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ABSTRACT

The dialectical Arabic and the Modern Standard Arabic lacks sufficient standardized language
resourcestoenablethetasksofArabiclanguageprocessing,despiteitbeinganactiveresearcharea.
Thisworkaddressesthisissuebyfirstlyhighlightingthestepsandtheissuesrelatedtobuildingamulti
Arabicdialectcorpususingwebdatafromblogsandsocialmediaplatforms(i.e.Facebook,Twitter,
etc.).ThisistocreateavectorizeddictionaryforthecrawleddatausingthewordEmbeddings.In
otherterms,thegoalofthisarticleistobuildanupdatedmulti-dialectdataset,andthen,toextract
anannotatedcorpusfromit.
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INTRoDUCTIoN

TheArabicspeechcommunityexhibitsaphenomenonknownastheDIGLOSSIAsituation,where
differentvarietiesof thesamelanguageareusedbythesamecommunity,andeachoneof these
varietiesisusedforaspecificpurpose(Farghaly&Shaalan,2009).TherearethreemainArabic
varieties:TheclassicalArabic(CA), theModernStandardArabic(MSA),andArabiccolloquial
dialects.ClassicalArabicisthelanguageusuallyusedinreligiousandliteraturecontexts.Classical
Arabic is fully structured and vowelized (Algahtani, 2011). The modern standard Arabic is the
officiallanguageusedineducation,mediaandformalcommunicationsacrossthedifferentArabic
speakingcountries,itisbasedontheCA’ssyntaxandmorphology,butittendstohaveamoremodern
vocabularyand“loanwords”(Alotaibi,2015).Andfinally,theArabiccolloquialdialects(AD),or
thelanguageusedindailyinformalconversations,ithasnoorthographicstandardssoonewordcan
bewrittenindifferentforms(Shoufan&Al-Ameri,2015),additionally,itvariesfromaregionto
anotheracrosstheArabiccountries.

The majority of the Arabic dialects occurred as spoken rather than written. However, and
sinceSocialmediaplatformsspreadoff,verylargeportionsofArabicwebuserstendtoexpress
themselvesinwrittenArabicdialectformat(Al-Azani&El-Alfy,2017).Therefore,andsinceitis
consideredthemostusedArabiclanguageformatinsocialWebenvironments,Arabicdialectneeds
more textual language resources dedicated to a semantic-level analysis. These resources should
containastandardizedformatofbothMSAandthedifferentdialectsoftheArabworld.Theresulting
corporaneedtobeannotatedformachinelearning,tohandleArabicambiguitiesthatcanresultfrom
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theomissionofdiacritics(vowels)orthefreeword-ordernatureofArabicsentence.Besides,the
researchersnoticedthatnewvocabularyiscreatedoccasionallyinthecolloquialdialects,thatleads
totheneedforaresourcethatgetsupdatedautomaticallywhileanalyzingthenewentries.

Thegoalofthispaperistobuildanupdatedmultidialectdataset,andthen,toextractanannotated
corpusfromit.Finally,theauthorsplantodevelopanapproachthatsemanticallyanalyzesthenewly
createdvocabulary.Thiscorpuswillbesemanticallyanalyzedusingadistributionalrepresentation
ofwordsknownasthewordEmbedding.Thisrepresentationwillhelpgreatlyinovercomingthe
challengesofnormalizationbetweenthedifferentArabicdialectsandMSA.Fromtheperspective
ofbothlanguagelearningandNLP,theauthorsexpectthatthereismuchtobegainedbydeveloping
amulti-dialectorthographicconventionthatmakesuse,asmuchaspossible,ofthecommon-core
etymologicalbasesthatalldialectssharewithMSA.

The rest of this paper is structured as follows: Section  1 gives background information on 
the Arabic language and the motivation behind creating a multi-dialect corpus. Section  2 high-
lights some of the related works on creating Arabic dialectical resources. Section  3 and section  4 
illustrates the details of collecting and constructing the Arabic multi dialects data set. The authors 
conclude by introducing their approach and perspective for future works.

