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Euyopiotieg

Oa Hlela va euyapicThow TNV xadnyrteta Ocodnmpa Boglopiyou yio tny duvatdtnTa Tou
Hou mEdcPepe Vo aoyoAnl® pe Tov Touéa Tou Sentiment Analysis xou vo epeuvAicw TavVE
oe autoév oto Epyaothplo Kataveunuévwy Yuotnudtwy xan Atayelpiong I'véong.

Eniong, Yo Adera va euyapiotiow tov urtodrigo diddxtopa Bpetté Mould yio Ti¢ mohdTi-
MES CUUPOVAEC TOU, TNV EUTLOTOCUVY TTOU HOU EBEIEE XU TOV YPOVO TOU UPIEPWOE YLaL TNV
EXTOVNOT] AUTAS TNE OLMAWUATIXAS EpYaolag.

Téhog, Yo Hieha vo eLyaEIoTACK TOUG AVIE®TOUS TTOL NTaY BITAA LOU XoTd TNV OLdpXELd
TWV OTOUBKY HOU.



ITepiindn

H avdhuon cuvaiodruotog etvon €vag Topéoag Tou avamTOyUNXe ond TV avayxn ovo-
YVOELONG TOU GLYAGVUATOS TNG XOWNAS YVOUNG Tve o€ éva éua péoa amd Tov Ueydro
oyxo mAnpogoploc eediepng poppric mou dlatideton oto dladixtuo. Ou pédodot avdhuong
ouvaoYPUTOC TERLAOUBAVOUY PETAED GAAWY Yol CTATIOTXES TROGEYYIOES UE TNV Yeron
ahyopliuwy unyovixhc uddnong. H exnaidevon twv ahyoplduwy unyovixnc uddnong yen-
OLUOTIOLOVTOG YOEAUXTNELO XS TOU EEAYOVTOL Ad ToL XEUEVO TOREYOUV EVaL LOVTENO YLl TNV
TEOPBAEPN TNG TOMXOTNTOC VEWDY XEWEVOV.

Yty gpyocia quTH HEAETIUE TNV OVIAUGCT| CUVALCUAUATOC GE OEBOUEVA XELTIXNC TULVLOVY
ue yeron unyovixic wdinong xan e€etdlouue mog 1 oxplBetar TaEvOunone g TOAXOTNTOG
TV XEWEVLY eE0pTATOL And TOV TEOTO UE TOV OTOIO TOL YUEUXTNELOTIXG TOU €EAYOUUE o
Ta xelyeva exyetadAevovTon T Sour| Tou. Mehetdue ula puédodo mou e€dyel YopoxTnEIoTIXG
YENOWOTOLOVTAC TNV GUVIEST] TOU XEWEVOU UE BLIUPORETIXG TEOTO OO OTL Ulol O XAACIXT
uédodog. Xuyxpelvouue Tig Buo Yedddoug xou Tig cUVOLALOLUE Yiar TNV dnulovpyla plag véaug
TEOGEYYLONG OTOV ToUEd auTd. AZIOAOYOUUE TNV GYETIXY EMIBOCT TWV TEUWY UOVTEAWY Xal
v enidpaom TopaUETEWY OTwS TO TARYOC TwVY BEBOUEVWY, O ahyopLIUOg Udinong oAAd xau
1 OToeén 1 Oyl TEOETEEERYAUTIOC TWV XEWEVOY.

AéZeig KAewdid: Avdhuon Luvoucdiuatog, n-gram yedpot, Yed@pol AEEEwY, avamapdo Ta-
orn bag of words, tavounon nohxdtntoc xeywévou, EmPrenouevn Mnyovixry Madnor, a-
mhoixd yovtého Bayes



Abstract

The field of sentiment analysis was developed to accommodate the need for recogni-
zing the sentiment of public opinion on a subject that exists in the big unstructured data
available on the internet. Some methods of sentiment analysis include statistical appro-
aches using machine learning algorithms. The training of machine learning algorithms
using features extracted from the texts provides a model for predicting the polarity of
new texts.

We study sentiment analysis in movie reviews through a machine learning approach,
and examine how the accuracy of classification depends on the way features exploit
the word structure of the text. We consider a model of feature extraction utilizing the
composition of the text in a different way than the usual, baseline model. We compare the
two models to each other, and additionally to a third, midway approach that combines
them. We evaluate their relative performance, and dependence on parameters such as
training data size, machine learning algorithm and pre-processing of the input text.

Keywords: Sentiment Analysis, n-gram graph, word graph, bag of words model, pola-
rity classification, Supervised Machine Learning, naive Bayes model
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Kegdiowo 1

Eiooywyn

1.1  Avdivorn XuvaucIuotog

H avédivon cuvacifuatog eivon €vac topéoac mou dnulovpyRinxe Aoyw tng adinong
TOU OYX0U AdOUNTNG TANeogopiag Tou dlutideton 6To BLadixTUO and Toug Yeroteg Tou. H
avdyxn eneepyaciog Tou CUVACUAUATOS TV BEGOUEVLY APORE TOUS ATAOUC YPHOTES TOU
OLAOXTUOV OANS X0 TOV YWEO TNG ETOTAUNG %ok TNG Brounyaviog.

1.1.1 Oeplopocg

H avdiuon cuvacduoatog anotelel T dtadixacta aviyveuong tng ToMxOTnTaS TNE TAN-
popoploc Tou TEOBIAAETAL OF Eva XElPEVO EAEVIERTIC LOPPHC XA GTNY CLUVEYEL, 1) TOEVOUNOT)
¢ oc Yetnd|, apvnTiny| 1 oLdETten. Ot ToAdTNTES AUTES, cLVHYWLS, aPopoly Eva Véua xan
YENOWOTOOLYTOL YIa TNV AVIAUGCY) CUVOLCUAUATOS TV YPNOTWV TdvVw G auTé To Véua.
H minpogopia tou xeévou ouwg, pmopel vo mepthopf3dvel pla 1 meplocoTepe anddelg -
vOg yenotn oxetd ue xdmow Vépata. H eaywyn anddewy and 1o xeluevo mohhéc @opéc
Tponyeltat, MOTE GTNY CUVEYELY, Va xaTnyoplonotniel 1 toAxdtnTa Tne xdde dnodng. ‘Etot,
UTOPEL VoL €Y OUUE AVAAUGT) CUVALCUAUATOS GE OAOXANRO E€YYRAUPO, OE TAUPAYQEAPOUS, OE TTPO-
TACELG, OXOUAL XL OE YopoxTNElo Tixd xetévou. H Swdixacio eCaywync twv andewy evog
xeévou ovopdleton opinion mining. Ot duo 6pot, sentiment analysis xou opinion mining,
egavicTXay oYEBOY TUPIAANAL X0l YETICULOTIOLOOVTOL YL VOL OVIPEQOLY TOV (510 OXOTO TNG
avéhvuone cuvatouatoc [23]. Enopévec, n talvouncon tou xewévou oe VeTinic, apvntixic
1) OLBETEENC TOAMXOTNTAS UTOREL VoL VewpenUel k¢ Eva cUYXEXPWEVO E(00C XaTNYOoploToNoNg
XEWEVOL, UE UEYAUAVTERT) BUoXOAl amd OTL 1) xuTNyoploToinon xeWevwY Pe Bdomn to Véua
Touc (topic categorization) ([24]).

1.1.2 Egoguoyveg

H avdhvuon cuvactfuatoc egopudleton oe TOMEC TEQLOYES OTIOU 1) ECAYWYY| CUUTE-
EAOUATOS Yo TNV XOWH YVOUTN o éva Véua Ue yewpoxivnto 1pdmo and tov dvipnto civan
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oYEDOY adLYVATN AOYW TOU PEYAAOU OYXOU BEBOUEVKDY. Ol TEQLOCOTERES AmO QUTEG €Y 0UV
Vo xdvouv Ue xefpeva ehediepng wopghc amhdy yenotov mou datidovion oo dladixTuo.
Kdmoieg and tig eqapuoyéc divovtar napoxdte. ([23])

H avdhuon cuvaoifuatog uropet va yenowlonowniel oe pnyovi| avaltnong amdhenmy
1) XELTIXWV YLl VO CUYXEVTPWOEL TNV TOMXOTNTU TNG XOWAC YVOUNS Yia €va Yéua N
Tpolbv ot éva site [14].

H avédivorn cuvaicOuoatog uropel vo amotehécel Yépog tng Teyvoroyiag SAAwyY cu-
oTNUATOY, 6Twe recommender systems, OTou o€ aUTHY TNV TEP(TTWOT GUUPBAAREL 6TO
VO ATOPEVYOVTAL Ol GUGTUCELS GE TROLOVTA o By ovTal, xuping, apvntixd feedback.

Kotd tnv nopouvstaon online diagnuicewy 1 ovdAuoT cuvatcIiuotog UTopel vou yenot-
worotniel wote va anopplhouue Eva u€pog Toug 1 va Tpowdoouue Eva dAho avdhoya
UE TO TEPLEYOUEVO ToU site oTo omolo eugavilovtal ot To cuvaic¥nua Tou TEoXUAOVY
o670 YeNoT.

Ytov topéa tne egoywync mAnpogoplag (information extraction) €yet mopatnendel
Behtlwon 6ty oryvoolvton TANEOPopieg Tou e€dyovTon omd UTOXEWEVXES amOELS, T
OVOLY VWPLOT] TNG UTOXEWEVIXOTNTAS TwV oTolwv elvor €val amd T eldn tng avdAuong
ouvatoOiuatog (subjectivity /objectivity identification).

O mo onuavTindg Tougag 6Tov onofo yenowonoleltol 1 avdhucT cuYUGVUATOS Elvot O
TOPENS TWV EMLYEIPNOEWY, OTOU YEEIALETOL HUETT) AVABEIOT Yol VAL TTROTOV 1| UTNEEGTAL
am6 Toug ayopaotég Tou. ‘Etol, n emyelpnon mpoocapuolel Ty yeouuy g avéhoyo
ue To cuvaloUnua xa Tic emiupieg TS ayopdgs, To omolo elvon oTUAVTIXG Yia To XEEO
me.

1.1.3 Ilpooceyyloelg

[o v avdluon cuvanotfuatog uropel va yenouonotndoly nodlég pédodol, xdmoteg
amd Ti¢ omoleg Yo mapouctacToLy otny evotnta 1.3, Ou pédodol autéc xatatdocovton oe
wioe and e 4 xatnyoplec ([5]):

keyword spotting
lexical affinity
statistical methods

concept-based approaches

1.1.3.1 Keyword spotting

H xatnyoplo autr amotehel tnv mo €0x0An xou ©pocLTh TEOcEY Yo Yo TNV emihuon
TeofANudT®wY avdiuone cuvaicruatog. Ot yédodol Tou XATUTACCOVTAL OE AUTHY YENOILO-
TOL00Y XATOLES AEEELS EVOEIXTIXES YLOL TNV OVOLY VWELOT) TOU cLYVAGVAUNTOS TTou ovopdlovTal
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affect words. T mapdderypa, eAéyyeton n mapoucio Aé€ewv 6mwe happy, sad, amused,
angry xtA. H mpocéyylon auty Yewpelton agerrc, eneldr) otnpileton povo oe Aéelc mou
expdlouv Eexdapa éva ouvaicinua. H meployn g avdhuong cuvonodiuatog €yel va
XAVEL xou PE xelpeva 6mou o cuvaloinua expedleton péoa amd To cLUPEAUlOUEVA YwElc TNV
xehon ouvaiodnuotixedy héewyv (affect words). I napdderyya, undpyouv xeipevo mou dev
YENOWOTOOLY TIg AEEELC AUTES Xou TOPOANL UTA EXPEALOLY EVTOVa GUVALCVNUOTA, OTKS 1)
Teptypay| wlag wotoplag. Emmiéoyv, n yédodog auty, dev unopel va yeipiotel Ty dpvnon oc
npotdoelg 6nwe ‘Today I'm not happy’, émou n Aé€n happy Vo odnyroer tnv tadivounon
og JeTix6 cuvaloUnua.

