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Abstract

We haveimplementea root-extractionstemmefor Ara-
bic which is similar to the Khoja stemmebut withouta root
dictionary Our stemmewwasfoundto performequivalently
to theKhojastemmemnswell asso-called! lightmstemmes
in monolingualdocumentetrieval tasksperformedon the
Arabic Trec2001 collection A root dictionary, therefore,
doesnotimprove Arabic monolingualdocumentetrieval.

1 Intr oduction

Thetwo mostsuccessfuhpproachet Arabic stemming
have beenaroot-extractionstemmedevelopedoy Khoja9]
andal lightmalx removing stemmerdevelopedby Larkey
et al[10, 11]. Larkey etal. have shovn that the Khoja
andLight stemmersaswell asco-occurrencanalysisaided
stemmersperforminformationretrieval taskswith statisti
cally equialentprecision[10]

We showv that a rootextraction stemmer similar to
Khojais can be constructedwithout some of the short
comingsof that stemmer Most obviously our stemmer
doesnot requirea root dictionarywhich canbe diicult to
maintain Our stemmemwasshavn to bejustaselective as
the Khoja stemmeffor informationretrieval tasks

Section2 presentdasicconceptoncerningstemming
in generalandthe Arabic stemmingproblemin particular
Previouswork on Arabic Stemmings discusseth section3
alongwith a brief presentatiorof the algorthmusedin the
Khoja stemmer Our Arabic stemmeris presentedn sec
tion 4. (The completealgorithmis listedin AppendixA.)
We describeandevaluateour experimentsn sectionb. Fi-
nally, we presentour conclusionsand prospectdor future
work in section6.

2 Background

A stemmerfor the context of this paperis an automatic
processin which morphological variants of terms are
mappedto a single representatie string called a stem
More speciically we will be focusing on the stemming
approachcalled aix remoal as opposedto the n-gram
successowariety, andtable lookup stemmerswhich were
olered asalternatvesin Frakes seminalwork.[6]

Arabicbelonggo the Semiticfamily of languagesvhich
alsoincludesHebreav and Aramaic Sincemorphological
changein Arabic resultsfrom the additionof preixesand
inix esaswell assuix es simpleremoval of suix esis not
aselective for Arabic asit is for English Languagende-
pendenstemmersvhich focusonsuix removal arethere
fore unlikely to prove usefulfor Arabic.[10]

3 Previous Work

Basedon thework of Al-FedagHil], Al-Shalabj2], and
Bellaachig3], Khoja and Garsideproducedan elective
rootextractingstemmef9]

TheKhoja stemmeifollows this procedure

Remove diacriticsrepresentingowelization
Remave stopwords punctuationandnumbers
Remove deinite article ( ¥n).

Remaove inseparableonjunction( x ).
Remaesulx es

. Remwe preixes

N o o~ 0N e

. Matchresultagainsta list of patterns If a matchis
found extractthecharacterin thepatternrepresenting
theroot

8. Matchtheextractedrootagainstalist of known | validm
roots



9. ReplaceweaklettersYxnwith x
10. Replaceall occurrencesf hamza'li 'ewith ¢

11. Two letterrootsarechecledto seeif they shouldcon
tainadoublecharacterlf sqg, thecharacteis addedo
theroot

However, the Khoja stemmerhas several weaknesses
First, theroot dictionaryrequiresmaintenancéo guarantee
newly discoreredwordsarecorrectlystemmed

Second the Khoja stemmerreplacesa weak letter (in
step9 above) with xwhichoccasionallyproducesarootthat
is not relatedto the original word. For example the word
u " & (container¥ is stemmedo H § (he wasthirsty) in-
steadof | " 1. Herethe Khoja stemmeremoved partof the
rootwhenit removedthe preix andthenaddeda hamzaat
theend

Third, by following a certainorderof alx es the Khoja
stemmemwill in somecasedail to remove all of them For
example the terms+°W v and @pZ are not stemmedal-
thoughthey arerespectiely derived from the two regular
rootsf+~ andr »Z

4 ISRI Arabic StemmerAlgorithm

ThelnformationScienceResearcinstitutas (ISRI) Ara-
bic stemmeisharesnary featureswith the Khoja stemmer
However, the main dilerence is that no root dictionaryis
used

To begin ourdescriptiorof ourstemmerwe deine setsof
diacriticalmarksandaix classesn igure 1. Thesearesets
of markswhich areremoved by the stemmer (Note, how-
ever, thatthe’ is of coursenot a diacritical mark andis
only listedin setD asanexampleconsonanto which di-
acriticsareapplied) We mustalsodeine somepatternsets
in igure 2.

