than 

once. Hence the storage requirements are vastly reduced. Also, this technique switches 

(according to the frequency of the m-gram) among three procedures, or modes, for 

estimating the conditional probability as reliable as possible.  

8.4 The Bayes Turing-Discount Back-off Technique 

The mathematical derivation of this technique is presented in ref.[18]. 

The run-time phase (Estimating the m-gram conditional probabilities) 
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1 For a thorough mathematical derivation and discussion of Turing-Good discount procedure, see ref. 21. 
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 } 

}    Eq. Set[8.3.2] 

if    1 AND )( 21  mkwc m , 

Apply the back-off recursive procedure 
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}     Eq. Set[8.3.3] 

k1 & k2 are constants with the typical values k1=5 & k2=1. 

N=Total number of the occurrences of monograms. 

nr,m=number of m-grams that occured exactly r times. 

The off-line phase (Building the statistical knowledge base) 

1. Build the m-grams mw1  and their counts )( 1
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4. Sort all the m-grams ascendingly using the quick-sort algorithm for later 

fast access using binary search. 

5. Compute the  parameters as: 
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    Eq. Set[8.4] 

8.5 Entity 4m-grams Instead of Word m-grams 

To simplify the discussion in sections[8.2] through [8.4], we assumed the word as the basic 

unit of text. To consider the internal structure of the word as W=Q=(t: p, r, f, s), entity 4m-

grams are built instead of word m-grams and the following conditional probability is 

computed: 
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 [8.5] 

Note: To make each entity have unique ID, we set: 

 Any type : p  e=p; epMax=PMax 

 Regular_Derivative : r  e=epMax+r; errMax=epMax+RrMax 

 Regular_Derivative : f  e=errMax+f; efrMax=errMax+FrMax 

 Irregular_Derivative : f  e=efrMax+f; eirMax=efrMax+FiMax 
. . . . 

Example[8.2] shows the statistically disambiguated morphological analyses of the 

word of example[6.1] at two different contexts. The highest m-gram statistics used for this 

example is bigram; i.e., M=2. 

Example [8.2]: i- Disambiguating . . . نَقَذِ إستًُهىا 

j Lq[j] Lw[j] Lsc[j]%  
0 (Regular_Derivative: 0, 3817, 42, 253) ُِِٔٔىا ٍِزُ   90.34 أ

1 (Regular_Derivative: 82, 3817, 44, 377) ٍَِز   8.20 ُِِٔٔىاأ

2 (Regular_Derivative: 82, 3806, 43, 377) ُِِٔٔىا ٍِزَ   1.21 أ

3 (Regular_Derivative: 0, 3806, 41, 253) ُِِٔٔىا ٍِزُ   0.25 أ

 ii- Disambiguating . . . إستًُهىا عقهه 

j Lq[j] Lw[j] Lsc[j]%  
0 (Regular_Derivative: 82, 3817, 44, 377) ٔٔ ٍِزُ   49.67 ُِِىاأ

1 (Regular_Derivative: 0, 3817, 42, 253) ُِِٔٔىا ٍِزَ   40.30 أ

2 (Regular_Derivative: 82, 3806, 43, 377) ُِِٔٔىا ٍِزَ   8.41 أ

3 (Regular_Derivative: 0, 3806, 41, 253) ُِِٔٔىا ٍِزُ   1.62 أ
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Conclusions and Suggestions 

for Future Work 



 74 

9.1 Conclusions 

As stated in chapter 4, the main three challenges before a successful computational Arabic 

morphological analyzer are coverage, tolerability and ambiguity. While the tolerability of 

an analyzer is somewhat qualitative, equations[4.2] and [4.4] define quantitatively both the 

approximate coverage c
~
 and the disambiguation d respectively. For our analyzer Morpho3, 

the following table shows c
~
 and d after two experiments: 

Table [9.1] 

Experiment Size of the training 

text corpus 
Coverage Disambiguation 

trust threshold=99% 
MT M c

~
=M/M

T 
MT M d=M/M

T 1 15,000 words 5,000 4,900 98% 5,000 3511 70.21% 

2 50,000 words 10,000 9,873 98.73% 10,000 7934 79.34% 

Although training Morpho3 on larger text corpus and trying it on other large text 

samples are necessary for a more reliable evaluation, the table above suggests that 

Morpho3 is promising. Based upon table[9.1], we may expect, or “hope”, the following 

results after larger experiments:  

Table [9.2] 

Experiment Size of the training 

text corpus 
Coverage Disambiguation 

trust threshold=99% 
MT M c

~ MT M d 

1 250,000 words 10,000 9,890 98.9% 10,000 8800 88% 

2 500,000 words 10,000 9,905 99.05% 10,000 9430 94.3% 

Besides producing Morpho3, working on the computational analysis of the Arabic 

morphology founded three essential principles that we think invaluable while working on 

natural language processing in general: 

1. Modeling the linguistic phenomenon is crucial to the success of its computational 

analysis. The model has to own the following properties: 

- The model has to be general; i.e., it has to cover all, or the sweeping majority 

of, the cases of the phenomenon. Otherwise ad hoc violations of the model will 

be inevitable which in turn will drive the system towards uncontrollability.  