1.1.3.2 Lexical affinity

Or pyédodol mou evtdooovton otny xatnyopia lexical affinity avodétouv tiuéc miavotn-
Tac og AEEEIC Yo VoL ONAWOOUY TNV GUYYEVELS Toug pE YeTind 1 apvnTxd cuvaloinua. E-
TUTAEOV, YENOWOTOW0V AEEEIC EVOEIXTIXES Yiot TO cuvaloUnuo dnhadY| yenoytorooly affect
words, 6nwg TNy Tponyoluevn evotnta. ‘Etot, avadétovtog oe plo AEEN yeydAn miovotnTa
vo oyetiletan ye évo ouvaloUnuo, Umopolv vor ovary veplicouy To cuvaicUnua xAmowwy Teo-
tdoewv. H avddeon miavotrtwy yivetar exmondedoviac Ty pédodo and yAwooxd xelyeva.
Autég oL yédodol Eemepvolv oe enidoon Tic uedodoug tne xatnyoplag keyword spotting,
ARG UTEdEY OUY BUO TEQINTWOELS OTIC oToleg amoTuyydvouy. TToAkéc popéc yenotuomolodva
(PEACELS IOV AVAAOY A UE TNV TOTOVETNOY| TOUG O [iot TEOTAUCT) ONAWVOLY BLIPORETINO CUVAL-
oOnuo ([5]). Xe authv v mepintwon n avddeon mdavotntac e€uptdton and o YAWOOoUd
xetueva mou €youv exmoudeloel Ty uédodo. Emouévwe, 1 uédodog eivon ‘mpoxatetAnupévn’
yioe TNV eu@avion plag AEEne pe tov (Blo TpoTo dTwe ExEL avay Vwploel aTa YAWCOWXE xelueva
exnaldevorc Tne. Emmiéov, mpotdoeic mou dnAdvouy dpvnorn o cuvduaoud Ue AEEEC Tou
ennpedlouvy v nohxdtnta (affect words) Suoxokebouv xou oe auThY TV xatnyopla TNV
emiTLylor TV Pedodwy.

1.1.3.3 Statistical methods

H npocéyyion twv otatiotxedy uevddwy nepthaudvel Bayesian cuumepaoud xou sup-
port vector machines xou €lvon apxetd dNpoPIAng. Xe aUTAY YENoHLoToLOVTAL oAYOeLIoL
unyovixic pwéinone (machine learning) oe cuvduaoud pe xefueva mou €youv tadvoundel
YELROXIVNTA OE XdTol0 cuvaicUNUa, UE OGXOTO Vo EXTOUOEVCOUY Wiar unyavr vor ovary veptlet
70 ouvaicUnua VEwv xewévey. H uédodog podalvel uéoo amd tar yopaxTnolo Tixd XEWEVOL
Tou e&dyovTon xQUE PopEd Ylol TO OXOTO AUTO, Yio Tal ool YVWEIleL TNY TOAXOTNTA TOUC.
O otatiotinég autég pédodol Acttoupyolv xaAd OTay exmtandedovTon o PEYdAa xelpeva, On-
had1) ohdxhnpa Eyypaga. Avtiveta, €youv puxer enidoon o uxpdtepa xetueva Aoyw Tou
TEPLOPLOUOL TV AEEEWV TIOL YENCULOTOLOUVTOL.

1.1.3.4 Concept-based approaches

Or pé€dodor autée Baoilovton o TEOTOUC AVEYVEUOTC TWYV EVVOLMY TV XEWEVKOY YE1NOL-
HOTIOLOVTOG OTUACLOAOYIXA OiXTUA X0 OVTOAOYIEC LGTOU YL VOL ETLTUYOUV T1) OTUACIONOYIXT
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aVIAUGT TV XEWEVLY. Ta 1o oxond autd, ayvoolvTtal AEEEIC XAEBLA 1) CUVTOXTIXT AVEAUGT)
X0l YENOWOTOLOUVTAL UEYIAES BACEIC ONUACLOAOYIXAC YVMOOTS YLoL VO VLY VEDGOUY TNV EV-
VOLOAOY XY TANEOopia ToL TapdyeTon antd TN Yenon puoixiic Yhwooog. 'Etot, emtuyydveton
1 aviyveuon cuvacUnudTey o xelueva Tou Bev yenotworooly affect words xan expedlouv
70 ouvaloUnua péoa and To evvolohoywod mepleyouevo. O Bdoeg mou yenotuomolodval
TEETEL VoL €Vl AVTITPOCWTEVTIXES Yo TNV ePfdiuvon oTig évvoleg, xadoe xadopilouy tTnv
emtLy ot TV PEOdWY AVTEOV.

1.2 To npdlBAnua pe to onolo acyoleiton 1 -
Yooia auty

Yty epyaoio auty|, epaploloude avIAUGT, CLVALCVNUUTOS OE XELTIXES TOUVIWY NG Bdong
IMDb!. Kde xprrins| amotehel éva éyypogo (document) plog mopoypdpou mou avopépe-
Ton oe plo touvio. Enopéveg, dewpoldue 6t oL xprtixée mou yenoonotodvto exgedlouv
ulor dmodn yior Ty omolor emupoue Vo THEWVOUNCOUUE TNV TOMXOTNTA TNG XOL 1) AVAAU-
o1 cuvoucUuatog Yiveton o€ eTNEdO EYYEAPOL ONANDT GE OAOXANEO TO XELUEVO XELTIXNG
(review). Xxoméc pog eivar 1 pehétn enidoone pia pedddou eZoywyhc yapaxTnELo TGO
xewévou oe oyéon pe uio baseline pédodo eaymyrg yapoxtneioTixmy. To yopaxtnelo Tixd
QUTA YENOHOTOUVTAL WS El080 oE €vay alyoprduo unyovixhic pddnong mou cuuPBdiiet
OTNV XATNYOELOTOMGT TOU GUVULGUAUATOS TOU XEWEVOL, OTKS TOEOUCIALETAL OTNY EVOTY-
o TN wnyovixic pdinone (evotnta 2.1). Enopévoe, otnv gpyaocia auth acyoholuac e
UE PEVOOOUE IOV EVIACCOVTAL GTNY XATNYOREId TV GTATIO XDV HEVODMY AVIAUCTC CUVIL-
oUfuatoc.

1.3  XXyetixég speuvnTIXES EpYyATieEs

X1y evotnTa auTH TapouctdlovTal TUALOTERES EPELYNTIXES EpYUsiEC Tou oyeTilovTon Ue
oVAhUGT, CLVALGVAUATOS OE XPLTIXES TEOLOVTWY 1) UTNRECLOY (OTwe Touvieg) and yproTes.

Yy epyaoia mou napouctdletoar oto [24], yenowwonotolvion tpémol e€oywyc Yopo-
ATNPLOTIXWY XEWEVOU X0t PETETELTA exTtoddELoT piog unyavic UEow ahyopldumy unyavixhc
UdINoNG Amd TOL YAUPAXTNELO TIXG QUTA, Yol TNV vy Vwplon Tou cuvatoVfuatog. To dedo-
péva ou yenoulomotinxay Hrov xpLtixée Toviv tng fdone IMDb. Apyixd nopouoidleton
N xohOTeEPN EMBOON TWV ‘UNYOVIX®Y’ UOVTEAWY OYeTXd Ue ‘ovlpmmival’ HovTéha oy wyNg
YUEOXTNPIO TIXWY. DUYKEXPWEVAL, YENOHLOTOLELTAL €Val LOVTENO TOU e€AYEL UEGW TIROY AU
To¢ MEEZEIC amd T XELUEVAL Yol TNV YN0 TOUC WC YUROXTNELO TIXA XEWEVOU, Xl GLUYXEIVETOL
UE TNV TeplnTwor 6mou ol Aé&elg emAéyUnxay yewpoxivita and oavdpwrouvc. Metd tnv Sla-
TOTWON TN AVEYHNG YEHONS UNYAVIXODY LOVTEAWY, UEAETATOL 1) TpOCEYYioT bag-of-features
yior Ty dnuoupyia Tou dtaviouatoc yapaxtneloTixoy (feature vector) mou ypnowponoteiton
yio TNV exnaideuon Tewwy ahyopldunmy udinone. Iapoxdte divouue Tic 8 TepinT®oelg yopo-
ATNPLOTIXWY TIoL Yenoulonotinxay xdde Qopd yio TNV Snuiovpyia Tou BIEVLCUATOC.

thttp://ai.stanford.edu/~amaas/data/sentiment/
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1. unigrams, 6mou xd¥e YoEUXTNEOTIXO AVTIOTOLYEL OTNY CuYVOTNTA eupdviong plog

AEENC.
2. unigrams, 6mou xoe yoEAXTNEOTIXG BNAWVEL TNV Topousia 1 oyt uiog AéEne.

3. bigrams, 6mou xde yopuxTNEICTIXG AVTIGTOLYEL OTNV TaPoLGia 1) )L BUO YELTOVLXMY
AECewv.

4. unigrams xou bigrams, émou éva yopuxtneloTixd avtioTolyel oe éva {ebyog mou me-
PLEYEL TOL BUO TPOTYOUUEVA YUEAUTNELO TIXA.

5. unigrams pe Part-Of-Speech tagging, 6mou eumhoutilovtar ot Aéeic pe ‘etnéted’
TOU ONAGYVOLY TL HEPOS TOL AGYOou elvon xdde popd TNy TEdTUCT).

6. adjectives, 6mou xdde yopoxtneloTind elvar évog emeTindc TEOGBLOPLOUOC.

7. top 2633 unigrams, 6ToU YENCILOTOLVVTAL UOVO oL 2633 To cUYVES AEEELC WS Y apa-
ATNELOTIXA ToL OToloL AV TLO TOLY 00V GE BHAWGOT Tapouastag 1 oL Tng AéEng oTo xeluevo.

8. unigrams ye position 6mov oe xdde AéEn mpootileton plo ‘eTinéta’ 1 onola drAGVEL
O€ TOLO TETUPTO TOU XEWEVOU EUPAVICTNXE.

Kde plo amd Tic mopomdve TEQImTmoelg yenoylomotiinxe yio vo exnaudedoel Toug olyopld-
uoug udinong naive Bayes, maximum entropy classification xou support vector machines
oe xde nelpapo. Kou ot 8 mepintiioeic e€aywyhc yopoxtneto Tixy amodetydnxoy xohitepeg
and v xetpoxivtn eaywyn yapoxtnelotixwy. Ko ot 3 akydprduol napovcidlovy pe-
YA enidoon pe TNy peyahbTepn ENBOOT Vo TopouctdleTon OToY YENOWOTOLEITOL 1) TaPOUGia
AMéZewv (unigrams) we yopoxtnetotxd. Ou cuyypageic g epyaciac avthc perétnoay mo
YewpenTixd To TEOBANUA TETUYAVOVTIUC XAADTERA TOCOGTY AXEIBEINS OF EMOUEVES EQELVITL-
xéc epyooiec ([21], [22]).

H epyaoio mou napoucidleton oto [12] aoyoheiton pe tnv dnuovpyio evéc cuotiua-
T0¢ ‘TEPANNG TV AmdPewY YL XATOLL CUYXEXPUIEVOL YURUX TN TIXA EVOC TEOLOVTOC oo
XEEVA XPLITXNC TEOIOVTOWY ot 1) ToEvOUNor Toug o VeTIXd 1| apyNTXd. 2X%0TO¢ Tou GU-
oTAUTOS Ebvon var ovaxoADEL TNV dmodm TV YeNo TGV Yiol EVa CUYXEXPWEVO TEOLOV XAl Tl
YUEAXTNELO TIXE TOU. JUYXEXQWEVA, TOo cUo TN YwelleTon o Buo Yépr). XTO TEMTO UERPOS
EMTLUYYAVETAL 1) EE0YOYT] TV YALAXTNELO TIXWY TOU TEOLOVTOS TOLU GYOAMALOVIaL OTIC XELTL-
#EC TV YENOTOY. 110 de0Tepo pépog, TaVoUoUVToL oL XpiTixég Tou oyetilovtal Ye xdie
YOEAXTNELOTIXO OE VETIXEC 1) apVNTIXES, XaL €TOL BlEUXOAOVETOL 1) avallATNOT TWV AndPewy
YL €VOL YoEAXTNEIOTIXG TOU TEOLOVTOG amtd évay VEO yeNoTr. LNy epyacio Toug UeheTdtan
TO TEWTO UPEPOC, EVO TO Wépoc NS Talvdunone mopouctdletar oe endpevo paper ([11]).