THE NEED oF A MULTI-DIALECT CoRPUS FoR ARABIC LANGUAGE

Arabic is considered one of the most used Semitic languageswith almost 422million speakers
around22countries.Inaddition,ithasahugesphereofinfluenceintherestoftheworldsinceitis
thelanguageoftheQuran,theholybookofIslamandwasthelanguageofscienceandtechnologies
inthemiddleages(Darwish,2014;Boudad,Faizi,OuladHajThami,&Chiheb,2017).Further,the
ArabicLanguageisrankedastheseventhtoplanguage,andthefastestgrowinglanguageontheweb
asTable1shows,withover140millioninternetusersintheMiddleEastandNorthAfricancountries
accordingto(MiniwattsMarketingGroup,2018)whichexplaintheconsiderableinterestthatthe
ArabiclanguageisgainingfromtheNLPresearchcommunity.Inthisparagraph,theauthorswill
giveabriefdescriptionoftheArabicscript,Arabicmorphologicalcomplexitiesandthedifferent
varietiesofthelanguage.

Arabic Script
TheuseofArabicscriptisnoticeablygrowingintheArabicscript-basedwebcontent(Miniwatts
MarketingGroup,2015).However,itdiffersgreatlyfromtheLatinscript,itiswrittenfromright
toleft,using28lettersthatrepresentconsonants.Someoftheselettersaresimilarinshapeasthey
differonlybythenumberorthepositionofdots,andthemajorityoftheArabiclettersarewritten
connected toneighbouring letters,whichresults in themchanging their shapeaccording to their
positionintheword(Azroumahli,ElYounoussi,&Achbal,2018).Inadditiontothesecharacteristics,
ArabicScriptlackstheorthographicfeatureofcapitalization,andmostoftheArabicscriptcontent
iswrittenwithouttheuseofdiacriticsthatplaystheroleofalteringthepronunciationofphoneme
ortodistinguishbetweenwordsofsimilarspelling(Aabed,Awaideh,Elshafei,&Gutub,2007).

Table 1. Internet usage and population statistics for the Middle East in 2018

Middle East Rest of the World

Population 254,438,981(3.3%oftheworld) 7,380,318,951

Internetusers 147,117,259(3.6%oftheinternetusersintheworld) 3,903,130,324
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Arabic Morphology
In NLP research field, morphology is necessary. It represents the identification, analysis and 
description of the different language unit’s structures, that are used to render a much larger set of 
meaning variations in natural languages such as Arabic (Saad & Ashour, 2010; Soricut & Och, 
2015). The Arabic language is widely known for its rich morphology because it is highly inflec-
tional. In term of morphological forms, one word can be structured in a template1 using the stem2 
of the word, proclitic, prefixes, suffixes and enclitics. Figure 1 demonstrates an example of this 
template (Will you remember us / َأتَتذَكََّرُوننا) (Azroumahli et al., 2018). Moreover, Arabic dialects 
introduce additional clitics that serve new functionality such as negation, mood inflexions, and 
merged feminine and masculine plurals.

Arabic Language Forms: MSA and Dialects
TheofficialformsofArabiclanguageoftenusedontheinternetareeithertheMSAorthedifferent
ArabicDialects.Thereare30majorregionalArabicdialects.ArabicdialectsandMSAcandiffer
inmorphology,lexicalproperties,phonologyandsyntax(Graeme,Eduard,&Mark,2014).These
discrepanciesareconsideredtobesignificant,butthedivergencebetweenthedialectsthemselves
canoftenbeofmoresignificanceandmoredisorientingtonativespeakersoftherespectivedialects
(Graff&Maamouri,2012),especially,sinceArabicdialectshavenoorthographicstandard

Arabic Dialects Challenges
ArabicdialectsareconsideredmorechallengingthanMSA,namelybecauseunlikeMSAandCA,it
lacksawell-definedspellingsystemasshowninTable2.leadingtoahighsparsityandambiguityin
dialecticalArabicNLPsystems(Diab,2009).Arabic’soptionaluseofdiacriticsandtheinconsistent
spellingofsomelettersleadtoahighdegreeofambiguityaswell.Besides,Arabicdialectsmaintain
someofMSA’scomplexsyntacticphenomenasuchasirrationalpluralagreement.