- The model has to be clear and simple enough. This allows developing concepts 

and mental images around the model and hence producing a reliable and 

efficient implementation of the system. 
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2. Dealing with the basic entities of the linguistic phenomenon is a primary key towards 

producing a clean, compact, economic, extensible, deep and almost complete 

solution. Dealing with the combinations of these basic entities, if ever feasible, will 

most probably produce a dirty, fat, limited, superficial and partial system. 

3. Marrying rule-oriented methods and statistical methods is a promising approach 

towards solving problems in computational linguistics where neither methodology 

alone can produce satisfactory performance.  

9.2 Suggestions for Future Work 

Apart from working on other direct applications on morphological analysis than the ones 

mentioned in chapter 3, we foresee the future work of this thesis as follows: 

1. Although our statistical disambiguation technique based on m-grams works alright, a 

more involved technique based on maximum entropy models1 has the following 

important added feature: 

- It can utilize simple syntactic or/and semantic constraints besides the mere 

statistical entity correlations for disambiguating the multiple morphological 

analyses of a given word within some context. 

 Hence, the employment of such a disambiguation technique will result in two 

important benefits: 

i. The disambiguation d of equation[4.4] will be much better. 

ii. Gradually merging more and more simple syntactic or/and semantic constraints 

with statistical entity correlations may at some point cover a considerable area 

of the huge syntactic or/and the semantic analysis problem. 

2. A computational processor of Arabic morphology may be used to easily and quickly 

develop some useful task-oriented systems belonging to higher linguistic layers. One 

such system belonging to the semantic layer is proposed here. Given an Arabic word, 

the task of this system is to search some text for those words whose meaning is 

synonymous, opposite or irrelevant to that of the given word. Inspired by ref.[2], we 

claim that each entity has a general lexical semantic (or a small set of possible lexical 

semantics2) and that the number of unrepeated general lexical semantics for some 

                                                 
1 See “Maximum Entropy Models for Natural Language Ambiguity Resolution”, By Adwait Ratnaparkhi, 

1998, Ph.D. thesis in Computer and Information Science, University of Pennsylvania. 

2 Similar to ambiguous morphological entities, the ambiguous semantics may also be statistically 

disambiguated. 
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type of entities is small1. Hence, manually devising a “semantic similarity score” 

table for each type of entities is a feasible task. If some way is found to satisfactorily 

combine the similarity scores of the corresponding pairs of entities of two words and 

get the similarity score of the two whole words, semantic search can be readily 

implemented. 

                                                 
1 For our 4500 Rrd entities, we can claim that there are at most 500 general lexical semantics. 
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 يهخص انزسانت
ٖٖىَزََِالِد وُجَزَؼَُِ ًٍَِالَأ خٔبثَضََٔثِ ٍٗكٔوِي اُ  ـ ب  ـجٌِ َُنٔاَُّ  ـًَِ ػََ٘  ـ ُِٚٔ  ـ ًٍَِّ  ـالِد َٖٓٔ  ـاُٖ٘ ََُِِٖىَزََِ  ـ ٍِّلأُواُـلِّ  ٌِّىِؾِ  ـٍِ٘ ثِكٔ  خَُٔ
 ـ     . خُٕٖؽَ خَٕـُِ خَٖٔؤَ ُٔزَؼَِِّوَ َٓغُِٖـخٔ اُْ ِْ اُْجَوِ َْ اُـ٘ٗظِ ُٓؼِظَـ  َّ ٍُـىةِ ػَجِـوَ      ؤَُـنَُٔيَ كَـئِ ٕٔ وَاُْؾَب ََـب َٖ الِإِٗ ٍِ ثَـُِ َٖـب خٔ ثَبلارِّ

ــوٍ  ّٔ ُٓجَب ــوِ  ــوٍ ؤَوِ ؿَُِ ّٔ ُٓجَب  ٍَ ٌْ ــ َْ ــبطُ ثِ ــىةِ رَؾِزَ ٌْزُ َٔ ِّ اُْ ــٖ٘ ــخٕ  ُٔ اُ َٔبكَٖٔ ــخٕ مَادٔ اػِزٔ ــوِكُٖٔخٕ آَُُٖٔ َٕ ــبدٕ  ُٔؼَبُٔغَ
ًَلَبءَحٕ،   ـَِّؼََُوَوَ  ـب لا َُٗ٘  ـوِجَزَا اػِمَإِ ؾِبُٔجَ ََّٗ  ـُِّاُ ب ؤَ  ـثِوَؼَاُْ خََـ  ـ خَُٖ  ـ ِٖٓٔ  ـاُُِّ ُـغِ ٔٔعَ ُِِٖثَ  ـالَح بدَٔـ  ـئٔاُوٖ خُٖٔ َِ  ـَٔزَرَ خُُٖٔ  غُزٖ