Y10 mpwtog PEPOg, oL xELTixég oapyxd amodnxedovion oe uia Bdorn 6edouévwy. XNy
oLVEyEw, Yio xde review, yenowonoeiton part-of-speech tagging oe xdde AéCn yio TNV
AVOLYVOPLOT] TWV OUCLACTIXWY Tal oola efvor mdovd vor AmoTEAODY TOL YOEUXTNEIC TIXE TOU
TpoldvTog Yo tar omolo Yéhoupe vo e€dyouue amddec. And to olvoro autd, urohoyilov-
TOL TOL TIO CUY VAL EPPOVILOPEVA OE TROTACELS YUQUXTNELO TIXG TROIOVTWY UE YPHON HAVOVWY
eCaywyrc ouoyetiopol (association rule mining). I v eloywynh twv mo cuyvdy ya-
COXTNEIO TIXY TEOLOVTOG YENOHIOTOLOUVTAL Ol QEACEC UE 3 AEEEC TO TOAD, xoig oTnv
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epyaoio Toug Vewpeiton OTL €vol YoEOXTNELOTIXG TEpLYRdpeTo Ue 3 AéEelS To TOAD. BTNy
CUVEYEL TO YUPUXTNELOTIXA AUTE YELOVOVTOL UE Wiar Sladixacior pruning ye oxomd vo a-
patpedoly ToL YUPAXTNELOTIXE. TOU OMOTEAOLY UTOGUVORO EVOC Yopoxtnplotixol (m.y. life
amoTEAEl LTOGUVOLO Tou yopouxTnelcTxol battery life evog mpoldvtog xou meénet vou apou-
eevet), xodde xon yopaxtneloTixd Tor omtola eppavilovTon UE Topandve ond 2 OUCLUC TIXY
amouoxpUVoPEVA péca ot Uia TeoTaoT EVOg Uovo Teview. Metd and tny eaywyr| TV To
CUY VWV YAeaXTNELoTIXOV avtyvebovTol emETIX0l TPOGBLOPIGUOL YELTOVIXA TV YoEaXTNPL-
OTIXWY 0TS TPOTACEL; 0L oTtoloL Vewpolvtan 6Tt exppdlouy pla JeTinr| 1 apvntixny| dmodm yia
oUTO. BTNV CUVEYELN YENOLLOTOLOUVTAL Tot ET{UETA AUTE VLol AtVEY VEUGT) TO GTIAVIWY Y AEAX TN
QIO TGV OF TROTUCELS OTIOU BEV €Y OUUE AVLY VEUGEL Yoo TNEto Tixd mpotovtog. Kou ot autrv
NV TeplnTwon Yewpelton 6Tl €vag emIETIXOC TPOGOLOPIGUOS TOL EXPEALEL VETIXT 1 EVNTIXN
dmon Beloxeton YELTOVIXG TOU YapaxTNEIo ToU. Av xaL GToL TO OTIAVLOL YAUEUXTNELG TIXE TO-
TOUETOUVTOL XOl YOPAXTNELO XS AOYETA UE TO TEOLOV, AUTO OV amoTehel TEOBANUAL oG Xa
TO UEYANDTERO TOCOCTO YOLAXTNRIO TV ATOTEAOVUY Tar cuyvd eugaviloueva. Télog, yua
xade AEEn - eniveto mou dnAcdver uia drnodn yenowworoeiton o WordNet xou plor teyvixn
bootstrapping yi tnv avayvwplon tng onuactoroyiog tne. ‘Enetta, xdide npdtaon xatnyo-
ptomoleltan Ue To ouvaioinua Tou xuplopyel and auTd Tou dNAWVOLY oL AEEElS - elieTa ToU
Teptéyel, To onolo napouctdleton oty epyooio [11].

H epyooio [25] éyet tov B0 oxond ye v epyoaoio [12], nou napouvotdleton otny Teon-
yoUuevrn mopdyeapo, xo ovopdlel to cbotnud tne OPINE. ¥e autiv yenowonoteiton pio
un emPBrenduevn pédodo (OPINE’s Feature Assessor) yia v eZorywyy| OUGLIG TIXGY TOU
amoteholV Tol uépT) evog mpotdvtog. H pédodoc auty| yenowonolel avadpouixéc xANoeLS Yo
vor avaxaAOgeL Tor PP TOL TTEOIOVTOC Ol TAL YUEAXTNELO TG TOU XS xou Tal ‘UTto-pépn
QUTOY X T YapaxTnelo Txd toug. Ta v eCaywyn twv gpdoewy tou exgpdlouy dnodr
TV ota Yéer evog mpotovtog yenowomolel 10 xavoveg e€aywyng mou Aaufdvouy unddn
TNV CLYTOXTIXT DoY) TWY TEOTACEWY, OTwS UTohoy(letar and Tov MINIPAR parser. Autéc
ol gpdoeic eivon miavée pedoelc yior T dRAwon plag drodme (Vetnrc # opvntinnc). o tny
ONUACIONOYIXT) EQUNVELCT) TWV PEACEWY Yenowlonoleltar o xawvolpta p€dodog Tou ovoxa-
ANOTTEL ONUACLOAOYWES ‘ETIXETES Yo Xdde QEAoT TOU APOEd €V YORUXTNELOTIXO - UEPOC
Tou TPOLOVTOG Xou avapépeTon oe o tpotact. H diadacia torodétnong twv etnétny i
vou plor un emPBrenopevn pédodoc xatnyoptonoinone nou ovoudleton relaxation labeling. H
uéBodog auTH yeNoWomoLel TIC ETIXETES YELTOVIXWY AEEEWY, TIC EX TWV TEOTEPGY THoVOTY-
Teg yioo TNV avddeon plog eTixétag oe wla AEEN 1) pedom xau piot cUVEETNOT oL BNADVEL TNV
enidpooT TWV YEITOVIXOY Ppdoewy ot authyv. 'Etot, 1 un emPrenouevn uédodo avaxohinTel
TIC TO CUYVEC ETXETEC o eEAYEL Amd QUTES TIC PEACELS 0TI omoleg €xel avatevel JeTixn
1 apvnTn wg gedoceic anddewy. H pédodog auth emituyydvel yeyalbtepn axpifelo and
v pédodo mou mapouctdleton oty mponyoluevn apdypapo (epyaoia [12]). H emtuyio
TN OPEIAETOL OTNY AVOLYVERLOT| TNG ONUACLOAOYXNE TixéTog uiog Aé&ng mou odnyel oTtnv
e€ay Y TWV 0WOTOY andoPeny Tou exppdlovion UEoo 0T GUUPEULOUEVA.

H epyaota [27] npooeyyiletl to npdfinua avdhuong cuvotcVAUATOS O XELITIXES TUVLEY
e Bdone IMDDb ye ) yerion tou ahyoplduou udinone multinomial naive Bayes. Apyuxd
Tapouctdlel TV YVwoTh mpocEyylon bag of words mou agopd TNy exnoldeucn Tou oAyo-
plduou pe yphomn amhdv yapoxTnELo TV Xeévou, dnhadh Ty évdelln eugpdvione (1) 1
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Oyt (0) Mé€ewv evoe Aedihoyiou oTo xelyevo. Ltnv cuvéyewa, doxudletor 1 totovétnon
Tov-Bopny tou oyetilovton ye tn Véom eupdvions v AEEewy oTo xeluevo Yo xdde AEEn
Tou Ae€lhoyiou mou eugavileton 6To xeluevo. Xuyxexpiuéva, diveton ueyalitepn Poobtnta
OTIC AEEEIC TWVY TEAEUTAUWY TPOTACEWY xoiS 0TNY gpyacia auTr Yewpelton 6Tl oL anddelg
expedlovton 6To Téhog Tou xewévou. ‘Etol, Cexwvovtag amd pla detind) T a Yyl Ty
TEOTN AEEN xouw xaToAfyoviag o plo Vet Ty a + g yio Ty Teheutala AEEN TOL XEWEVOU
xenowornotel Ty Véon (position) xdie hé&ne dhote va unoroyioel ta Bdpn Twv eVBIGUESWY
MEewv pe ypopuixd tepeuBold (a + g x P2 4oy 10 size anotekel to puéyedog Tou Xel-
uévou oe héZeic). T v unootein e unddeone ot o anddec exppdloviar 6To TENOG
TNE TEOTAOTS YeNoyloToteltar €var IATEO Yol TNV VoY VOPRLOY) TWV UTOXEWEVIXGDY TROTICE-
Vv %ot ToToVETNOY Toug Ye @ilvouca GelRd OoyETd Pe TNV uTtoxetuevixdtnta. To giktpo
autéd Tephopfdvel TNy exnaideuon evog naive Bayes classifier pe évo umoxewevind apyeio
EXTIUOELONC WOTE Vo avoryvwpllel o véa deBoPéval TIC UTOXEWEVIXES TpoTdoelc. Me tnv
T VoUNcT| Toug oe PHivouca GERd (E TEOG TNV UTOXEWEVIXOTNTO ETUTUY YAvEToL Behtiwon
e axplBelog amd v opyxr baseline yédodo.

Y1y epyooia [26] napovoidloviar GUYXEVTPWUEVA EPEUVITIXES EpYOO(ES TdVL oE TodL-
vounon tne moAxétnTog Stopdpwy €8GOV and xpltxée (reviews), 6mou umopel vo avotpéZet
xavelc Yl TeplocoTtepeC TANpogopiec. Emmiéov, mapouoidleton 1 uBplduxr tadivounon 1
omola oplleton wg 1 TaEvéuncT émou eqopudlovion Tagvountég o Evag YETd Tov GAlov. T
Tov oxomd autéd napouctdlovion pédodol Rule-Based ta&ivounone 6nwe, Rule-Based Classi-
fier (RBC), General Inquirer Based Classifier (GIBC), Statistics Based Classifier (SBC)
Induction Rule Based Classifier (IRBC) xou o akydprduoc unyavixic uddnone SVM ou

7 e 7 4 7. ¢ /4
omolol cuvdudlovton Yl TNV eiTeLEn PeYdhwy Tococs Ty Fl-measure ndvew ota dedopéva.
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Kegdhawo 2

‘Evvoleg xau mpooeyyloslg

TEORBANUATOG

Yy epyaocio auth Yehetdue Suo mpooeyyioell eayMYNG YAPAXTNELO TIXWY XEWEVOU
(feature extraction). To yopaxtneloTind xewwévou anoteholv Ty eicodo piog wnyovic yio
TNV EMOTEOPY) TOU GUVALCUAUATOS XEWEVOU, OTWS AVOADOUUE TOROXATL. XX0TOC pag efval
1N MEAETN xou GUYXELON TNG TEOCEYYLONG TWV N-gram Yedpwy P pio mo xAacixr| uédodo
e€ayWYNG YOEAXTNEIO XY Tou yenotuonolel bag of words avanapdotaon. Ol duo npocey-
yioewg napoucidlovian Ge EMOUEVES EVOTNTES, EVE TOROXATW Bivouue Toug Bactxols 6poug
TN UNYOVIXAC PEUNoNE TOL YENOWOTOLOLYTOL GTNY ERYCIA QUTH.

2.1 Mnyovixry Mdadnon

H Suobixacto tne unyovixic pdinone anotehetton amd éva ototyeio extéheorng (performance
element), to omolo anogacilet Tt evépyeteg Yo xdvel xan éva ototyeio pdinone (learning
element) mou tpontonolel To oToElD EXTENEONC MOTE Vo TodPVEL XOAUTEPES amogdoels [29]

(oyfuo 3.11).

[learning element]

[performance element]

Yoo 2.1 Mtovyeion unyovixic wdidinong

To otowyeio pdinone exmaudelel TIC CUVICTWOES TOL GTolyElou exTéAECTC xou 1) BladLxacio
ovopdletan exnoidevor. H exnaideuom emtuyydveton eneldy Sotideton avddpoor 6To oTotyel-
o udinong ue xdmoto teomo. O tOnog Tng avddpaong Teocdlopilel TNy Tepintwon udinone.
O topéoc tne unyavixrc wdinone draxpivel 3 mepimtwoelc udidnong: empAenduevn pdinon
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(supervised learning), un empAenduern pdonon (unsupervised learning) xau evioyvikn
pdinon (reinforcement learning).

