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Abstract

Wehaveimplementeda root-extractionstemmerfor Ara-
bic which is similar to theKhojastemmerbut withouta root
dictionary. Our stemmerwasfoundto performequivalently
to theKhojastemmeraswell asso-calledl lightmstemmers
in monolingualdocumentretrieval tasksperformedon the
Arabic Trec-2001collection. A root dictionary, therefore,
doesnot improveArabicmonolingualdocumentretrieval.

1 Intr oduction

Thetwo mostsuccessfulapproachesto Arabicstemming
havebeenaroot-extractionstemmerdevelopedby Khoja[9]
anda l lightmaÏx removing stemmerdevelopedby Larkey
et al.[10, 11]. Larkey et al. have shown that the Khoja
andLight stemmers, aswell asco-occurrenceanalysis-aided
stemmers, performinformationretrieval taskswith statisti-
cally equivalentprecision.[10]

We show that a root-extraction stemmer similar to
Khojais can be constructedwithout some of the short-
comingsof that stemmer. Most obviously our stemmer
doesnot requirea root dictionarywhich canbediÏcult to
maintain. Ourstemmerwasshown to bejustaseÌectiveas
theKhojastemmerfor informationretrieval tasks.

Section2 presentsbasicconceptsconcerningstemming
in generalandthe Arabic stemmingproblemin particular.
PreviousworkonArabicStemmingisdiscussedin section3
alongwith a brief presentationof thealgorthmusedin the
Khoja stemmer. Our Arabic stemmeris presentedin sec-
tion 4. (The completealgorithmis listed in AppendixA.)
We describeandevaluateour experimentsin section5. Fi-
nally, we presentour conclusionsandprospectsfor future
work in section6.

2 Background

A stemmerfor thecontext of this paperis anautomatic
processin which morphological variants of terms are
mappedto a single representative string called a stem.
More speciÍcally we will be focusing on the stemming
approachcalled aÏx removal as opposedto the n-gram,
successorvariety, and table lookup stemmerswhich were
oÌered asalternativesin Frakesi seminalwork.[6]

Arabicbelongsto theSemiticfamily of languageswhich
also includesHebrew andAramaic. Sincemorphological
changein Arabic resultsfrom the additionof preÍxesand
inÍx esaswell assuÏx es, simpleremoval of suÏx esis not
aseÌective for Arabic asit is for English. Languageinde-
pendentstemmerswhich focuson suÏx removal arethere-
foreunlikely to proveusefulfor Arabic.[10]

3 PreviousWork

Basedon thework of Al -Fedaghi[1], Al -Shalabi[2], and
Bellaachia[3], Khoja and Garsideproducedan eÌective
root-extractingstemmer.[9]

TheKhojastemmerfollows thisprocedure:

1. Removediacriticsrepresentingvowelization.

2. Removestopwords, punctuation, andnumbers.

3. RemovedeÍnite article( m¾ ).

4. Remove inseparableconjunction( × ).

5. RemovesuÏx es.

6. RemovepreÍxes.

7. Match result againsta list of patterns. If a matchis
found, extractthecharactersin thepatternrepresenting
theroot.

8. Matchtheextractedrootagainstalist of known l validm
roots.



9. Replaceweakletters m×Ý with ×

10. Replaceall occurrencesof hamza e!i!` with c

11. Two letterrootsarecheckedto seeif they shouldcon-
tain a doublecharacter. If so, thecharacteris addedto
theroot.

However, the Khoja stemmerhasseveral weaknesses.
First, theroot dictionaryrequiresmaintenanceto guarantee
newly discoveredwordsarecorrectlystemmed.

Second, the Khoja stemmerreplacesa weak letter (in
step9 above) with ×whichoccasionallyproducesarootthat
is not relatedto the original word. For example, the word

ËÐ¨Ìnu (containers) is stemmedto §Ìb (he wasthirsty) in-
steadof Ï¨Í . HeretheKhoja stemmerremovedpartof the
root whenit removedthepreÍx andthenaddeda hamzaat
theend.