A Web Based Multi Dialect Corpus
OneofthekeychallengesincomputationalArabicwebcontentprocessing,particularlysemanticlevel
analysisandsynthesis,ishowtohandlethemorphologicalandthesyntacticdifferencesbetweenthe
variantArabicdialectsandMSA(Graemeetal.,2014).Besides,theArabicNLPcommunitysuffers

Figure 1. Arabic word structure

Table 2. A person’s name in CA and MSA expressed by more than one variety in dialectical Arabic

MSA & CA Moroccan Egyptian Syrian

عبد القادر
Abd Al-Kader

عبدلقادر
Abdlkader

عبد الجادر
Abd El-Gader

عبد الآدر
Abd El-Aader
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greatlyfromthelackofwrittenArabicdialectsresources,so,thereisalottogainbydevelopinga
corpusthatassembles,asmuchaspossible,thecommoncoreetymologicalbasesthatalldialects
sharewiththeMSA.ThemainobjectiveofthisworkistobuildanArabicmultidialectMSAcorpus
bytakingadvantageofthemassivegrowthofArabiccontentontheweb,especiallysocialmedia
environments,andthefactthatbothMSAandArabicdialectssharethesameArabicscriptexcept
forusingArabizi3.Therefore,intheory,theresearcherscanusethesameapproachtoprocessboth
MSAandthedifferentArabicdialectsvarietiesofthesamecorpus.Inthefollowingsections,the
authorswillsitesomeoftherelatedworksoncreatingArabicdialecticalresources,andthenproceed
bydescribingtheirdatadesign.

Related Works
Theresearch interest increatingannotatedArabicdialects resources forcomputational language
processinghasemergedinrecentyears.Inthefollowingsection,theauthorswillsitesomeofthe
existingArabicdialectscorporaanddatasetsandtheirbuildingdescription,whilehighlightingthe
approachesandmethodsfollowedforeach.

In(Sansò,Linguistica,Pavia,&Nuova,2005),theauthorssuggestedanapproachdedicatedto
thestorageofMediterraneanlanguagedataforquantitativeandqualitativetypologicalanalysisas
apartoftheMedTYPproject.Duringtheiranalysis,theydebatedthattheMediterraneandialects
couldnotbeidentifiedasalinguisticareainthetraditionalsense.

In(Graff&Maamouri,2012),theauthorspresentedtheapproachtheyfollowedtoupdatethe
dictionariestheyweredevelopedbytheLinguisticDataConsortiumatGeorgetownUniversityPress
tothreebilingualdictionariesthatcontainMoroccan,SyrianandIraqidialectsforEnglishspeakers.
TheirgoalwastostandardizeauniformorthographicstrategyacrossArabicdialectswhileapplying
theirLMF4-XMLstructuretothelexiconofthedatasourcesandIPA5spellings.Fortheirnewdata
design,theyusedtheArabicscriptandInternationalPhoneticAlphabetorthographies.

In(Boujelbane,Khemakhem,Ayed,&Belguith,2013),theauthorsdescribedthecreationof
abilingualdictionarywhichcontainstheTunisiandialectandMSAtocreatealanguagemodelfor
speechrecognitionsystemdedicatedtotheTunisianBroadcastNews.Theydevelopedatoolcalled
TunisiandialectTranslatorthatenablestheproductionofTunisiandialecttextsandtheenrichment
oftheMSA-Tunisiandialectdictionary.

Theauthorsof(Al-sabbagh&Girju,2012),presentedtheirfirstphaseonbuildingamulti-genre
andmultidialectalArabiccorpusYArabicDialectACforEgyptiandialect.Itincorporatesdatafrom
multiplewebsourcesincludingmicroblogs,onlineknowledgemarketservicesandblogs.Theircorpus
offerslinguisticanalysessuchasthePOStaggingandbasephrasechunking.

In(Lulu&Elnagar,2018),adatasetofEgyptian(EGP),Levantine(LEV),andGulf–including
Iraqi(GLF)dialectwaspresented.Theresultedcorpuscontained33ksentences.Thiscorpuswas
usedtoimplementadialectidentificationsystemusingvariousdeepneuralnetworkmodels.