2.1.1 EmBAenopevn Mddnon

H Sudixacio tne emPBrenouevne pdinong nepthoufdver tny pdinomn plog cuvdpetnong omod
nopadeiypota elo06dwy xou e£6dwv (input, output). To clivolo autdv ovoudleton chvolo
exnaidevong (training set). To ototyeio extéreonc eivon 1 ouvdptnon nou ovopdleton ou-
vidwe hypothesis xou cuuBohileton ye (h).

(input, output) H[leau‘ning algorithm]

new input *> predicted output

Yyfua 2.2: Awadixactio emPBAemouevng pdinong

2.1.1.1 Ta&wowunor (Classification)

‘Onwe eldope, otny emPBAendpevn pdinorn divouue otny unyovh éva aviixetyevo 1 ula
xatdotaon (input) xou Ty avouevéuevn é€odo mou Yéhoupe vo emotpagel (output). To
avTixelyevo 1 N xatdotaor teptypdpeton omd évo alvolo yapaxtneloxwy (features 1 at-
tributes). To oclOvolo yopaxTnEloTiXdY elvar éva Sidvuoua Tou ovoudletat ddvuoUa Yopo-
xtneloTixoy (feature vector) xaw amotedeiton cuvidwe and apripoic [4], dnwe gaivetar oo
oo 2.3. Ta yapaxtneiotixd €.0660u unopolv va maipvouy eite dloxpltéc elte cuveyelc
Téc. H é€odog umopet, eniong, va malpvet eite dlaxpitéc elte ouveyelc Tipée. H pdinon plog
ouvdptnone h ye dtoaxpitéc Tpée e€6dou ovoudleton pdinon talvéunone (classification).
Or draxprtéc Tipée e€6dou ovoudlovion KAdoe.

Exnoidsvuon wovtéhouv Mia eicodoc mapéyeton xatd Ty exnaideuon ye to Sidvuoua
yopoxtneto Tixwy Yall ue Ty xAdor otnv onola avixel. ‘Etot, €youpe éva emimhiéov yo-
EAXTNPELOTIXG 0TO DdvuoUa, TO YoeaxTneloTixd xAdone (class attribute) mou amotehel tnv
avapevopevn €€odo mou emuuolpe. To olvoho twv yapoxTelo Tixwy elcddou pall pe to
Yopoxtnelo Tixd xhdome o pio dedopévn elcodo ovopdleton training instance (evdeyduevo
exnaidevong). Ta mopdderypa, yvwpeilloviac 6t éva email avixer otny xatnyopio spam
UTOBEXVUOLNE oTOV ahydprduo udinong e elcodo To yopaxtnelo Tixd tou email xat ¢€060
TNV xAdom spam OTL TEENEL Vo HETOPBAAAEL TIC CUVOTWOoES TNE h, WoTe 1 €£000¢ Yo uia
Tapouola vy véa €lcodo va etvor 1) xAdoT) spam.

AZoNoymoY wovtéNou Metd tny exnoideuon 10 Yoviéro mpénel va eheyy el oe
véa Oedopéva ota omola Vo mpoPBAédel v €€066 Touc. To Sedopéva autd divovtar we
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€lc000 e TO BLAVUOUA YOEUXTNEICTIXMY YWEIC OUKS VAL YENOWOTOLETOL TO YoRUXTNRLOTIXG
xhdone. To obvolo auTd TWV YoEUXTNELOTIXWY ELGOBOU UE TO YAUPAXTNELOTIXG XAJOTC Yid
ulo Bedopévn eloodo ovoudletan test instance (evdeyduevo eréyyou). To chvorho Ghwv Twv
test instances ovoudCetan test set. H unyoavn emoyévme, dev yvwpllel tnv avouevouevn €odo
nou Jog emoTeégel pla poBhedmn tne xhdong yio TNV véa £lcodo uéow TN ‘exmoudeuuévne’
ouvdptnong h. To yopoxtneioTind xAdong yenotwomoleiton TAEoV yiot Vo ouyxpWel ue tnv
TpoBAenouevn €£000 Tou £dwaoe To povtéro. 'Etot, unopolue vo UTOAOYICOUUE UETOIXES YLol
T0 1660 %ohd TpoPAETEL TO povTého (evotnTa 2.1.1.3).

(input, class) = (z1, X2, ..., Xy, C) H[learning algorithm]

(new input, class)=> (i1, i2, ..., in, C) % predicted class

Yo 2.3: Avaduoctior Tavounong

2.1.1.2 TITaAwdpdurnor (Regression)

H péidnon plac ouvdptnong h pe ouveyeic tipéc e£680u (cuveyhic ouvdptnon) ovoudleton
ToAvdpounon (regression). Mtnv nepintwon auth 1 é€odog elvon évog mporyuatinds oprduog,
eved 1 Soduxasior udinone mopauéver B dnwe oto classification (Evétnra 2.1.1.1).

2.1.1.3 Metpxég aloAdYNONG LOVTEA®Y

AxpiBeia tagvounong Mio cuyvd yenotponololuevn ueteixh oftohdynong etvat n
oxpifela Tagvounone tou povtéhou (Accuracy). H axpiBeia vnohoyiletou o¢

number of correctly classified test instances

Accuracy =
y number of test intances

2.1.2 Mn EmpAendpevn Mdaddnon

H dwduacto tne un emBAenodpevne udinone nepthaufdver udidnon yio tpdtuno elcddou
(patterns) ywelc va mopéyovton Tiwéc e€66ou. Anhadh 610 cloTNUA TUEéy et WS EIGOB0C
xdmolor 6EB0oPEVAL YLaL ToL OTOLaL 1) UMy VT TEETEL VoL avary viploel xdmota dour|. o mopdderypa,
éva oTolyelo udinong uropel vo ovamtOet ‘avtiindn’ yio xelpeva mou agopolv To (Blo Véua.
‘Etot, 10 otoyelo pdinong 6ev yvopilel TANpo@opleg yior TNV 0WOTH EVERYELX TOU TRETEL VoL
ndver aAAd pardodvel vou ovary vopllel xdmotor xowd TedTuUTaL GTIC EL06B0US. TNV TERINTWOT)
auTh, 1 €€0doc Tou Yovtélou elvon piot xou Bev agopd xdle elcodo Leywpeiotd. H é€odog
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UTOREL VoL apopd OpadOTONGT TWV EL0OOWY GE clusters 1) UTOAOYIOUOS TNG TUVXVOTNTAS TWV
dedopévwy (density estimation) x.o. [10].

2.1.3 Evwoyuvtixry Madnon

H evioyutiny pdidnom ebvar n mo yevixr| neplntwon twy Telwy ot tepthoufBdvel Tig Tepl-
TTOOES 6Tou To GTolyelo udinong dev €yel TNV duvaTdTTa ancuieiog avddpaong Yol TNV
owo T xlvnomn nou énpene vo efye xdvel aANS 1) avadpaoT SiveTon TOEUTNEMVTAC av 1) XivnoT)
ToL 00Ny Noe 1 001NyYel oTo emuunTd anoTéAECUA.

2.1.4 EmBAienopevn Madnon yia Avédivon XuvaucIniuo-
Tog

Yy gpyoacio auth yenowonooue emBAenopevn udidnomn xoadog xatd Ty uddnor yen-
OLLOTIOLOVVTAL XELTIXES TAVLOY ¢ instances Yo Tic onoleg yvwpllouye TV xAdon otny onola
avixouyv. Kdide xhdon avunpoownedel pio todxdtnta 1§ cuvaicOnopa. Emopévwe, uton-
OEWVUOLUE GTNY UNYOVT TNV OmOQACT) TOU TEETEL VO THREL Yot TO XElUeEvo auTod, divovTag
¢ €l0odo TNV xAdom uall Ye Ta YoEOXTNELOTIXG TOU XEWEVOU. AUuTO €yel w¢ ATOTERE-
OUoL TNV EXTUOEVCT) TNG UNYOVAC VO TEOBAETEL TNV 6WO T xAdoT yio xdde xelyevo ue véa
yopaxtnelo txd. Etouévec, n avdhuon cuvonc¥fuatog anotehel €vo TpoBAnuo Taglvounomne.

2.2 N-grams

Kotd v napoucioon twv uedddwy e€aymYNC YopoxXTNELO TIXMY XEWEVOU YETNCLUOTOLE -
Ton 1 évvola Tou n-gram. To n-grams €youv cupela yprion oc miavotinég uedddoug Tng
eneepyaoiog puowic [20] yhwooog (Natural Language Processing), énwe etvon 1 8t6ptwon
opYoypapiac (spell correction), n avaryvidpion gwvic (speech recognition) A 1 avoryvdpion
YA®ooS, 1 unyovixr petdgpaon (machine translation) odld ot oe puedddoug avdxtnong
xou amo¥xeuone mtAnpogopiag (Information Storage and Retrieval), énwe n e€aywyr ne-
cidndme xewévou (text summarization) yio euxohior avalAtnone Thnpogopioc, n cuurieon
oedoUEveY %.d. Emmiéov, yenowonoobviol 6Tov Tougd Tng BLOTANROQORIXAG XAt TNV o-
VEXTNOT YEVETXMY 00UV (UE TOV GpO -grams) xou xotd TNy avory voplot eidouc omd
0 omolo €ywve eaywyr avayvoouatoc DNA (DNA read) (ue tov 6po k-mers).

2.2.1 Oploudg

‘Eva n-gram opiletan ané pio axoroudio n cuveyduevwy ctolyelwy to onola eEdyovTal o-
6 o oxohoudion yopax thewy. 3XTov Topéa TNS UTOAOYLOTIXAC YAwooohoyiag (computational
linguistics) 1o ototyeio eaywyhc (extraction unit) ynopel va etvan évog yopaxtrpas A uio
AEET, avaAoYO UE TNV Hop®Y) TNS aEY xS oxOAOLDING oL TOV OXOTO TNG EQUPUOYNC. LNV
nepintwon mou e€dyouue n yopaxtrpes, ovoudlovtor n-grams yopaxthewyv (character n-
grams) eve otny nepintwon mou e€dyouue n héZewg, ovopdlovton n-grams héZewv (word
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n-grams). Ta eEoryueva n-grams efvor emXOALTTOUEVY, OTWS Gaivetal oTa oy AuoTo 2.4 xou
2.5 6mou 10 n wolta Ye 3. H npodtn nepintwon avtiototyel oe e€aywyr| YopaxThipwy ywelc
vor umtdipyel duvatdtnTa e€aywyng AEEewy, eve 1 deltepn avTioTolyel oe eCaywyr| AéEewy,
OTOU UTEEYEL XOU 1) SUVATOTNTA ECUYWY TG YOLUXTHLMV.

abe
1st

nd
abcde — bed

\Td"

Yyfuo 2.4 E€orywyr 3-grams ond tnv axoloudia ‘abede’.

cde

151‘, This is a

This is a text

%

Yyfua 2.5: E€orywyr 3-grams and tnv axohouvdio ‘This is a text’.

is a text

2.3 H mpooéyyion twv n-gram yedpwy

H pédodoc tewv n-gram ypdgpwy dnuiovpyhunxe yio v o&lohdYNon LOVTEA®Y Tou €-
Edryouy avtduata mepiindn xewévou (text summarization) [7], [8]. H Sodixooia mepthop-
Bdvel apyixd tn dnuovpyio wlag tepidndng omd xelpeva evoc cuvohov. H neplhndn amodn-
xeVeToL 0TV Sour| Tou n-gram yedgpou. Katd tnv dnuiovpyio arodnxeboviar otov yedpo
YELTOVIXE N-grams YopoxTApwY and Ta Xelpeva Tou cuvorou. O ypdpog UELOVEL TNV TATEO-
poplal TWV AEY XDV XEWEVKY BLOTL amodnxelel Ula Gopd TNV exdoToTe oxohoutia Yapax THewy
oL euavileTon Pe ToV (B0 TPOTO Gt €val 1| TEPLOGOTERN XEIUEVA, OTWE Vol TUPOVCLUC TEL TNV
ouvéyela. 'Etot, o ypdgpog anotehel éva ‘UOVTERD XEWEVOU TIOU AVTITPOCWTEVEL TO oEYIXO
GUVOAO XEWEVWY, €YOVTAS ATOUNXEVCEL TO “XOWO YAURAXTNELOTIXG” TOU oUTH UTOREL VoL €y 0UV
(m.y. xown depatohoyia).
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2.3.1 Egoappoyn otnv Avdiuon YuvoucUruatog

H 8éa auth, epopudotnne ue emituyla oTny avdAucT cuvaloIfUaTog o8 TEPLEYOUEVO
Héowv xovwvixhc dixtiwone (social media) [2], [3]. Xtnv nepintwon auth, 10 povtého
XEWEVOU YENOUOTOLE(TOL Y10l VO AVOTIUPAUOTACEL £VOL GOVOAO XEWEVWY XPLTIXTG TOUVIWY TOU
€y 0Ly oo ‘cuvaicinua’ we xowd yopaxtnelotixd ({positive, negative, neutral} review).
H Snuovpyla twv poviéhwy elvon amopaltntn yior TNV e€aywyr| YAeUXTNELOTIXDY XEWEVOU
X0l AVOUAVETOL TOROXATE).