Third, by following a certainorderof aÏx es, theKhoja
stemmerwill in somecasesfail to remove all of them. For
example, the terms v”w°•¶ and Ž»qwÛÖ arenot stemmedal-
thoughthey are respectively derived from the two regular
roots ¯•¶ and Ž»r .

4 ISRI Arabic StemmerAlgorithm

TheInformationScienceResearchInstituteis(ISRI) Ara-
bic stemmersharesmany featureswith theKhoja stemmer.
However, the main diÌerence is that no root dictionary is
used.

Tobeginourdescriptionof ourstemmer, wedeÍnesetsof
diacriticalmarksandaÏx classesin Ígure 1. Thesearesets
of markswhich areremovedby thestemmer. (Note, how-
ever, that the ’ is of coursenot a diacritical mark and is
only listed in setD asan exampleconsonantto which di-
acriticsareapplied.) WemustalsodeÍne somepatternsets
in Ígure 2.

A completedescriptionof thealgorithmappearsin Ap-
pendixA. Herewe provide a moregeneraloverview of the
stemmer. Stemmingproceedsin thefollowing steps:

1. Removediacriticsrepresentingvowels.

2. Normalizethehamzawhichappearsin severaldistinct
forms in combinationwith variouslettersto oneform
(c). Thisstepis necessaryin orderto ensuretermssuch
as v¬@¼Á (heiseating) and ce»Á (it iseaten) conÎateto the
samerootaftertheir preÍxesareremoved.

3. Removelengththreeandlengthtwo preÍxesin thator-
der.

4. Remove connector× if it precedesa word beginning
with ×.

5. Normalize g!c!2 to m. Removing the hamzain this
casedoesnotaÌect theroot.

6. Returnstemif lessthanor equalto three. Attempting
to shortenstemsfurtherresultsin ambiguousstems.

7. Considerfour casesdependingon lengthof theword:

(a) Length= 4: If theword matchesoneof thepat-
ternsfrom PR4 (Ígure 2), extract the relevant
stemandreturn. Otherwise, attemptto remove
length-onesuÏx esandpreÍxesfrom S1 andP1
in that orderprovided the word is not lessthan
lengththree.

(b) Length= 5: Extractstemswith threecharacters
for words that match patternsfrom PR53. If
nonearematched, attemptto removesuÏx esand
preÍxes, otherwisetherelevantlength-threestem
is returned. If theword is still Ív e charactersin
length, theword is matchedagainstPR54 to de-
termineif it containsany stemsof length4. The
relevantstemis returnedif found.

(c) Length= 6. Extractstemsof lengththreeif the
word matchesa patternfrom PR63. Otherwise,
attemptto removesuÏx es. If asuÏx is removed
andaresultingtermof lengthÍv eresults, sendthe
wordbackthroughstep7b. Otherwise, attemptto
remove onecharacterpreÍxes, andif successful,
sendtheresultinglength-Ív e termto step7b.

(d) Length = 7. Attempt to remove one-character
suÏx esandpreÍxes. If successful, sendthe re-
sultinglength-six termto step7c.

Step7 essentiallytakes longerwordsandsuccessively at-
tempts to trim single-characteraÏx es. If successful, it
comparestheresultingshortertermwith variouspatternsat
diÌerent levelsuntil it eithermatchesa patternandextracts
therelevantterm, or becomestooshortto beaviablestem.

5 Experiments

Weevaluatedourstemmerin termsof itseÌectivenessfor
documentretrieval. SpeciÍcally we appliedfour stemmers
to theArabicTrec2001collection.[7]

The TREC collectionconsistsof 383,872Arabic news
stories. Of these18,759have groundtruth for 25 arabic
queries. Thegroundtruth setwassplit into two equalsets:
a trainingandtestset.