A completedescriptionof the algorithmappearsn Ap-
pendixA. Herewe provide amoregenerabverview of the
stemmer Stemmingproceedsn thefollowing steps

1. Remwe diacriticsrepresentingowels

2. Normalizethe hamzawhich appearsn severaldistinct
formsin combinationwith variouslettersto oneform
(9. Thisstepis necessarin orderto ensurdermssuch
asA/@(heis eating andAvec(it is eaten conlateto the
sameroot aftertheir preixesareremoved

3. Remavelengththreeandlengthtwo preixesin thator-
der

4. Remore connectorx if it precedes word beginning
with x.

5. Normalize2 !c !'gto m Remwing the hamzain this
casedoesnotalect theroot.

6. Returnstemif lessthanor equalto three Attempting
to shortenstemsfurtherresultsin ambiguoustems

7. Consideffour caseglependingon lengthof theword:

(@) Length=4: If theword matchesoneof the pat
ternsfrom PR4 (igure 2), extract the relevant
stemandreturn Otherwise attemptto remove
lengthonesuix esandpreixesfrom S1andP 1
in that order provided the word is not lessthan
lengththree

(b) Length=5: Extractstemswith threecharacters
for words that match patternsfrom PR53. If
nonearematchegattempto remove sulx esand
preixes otherwisetherelevantlengththreestem
is returned If theword is still iv e charactersn
length theword is matchedagainstP R54 to de-
termineif it containsary stemsof length4. The
relevantstemis returnedf found

(c) Length= 6. Extractstemsof lengththreeif the
word matchesa patternfrom P R63. Otherwise
attemptto remove suix es If asulx isremoved
andaresultingtermof lengthiv eresults sendhe
wordbackthroughstep7b. Otherwiseattempto
remove onecharactepreixes andif successful
sendtheresultinglengthiv e termto step7b.

(d) Length= 7. Attemptto remove onecharacter
sulx esandpreixes If successfylsendthe re-
sultinglengthsix termto step7c.

Step7 essentiallytakeslongerwords and successiely at
temptsto trim singlecharacteralx es If successfylit
comparesheresultingshortertermwith variouspatternsat
dilerent levelsuntil it eithermatchesa patternandextracts
therelevantterm or becomedoo shortto beaviable stem

5 Experiments

Weevaluatecburstemmein termsof its electivenesgor
documentetrieval. Speciically we appliedfour stemmers
to the Arabic Trec2001collection[7]

The TREC collection consistsof 383,872Arabic news
stories Of thesel8,759have groundtruth for 25 arabic
gueries Thegroundtruth setwassplit into two equalsets
atrainingandtestset

The retrieval algorithm usedbelongsto the family of
retrieval approachesalledlanguage modelingwhich have
shovn promisingresultscomparedto traditional retrieval
engineq12, 4] We usedthe following formula which de-
rives from the work of Hiemstraand which has proven



set || description

| examples

PR4 lengthfour patterns | AAE AR ¥ A2 37 Al
PR53 || lengthlv epatterns | tA'vtg? | E? to? Adm¥mPmAimAdiv
andlengththreeroots | tA*mAF E ¥ E A 2t B E tAE AFv
Axiv AU El S AGRE tAd AAGE A< B Aln
ASTms
PR54 || lengthlv epatterns | Aqx? | E3 tA&% AAE AAmAA v
andlengthfour roots
PR63 || lengthsix patterns AW E A ImAGRmIAm@mtas E AW m
andlengththreeroots
PR64 || lengthsix patterns AANVE YEAmABmM
andlengthfour roots