OtherinterestingworksonbuildingmultidialectalArabictextcorporausingthewebresources
aretheworksdescribedin(Almeman&Lee,2013)and(Al-Twairesh,Al-Khalifa,Al-Salman,&
Al-Ohali,2017).The(Almeman&Lee,2013)authors’approachwastosurveyandcollectaspecific
dialecttextcorpus,thesedialectswerecategorizedintofourmainorigins,Gulf,Levantine,Egyptian
andNorthAfrican.Thiscategorizationwasconductedusingaccentidentification.Asfor(Al-Twairesh
etal.,2017)authors,theirgoalwastobuildacorpusofArabictweetsannotatedforsentimentanalysis,
theircorpusconsistsoftweetswritteninMSAandtheSaudidialectandcontains17,573tweets.

Recently, more works have been emerged on creating Arabic dialects corpora dedicated to
sentimentclassification.Theworkspresentedin(Tartir&Abdul-Nabi,2017)and(Baly,AlaaKhaddaj,
HazemHajj,&WassimEl-Hajj,2018)areexamplesofthesecorpora.Theauthorsof(Tartir&Abdul-
Nabi,2017)proposedasemanticapproachtodiscoveruserattitudesandbusinessinsightsfromArabic
dialecttextsthatweregeneratedfromsocialmediasources.Theyappliedtheirapproachonacorpus
thattheycollectedusingTweetArchivistfrompostsrelevanttocertaintopicsandbrandnames.The
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workdescribedin(Baly&AlaaKhaddaj,HazemHajj,WassimEl-Hajj,2018)presentedanArabic
SentimentTwitterDatasetfortheLevantinedialect.Theircorpuscontained4,000tweetsannotated
asfollow:theoverallsentimentofthetweet,thetargettowhichthesentimentwasexpressed,how
thesentimentwasexpressed,andthetopicofthetweet.Theannotationsthattheyusedimprovedthe
performanceofabaselinesentimentclassifier.

CREATING THE CoRPUS: DATA DESIGN

DuetotheriseofmoderncommunicationtechnologiesandsocialnetworkingsitessuchasInstagram,
FacebookandTwitter,massiveamountsoftextdataarebeinggeneratedinreal-time.Moreover,these
socialwebenvironmentsareconsideredapowerfultoolfordisseminatinginformation,andarich
resourceforopinionatedtextsinceitcontainsvariousopinionsonmanydifferenttopics:politics,
business,economic,sociallifeetc.Asaresult,Socialmediasitesmakeourcorpusnotonlyusable
forinformationextraction,butalsoforansweringcomputer-humaninteractionquestions,suchashow
webuserscommunicatetoexpressopinions,showsentimentsandtakesidesinarguments.

Inthissection,theauthorswillpresentthedetailsofcollectingandconstructingtheirdataset
ofArabictweetsandFacebook/InstagramcommentsthatcontainsbothArabicdialectsandMSA,
since,as(Al-sabbagh&Girju,2012)explained,thelanguageusedinsocialmediaisknowntobe
highlydialectal.

Arabic Language Forms: MSA and Dialects
TwitterandFacebookAPIsmakeitpossibletosteamwrittendatatoenableaprogrammaticanalysisof
tweetsandFacebookcomments.ThemethodologyofcreatingacorpususingTwitterAPIinvolvesthree
mainstepsasFigure2demonstrates;PreparingthepythonauthenticationusingTweepy6,streaming
andfilteringtheArabictweetsfromArabicusersusingfunction-basedharvesting,whereonlythe
livetweetsthatcontainArabicscriptwereextracted.Thesamemethodologywasfollowedtocollect
FacebookcommentsusingFacebookExcelAddIn7;oncetheDataconnectionwasconfigured,they
specifiedtheFacebookpagesandgroupsthatwillbepopulatedwithliveFacebookdata.

TodeterminetheratioofFacebookandTwitterlivedatathattheauthorsshouldcollect,they
conductedastudyusingGoogleTrends8tool.TheresultsareshowninFigure3andFigure4illustrates
thatcontrariwisetothemiddleeastwebuserswhotendtoutilizeboththesesocialmediaplatforms,
theNorthAfricanpreferusingFacebookmuchmorethanTwitter.Thus,andtocollectalltheverities
ofArabicdialects,theauthorsfocusedonthemiddleeasterndialectsusingTwitter,andontheNorth
AfricandialectsusingFacebook.Thestatisticsofthisstudycanbeaccessedfrom9https://github.
com/AzChaimae/Arabic-Facebbok-and-Twitter-users-2018/tree/master10.