The retrieval algorithm usedbelongsto the family of
retrieval approachescalledlanguage modelingwhich have
shown promisingresultscomparedto traditional retrieval
engines.[12, 4] We usedthe following formula which de-
rives from the work of Hiemstraand which has proven



set description examples

PR4 lengthfour patterns ³n«Á³¬Ø¾³¬Àt³¬n¾³¬ÛÁË¬́Á
PR53 lengthÍv epatterns vń«Ám³w¬Ám³¬n¾m³n«Á³¬n¿t³¬ÉÎ³¬Ø¿tv¬́Àt

andlengththreeroots v¬́ÛÁË¬́ÀtË¬́Ø¾³n«Ø¾³Øm«ÁË¬́n¾Ë¬́ÛÁm³¬Àt
³¬nÏÁËÐ¬́ÁËẃ¬Á³n«ÀtËń«Á³ÌÉªÚẃ¬Ávẃ¬Á

³¬n°›mÏ¬́Á
PR54 lengthÍv epatterns v¬́ÀÁm³¬ÀÁË¬́ÀÁ³¬ÀÀt³¬ÉÎ³¬n¿Á

andlengthfour roots
PR63 lengthsix patterns m“w¬́ÁË¬́n¿tm³w¬n¾m³¬Ø«ÁmÏ¬́ÁË”w¬́Á

andlengththreeroots
PR64 lengthsix patterns m³ÐÀÁm³¬É¾Ëw¬́ÀÁ

andlengthfour roots

Figure 2. Arabic Patterns and Roots

set description examples

D diacritics-vowelizations ’@’A’B’C

’K’D’E’F
P3 preÍxesof lengththree ×¿Á!×m¾!»n¾!pn¾
P2 lengthtwo preÍxes m¾!¿Á
P1 lengthonepreÍxes ¾!o!²!’!×

Ý!u!Î!m
S3 lengththreesuÏx es vÌÁ!ÓÌÁ!vnÎ!

v€„ˆ!»ÌÁ
S2 lengthtwo suÏx es ×Î!mu!mÎ!ÚÑ

vÑ!»Í!ÓÑ!Ïn
Ún!Ón!vÍ!»Ñ
ÏÞ!×m!Ën!ÓÍ

S1 lengthonesuÏx es s!Ò!Ý!º!u!m!Î

Figure 1. Affix Sets

eÌective to us for the retrieval of Farsi documents.[8, 13]
Therankof a eachdocumentfor a givenqueryis givenby
theformula:

r ank(d) = log(
P

t tf (t; d)) +
P n

i =1 log
�

1 +
� i tf ( t i ;d)(

P
t

df ( t ))

(1 � � i )df ( t i )(
P

t
tf ( t;d ))

�
(1)

The term frequencytf (t; Ti ) is the numberof unique
termst in a documentd. The documentfrequencydf (t)
is thenumberof trainingdocumentsin which a term t ap-
pears. Theweight� , which representsthelikelihoodthata
termwill berelevantto a queryasopposedto beingmerely
abackgroundterm, mustbedeterminedexperimentally.

RetrievaleÌectivenessismeasuredby theusualprecision
andrecall formulas. Recallis thenumberof relevantdocu-
mentsretrieveddividedby thetotalnumberof relevantdoc-
uments. Precisionis thenumberof relevantdocumentsre-
trieved at a given point divided by the total numberof re-

trieveddocuments.[14]
We comparedthree approachesto stemming Arabic

words, Khoja, ISRI, and Light, with not stemming(No
Stem). TheLight stemmerremovedaÏx esfrom thesetsin
Ígure 1 withoutattemptingto matchpatternsfrom Ígure 2.
In eachcasestopwordsfrom a list includedwith theKhoja
stemmerwereremoved.

The TREC collection contained25 queries, and each
queryhadthreeformats: title, description, andnarrative.
ThesediÌered in termsof length. The title querieswere
shortwith an averagelengthof 5 wordsandrangedfrom
2 to 9 words. Descriptionquerieswerelongerat about12
wordsperqueryrangingfrom 6 to 24words. Finally, narra-
tivequeriesaveraged30wordsandrangedfrom aminimum
of 13wordsto a maximumof 85words.