ٍّظَِ٘ثِ  ـلْرَ وُضًَْالَأ ىَُٛ ٍٍّكٔوَِٕ ب  ـٌَُُٔلًا ؤَٖ  ـ ُٖٚ٘  ـىٍَ اُْكٔ  ـلَْٗ ذٔهْ  ـًْالَأ َِٚٔ  ـ وُضَ  ـاكّا، وَوَاعِّ  ـ ئَُنَُٔ  ـاؽِ َّٕئِكَ  ـ ٙٔاءِىَزٔ ٍ كٔ
 ـؤَ ىَُٛ ٍٍّبضََٔهِ طٍىمَُُٔٗ  ـُِٔٓ وِْٓ  ـ ٌْٖٔ  ـوَ َْثَ  ـلَأ ٌٍّوهِوُضَ  ـبوَؾَُٓ خَٖٔ  ـ خَُٕ  ـؼَُُِْٔٔ حٕبكٖعَ  ـالَح خٔبلَج ٍُ  ـُٔ خُٖٔىثِب َـ  ـثِوَؼَاُْ خُِّٔ  خُٖٔ
 .بهَبرََٔىَزََُِٓ ٌَِِّثِ

ــوَ ــ لِهَ ــِٗإِ - الِله َِضِــلَثِ - ْٖرَ ــُٓ بىُغَ ــؽَ ظٍبُٔؼَ ٍُ ــ ٍٍّىثِب ــُٔ اءِكَالَأ ٍَبُٔػَ ٖٖ ــوَؼَاُْ فٔوِِ ــضِــكَ ٍِّثِ  ِٖلًا ػَ
 ـزَؼِالِد بدُٔوَجِغْاُزٖ َٖٓٔ خٕلَبئٔعَ  ـَِػَ حٔلَٔٔ  ـٌَالِدوَ ُِٚٔ  ـِِّؼَزَالِد لادِّٔ  ـ خٔوَ  ـػَوَ. ٚٔثِ  ـً مََِ  ـ ئَُ  ـ َّٕئِكَ  ـاُوِّ ٙٔنَٔٛ  ـرَ خَبٍََُ  ُٗوِؼِ
ٍَ ػَ زٔاَُّ خَٖٔوِظَاُٖ٘ ٌٍُِلُأُٔ  ـٍَُِِ ثُِ٘ـ  ـهَ َٛ  ـا الِدنَب   ـ ظُبُٔؼَ ٖٖ  ـًَ ٍٗكٔوِاُ  ـب رََٔ  ـ ُٗوِؼِ  ـَُٔٔ ئَُنًََ  ـجِغْرَ بلادٔغَ  ـوَ. ُٚٔؤ  لِهَ

ٍَذِ ػٔ ٕٖفَ خٌبًَََِ٘وِّ  ـُٔ خٌب  ـلًَُِٔ ػِوَِْ  ـبَُؼَُٓ خُٖٔ  ـاُزٖ خٔغَ  ـٍَالَأ بدََٔلِّؾَ ٍٔ  ـاَُّ خُٖٔب  ـىٍَ رُزٔ  ـِٗ ٌٖؤَ ُٚاعِ ٍّظَ  ـ ب  ـٍّ ُٔآُٔ ٖٖ  فٔوِِ
ٌّ ٍَٛٔلا وَؤَ ٍِّثِوَؼَاُْ ٌٍْٔاُ َٖوَ ى ًِجَزٔالاُْوَ بؽَُٔخَٔٔاُ  .ب

 ـزٔالاِٗ ذُلِْٔب ََٖٗ٘ٗئِيّرا كَفٔؤَوَ َٙجَ  ـإِ ب  ـغُبُٔؼَُٓ ًَّٕ ؤََُ  ـَ٘ ٖٖ  ـ ٍٗكٔوِب اُ  ـِٔا َُنََٛ  ـََ ْٕؤَ ٌُٖٔ ٌَِٕ  ـٓٔ ى  ـبلًا ػَضَ ًََِ  ـلًُِٔ   خُٖٔ
 ـُٓ ٍٍّكٔوِؼَِٓ بهٍعَإِ َُِٖثَ خٔعَاوَئَُاُْ  ـ ٕٕىٌَٖ  ـىَهَ ِٖٓٔ  ـٌَؾُِٓ لَاػٔ  ـوَ َـقٔ وِؼِاُزٖ خَٔٔ  ـإِ َُِٖثَ  ـوِؼَِٓ بهٍعَ  ـؽِإِ ٍٍّكٔ  ـثِ ٍٍّبئَٖٔ  فٔلَهَ
ٍٍِِؽُ بكٔيَجإِ ٍُؾَاُْ بدَٖٔىَِـاُُِّ َِبئَََُٔٔٔ ى  .خُٖٔىثِب
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ٍِ انزَّحُىِ  بِسِىِ الِله انزَّحًِ
 

