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Using Arabic skeleton mor phology and M aximum Entropy for Arabic
Document classification

Abstract- The morphology of Arabic plays an important role of
computational natural language processing systems. The rich
mor phology, and the complexity of word formation all contributeto
making morphological approaches to Arabic very challenging. In
this paper, we present a new method for Arabic document
classification using maximum entropy and morphological
derivation of Arabic words. In this paper, maximum entropy and
Arabic word derivative morphology for text classification by
estimating the conditional distribution of the class variable given
the document. Using these derivatives we can find a related words
in the document which contains words and its derivatives. The
proposed approach is designed for vowel and unvowel Arabic
document.

Keywords- Document classification; Arabic information retrieval;
Arabic morphology; maximum entropy.

|. INTRODUCTION

Document Classification
grouping similar document in the same class odfi€@C has
rapidly grown into a major research area [1,2 ,8,4, 7, 8, 9,
10, 11, 12, 13] as illustrated by the Document Usi@dading
Conference (DUC) and Text Analysis ConferefiTAC) series.

root. It needs to be stated that the N-gram as an indexing
system is used to classify documents but it is still insufficient
to classify Arabic documents. Therefore, this study proposes
an innovative means to classify documents by using
maximum entropy and Arabic morphological derivatives.

The Arabic morphology considers special challetoge
computational natural language processing systerabid is a
complicate languge due to its morphology, this seasproduces
Arabic IR researches depends on Arabic morpholdgy [L5,
16, 17, 18, 19, 20, 21]. Arabic morphology becomewital part
of many Arabic information retrieval system. Arabaffers
unusual challenges for data driven. any word inbArdanguage
is consists of a stem with a consonantal root aattem.
Furthermore, it contains affixes and vowels; alsmstimes the
same root with different vowels stands differentamiag. For
example, there is a clear sense in which the fdrads: galbu,

(DC) is the process ofyhich means heart in English’-: galaba, which means turn

in English” and L& gallaba, which means stir in English” are
morphologically related to one another althoughytide not
share in meaning. Many research in AIR based an §@2, 23]
stemming is a method used in IR. These requiretidglehe

Arabic classification systems are still not astssiicated and as  ygwels and it is a big mistake because many woedsine the

reliable as those developed for other languages HEkglish.
This is due to the
morphology. The earlier approach for automatic sifeestion is
word extraction, where key sentences from the igmeuments
are selected based on some of the features. Sdamenation in
the text is useful for sentence extraction, such srd

richness and complexity of Acabi

_ same although they differ in meaning.
In this paper, a new technique for Arabic document

classification is devolped using maximum entropyl arabic
morphological derivatives. To discover the derivesi for
words, we find all real derivatives included in A derivation
such that; active, passive and imperative for &.ver addition,

frequency; title of the text; position of the seTte; a cue phrase active Participle, Passive Participle, The Elatidgun of the

in the text and cohesion in text. Stands to realenmportant
sentences not only contain frequently words, bsb ahat's
strongly related to the documentary field. The degpof the
importance of sentences depended on how its wetdted to a
document.

Arabic is one of the most widely used languages in
the world, yet there are relatively few studies on retrieval
and classification of Arabic documents. Arabic is one of the
six official languages of the United Nations. It is the mother
tongue of 300 million people. Developing text classification
for Arabic documents is a challenging task due to the
complex and rich nature of the Arabic language. Classifying
Arabic text is different than classifying English language
because Arabic is highly inflectional and derivational
language which makes monophonic analysis a very complex
task. The Arabic language consists of 28 letters, is written
from right to left and the majority of words have a tri-letter

Instrument, The Adverb and Intensive Adjective ioun. Then
construct a morphological derivatives frame forheamrd with
its all possible derivatives and its relation. Egample the word
“Zi, kataba which means in English wrote” has a mfatiith
the word ‘<%, kaatab which means in English writer” as Active
Participle

The rest of this paper is organized as followstiSa 2

defines maximum entropy and how use it to document

classification. In Section 3 Arabic morphology wdiscussed.
Section 4 our new algorithm to extract all derivas of FA
words will illustrate. Section5, explains Conchlusiand future
work.