2.3.2 AvanopdoTtoor OVIEAOL UE EVAY N-gram Yedpo

[Mo Ty dnurovpyia TOL LOVTEAOU XEWEVOU, OEYIXA AVATUPLOTOUUE TO EXAOTOTE XEUEVO
XEITXAC TOL cuvohou Ue évav n-gram yedgo. H avanopdotoor evog xewwévou e évav
n-gram yedpo VYo TUpOUCLAGTEL UE EVOL TURUOELY L.

2.3.2.1 Avanopdotocy xXelhéEVOL (e EVAY n-gram YEAPo

‘Eotw 6T 10 xelyevo xpitinic anotekeiton and tnv axoloudio yopoxtheny ‘Great movie’.
Apyixd emiéyoupe TNV Ty Tou N va lvan 3 xou €EGYOUUE OAAL TOL ETUXUAUTITOUEVY 3-grams
YoeaxX THEWY amd To Xeluevo.

o ‘Great_movie’:

Gre
rea
eat
at_

t_m

mov

ovi

© o N o e W D

vie

[ xdde povodind n-gram (e8¢ 3-gram) dnuoupyolue €vav xoufo otov ypdpo. H
xeron yedpou €yel x0plo 6xomd TNV amo¥ixeLsT) TNG YELTVINOTNS TV N-grams, 1 onola eu-
TEPLEYEL TANPOPORIL YLl TNV CELRd ELPAVIONS TWV YoEoXTApWY 0To apyxd xetuevo. o to
oxomd ouTd emAEYOLUE Wio T Yo évar phxog mapodtipou (Dypn). To uhxoc mopadieou
amoTeAEl TO TARVOC TWV YEITOVIXMY OTO N-gram YopoxTARMY, YLol To N-grams TV oTolwy,
Yo ewpolpe yerrvioon ue autéd to n-gram. Anhadr, av évo n-gram Bploxeton p€oo 6To TEOo-
%Y 0pIoUEVO ToEdUEO TOU UTO UEAETT N-gram, TOTOVETOVUE oxUT| UETOEY TWV avToTOLY WY
xouPwv. Q¢ Bdpog axurc anodnxedouue to TARYoC eupavicewy tou (edyoug Twv n-grams
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uéoa oto mpoxadoplopévo mopddupo (cuvhdwe Bev Eemepvolv To éval pe uxpd Uxog ma-
cardpou). Av emhéEoupe Tapdiupo 3 yoEaxThEWY, TOTE 1) TEPLOYY 3 YOEAXTAPMY TELV X0
METE TO 3-gram ‘t_m’ yprnouwlonoteitar yiot TNV TOTOVETNOT YEITOVXGY xOuBwY 6Tov x0uo
tm, 6mwe gatveton oto oyfua 2.6. Iapatnpolue 611 oL yertovixol xoufol eivan tar 3-grams:
rea, eat, at_, _mo, mov, ovi. O tehxd¢ Ypdpog Tou xewévou alveton 6To oyfua 2.7.

Great_movie

Yo 2.6: TTopddupo 3 yoapoxthewy yia To 3-gram ‘t_m’.

Yyfuo 2.7: 3-gram ypdgog axohoudiog ‘Great_movie'.

2.3.2.2 Juyyw®VELOT YRAPWY YL dnunoveyic LovtEAou

O Ypdpog Tou LoVTENOL aEYIXOTOLELTAL UE TOV YEAPO TOU TRMTOU XEWEVOL Umd T0 GLYVO-
ho. Kde emduevog ypdpog xeyévou ouyywveDEToL e ToV Yedpo wovtéiou. [ tapdderyua,
€0t OTL apyxomoLelTaL PE Tov Ypdpo Tne axoloudiug ‘abede’ ue n = 3 xou Dayip = 2 (oo
2.8). Trnodétoupe 6Tt 0 endpevog Yedpos ue tov omoio Yo ouyywveutel nepthouBdver Ty
axohovdia ‘bede’, emouéviwg ot autdv epgaviletar oxur mou cuvdéel Toug xouPoug bed, cde
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(éotw pe Bdpoc 2.0). Katd tnv cuyydvevon tonodetolue atov ypdpo poviéhou to véo (e-
Oyn n-grams. LTNV TEPITTWOT Tou €YOUNE Vo TOTOVETHCOUUE o1 UTdEY0UCA oXUY| HETOED
0V0 AOUPWV TOL YEAPOL, TOTE ATAWSG AVAVEWVOUUE TO Bdpog TNg oxurc MOTE Vol amoTeAe
70 U€co 6p0 TV Buo Bopmy.

+ 2.0 -

Lyfuor 2.8: LuyydVeEUoT) T UTdEY0VCS oXUNG OTO YEAUPO.

Yy yevixy) meplntwon mou uio oxuy) epgoviletar oTov Yedpo povtélou xal o n — 1
Yedpoug xetwévwy, Teénel var Angdel unddm e Bdpog tov péoo dpo twv n Papcdv. Koatd tnv
N-00TH GUYYWOVEUGT), O YRAPOS €XEL NOT CUYYWVELCEL N — 2 YORES TNV UXUT UE ATOTEAEGUL
auTh va €xel €va Bdpog mou avtiotolyel oe Yéco Opo n — 1 mponyoluevwy aptiuwmy. To
Bdpoc tne axunc TEETEL Vo avavewlel XatdAAN o OoTE Vo amoTtehel T0 PEGO PO OAWY TWV N
ooy, Emedr) o ahydprduog dev anotnxedet o tponyolueva Bden yio va utohoyilel xdde
(popd T0 VEO YEGO 6p0, ahhd Aowfdver Ta Bl OTIC UTO GUYYWVELTT) axUES, YVvwpellovtag To
mAfdog Toug (n), UTopOUUE Vo TOV UTONOYICOUUE UE TNV TOPAXATL TUpdGTION.

1
new_average = old_average + — x (new_weight — old_average)

(n)
H mapdotacn amodetnvietar ebxoha 0Tt 6ivel ToV U€GO 6po N GTOLYElWY oy VEGOUUE

W1+ Wy + ...+ V1
old_average =

n—1

Auté umopel va yivel xatavonTté av Jewpricouue OTL GTOV TEOXUTITOV YRA(PO TOU CYHUATOS
2.8 eugavileton yio debtepn @opd 1 oxun {bed, cde} xatd v cuyydvevon (oyfua 2.9).
Y1y mepintwon auth, €youue va AdBouue urogn teia Bder yia o VEo péco 6po, yvmpilovtog
70 Véo Bdpoc (3.0) xou tov mokd Yéco bpo (1.5).

Emopévee, yia 1o 6bvolo xeyévey mou yvwplloupe 6Tl €youv Yetind cuvalcinuo on-
woupyolue évol UoVTELD XElévou Tou ovoudlouye Yedpo VetxAc molxotntoc (positive
graph), xou avtioTolyo Yot T0 GUVORO XEWEVWY PE apYNTIXG cuvalcOTua, EVay YPAPO apVT-
e mohxotntac (negative graph). O ypdgot autol, YpnolomolodvToL oTY CUVEYEL YLoL
eZ0Y WYY YUEAXTNRIC TIXWDY Yol TNV WY ovVIXT| uddnon.
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Lyfuo 2.9: Xuyydveuor foT undpyoucag oxung yia OEUTERT QoEd.

2.3.3 Elaywy?h yapoxtneictixodv (features) pe yprion
TWV YEAPWYV

Yy epyoaoio auth Yo emixevipwdolye oe binary (Suixh) tadvéunon (8Vo xhdoewc) xo-
¢ v onola ta€vopolue xde evdeyduevo xatdotaong (instance) wg ohndéc (1) # Peudéc
(0). Xtnv nepintwon pag, xdde instance ovunpoomnevel Ue x4molo TEOTO €val XElPEVO XpL-
TXAC, OLOPORETIXG OO TOL XEUEVO TOU YENCLLOTORINXAY XoTd TNV ONUtoveYlol TwV YedpmY
rohxétnrac. H todwvounot tou agopd v xhdon detinic molxdtnroag (odndéc A 1) ¥ v
xhdom opvnTixc tohxotntoc (Peudéc 1 0).

Kdéie xelyevo avtimpoownedetar and évo abvoro yopaxtneiotixody (features) to omofo
anotelel éva instance mpog Tavounorn. To chvoro autd e€dyetan and to xelyevo xan emrdu-
HOUUE Vo ElVOIL AV TITROCWTEVTLXO YLt TNV TOAXOTNTA Tou. T'tat To oxond autd yenoiuonotolue
o povTéra.  Apywd yia xdde xAdoTm - TOMXOTNTA ONULOUEYOUUE €Val YRAPO TOAXOTNTOC,
OTWE TUPOUCLICTNXE. 1TV CUVEYELN ONULOURYOUNE TOV N-gram Yedpo Tou xdUe XEWWEVoU
Tou anoTeAel evdeyouevo Tpog Tagvounon. O ypedgog Tou xeWévou cuyxpiveTtol Ye xdie
YE4(PO TOAXOTNTAS, WOTE Vo EEAYOUNE XATOLES TES OUOLOTNTAS UE TOV Xotdévoar amd auTolg.
Emouévee, ol Tipég autég Umopoly Vo anoTEAEGOUY XATIANNAAL YOQUXTNELO T TOU XEWWEVOU
Y10 TOV CUUTIEPUOUO TN TOMXOTNTAC TOU PECA OO [lol Unyovi.

Kotd tnv draduacta obyxelong yenotuomolinxay oL 0eiXTeC OPOLOTNTAUS TOU AVUPEQOV-
oL YLl TNV oUYXELoT YEdpny xatd Ty allohdynon tepthfbeny [8]. Autéc elvow:

e Coocurrence 1 Containment Similarity (CS): elvon yior mporyporties) Ty yior tnv o-
HOLOTNTA BUO YRAPOY Xt BNAMYVEL TO TOCOGTO TV OXUWY TOU WXPOTEROU YEAPOU
ToL eUPAVI{OVTaL XL OTOV UEYOAUTERO YRdPo ywelg vo hauBdvouue untddm to Bdpog
TV oxpev. Muxpdtepog yedpog Yewpeiton autodg oL €xel Ayotepes oxpés. Anhad,
YioL TOV UTOAOYLOUO TN TWNG, EAEYYOLUE Yia xdie axun mou cuvdéel duo xououg
OTOV UXPOTERO YPAPO, AV UTGOYEL aXUT] TOU GUVOEEL TOUS (Bloug xOUPoug xaL GTov
ueyahitepo ypdpo. Enopévoc, auth n tun Beloxetou petall 0 xou 1 (Snhdvovtag to
avtiototyo 10600T6). Troloyileton and TV mopoxdTew TOPACTION.
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# edges of the smallest graph cooccuring in the biggest graph

# edges of the smallest graph
Size Similarity (SS): efvon pa Tporyartixe| T oL SNAGVEL TNV avohoyia TV ueEYEDHY
TV 0V Yedpwy xat malpvel Teg uetagd 0 xan 1. YTrmohoyileton and Ty mopoxdte

puecielelogdolonh

# edges of the smallest graph

# edges of the biggest graph

Value Similarity (VS): yenowomnoteiton yia vor dnAdoet tov aptdyd twy axyody Tou
UxeOTEPOL YRdpoL oL eugaviCovton xal oTov YeyohlTepo Aopfdvovitag uddn xou
Ta Bdpn TV oxumy Toug. Enouévee, av plo axur undoyel xol 6Toug B0 YEAPOUS UE
OLapopeTid Bdpog TOTE hofBdveTon To UixpdTeRo Bdpog amd Ta VO BLOTL TO PXEOTERO
Bdpog avtiototyel o TAflog eugdvicewy Tou {ebyoug TwV n-grams oL anoYNXELTNXE
xon otouc duo. H mopdotaon diveton mopoxdto pe to wl va avtioTotyel oto Bépoc e
XU TOL EVOS YRAPOU XAl TO wl oto Bdpog tne Blag oxurc Tou BEUTEROL YEAPOU.
H 1y e opordtnrag xupaiveton petadt 0 xon 1.