Figure 2. Arabic Patterns and Roots

set || description | examples

D diacriticsvowelizations| C B A @
F E D K

P3 || prelxesof lengththree | p ¥ 1w\ | Ax

P2 || lengthtwo preixes A 19

P1 || lengthonepreixes x1" 12 1o 13,
miT lu 1Y

S3 || lengththreesulx es Hnw!AO!IAV
A» 1€V

S2 || lengthtwo sulx es RO mlu miT x
n 'NO H» INv
Kb v 1O 1)
O E Im 1Pl

S1 || lengthonesuix es Tiru 1o 1Y1Qs

Figure 1. Affix Sets

elective to us for the retrieval of Farsi documentg8, 13]
Therankof a eachdocumenfor a given queryis givenby
theformula

P
rank(d) = log(" ,tf (t; d)) p
itf (td)(p, (1) 1)
1 )d )t (td))

" log 1+ (

The term frequencytf (t; T;) is the numberof unique
termst in a documentd. The documentfrequencyd (t)
is the numberof training documentsn which atermt ap-
pears Theweight , whichrepresentshelikelihoodthata
termwill berelevantto aqueryasopposedo beingmerely
abackgrounderm mustbedeterminedxperimentally

Retrieval electivenesss measuretby theusualprecision
andrecallformulas Recallis the numberof relevantdocu
mentsretrieveddividedby thetotal numberof relevantdoc
uments Precisionis the numberof relevantdocumentse-
trieved at a given point divided by the total numberof re-

trieveddocumentg14]

We comparedthree approachego stemming Arabic
words Khoja, ISRI, and Light, with not stemming(No
Sten). ThelLight stemmeremovedalx esfrom thesetsin
igure 1 withoutattemptingto matchpatterndrom igure 2.
In eachcasestopwordsfrom alist includedwith the Khoja
stemmemvereremoved

The TREC collection contained25 queries and each
guery hadthreeformats title, description and narrative
Thesedilered in termsof length The title querieswere
shortwith an averagelength of 5 words and rangedfrom
2 to 9 words Descriptionquerieswerelongerat about12
wordsperqueryrangingfrom 6 to 24words Finally, narra-
tive queriesaveragedB0wordsandrangedrom aminimum
of 13 wordsto a maximumof 85 words

The documentswvith groundtruth weredividedinto test
andtrainingsetswith 50%of thedocumentplacedin each
The training set was necessaryto determinethe optimal
valuefor in formula(1). For eachstemmingype, includ
ing the caseof no stemmingagreedysearchalgorithmwas
usedto determineatwhich valuethe highestaveragepre-
cisionwas obtainedusingan index built from the training
documentsThedescriptionquerysetwasusedor thistask

Figure3 givesprecisionvaluesontheelevenpointrecall
scale Resultsfor eachof the four stemmingmethodsare
shawvn for eachof the querytypes wheret standsfor the
short title queries d for the descriptionqueries andn for
thelonger narrative queries A summarnyof theaveragesp
pearsn igure 4. Graphof theeleven-pointaveragesor the
title, description and narratve queriesappeamrespectrely
in igures 5, 6, and7.

Figure 4 seemsto indicatethat the ISRI stemmerper
forms betterthanthe otherapproachesn the shortertitle
queries A closerlook atigure 5 shavs thatthelight stem
meractuallyoutpaceshe ISRI stemmeiat the lowestrecall
values Sincethe morehighly ranked documentsarerepre
sentedat the lower recall values this meansthat the light