[I.MAXIMUM ENTROPY FOR TEXT CLASSIFICATION

2.1 Maximum Entropy M odeling
Maximum entropy is a technique for learning
probability distribution from data. Maximum Entropyas in the



beginning used to guesstimate how much of the databe or a morpheme is the minimum item of language wliieb a
packed together before they are transmitted over meaning [31, 32]. The morphological handing ouhéeded in
communication channel [24, 25, 26]. Entropy measutlee natural language processing to handle inflecteddviorms. An

average uncertainty of a single random variable X: Arabic word composed of a stem. A stem is considtsa
H(p) = HX) = Yxex PX)log, P(x), Where p(x) is the consonantal root and a pattern. also, it contaffixea and
probability mass function of the random variable X. vowels. There are 15 trilateral form, of which atdt 9 are
on the other hand, in natural language processieg, familiar. Within each conjugation pattern, an emtpattern is
want to locate a model to make the most of theopmtr found. Two voices (active and passive) and tensefdpt and

numerous troubles in natural language processing cgassive) and five moods (indicative, subjective ssiue,
be re-formulated as statistical classification peols. imperative and energetic).
particularly, in text classification we consider ethtext The Arabic vowels
classification task to be a process W which takesnput a Arabic has 3 vowels, Fat-ha (A),o Kasra (E/I) and’
document d and produces as output a class c. Tipaitoef the Damma (U) These are marks that go on top or undéine
process W may be affected by some contextual irdtion X, letter. If a letter has a vowel, it means that vba@mes after
whose domain is all the possible textual informagontained in  that letter. You can “double” these vowels; thidlwaidd the
the document d. sound of the letter N at the end. This doubling caly happen
2.2 maximum entropy for text dlassification at the end of a word like2 Kasra (EN),52 Fat-ha (AN),& 2
' The rule of Maximum Entropy (ME) is base the ideaDamma (UN). If a letter has no vowel after it, wet p special
. S S A symbol on top of that letter to indicate it, thigrdol is called a
that when estimate the possibility distributioneahould select P . )
that distribution which leaves you the biggest deal Sukoon<  like (& Yaa (EE) - Aleph (AA), 3 Waw (UU),
~Yaa Leen (El),> Waw Leen (AW)). If there is a letter with a

uncertainty. ; .
- . . . Sukoon, then the same letter in the same word agaéntwo
The entropy could be maximized logically. Using tenstraint letters will be written as one and a special synviillbe placed

and the fact that the probabilities add up to 1expressed two on top of the letter to indicate this, This symilcalled the

l?lfetrte ?E:noggsﬁ)ﬁgbﬁgg'tfsé? tve;mzsc’fgpigg'rd'rom” was Shadda < The vowel of the second letter is placed on top of
deter’minedpusing the fagt each of the three |ie£¢m Oand 1 underneath the Shadda, not on top of undemeatiettie itself.
Then, these expressions were substituted into dhmaula for. The letters Aleph, Waw and Yaa can act as long avhe
’ P . . . Aleph stretches the Fat-ha vowel to form a long $ound. The
entropy S so that it was express_ed in terms of rrg_le;| Waw stretches the Damma vowel to form a long Ohdolrhe
probability. Then any of_s_everal te_chnlq_ues cowddubed to find Yaa stretches the Kasra vowel to form a long EEndoto,
meo\;gleuretgfégitlfrr%gi?rglgnfogrmggg fSoIrS;hgg?nSatﬁn need to Ale_ph must always hav_e a_Fat-ha before it. Sim_jla'frWaW is
select a set of features to use for setting thstcaints ’ acting as a Iong VOWEl.’ It WI!I have a Sukoon oanti_ a Damma
For text classification with maximum entro ' before it, And if Yaa is acting as a long vowelwitl have a
wc(;ruse word counts as our features Moreps?/’ difidal Sukoon on it and a Kasra before it. Waw and Yaaalao act
; - VIOr€ Spe }f;_cxa as semi-vowels. Waw can form the semi-vowel AW / G/ in
this paper for each word-class combination we iriite “Howl”. Yaa can form the semi-vowel El, as in HusseThis

a feature as: will happen if they have a Sukoon and a Fat-ha reetbem.