Z min(wé,wj_)

mazx(wk,wl)

# edges of the biggest graph

Normalized Value Similarity (NVS): anotehel pio onuovtix| tiun n onoio anocuvdéet
7o Value Similarity ané o péyedoc twv yedpwy. I'a to oxond autd dlarpolue To
VS pe 10 SS. Ov ée tou xupatvovton enlong petagd 0 xou 1.

vs
SS

S

J

Z min(w? wl)
maz(wk,wl)

# edges of the smallest graph

Y10 oynfua 2.10 mopoucidloupe Ty SLodixacia oy wyAS YORUXTNELO TIXDY XEWEVOU

xprtnc. Topatnpolue 6TL To yapaxTnelo Tind yio xdde evOeyOUevo elval TEEIC TYES OUOL-
OTNTAG UE TOV XAE YRdPo TOMXOTNTAG-HALONG. LTNY TEPITTOON Mg, EYOUNE TEELG TWES Yo
TNV OUOLOTNTA UE TOV YRAPO VETIXNG TOMXOTNTAS XOU TEELS TYWES YIdl TNV OUOLOTNTO UE TOV
Yedypo apvnTixAc TohxdTnTog, cuvohxd 6 Twée oto ddotnua {0, 1} n xadepio. Mali pe
v T C e xhdong tou xewévou (0 A 1) dnuoupyolue yio xdde evieyGUEVO TOL GUVOAOU
EXTIUOELONC, EVaL BLEVUCUO 7 TV UE TIC OTOLEC EXTTUDEVOLUE TNV UNYavY) VoL TEOPBAETEL TNV
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owo T ¥Adom evog VEou evdeyouévou. Avtiotolya evepyolue xon Yl xdde EVOEYOUEVO TOU
ouvorou ehéyyou. Autd to meoBinuo ovopdleton Binary Polarity Problem. ¥Xtnv yevuxr
TEPIMTWON ToL cuUTEPLAUPBAVOUNE XAdoT ouBETeENC ToAXOTNTOE, UTohoyilouue TG -
TAEOV TWESG OUOLOTNTOG HE TOUC AVTIOTOLYO YRA(PO OUOBETERNC TOMXOTNTAS XU TO TEOBANUA
ovopdletar General Polarity Problem.

positive model graph review graph negative model graph

2

prior class
| | e

feature vector: {CSuess VSpos; NV Sposs CSnegs VSnegy NV Speg, C}

Yyfuor 2.10: Xdyxpion Yedgou pe Tor LOVTEAA YLl EEAYWYY| YURUXTNRLOTIXMY.

2.4 H mpooéyyion tng peddsou bag of words

Yy epyaocio autr yenotwonooue v pédodo bag of words yio vo xatatdoupe Ty
enidoon tne pedddou twv n-grams. H yédodoc yenowonolel to n-grams Ue ctolyeio e€oryw-
e plo Aé&n (extraction unit). Enouévwe, npdxetton yiot n-grams héZewv (word n-grams)
ue n = 1. H yédodog bag of words eivon mohd amh| xou netuynuévn ot yenon. I't autd yn-
owornoteitoan ouyvd oe pedodoug g Enelepyacioc Puowrc I'hdocog, 6w gihtpdploua o-
vemiUunTeY unvuudtwy (spam filtering), dpopoldynon nhextpovixol tayudpoueiou (e-mail
routing) (lowe mopamouny), avaryvoelon YAMCoog, xotnyoplotoinon xeywévou (document
classification), avéluon cuvac9AuaTog ..

2.4.1 Oplouog

O 6poc bag of words yenowwomoteiton yior va opicel éva oOvoho AéCewv OmoU aUTEC
amodnxebovTaL oy VomvToS TuYOV oelpd eppdviorc Toug xau yeapuatixd [19], [20]. Ou Aégeic
TOU GUVOAOU TPOEPYOVTAL ATO €VaL YO XELUEVO xou To GUVOAO YEMOoUOoTOoLElTaL Yol VoL
OVOTOEACTACEL TO XELUEVO OLAITERA OTIC TEPLTTWOELS EQUOUOYMY TOU OEV E(VOL GMUAVTIXT
oToldNTOTE TANEOQOoplo TNG BOUNS TOU XEWEVOU.
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2.4.2 AvanogdoTtoor XELUEVOU

Mo tnv bag of words avanapdo taon evog xeyévou yenowdomnoteltan éva didvuopa (vector).
Kdde 9¢omn tou Swaviopatog avtiototyel oe pio AMEN evoc Ae€ihoyiov (vocabulary set) mou
€youue Onuovpyhoel. H tur mou amodnxedeton oe xde Y€on tou Saviopatog anotehel
™Y ouyvoeTNTa ELPavions Te AéEng authc oto xelpevo (term frequency) ¥ amhode Ty €v-
deln epgpdvione tne (presence). H ouyvotnta eugdvione avtioTtolyel oe €vay axépato mou
ONAwveL To TARTOC TV POPWY TIOL TNV CUVIVTACOUE OTO XEWUEVO, EVEK 1 EVOEIET EUPAVIONG
elvow pla binary yetoBAnt mou dniwver ahndéc otav 1 AEEn eugpovileton oto xelyevo, xau
(eudéc avtriétng.

2.4.2.1 TIlapddesiypa

'‘Eotw 61t 10 Ae€ihdylo anotelelton amd Tic el Tou oyfuotog 2.11 xan Yewpeiton enop-
XEC YL VOL TNV OVOTIOREC TUGT| XEWEVWY XATOLUG EQUOUOYHC. 2TO OY AU AUTO TaEoUGIAlOUUE
Vv bag of words avarapdoTact tou xewévou e axoroudia: ‘I thought this was a quiet
good movie. It was fun to watch it.”, eve) oto oyrfua 2.12, BAémouye TNV avamdpacTao
Tou xewévou ‘Great movie.” pe yeron autol Tou Aeihoyiou. Ilapatneodue xau Tic Suo
TEPIMTMOOELS AVIATUEAC TACTG, ONAXDTH CUYVOTNTA EUPAVIOTS Xak EVOEIET) ERPAVIONG AECEWY.

Vocabulary set Term frequency Presense
0 [ 0 2 0 1
1 thought 1 1 1 1
2 this 2 1 2 1
3 was 3 2 3 1
4 a 4 1 4 1
5 quiet 5) 1 5) 1
6 good 6 1 6 1
7 movie. 7 2 7 1
8 It 8 1 8 1
9 fun 9 1 9 1
10 to 10 1 10 1
11 watch 11 1 11 1
12 it. 12 1 12 1
13 Great 13 0 13 0

Yyfuo 2.11: Bag of words avanapdotaon xewévou ‘I thought this was a quiet
good movie. It was fun to watch it.’
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Term frequency Presense

0 0 0 0
1 0 1 0
2 0 2 0
3 0 3 0
4 0 4 0
) 0 5 0
6 0 6 0
7 1 7 1
8 0 8 0
9 0 9 0
10 0 10 0
11 0 11 0
12 0 12 0
13 1 13 1

Yyfuo 2.12: Bag of words avanapdotacn xewévou ‘Great movie.’

2.4.3 ESaywyn YoeaxInelo Tix®y UE XeNor Tne KEUod0ou
Bag of words

Yy evotnta auty| Toeousldloupe TNy yenor Tne avanopdotaons bag of words yia tnv
eCaywyr Twyv features mou divovton wg lcodo otov alyoprduo unyavixrg wdinong. o plo
ELOAYWYY| OTOUC POV TNG UNYoVIXAC Hddnong mou yernoionoolvto BAéne evotnta 2.1.1.

Ko otnv yédodo auty| emtdugolue vou yenotLOTOL0NCOUUE EVOL GUVOAO YoQOXTNRLOTIXMY
T0 0OTO{0 VO EIVOL AVTITPOCWTELTIXG YIAL TNV TOMXOTNTA XAVE XEWEVOU TOU ATOTEAEL Evat
evdeyduevo (instance) mpog exnaidevon 1 xatnyoplonoinon. H pédodoc auth yenowonotel
0OC BLEAVUOUA YoEUXTNELOTIXWY TO Btdvucuo Tov AEewv tng nmpocéyyione bag of words.
H avanopdotoon xdde xeWEVOU EMTUYYAVETOL UE CUYVOTNTES EUPAVIONG TWV AEEEWY EVOC
Ae&hoylou 1) ue EVOEIEN EUPAVIONG TOUC, TO OTIOLO TOPOUGIAGTNXE GTNY TEOTYOUUEVT EVOTNTO.

Apywd dnuiovpyolue 0 AeEAOYIO YENOWOTOWOVTAS TIC AEEELS TWV XEWEVKLY TOU CGU-
vohou exraidevong tng unyavic. H onuovpylo tou yivetar edxola ye tny duvatdTnta oL
rpoopépet 1 Piphodfxn Wekal otny onola {nrefton éva dve bplo MéEewv mou Yo amodnxeu-
TOUY OE QUTO. MTNV CGUVEYELW, Yo xdUe xeluevo Tou GUVOROU eXTAUBELOTC 1) TOU GUVOAOU
EAEYYOL BNULOUEYOUNE TO BLAVUCU AEEEWY. XTO BLAVUCUN QUTO, TEOCTIVETOL (C YAUPAUXTN-
ELOTIXO HAAONC 1) EX TV TEOTEPWY TOAXOTNTA ToL Xewévou (0 7 1), tou éyouue avadéoet
yepoxivita oe autd. To Sidvuoua auTd anoTtehel TO BLEAVUCUA YUPUXTNPLO TIXWY TOL BlveTal
0¢ eloodo atov ahyodprduo udidnone. XNy TepINTwon EXTAUBEUCTNE TOU, TO YUPUXTNEIC Ti-

thttp:/ /www.cs.waikato.ac.nz/~ml/weka/
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%6 ®NAONG YENOWOTOLETOL Yiar TNV EXTABEVCT) TNG UNYAVAC, EVEL OTNV TEp(mTwoT eAEY 0oL
Yenowonolelton Yot TNV alloAdyNnon TNne axplBelag Tavounong Twy XEWEVWLY.

2.5 Movrera Ta&vounTtoy

To 1o xhaowd poviého yio talvéunon xewwévey (document classification) ([16], [18])
elvor To povtého naive Bayes mou mopouctdletan Topoxdte Xol 0TO OTO0l0 ETMXEVTPWVOUAGTE
oTny epyaocio auT.

2.5.1 Anloix6 povtého Bayes (naive Bayes model)

O 6poc naive Bayes ypnowonoteitor yior var dnAdoel povtéha ahyopldumy unyovixhc
udinong mou yenoLwoTolly Tov xavova Tou Bayes xoatd tny avdeon xAdong o€ €vor eVOe-
YOUEVO x0TdoTaone 10 omolo avamaptotdtal and Eva didvuoua yopaxTneloTixdy (features).
Emuniéov, n Aé&n naive ypenowonoteiton yior vor GNA®MCEL T0 GOVORO AUTKV, GTOUC OTO-
foug xdvoupe pla agerrc urodeon aveloptnolog yio TI¢ UETOPANTES TWV YOPOXTNELO TV
(features) tou evdeyouévou. Emneidr) oto povtéla autd 1 xhdor, mou amotehel v é€odo -
ATOPACT) TOU HOVTENOU, TolpVEL SLoxpLTéc TWES opllovTag €va TETEPUOUEVO GUVORO, TOL LOV-
téha naive Bayes omoteholv povtéha todvounone (classifiers). IHopaxdte mopouvoidlouyue
Tov xavova Tou Bayes xan tny ‘agern’” utddeon, Snhadh Ta yapaxtnelo ixd evog naive Bayes
classifier.