Recall Khoja ISRI

Light NoStem

t d n t d

0.00 1.000 1.000 0.837| 1.000 0.993
0.10 0.903 0.866 0.548| 0.918 0.807
0.20 0.805 0.758 0.426| 0.827 0.705
0.30 | 0.694 0.659 0.352| 0.728 0.610
0.40 | 0.585 0.544 0.280| 0.600 0.508
0.50 0.468 0.419 0.218| 0.472 0.391
0.60 0.338 0.302 0.167| 0.344 0.283
0.70 0.181 0.185 0.116| 0.211 0.186
0.80 | 0.090 0.113 0.080| 0.124 0.113
0.90 | 0.034 0.049 0.056| 0.051 0.066
1.00 | 0.000 0.000 0.000| 0.002 0.004

n t d n t d n
0.909| 1.000 0.973 0.912| 1.000 0.828 0.583
0.541| 0.940 0.789 0.603| 0.795 0.502 0.229
0.433| 0.823 0.685 0.452| 0.693 0.366 0.173
0.341| 0.714 0.591 0.353| 0.534 0.282 0.140
0.269| 0.590 0.492 0.270| 0.383 0.214 0.114
0.206| 0.460 0.371 0.207| 0.248 0.164 0.093
0.153| 0.327 0.262 0.155| 0.159 0.115 0.079
0.109| 0.201 0.175 0.113| 0.103 0.088 0.067
0.081| 0.113 0.107 0.080| 0.073 0.067 0.058
0.059| 0.047 0.063 0.058| 0.056 0.055 0.053
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

O.282| 0.474 0.410 O.291| 0.368 0.244 0.145|

Figure 3. Eleven Point Precision Results

Stemmer|| title  description narratie
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 arethe documentsmnostlikely to be viewed
by users

Statisticalanalysisof theresults however, revealsin the
six lower recallvalues(0.00-0.50hatthe Khoja, ISRI, and
Light stemmeressentiallyareequallyelective on all three
querytypes A Willcoxon nonparametricrank sum test
of the equality of the populationmediansover the eleven
point precisionscoresshoved that the Khoja, ISRI, and
Light stemmerslo notsigniicantly outperformoneanother
for ary of the querieg5] For the descriptionand narra-
tive queries stemmingmadea dilerence: the Khoja, ISR,
andLight stemmersveresigniicantly betterthannot stem
ming. Rathersurprisingwastheresultthatfor the shortest
title queriestheWillcoxon testshavedthatnostemmervas
signiicantly betterthannot stemming(at p = 0.05). How-
ever, atrecallvalues0.10-0.50all threestemmersrebetter
thannotstemmingwith anp = 0.10.

6 Conclusionand Futur e Work

Our testingshovedthat stemlists arenot requiredin an
Arabic Stemmer Hencea stemmewith the stemlists one
inds in the Khoja stemmerfunctionsaswell on document
retrieval asonewithout

Consistenwith the indings of Larkey et al., we found
that overall a light stemmerwhich removes alx es with-
out patterncheckingperformsdocumentetrieval aswell as
morecomplex stemmerssuchasourswith its patterncheck
ing andthe Khoja stemmewith both patterncheckingand
stemlists.

Theseresultsseemto indicate that inding the | truem
grammaticatootof atermshouldnotbethegoalof astem
mer for documentetrieval. ldentifying a suiciently large
list of rootsaswell asmaintainingthat list asa language
changeslo notappeato beworththeelort andexpense

Of course arootinding programfor Arabic, aswell as
for otherlanguages$n which tense mood etc, aremarked
by preix changesareuseful Arabic dictionariedist roots
and one mustknow the preix-free root in orderto ind a
deinition.[9] Whethera root list is necessaryor suchpur-
posesr notis still anopenquestiorandonewe would like
to pursue

References

[1] SabahS. Al-FedaghiandFawaz S. Al-Anzi. A newn
algorithmto generatearabicrootpatternforms. In
Proceedingfthe11th NationalComputeiConfeence
and Exhibition, pages391t400, 1989.

[2] Riyas Al-Shalabiand Marth Evens A computa
tional morphologysystemfor arabic In Workshop
on ComputationalApproachesto SemiticLanguaes
COLING-ACL98, 1998.

[3] AbdelghaniBellaachia Building arabicinformational
retrieval systems1998.