0 ;f c#C ] Several words in Arabic have the same spelling With
fweld,c) = N(d.w)  otherwise, different vowels yields to different meaning. Foaeples, the
N(a) word @l=: maaleka, which means owner in English) and the

word @ moleka which means Sovereignty in English).Also,

whereN(d;w) is the number of times word w occurs in documenthe word €i: myaat which means the person who will die but
d, and N(d) is the number of words in d. With thishe still alive in english) and the wordi%: myt which means the
representation, if a word occurs often in one clags would  person who actually died in English). Also, the &v¢rS : karah
expect the weight for that word-class pair to bghbi than for  which means in English the hardship which affeghts outside
the word paired with other classes. In most natlaajuage of itself and with force) but the worel€ : koreh which means in
tasks using maximum entropy the features are rlahinary  English the hardship which affect the human froselit and
features. In text classification, we expect thatdiees accounting wish it like Pregnancy and childbirth for women)y Bhis
for the number of times a word occurs should improv example, we can know that Arabic language is aechfit
classification. language not complex but amazing. For this, we nraat it as a
special case, not like other languages. In thispgmoposed a
new technique to find a derivation frame for anyradvin Arabic

Morphology is Part of linguistics which study word with its relation for the word. In addition findeheal derivatives
formation and structure. It is consists of inflectl morphology  for words, not useless derivatives. This will beyveffective in
and derivational morphology [27, 28, 29, 30]. Iofilenal document summarization.
morphology is distinct as the apply of morphologjiteethods to
form, inflected word forms from a lexeme. Inflectiovord |V.DERIVATIVES FRAME AND ITSALGORITHM
forms show grammatical associations between wdtdsvever, Arabic morphology contains more derivatives and tisi
derivational morphology is apprehensive with the\dgion of  present, past and imperative verbs for masculemijrfine, dual
new words from other words using derivational &ixA root and plural. Also, actor, object, source, adjectieraggeration
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formula, the name of preference, the place naneetithe name
and instrument name. For example, the ves’ ‘which means
opening in English. The important derivatives dkbfes:
1- Actor the person who openg=%” means opener.
2- Object, Signed by the act like 54" means the
opened.
3- The place where openingis”.
4- Machine name or the instrument of openigagss”,
which means key in English.
5- Derivatives verbs
In this paper we treat with not only the word, the word
with it is derivatives and find the maximum entrdpy
words and its derivatives.

Algorithm 2: FAD word algorithm

Input: a set of words

Output: a set of DW sets, DW= {
Wip, Wap, -, Wyp }. Where, w;p Is a set of
derivatives for the word w;,1 < i < n.
Wip1,) Wipy) = Wip,, /

Defwpp={

M ethod
LetA = {w;,w,, ...,w,} is a set oPFA,SPFA
Vw;€A4, 1<i<n
Find wip,p , where w;p,p Is the set of derivatives for each
word w; € A.
{
If L, =3, Ly, Is the length of a word
let w; =C,C,C5 ,where C’s is an actual letter or
then

{

PrsM= yCy C; Cs, y=c
PrSF=TC, C, C;, T==
PrOM=y C, C; C3, y=¢, a=
PrDF=TC, C, C3,T==, a=)

PrPM=yC, C, C3, y=5, wo=\3
PrPF=TC, C, C;3, T=2, N=y
i

[f(Vl =& A VZ = /) then

2Cza %, y=¢,a=
3d s;fjj:’ 7= , a=
C 3 wo sjfj:" y:Lﬁ , Wo:\ E)

Adjective 6:C,5C,V,C3Vzaim  ,a=), n=0

Adjective7:C,V,C,yCy A=
Exaggeration formulal:C SaCy,a=
Exaggeration formula 2: m=C,=C,2a C5,a =)
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Exaggeration formula 3: C;:Cy% wo C3 ,wo = 3
Exaggeration formula4:C;:Cy:y C3,y ==
Exaggeration formula5: C;%:Cy5 Cy
Exaggeration formula 6: m:CyoCy5 Cy
Exaggeration formula7: m: C,5C,y C3 ,y ==
Name of preference: as C,V,C,V,C5V; ,a=]
Name of place and time: m& C;5C,5C; ,m= =
instrument name 1: m:: C
instrument name 2: ms: Cy«
instrument name 3: ms:
haa=3
}