Figure 2. The steps of creating a corpus using Twitter API
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Data Set Cleaning and Preprocessing
Webdatageneratedfrommicroblogsisknowntobenoisy,thereforeourcrawleddatashouldbepre-
processedandnormalizedtogethigh-qualitydata(BenAbdessalemKaraa&Dey,2017)(Singh,Dey,
Ashour,&Santhi,2017).Thecrawleddataiscleanedfromnon-ArabicwordsthatcouldbeURLs,
usernamementions(@user),oranynon-Arabiccharacter’sexpression.Theotherpreprocessingsteps
involvethewordtokenizationandwordNormalization.Thetokenizationisusedtoreducethesparsity
ofobservedformsbyusingNLTK11library.ThewordNormalizationstepincludeduniformingthe
shapeofsomeArabiclettersandremovingdiacriticstomaketextinaconsistentformassuggested
by(S.Alotaibi&Khan,2017).Table3summarizethenormalizationcasesfollowed.

ThelaststepwastoremovealltheArabicstopwordsbasedonMohamedTaher’slist12,andthe
tweetsthatcontainonlyonewordsincethewordrepresentationapproachthattheauthorsintended
tousedependsontheword’scontext,andfinallyremoveanyremainingduplicateddata.Table4
showstheoutputwordsresultedfromthiswebcrawlingandcleaningprocess.

Figure 3. Active social media North African users for the last 12 months (09-01-2019)

Figure 4. Active social media Middle Eastern users for the last 12 months (09-01-2019)
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ARABIC DIALECTS’ WoRD EMBEDDING

InordertoprocessallthevariantsofArabicdialect,theresearchersneededanNLPapproachthat
specifiestheArabiclanguagevariantbeforehand.Nonetheless,theauthorscanovercomethisstep
by benefiting from neural network methods and use vectorized distributed word representation
knownbythenameofwordembeddings.Thisrepresentationisfamousforitscapabilityofcapturing
morphological,syntacticandsemanticinformationaboutwords,byenablingefficientcomputation
ofwordsimilarities(Azroumahlietal.,2018).TheauthorsusedthisapproachtocreateanArabic
dialectsvectorizeddictionary,aimingfortheresolvingofthenoorthographicstandardproblemand
normalizingArabicdialects.

wordembeddings are lowdimensional, dense realvaluevectors.Thesevectors arebuilt by
consideringasinputawordanditscontextinalargecorpus,thiscorpusleadstothelearningofthe
vectorspresentingtheoutputvocabulary.Therearethreemainwordembedding’slearningmodelsin
theliterature.1)Theglobalmatrixfactorizationmodelssuchasthelatentsemanticanalysis(LSA)
(Dhillon,Foster,&Ungar,2011).2)thelocalcontextwindowmodels,suchastheWor2Vecmodel
(Mikolov,Chen,Corrado,&Dean,2013),3)andthewordoccurrenceinacorpusmodelknownas
theGloVeModel(Pennington,Socher,&Manning,2014).Toachievethemostaccurateresults,and
basedon(Dahou,Xiong,Zhou,&Haddoud,2016)analysis,TheauthorsoptedfortheSkip-Gram
(SG)neuralnetworkarchitectureavailableintheWord2Vec13tooltocreatealowdimensionality
vectorizedvocabulary.

Parameter Settings
The Skip-gram is Word2Vec architecture based on the probabilistic feedforward neural network
languagemodel(Neeraj,Yoshua,Réjean,Pascal,&Christian,2003).Word2Vecarchitecturesuse
log-linear14trainingtocapturesemanticinformation;thealgorithmpre-trainasingleprojectionmatrix
W

d V∈ ×
 R  whered istheembeddingdimensionandV isthevocabulary.Theembeddingsarebuilt

bymaximizingthelikelihoodofwordpredictionoftheircontextandviceversa(Sallam,Mousa,&
Hussein,2016).TheSkip-Grammethodusesawordasan input ina log-linearclassifierwitha
continuousprojection15layerandpredictstheinputword’ssurroundingsinacontextwithinawindow
sizeFigure5showstheprocesstheauthorsfollowedtobuildtheirwordrepresentationsusingthis
architecture.