2.5.1.1 Kavéovac tou Bayes (Bayes’ rule)

"Exovtog duo tuyaieg yetoBAntéc X1, Xo mou avTimpoowrebouy 8uo TUAUNTA EVOS XOGUOU,
o xavovag tou Bayes opllet tnv miavotnto va cuuPel X = a, 6edouévou oTL €yel cuufel
X2 = b, dnhadh ty vrd cuvdixn mdavétnTa Pla | b) oc,

P(b| a)P(a)

Pla|b) = Lw)

O xavovoe mpoxdNTEL EUXOAA AV GXEPTOUUE OTL O XAVOVUS YIVOUEVOU TWY BUO YEYOVOTWY
elvon avTiueTardeTINdS:

P(a Ab) =P(bna)

nou

P(a nb) = P(a | b)P(b)

P(b A a) = P(b | a)P(a)
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2.5.1.2 Movtéla Bayes

Yo povtéda Bayes, yia va anogacicouye nota xhdon Yo avodécouye oe éva evoeyduevo
urnoloyiloupe amhog v miavétnTo xdde xhdone (xatnyoplac) e Bdon to dedouéva, yen-
OLIOTIOLOVTOG ToV xavova Bayes. Yuyxexpuyéva, utohoyllouvue tny unto cuvirxnm mdavotnto
vo avateVel pla xAdom oe €val EVOEYOUEVO, BEBOUEVOL TWV TYWMY TWV YoRUXTNRLO TIXMY TOU
evdeyouEvou,

P(c| 1, z2, ... xy)

omou ¢ anoteel TNV xhdon xan eivon plar Sttty Ty and To menepacuévo cuvoro C Twv
BuVOTOY XAdoewy, X {T1, T2, ..., Tp} €bvor TO Bdvuoud TV YopaxTEOTIXGY X. H
mdavotnTo autr utohoyileTton and Tov xavova tou Bayes wg:

P(C) P(mlv L2, ..., Tp | C)
P(xy, x9, ..., xy)

Plc| x1, z2, ..., xp) =

Anhad) €youye Vo UTOAOYICOUUE Yo XA¥E CUVOLAOUO TUIMY TOV YUPUXTNRIGTIXDY, TNV
ouvduaopévn mdavotnta P(x, T2, ..., &y | ¢). Autdc o utoloylopde elvon adivatog oy
TOL Y oEaX TNELOTIXG Talpvouy cuveyeic Tuée fi/xou dtav To TAHBoC Toug n elvon peydho. T to
oxomd auUTO, To HovTéRa naive Bayes xdvouv pia toyuer| undieon yia Tic Tuyoleg HeTOBANTES
TWV YOQUXTNPIOTIXWY TOU ATAOTIOLEL TOV UTOAOYIGHO, OAAd EYEL WG ATOTEAECUO VO UNV
AVTITPOCWTEVEL TEOBAAUAT TOU TEAYUATIX0) XOoUoU xou vor Vewpelton agehrc. Ilopdia
QUTA, TOEUUEVOLY YRTIYORO X0 AVTOYWVIOTIXG HOVTENA xou €yl pehetnlel 1 Behtiotdtntd
Toug [6], [9], [30].

2.5.1.3 7Ynoédeor naive Bayes

Mo tov unohoyloud g ouvduaouévne miavétntoe Pz, 2, ..., Tn | €), Ta yoviéla
naive Bayes unotétouv étu xdie yopoxtnpiouxd (feature), we tuyolo petaBhnty, elvor o-
veZdoTNTo and OTOLOBNTOTE GANO YoRUXTNELOTIXG Bedouévng Tne xhdong. H unddeon autr
Yo TNV ave€apTnola TWV YORUXTNEIC TIXOY 0BNYEL GTNY ToEaxdTw ATAOUCTEUCT] TOU UTO-
hoyiopol tng uno cuviixng miavotnTag xdde yapaxTNEIc T T; Tou TEpLhoBdveL TO
uovtélo,

P(x; | e, x1, T2, ... Ti1, Tit1, --., Tp) =Plx; | c) Vi e{l, ..., n}
Emouévoc,
P(c) P(x1, x9, , Tn | €)
P = =
(el o e o) = )
P(c) P(z1 | c) Plza | c, x P(xy, | ¢, 21, x2, , Ty
Plelon 2 ) = PO PO D P16 21 e Ploa 6 1o 3
) ) bl n



P(c |z, 2, ..., xn):P(C) P(zy | c) P(za | c) ... Plan|c) _

P(xly -/I:Q, ceey xn)

P(c n Pl | e
P(c| z1, @2, ..., o) = P((lenxzz_l ( le ))
) IEEEEE) n

Ano v tekeutalo e€iowon mapatneolue 6Tl tatpvouue TNV Lo cuvdrxn TavOTHTA XdE
x\done P(c | z1, x2, ..., zp), f 0l TV ex TV LvoTépny miavotnta (a posteriori)
%A HAIONC Y ENOULOTOLWOVTAS

o NV ywpelc cuvIAxm H ex TV TpoTépwy mavéTnTa Tng xhdone (a priori), P(c)
o v mdoavopdvela twv dedopévev (x), dedouévne tne xhdong (likelihood), [ 7, P(w; |
o v miavdTnTa eupdvions twv dedopévov (evidence), Pz, z2, ..., Ty)

ONAaOY,
prior x likelithood

posterior = -
evidence

Ye xde evdeyouevo pag evOlapEpel va avard€COUNE TNV XAAOT UE TNV UEYOADTERT EX TGV
voTtépwy (a posteriori) mbavotnra. Enedr] yio éva cuyxexpuuévo evdeyouevo e Sidvuoua
{z1, 22, ..., zp} nmiavOTTA EUPAVIONS TV dedouévwy (evidence) eivar otoeph TocdTn-
T, UTOPOUUE VoL Ay VOY|GOUUE TOV TUPOVOUIGC TH XUTA TOV UTOTAOYIGHO TV €X TV UCTERWY
TAVOTATOY TV xAdoewY. Avadétouue T0Te TNV €000, TNV XAAOT UE TNV PEYLO TN EX TOV
voTépwy Tdavogdvela (Maximum a posteriori likelihood § MAP),

= argmax P(c P(x; | ¢
y = argm ()ﬂ (@i | c)

‘Etot, €youye va unoloyioouvpe tic mdavéotntes Pz | ¢), to mAfdoc twv omoiwv eivon
YOUUUIXO ¢ TTeOg T0 TANJOC TV YURUXTNELOTIXWY 7, ol TIC EX TV TEOTERKY THIAVOTNTES
P(c).

Ou ex twv mpotépnv mbavotntee P(c) éyouv xabdoplotel xatd Ty exnaldeuon tou Yov-
éhou. LuvAdng elvol T0 TOGOGTO TWV EVOEYOUEVKY TOU GUVOAOU exTtaldeucng Tou Peloxov-
TaL 0TV xAdoT ¢, dnAady,

number of training instances in class c

P(c) =

total number of training instances

Emmiéov, yia tov utohoytoud tov uto cuviixn mdavotitwy P(x; | ¢) mpénet v yvopllou-
UE TNV xaTovouy| Twv TovoTHTWY TV o; 0e00uévne g xAdong c. T'a to oxomd autd
xdvouye plor utddeon Yoo TNV xoTovouy) aUTH XoTd TNV exTaldeuar), émou xon xotopilov-
Tan oL mopdueTeol TNg Ue Bdor o dedouéva Tou cuvolou exmaidevonc. H undleorn yio Ty
XOTOVOUY) TWV YopaxTNELo XY omoxoleiton event model (povtélo yeyovétwmv) tou naive
Bayes. Xtnv cuvEyela YeNOWOTOLOUUE TNV XATAVOWUY| YIoL TOV UTOAOYIOUO TWV AVTICTOLY WV
mdavothTwY xotd Tov Eheyyo (testing).
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2.5.1.4 Guassian naive Bayes

Av ta yopaxtnetoind twv evieyopévey (instances) naipvouv cuveyeic Tiuég utodétouue
xovovix) xatavopn (Gaussian) yia tic mdovotnTes Twy z; Sedouévng e xAdonge ¢, P(z; | ¢).
Yy mepintwon auth, 1o povtého ovopdletar Gaussian naive Bayes classifier. Enelon n
HAVOVIXT| XATAVOUT| YENOWOTOLE(TOL OTNV YEVIXY| TIERITTWOT), TO HOVTEAO OvoudleTon xou naive
Bayes classifier.

Kotd tnv exmaldeuorn axoloudolue tny mopoxdte Swdixacio yia To instances xdie
xhdone [13]. Apyind emhéyoupe yio Tnv xAdomn ¢ to avtio totya instances mou €youv TaEvo-
undel yewpoxivita oe auTAV. XNV CUVEYELY, aTtd TO GUVOAO AUTO, Yo XdiE YapPaXTNELO TIXG
LTOAOYILOUPE TOV €GO HPO TWY TYEV TOU, fi XL TNV BLUoTOPd 02 Xoi pe auTd xodopilou-
UE TNV XOUVOVIXT] XUTAVOUT| TOU YoRoXTNEIOTIX0L Yiar TNV xAdom c. Tehwd, €youue yio xde
YOUEAXTNELOTIXO ou Yiar xdde xAdom plo xovovixy| xatovouy) mou xadopllel TNV xatavour
TOU YoeaxXTNELo T Yo TNV xAdom outy|. H mavopdveia emouévng, Twy YapaxTnelo Tixomy
xatd tov éheyyo (testing) uroloyiletor and tov timo,

1 exp | — (xz - Uc)2
2mo? 202

c

Pxi|e) =

2.5.1.5 Multinomial naive Bayes

H moAvovuuin| xotavour| Yenoylonoteltal 6Ty To YopoxTNEIo TIXE oVITOpLo TOUY GU-
yvomee {x1, z2, ..., xp} yeyovotwyv {1, 2, ..., n}, dnhadr Swxprtéc Tée, dTou ol
oLYYVOTNTES QWTES €YOLV TWIUVOTNTES VoL EUPOVIGTOOV {Dey, Deys -5 Pen} OTNY XAAOT C.
Ernopévoe, éyoupe éva mohuwvopgo mdovothtwy {p1, p2, ..., pp} Yo xdde xAdon, mou
OVTLTPOCWTEVEL TNV EUPAVION TwV Yeyovotwy {1, 2, ..., n} oc authv v xhdorn e ou-
yvomree {z1, x2, ..., zp}. O tadvountic ovoudletar Multinomial naive Bayes classifier
xa OnuLoueYHiNXe Yot TNV ToVOUNGOT XEWEVKY XUTA TNV OTolol €Y0UUE CUYVOTNTESC AEEEWV
0¢ yapoxtneloxd. [napomounh] (BAéne 2.4.3). To P(x | ¢) vrnohoyiletou thpa wq:

OTOU TOL TUPAYOVTIXE. AV TLTPOCWTEVOLY BLUPORETIXES DLATAEELS TwV AEEEWY Xau Elvot oTodEpES
otov utohoylopud xdde xhdone. Enouévnc, pag evdlagépouv to P(x; | ¢) mou unohoyilovton
amo TO GUVOAO EXTIAUBELONC W 1) LY VOTNTA EUPAVIONS T TOU YEYOVOTOS & GTNY XAdOT ¢,

P(z; | ¢) = L, where class(z;) =c¢

n
Dl i
Ao Tic Buo oyEoelg TopaTNEOLUE OTL oy Wiar AEET Bev UTdpyEL oTo training set 7 ov Tuyydvel

va uny eggaviletan (z; = 0) oto instances e xAdong ¢, tote, undevilel Ty teA mio-
votnra Pe | z1, x2, ..., xn) vo avadécoupe TNV xAdon autr oTo instance mou mepLéyEL
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auTAY TNV AEEN xatd Tov Eheyyo. [o Ty avTetdmon autod Tou TEolAuTog TpocTideton
ulor Ty oe Oheg Tic mbavotnTeg ote vor unyv undevileton xapta. ‘Otay 1 Tiwn wwodton pe 1
1 Sadcacio ovoudleton Laplace smoothing xau €youye:

ne, + 1

Plecle) = gm0

2.5.2 Aévtpo Anogdoeswv (Decision Tree)

‘Eva 8évtpo anogdoewy anotehel €vav alyoprduo pdinone mou anogacilel Yo To ano-
Téheopa g €€600ou éow ulag axohoudiog eAEyywy oe wopy| bévtpou. Kdie xouPog etvan
évac ENeY Y0 Tdvw oty TN evog yopaxtnetotixol (feature), eved ol andyovol Tou x6uBou
elvon 6001 xou oL duvatég TWES Tou eAéyyou. To @UANA Tou BEvTpou mEpLhaUdvouy TNV
Tn (6t éyoupe regression) ¥ xhdon (dtav €youpe classification) mou Vo emotpogpel Gtav
@pTdcoupe oe éva amd autd xadog eneéepydlovtog Tic THéS Twy features xdmolag €lo6B0L
ue to Bévipo. Enouévng, xdde éleyyog €xel oTtdY0 var dloywpeioel To GUVOAO TNE TANROQPO-
plag TV YoeaxTNEIC TIXOY 0 UTOCUVOA, xadéva and To onola Peloxeton Mo xovid oe plo
amdpaon yio Ty €€odo [19], [29].