ُهَذَاََا انهّه ٌْ ٌَ نَىِلا أَ ًِذُ نِهّهِ انَّذٌِ هَذَاَا نِهذَا وَيَا كَُُّا نَُِهِتَذِ  الَح
 

 صَذَقَ الُله انعَظُىُ



 3 

ٍّ شايِمٍ نِهصَّزِفِ انعَزَبيِّ، وتطبُقاتِهِعَزِضٌ نِ ًُعانِجٍ آَنِ  

 إعذاد

َّذ انعَزَبّي أحمذ َّذ عَطَُِّت مح  مح

 رِسانتٌ يقذَّيتٌ إنًَ كُهَُِّّتِ الَهُِذَستِ، جايِعت انقاهِزة

ٍِ يُتطهَّباثِ الُحصىلِ عَهًَ دَرَجتِ الماجستير  كجُشِءٍ يِ

 فٍِ هَُِذَستِ الحاسِباثِ

ٛٔوًُِِِّٖ ٓٔؼخ اُوب حخ الَذِ٘لٍَخٔ، عب  
ِٖوَ اُؼَوَثُٖخ ٔٓ  الٔجُيح، عُٔهىهَٖخِ 

2111َ٘بَو   
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ٍّ شايِمٍ نِهصَّزِفِ انعَزَبيِّ، وتطبُقاتِهِ ًُعانِجٍ آَنِ  عَزِضٌ نِ

 إعذاد

َّذ انعَزَبّي أحمذ َّذ عَطَُِّت مح  مح

 رِسانتٌ يقذَّيتٌ إنًَ كُهَُِّّتِ الَهُِذَستِ، جايِعت انقاهِزة

ٍِ يُتطهَّباثِ الُحصىلِ عَهًَ دَرَجتِ الماجستير  كجُشِءٍ يِ

 فٍِ هَُِذَستِ الحاسِباثِ

 رَؾِذَ إّواف

 ؤٍِزبم كًزىه

ٍّ ٍّ حَسٍَ فَهًِ  عَهِ
ٛٔوح ٓٔؼخ اُوب ًُِِِّٖخ الَذِ٘لٍَخٔ، عب  

 

َُٓبػٔل، كًزىه  ؤٍِزبم 

 يُحِسٍِ عَبِذ انزَّاسق رَشِىاٌ
ٓٔؼخ اُو ٛٔوحًُِِِّٖخ الَذِ٘لٍَخٔ، عب ب  

ٛٔو ٓٔؼخ اُوب حًُِِِّٖخ الَذِ٘لٍَخٔ، عب  
ِٖوَ اُؼَوَثُٖخ ٔٓ  الٔجُيح، عُٔهىهَٖخِ 

2111َ٘بَو   



 5 

ٍّ شايِمٍ نِهصَّزِفِ انعَزَبيِّ، وتطبُقاتِهِ ًُعانِجٍ آَنِ  عَزِضٌ نِ

 إعذاد

َّذ انعَزَبّي أحمذ َّذ عَطَُِّت مح  مح

ايِعت انقاهِزةرِسانتٌ يقذَّيتٌ إنًَ كُهَُِّّتِ الَهُِذَستِ، ج  

ٍِ يُتطهَّباثِ الُحصىلِ عَهًَ دَرَجتِ الماجستير  كجُشِءٍ يِ

 فٍِ هَُِذَستِ الحاسِباثِ

 َعتًذ يٍ لجُت المًتحُين
 

 ؤٍِزبم كًزىه إثواُْٛ كَوَط

 

َٔبٍ كهوَِ ٖٔل عَ  ؤٍزبم كًزىه لز

 

ًٓ ََٖ كَهِٔ ًٓ ؽَ ٍٓ ؤٍِزبم كًزىه ػَِٔ ِْوِفُ اُوٖئَُ  الِد

 

َِٖ ػَ ُٓؾِ ِّىإكًزىه  ٍٓ جِل اُوٖاىم هَ ِْوِفُ اُوٖئَُ  الِد

ٛٔو ٓٔؼخ اُوب حًُِِِّٖخ الَذِ٘لٍَخٔ، عب  
ِٖوَ اُؼَوَثُٖخ ٔٓ  الٔجُيح، عُٔهىهَٖخِ 

1999كََّّٔ   