[4] A.BemerandJ. Lalerty. Informationretrieval assta
tistical translation In Proceedingof the 22nd ACM



Figure 5. Test on Title Queries

Figure 6. Test on Description Queries

Figure 7. Test on Narrative Queries

Confeenceon Reseath andDevelopmenin Informa
tion Retrieval (SIGIR99), pages222t229,1999.

[5] W. J. Conover. Pracitical Nonpaametric Statistics
JohnWiley, 1999.

[6] William B. FrakesandRicardoBaezaYates editors
InformationRetrieval, Data Structues& Algorithms
PrenticeHall, EnglevoodClils , NJ, 1992.

[7] David Gral andKevin Walker. Arabic nevswire part
1,2001. http://wave.ldc.upenn.edu/Catalog/
CatalogEntry.jsp?catalogld=LDC2001T55

[8] DjoerdHiemstra Using Languaye Modelsfor Infor-
mation Retrieval. PhD thesis Universiteit Twente
2000.

[9] ShereerKhojaandRogerGarside Stemmingarabic
text. ComputerScienceDepartmentLancastetUni-
versity, Lancaster UK, http://www.comp.lancs.
ac.uk/computing/users/khoja/stemmer.ps
1999.

[10] LeahLarkey, Lisa BallesterosandMargaretConnell
Improving stemmingfor arabicinformationretrieval:
Light stemmingandco-occurrencanalysis In SIGIR
2002 page269t274,2002.

[11] LeahS. Larkey andMargaretE. Connell Arabicinfor-
mationretrievalatUMassin TREG-10.In Proceedings
of TREC10, 2002.

[12] JayPonteandW. BruceCroft. A languagemodeling
approacho informationretrieval. In SIGIRi98, 1998.

[13] KazemTaghw, Jelrey CoombsRayParedaandTom
Nartker. Languaganodetbasedetieval for farsidoc
uments In Proceedingf International Confeence
on Information Technolagy: Codingand Computing
(ITCCi04), volume?2, pagesl 3t17.

[14] 1. Witten, A. Molat , andT. Bell. Managing Gigabytes
Morgan Kaufmann 2nd edition, 1999.

A Appendix: CompleteAlgorithm
A.1 Helper Functions

word-4(W):

1. Forirst p 2 PR4 suchthatp W returnex-
tract(W).
2. Do shortsuix (W).

3. If len(W) = 4 doshortpreix(W).
word-5(W)



For irst p 2 PR53 suchthatp

tract(W).

Do shortsuix (W).

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

else

(@) doshortpreix(W)

(b) if len(W) = 4 doword-4(W)

(c) otherwiseif len(W) = 5, forlrst p 2
PR54st. p W returnextract(W).

W returnex-

word-6(W)

. Forirst p 2 PR63st. p

W, return ex-

tract(W).

Do shortsulx (W).

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

otherwise

(@) doshortpreix(W).

(b) if len(W) = 5 doword-5(W).

(c) otherwiseif len(W) = 6forarnyp 2 PR64
st.p W returnextract(W).

shortsuix (W)

1. Forirst s2 Slst. s
2. Returnw.

W,W=W s

shortpreix (W)

1. Forirstp2 P1st.p W,W=W p.
2. Returnw.

A.2 Main algorithm

For everyword W

1. Remwealld2 D fromW

2. Normalize'!i 'etoc

3. If len(W) 6,forirstp2 P3st.p W,W =
W p,elseflen(W) 5 forirstp2 P2st.p W,
W=W p

4. If len(W) 6, forirst s 2 S3st. s W,W =
W  S3. elseif len(W) 5, forirst s 2 S2st.
s WW=W s

5. If len(W) 4 andinitial characteref W arexx, re-
move initial x.

6. Normalizeinitial characteR !c !gto nif necessary

. if len(W)

3returnW.

8. (a) if len(W) = 4thendoword-4(W)
(b) elseif len(W) = 5 doword-5(W)
(c) elseif len(W) = 6 doword-6(W)
(d) elseif len(W) =7
i. doshortsuix (W).
ii. if len(W) = 6 doword-6(W) else
A. Do shortpreix(W).
B. If len(W) = 6 doword-6(W).

9. ReturnW.