Thedocumentswith groundtruth weredividedinto test
andtrainingsetswith 50%of thedocumentsplacedin each.
The training set was necessaryto determinethe optimal
valuefor � in formula(1). For eachstemmingtype, includ-
ing thecaseof nostemming, agreedysearchalgorithmwas
usedto determineatwhich � valuethehighestaveragepre-
cision wasobtainedusingan index built from the training
documents. Thedescriptionquerysetwasusedfor thistask.

Figure3 givesprecisionvaluesontheelevenpoint recall
scale. Resultsfor eachof the four stemmingmethodsare
shown for eachof the querytypes: wheret standsfor the
short, title queries, d for thedescriptionqueries, andn for
thelonger, narrativequeries. A summaryof theaveragesap-
pearsin Ígure 4. Graphsof theeleven-pointaveragesfor the
title, description, andnarrative queriesappearrespectively
in Ígures 5, 6, and7.

Figure 4 seemsto indicatethat the ISRI stemmerper-
forms betterthanthe otherapproacheson the shortertitle
queries. A closerlook at Ígure 5 shows thatthelight stem-
meractuallyoutpacestheISRI stemmerat thelowestrecall
values. Sincethemorehighly rankeddocumentsarerepre-
sentedat the lower recall values, this meansthat the light



Recall Khoja ISRI Light NoStem
t d n t d n t d n t d n

0.00 1.000 1.000 0.837 1.000 0.993 0.909 1.000 0.973 0.912 1.000 0.828 0.583
0.10 0.903 0.866 0.548 0.918 0.807 0.541 0.940 0.789 0.603 0.795 0.502 0.229
0.20 0.805 0.758 0.426 0.827 0.705 0.433 0.823 0.685 0.452 0.693 0.366 0.173
0.30 0.694 0.659 0.352 0.728 0.610 0.341 0.714 0.591 0.353 0.534 0.282 0.140
0.40 0.585 0.544 0.280 0.600 0.508 0.269 0.590 0.492 0.270 0.383 0.214 0.114
0.50 0.468 0.419 0.218 0.472 0.391 0.206 0.460 0.371 0.207 0.248 0.164 0.093
0.60 0.338 0.302 0.167 0.344 0.283 0.153 0.327 0.262 0.155 0.159 0.115 0.079
0.70 0.181 0.185 0.116 0.211 0.186 0.109 0.201 0.175 0.113 0.103 0.088 0.067
0.80 0.090 0.113 0.080 0.124 0.113 0.081 0.113 0.107 0.080 0.073 0.067 0.058
0.90 0.034 0.049 0.056 0.051 0.066 0.059 0.047 0.063 0.058 0.056 0.055 0.053
1.00 0.000 0.000 0.000 0.002 0.004 0.004 0.002 0.004 0.004 0.007 0.007 0.007

Average 0.463 0.445 0.280 0.480 0.424 0.282 0.474 0.410 0.291 0.368 0.244 0.145

Figure 3. Eleven Point Precision Results

Stemmer title description narrative
No Stem 0.368 0.244 0.145

Light 0.474 0.410 0.291
Khoja 0.463 0.445 0.280
ISRI 0.480 0.424 0.282

Figure 4. Average Precision for Stemming
Types

stemmerhasa higherprecisionfor the higherranked doc-
uments, which arethedocumentsmostlikely to beviewed
by users.

Statisticalanalysisof theresults, however, revealsin the
six lowerrecallvalues(0.00-0.50)thattheKhoja, ISRI, and
Light stemmeressentiallyareequallyeÌective on all three
query types. A Willcoxon non-parametricrank sum test
of the equalityof the populationmediansover the eleven
point precisionscoresshowed that the Khoja, ISRI, and
Light stemmersdonotsigniÍcantly outperformoneanother
for any of the queries.[5] For the descriptionand narra-
tive queries, stemmingmadea diÌerence: theKhoja, ISRI,
andLight stemmersweresigniÍcantly betterthannotstem-
ming. Rathersurprisingwastheresultthatfor theshortest,
title queries, theWillcoxon testshowedthatnostemmerwas
signiÍcantly betterthannot stemming(at p = 0.05). How-
ever, atrecallvalues0.10-0.50,all threestemmersarebetter
thannotstemmingwith anp = 0.10.