Table 3. Normalization cases

Letters Normalization

{/ alif { ٱ /ū/ ,إ /-hamza -i/ ,أ /-hamza -a/ ,آ /Aa/ ,ا / {/âlif/ ا}

{/tā̛/ ة, /hā̛/ه } {/hā̛ / ه}

{/ yā̛ / ي, /yeh/ ى} {/ yeh / ى}

Table 4. Statistics of the collected Data

Collected entries Cleaned & filtered entries Number of words

Example @Fsleyt: 👴🏼: وش تخصصك وش تخصصك؟ [’وش‘,‘ تخصصك‘]

Tweets

Facebook comments
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ThehyperparametersusedtoconstructthedifferentembeddingsfortheSkip-Gramarchitecture
are:TheDimensionalityofthevectors16,thewindowsizeofaword’scontexts,theminimumword
occurrences,andthenumberofnegativesamples.AfterdifferentalterationoftheSkip-Gramtraining
parameters,andinordertomaximizetheevaluationresult,theauthorsoptedfortheparametrizations
showninTable5.Thenegativesamplingmethodwasusedtoimprovethequalityofthefrequent
words’vectorsqualityand tospeedup the trainingprocess.Theresultingvectorizedvocabulary
containsa200dimensionvectorizedwordsthatpreservethesemanticfeaturesliketheexamples
showninTable6.Further,thevectorscanclusterthewordsintospecificcategories,theseclustered
categoriesrepresentthewordsimilaritiesasshowninFigure6andTable7.

Word Embeddings Evaluation
Toevaluatetheobtainedwordembeddings,theauthorschoosethewordanalogytesttoreportthe
accuracyoftherepresentations.WordAnalogytestwasfirstintroducedbytheauthorsof(Mikolov
etal.,2013),wherethegoalistosolveanalogyquestionsbyfindingaterm x foragiventermy ,
sothatx y�:� isthebestresemblancetoasamplerelationshipa b�: .

Figure 5. The steps of creating word representations for a twitter database

Table 5. Skip-Gram training parameters

Dimensionality Window size Sample Minimum word 
count Negative sampling

200 5 1 5× −e 10 10

Table 6. Examples of the data set output

Words 200 dimension vectorized representation

/Ab/ أب − … −0 00786473 0 0026544 0 0194475 0 0288277 0 013101. , . , .., . , . , .� � � 77





/Yii/ يي − … − − 0 0224097 0 0120036 0 0763094 0 112953 0 0508491. , . , .., . , . , .� �
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ThistestwasconductedbyusinganenhancedandtranslatedversionofGoogle’swordanalogy
testbenchmarks,aidedbytheavailablebenchmarkspublishedbytheauthorsof(Baly,AlaaKhaddaj,
HazemHajj,&WassimEl-Hajj,2018).Thebenchmarkscontain71974relationsandcover11relation

Figure 6. A visualization of one of the resulting embeddings using TensorFlow embeddings projector17

Table 7. An example of a word and its nearest points

Label (the king) الملك
Examples of nearest points Cosine similarity

 (king) الملك     
 (The kingdom) المملكه     
 (Our king) ملكنا     
 (Throne) عرش     
 (The country) الدوله     
(The judgment) … الحكم     

0 251.
0 421.
0 567.
0 693.
0 782.
0 839.
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types,4ofthemaresemanticand7aremorphosyntactic(seeTable8).Anexampleofatypical
analogyrelationfromourbenchmarkstestsetcontainstwopairsofwordsasisillustratedinTable9.

To compute the vector’s analogies, the authors needed to recover the relations between the
wordvectors.Figure7presentsthealgorithmusedtocomputetheserelations.Someofthewords
thatarepresentinthebenchmarks,donotexistinthecorpussincetheyarenotoftenusedbysocial
mediausers.Anaccuracyof0.46wasobtainedontheresultingembeddingsusingthecorpuswith
thehyperparametersshowninTable5.ItislowerthanthoseobtainedonEnglishandotherLatin
languages. However, the MSA content in social media corpus is minor compared to the Arabic
dialectscontent,whichresultsintherarityofMSAwords,inaddition,thebenchmarksusedinthis
evaluationarewritteninMSA.Thus,theobtainedaccuracyisconsideredagoodresult,duetothe
morphologicalcomplexityofMSAandArabicdialects.Thesourcecodeandthecorpusdescribed
inthispapercanbeobtainedfromhttps://github.com/AzChaimae/Arabic-dialects-Corpus.