Where , PrSM: Present Singular Male, PrSF: Present
Singular Female, PrDM: Present Dual Male, PrDF: Present
Dual Female, PrPM: Present Plural Male, PrPF: Present Plural
Female, PrSM: Present Singular Male, PrSF: Present Singular
Female, PrDM: Present Dual Male, PrDF: Present Dual
Female, PrPM: Present Plural Male, PrPF: Present Plural
Female, PrSM: Present Singular Male, PrSF: Present Singular
Female, PrDM: Present Dual Male, PrPM: Present Plural Male,
PrPF: Present Plural Female, PSM: Past Singular Male, PSM:
Past Singular Female, PD: Past Dual, PPM: Past plural Male,
PPM: Past plural Female, ISM: Imperative Singular Male, ISF:
Imperative Singular Female, [SF: Imperative Dual, IPM:
Imperative plural Male, IPF: Imperative plural Female, OSM:
Object Single Male, OSF: Object Single Female, OSM: Object
Single Male, OSM: Object Single Male, OSM: Object plural
Male, OSM: Object plural Female, ASM: Actor Single Male,
ASF: Actor Single Male, ADM: Actor Daul Male, ADF: Actor
Daul Femal, APM: Actor Plural Male, APF: Actor plural Femal,
PrSM: Present Singular Male.

3 ,N=-—=

5 a.:;fj;sCS ,m=-,a=)
:Cshaa m=-=,

V.M ED CLASIFICATION METHOD

Classification methods based on ME classificaipecificity
assume that it is possible to determine the impodaof a
sentence on the basis of the words which consitituliehe most
common way to achieve this is to find all derivatimorphology
in the document, and find the sentences which aoritzese
words. A classification of the source is producedelstracting
the words, which words and its derivatives thategppnce in the
other document.



In this section we present the classification &tgm which Journal of Data Mining & Knowledge. Management, 2ol.

depends on collects words which contains wordsdamiyation. No.4, 2013, p1.

Maximum Entropy derivative Algorithm takes the inpu [8] Halteren H. V., “New feature Sets for Summaitiza by
as a set of derivative words, which everyis belongs to a class. Sentence Extraction,” IEEE Intelligent Systemsl. 18,
For everyw;p, € wip the documents will assign to the class no. 4, pp. 34 — 42 ISSN: 1541-1672.
which contain the words. D0i:10.1109/M1S.2003.1217626, 2003.
Algorithm 3: Maximum Entropy Derivative Algorithm [9] Jing and Hongyan. Sentence reduction for aatamext
Input: a set of Drivatives Words, extracted by ME summarization. In Proc. Conference on applied ahtur

language processing, pp. 310-315. 2000.

[10] J. Kupiec , J. Pedersen & F. Chen, A trainatdeument
Summarizer. In Proceedings of annual internatioh@M
SIGIR conference on research and development in
information retrieval (SIGIR’95) (pp. 68—73). (1995

[11]Mani L., “Recent Developments in Text summatiza’
Proceedings of the tenth international conferenae o

FAD= {w;p,Wyp, ..., Wpp }. where, w;, is a set of
derivatives for the word w;,1 <i <n. :
*/WiDz{WiDllwiDz' ---'WiDmJZ
Output: classification documents
M ethod
VWwip, €Wwp, 1<i<n, 1<j<n

Ifwyp, € DW ,DW is the document words Information and knowledge management CIKM'OI, 2001,
VWwip, assign the documents to the class which pp. 529-53 ISBN:1-58113-436-3
containw;,. doi:10.1145/502585.502677
/ [12] C. D. Paice, Constructing literature abstranyscomputer:
End techniques and prospects. Information Processindg an
Management, 26, 171-186. (1990)
V1.CONCLUSION AND EUTURE WORK [13] K. Zechner, Fast generation of abstracts frgemeral

relevant sentences. In Proceedings of the 16thnatienal
conference on computational linguistic (COLING’9@)p.
986-989). (1996).

[14] Sami Boudelaa, Friedemann Pulvermller, Olati Yury
Shtyrov, William Marslen-Wilson, Arabic Morphology
the Neural Language System, Journal of Cognitive
Neuroscience, Vol. 22, No. 5, Pages 998-1010: 981
2010.

[15] Ezra Daya, Dan Roth, Shuly Wintner .Unsupezdis
Learning of Morphology, Computational Linguisticgol.

The paper offered an alteration of existing Acabi
morphological analysis technique to make them dit the
requirements of AIR applications. In this paper rivddion
frames based on morphological and knowledge bate®rb
lexicons can be related to produce a detailed septation of
texts. The technique described in this paper has lapplied to
classification. For the future work an experimantarge Arabic
data will be developed.
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