6 Conclusionand Futur e Work

Our testingshowedthatstemlists arenot requiredin an
Arabic Stemmer. Hencea stemmerwith thestemlists one
Índs in theKhoja stemmerfunctionsaswell on document
retrieval asonewithout.

Consistentwith the Índings of Larkey et al., we found
that overall a light stemmerwhich removes aÏx es with-
outpatterncheckingperformsdocumentretrieval aswell as
morecomplex stemmers, suchasourswith itspatterncheck-
ing andtheKhoja stemmerwith bothpatterncheckingand
stemlists.

Theseresultsseemto indicate that Índing the l truem
grammaticalrootof a termshouldnotbethegoalof astem-
mer for documentretrieval. Identifying a suÏciently large
list of rootsaswell asmaintainingthat list asa language
changesdonotappearto beworth theeÌort andexpense.

Of course, a root-Índing programfor Arabic, aswell as
for otherlanguagesin which tense, mood, etc., aremarked
by preÍx changes, areuseful. Arabicdictionarieslist roots,
andonemustknow the preÍx-free root in order to Índ a
deÍnition.[9] Whethera root list is necessaryfor suchpur-
posesor not is still anopenquestionandonewewould like
to pursue.
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A Appendix: CompleteAlgorithm

A.1 Helper Functions

� word-4(W):

1. For Írst p 2 PR4 suchthatp � W returnex-
tract(W).

2. Do short-suÏx (W).

3. If len(W ) = 4 doshort-preÍx(W).

� word-5(W)



1. For Írst p 2 PR53 suchthatp � W returnex-
tract(W).

2. Do short-suÏx (W).

3. If len(W ) = 4 doword-4(W)

4. else

(a) doshort-preÍx(W)
(b) if len(W ) = 4 doword-4(W)
(c) otherwise, if len(W ) = 5 , for Írst p 2

PR54s.t. p � W returnextract(W).

� word-6(W)

1. For Írst p 2 PR63 s.t. p � W , return ex-
tract(W).

2. Do short-suÏx (W).

3. If len(W ) = 5 thendoword-5(W)

4. otherwise

(a) doshort-preÍx(W).
(b) if len(W ) = 5 doword-5(W).
(c) otherwise, if len(W ) = 6 for any p 2 PR64

s.t. p � W returnextract(W).

� short-suÏx (W)

1. For Írst s 2 S1 s.t. s � W , W = W � s.

2. ReturnW.

� short-preÍx(W)

1. For Írst p 2 P1 s.t. p � W , W = W � p.

2. ReturnW .

A.2 Main algorithm

For everywordW

1. Removeall d 2 D from W

2. Normalize e!i!` to c

3. If len(W ) � 6, for Írst p 2 P3 s.t. p � W , W =
W � p, elseif len(W ) � 5, for Írst p 2 P2s.t. p � W ,
W = W � p.

4. If len(W ) � 6, for Írst s 2 S3 s.t. s � W , W =
W � S3. elseif len(W ) � 5, for Írst s 2 S2 s.t.
s � W , W = W � s.

5. If len(W ) � 4 andinitial charactersof W are ×× , re-
move initial ×.

6. Normalizeinitial character g!c!2 to mif necessary.

7. if len(W ) � 3 returnW .

8. (a) if len(W ) = 4 thendoword-4(W)

(b) elseif len(W ) = 5 doword-5(W)

(c) elseif len(W ) = 6 doword-6(W)

(d) elseif len(W ) = 7

i. doshort-suÏx (W).
ii . if len(W ) = 6 doword-6(W) else

A. Do short-preÍx(W).
B. If len(W ) = 6 doword-6(W).

9. ReturnW .