CoNCLUSIoN

Inthisarticle,theauthorspresentedthestepsofcreatinganArabicvectorizeddictionarythatcontains
thedifferentvariationsofArabicdialects.Thisworkreliedontwosteps,thefirstonebeingtheuse
ofsocialmediaasasourceforcrawlingthedatasinceitisthemostcomprehensivesourceoflive,
publicconversation.ThesecondoneistheuseofwordEmbeddingsmethodswhichhadproduced
impressiveresults,byspeedingupthetrainingprocesswiththeuseofWord2Vec’snegativesampling
approach,andenabling the learningofwordrepresentationsfroma large-scalecorpusofwords,
takingasinputrawtextswithoutanyothersourceofinformationotherthantheword’scontextfrom
therawtextitself.Theresultingcorpuscouldserveasasolutionfortheobviouslackofresources
intheArabicdialectsprocessingworldsinceitcontainsboththeMSAandthedifferentvariations
ofArabicdialects.

Table 8. Word analogy relation types

Morphosyntactic Semantic

Comparative
Plurals
pairs

Verbtonoun

Capitalcities
Commoncapitalcities

Currency
Family

ManWoman
Nationalityadjectives(male)

Opposite

35978 35996

Table 9. Word Analogy test-set example

Relation type Word pair 1 Word pair 2

Capitalsoftheworld
لشبونة

Lisbon
البرتغال

Portugal
مدريد

Madrid
اسبانيا
Spain

Familyrelation
أبي

Dad
أمي

mum
عمي

My uncle
عمتي

My aunt

Oppositerelations
نام

Slept
استيقظ

Woke up
حزين
Sad

سعيد
Happy
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Fromanimplementationalperspective,theaboutnesstaskinvolvesexperimentingwithdifferent
othersourcesforcreatingothercorpora,usingtheobtainedmodeltobuildseveralbinaryclassifiers
todetectsubjectivityandsentimentsinboththemodernstandardArabicanddialects.Finally,adding
ArabiziwordstothecorpussincetheyarewidelyusedbyArabicusersonthewebespeciallyin
northAfricancountries.

Figure 7. Word analogy computing’s algorithm
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component.

2 Ortherootofaword:asequenceofmostlythreeconsonantalletterswhichtogethersignifysomeabstract
meaning.TheArabicVerbsandnounsarederivedfromthestems.

3 Arabizi,ArabishorArab-FranceistheArabicwrittenusingLatincharactersintransliteratedmodeand
numeralstorepresentArabicletterswithnophoneticequivalentinEnglishorFrench(Darwish,2014).

4 LexicalMarkupFramework,ISO24613
5 InternationalPhoneticAlphabet,itisusedforcharacterspronunciation
6 AnopensourcepythonLibraryusedmainlytoaccesstheTwitterAPI.
7 FacebookExcelAdd-InisatoolthatsetsaconnectionwithliveFacebookdatadirectlyfromMicrosoft

Excel,https://download.cnet.com/Excel-Add-In-for-Facebook/3000-2065_4-76476610.html
8 https://trends.google.fr/trends/?geo=FR
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9 TheNorthAfricanandthemiddleeasternFacebookandtwitterusers’statisticswillbereleasedbefore
April2019.

10 TheNorthAfricanandthemiddleeasternFacebookandtwitterusers’statisticswillbereleasedbefore
April2019.

11 NaturallanguageToolkitforbuildingPythonprogramstoworkwithhumanlanguagedata.
12 TheMITLicense2016availableathttps://github.com/mohataher/arabic-stop-words/blob/master/list.txt
13 http://code.google.com/p/word2vec/
14 Log-linearclassifiers,alsoknownasMaximumEntropyclassifiers,produceaprobabilitydistribution

by incorporating linguistically important features and allowing the automatic building of language-
independent,retargetableNLPmodules.

15 Theprojectionlayermapsthewordindicesofann-gramcontexttoacontinuousvectorspace.Theyare
usedtoreducethedimensionalityofrepresentationwithoutreducingitsresolution.

16 ThesizeoftheNeuralNetworklayers
17 http://projector.tensorflow.org/