2.5.2.1 Anuovpyio 8€vipou

H dnutlovpyio tou 8évtpou yiveton xatd tnyv exnaidevon. Apyixd totodetolye Evay xoufo
- piCa, o omolog mepiéyet Oha o instances. H emdoyn tou yopaxtnelotixol, ue Bdorn Tic
Téc tou onolou Ya Soupedel o xdpPoc, yivetar pe tétolo TEOTO KOoTE va eAayloTonowndel
70 Bddog Tou TEAMX0D BEvTEou. Emouévie, emAEyouUE Eval yopoxTneloTixd 1o omolo Slonpet
Ta instances oe 660 T0 SuvaTOV Eexdiupa WS TEOC TNV XAdom Vol dNAAdT TEOYwWEd 6O
yiveTton TeplocdTERO oTNV Taglvounon Twv instances.

2.5.2.2 Emloyn yopaxtnelotixoL

Mot vou BLImIe TOGOUKE TOL0 Y oEAXTNRLOTIXG 0ONYEL TO YR YOREa GTNY TAEVOUNOT YEEL-
Copocte €vo xatdAANAO UETEO oL Vo EQapuocoLUE oTa yopoxTnelo Tixd. H tuy) tou yétpou
TEETEL VoL UTOONAMVEL Yiot XAOE YOQoXTNEIOTIXG oV UETE TNV EMLAOYT| TOU, EAAyLOTOTOL U
xe 1 TAnpogopla mou TEénel var Tagvouriooude. ot To oxomd auTd oxePTOPACTE OTL Xdle
YOEAXTNELO TIXO TOREYEL Uidt TOCOTNTA TANEOQPORIOC - UE TIC TYWES TOU TOfPVEL - Ylol TO ToLo
xhdon Yo emieyel. Enopévwe, unohoyilouue tnv evipornia mhnpogoplac mou mapéyel xdie
YOEaXTNELWo TIXO Yot TNV xAdoT. H elayiotonoinon tng minpogoploc etd Ty emAoYY| evOg
Yopoxtneto Tixol ehéyyetar adpoilovtag TV T TG evipotniag TAnpogopiag Twv UTOAOL-
WY Yoo TNEIo XY Yioe TNV xhdor. H tr tou adpoloyotog anotekel plo évoelln yia tnv
TANEOQOELa TTOL OMOUEVEL YOl TO UTOAOITO BEVTPO XUl ETUAEYOUUE TO YOQRUXTNEICTIXG TOU
TEOCQEREL TN UXPOTERT) TN Yot ALTO TO GUpOoLouaL.

Evodhoxtind, unopolue vo apatpécoude 1o dipoloua eVIPOTIOS TV UTONOLTWY Yoo-
ATNPIOTIXWY OO TNV 0Py XY EVTPOTia, To onolo uag divel Ty TAnpogopia mou “xepdilouyue”
UE TNV emAoyY| Tou yopoxtneloTixol. H tocdtnta auty| ovopdleton x€pdog mhnpogoplag xat
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elvon SlapopeTind| Yl xGUE YopoxTNEOTIXG. e QUTHY TNV TERPITTMOT, ETAEYOUUE TO Yopa-
ATNPLOTIXO TOU TPOGPEREL TO UEYUAUTERO X€pd0¢ TANpogopiag. H diadixacta tapovoidletar
TOEOXATE €YOVTAG UTOUETEL OLoXELTES THES Yiar Tal yopoxTnetoTixd. [ euxoiia Yewpolyue
OTL €youde Buo xhdoelg, TNV xAdom 0 xou Ty xAaor 1. T Tov urohoyloud g evipomiag
xdde yopoxTnEoTIXoL [ apyind OXEPTOUACTE OTL Yior X&¥e T ¢ TOU YoEUXTNELC W00,
Talpvouue

o pe mdavotnta Pi(0) = —2 tnv xhdomn 0 xou

o pe mbavotnta Pi(l) = ™V xhdom 1.

OToU N, T0 TARYOC EUPAVIONS TNG TWAC ¢ OTay 00N yoluacTe oTny xAdor 0 xau avtioTtolyo
Yo T0 1y, xou o to TAlog Twy instances. O miovoOTNTES AUTES YENOLLOTOLOOVTAL YOl VoL
utoloyiooupe Ty evtpotio TAnpogopiog Yo To yopoxtneloTixd xhdone (class attribute)
amd outhy Ty Twn. H iy tne evtponiog aviimpoownelel Ty tocdTnTa Tne TANeogopiag
oe bits. "Etot, unohoyilouye yio xde Tiun @ Tou yoeoxTNELoTIX0Y,

Hfi = - Pfi(O) longi(O) - Pfi(l) 10ngi(1) Vi

Av 1 T eugavileton cuvolxd n; Popéc eve €youde n instances, toTe €youpe THAVOTNTA
ELPAVIONG TNG TWAC

Piznfi
n

LUVOAXE TO YapaxTNELOTIXG [ TPOCPEREL TANEOGORIA YIol TO YAULAXTNELOTIXG XAAOTC
Hy =) Plog Hy,
i
H tun Hy avtinpoowrelel TNy TOCOTNTA TS TANEOGORaG ToU TUpEYETOL ATt TO Y UaXTnoL-

oo Yl TNV XAdoT. Av Yewprioovye 6Tt EMAEYOUUE AUTO TO YURAXTNELOTIXG 1) TANPOOopia
TIOL OTOUEVEL Yol VO TAEVOUNICOUIE OTNV CUVEYELN OO TOL UTONOLTIOL Y OROXTNELO TiXdL Elvant

Hrest(f) = Z Hj

J#f
Tehund éyouue xépdog TAnpogoplac (information gain) tou yopaxtneiotxol f

IGf =H - Hrest(f)

onou H 1 opywn eviponia mhnpogoplag and dAo ta instances

H = — P(0)log P(0) — P(1)logP(1)
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O x6pPoc autdc donpeitar Ye BAoT TIC TYWES TOU YUpAaXTNELOTIXOV TOU UEYIGTOTOLEL TO X€pB0G
TAneogoplag. Katd tnv Bialpeon, dnuoveyouue évav véo xouPo - piCa tou 8évtpou, o
omolog TEPIEYEL TAEOV TO YUPAXTNEIOTIXO Xl GUVOEETAL UE BUO xOUBOUC - ATOYOVOUS LUTO
oLV Yo THY THY) ToL YaeoxTnEtoTixol. O xéufol andyovol TEPLEYOLY To BUO UTOGUYOAX
Twv instances ota onola Sloupédnxe o apyxoS Pe BAom TNV T TOU YoEUXTNEIOTIXO) Xal
AVTLOTOLYOUY GE TWESC TOU YUEAXTNELOTIXOU TTOU IXOVOTO00Y TNV GUVIXY TOU JOVOTATION
ToL odnyel oe aVTOY Tov xouPBo. H dialpeon cuveyleton pe tov (Blo TpoTo U€YpL VoL PTACOUUE
oe xouPoug pe instances mou €youv tadivoundel otny Bl xAdom.

36



Kegpdiowo 3

2IUVOVACUOSC LEVOOWY

Y10 Kegdhowo autd mopoucidloupe ta anoTéAeouato TNg Tedtng olYXelone g e-
9600L TV n-gram ypedpwyv Ue tnv baseline yédodo, 1 onola avtiotoryel otny exnaidevon
Tou aAyopldpou uddnong multinomial naive Bayes pe yopoxtnpliotind otnv popgy| bag of
words. Xtnv cuvéyela, oYOMALOUUE To ATOTEAECUOTA XU TUPOUGLALOVUE TOUS AOYOUS o
1 u€dodog emtuyydvel auTthv TNV enidooT).

3.1 Ilpwtn ocdyxeion pedodowy

YTy evOTNTA AUTY| ETUYELPOUUE VoL GUYXEIVOUUE Yid TEWTT QOpd TI dUo UeVOBOLE ToU
Tapouctdo Ty 6To deltepo Kegpdhoo. T ta yopoxtneiotind tng baseline pedodou yen-
otpomotinxay TéS Tou dNhGVoLY cuyvoTNTY Eudvione Aélewy (term frequency) xadodg
xai ot ypdgol arnodnxebouv Bden Tou BNADYOUV TOV UECO 6pO TNG CLYVOTNTAS EUPAVIONS
evog (elyoug n-grams. Ol TORIUETEOL Xol T AMOTEAECUATOL BIVOVTOL TOEAUXETE.

3.1.1 Ilapapeteor

Acdopéva (Exnaidevorn & AZiohdyrnom) Kot tny olyxpion twv duo pe-
V63wV ypnowonoioope xpttixée Ty ne Bdone IMDb!. Ta dedopéve autd ouyxev-
TedInxay omd To TavemothUo tou Stanford yio Ty pekétn mou mopouctdleton oto [17].
Emyepfiooue va cuyxplvoupe Tic duo uedddoug yenowonowwviag 5000 xpitixée yia tnv
exnaidevon tou exdotote alyoplduou uddnone (training set) xou 6000 xprtixée yioo TNy
a&lohéynon tou (test set). T tic Suo pedddoug N exnaidevon Tou TadvounT TEOYUATOTOL-
finxe oto Blo axpPdc abvoho Twv 5000 xELTxdY Touviwmy xat, avtiotolya, a&lohoyRinxe
670 (810 GUvoho TV 6000 %ELTIXMY Yia Vo UTOROVUE VoL GUYXEIVOUUE TIC ETLOOCELS TOUG.

IMopdpetpol yYedpwy Xiugwva ye ) uédodo twy n-gram ypedgwny dnuiovpyfoaue
duo ypdpoug TohxdtTnTog (Yetinic xou apyntxic), o xadévag and Toug 0Tolouc EVOWUETWOE
() ouyydveuoe) 800 xprtinéc Tauviédyv omd Ty Bdon IMDbY.  H emhoy# tov 800 reviews
EYIVE UE OXOTO VA €YOUUE UEXETA UEYGAOUS YEAPOUSC XOU ETOUEVKCS, Wiol ELXOVAL Yial TNV

Thttp://ai.stanford.edu/~amaas/data/sentiment/
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“xahUtepn” enidoon mou umopel va €xel 1 yerion Yedpwy. Emniéov, Vétovye Dyin = n
epboov olugwva ue uerétec (Bhéne [1]) omotehel v mepintwon yio Ty omoio €youye
xohOtepn enidoon. Ltic epyooiec [1] xau [3] Swmotdveton xahbtepn N neplntwon 6mou o
n = 4, ETOUEVKLC TNV YENOWOTOLOVUE Yl var cLYXEivoupe Tic pedodous. Aev ypnowlonoteita
xapio mpoemedepyacio yior TNV apolpEaT) EWBXOY YARUXTACWY TOU XEWEVOU.

Enihoyy alyopidpou pddnong O odydprduol naive Bayes eivon drpopilic yio
TNY TagVOUNoN XEWEVKY, xat Wialtepo o multinomial naive Bayes ue yerion bag of words,
0 omolog OPWS, EPUPUOLETOL OE DLAXPLTES TUES YOQUXTNPLOTIXWY, OTWC EBOUE OTNY EVOTNTA
2.5.1.5. Avtideta ou n-gram ypdpol e€dyouv yopaxtneloTixd Tou toalpvouv cuveYEls Tiég,
EMOPEVWS, YIOL VO EQUPUOGOUUE aUTOV Tov ohyopLiuo udidnong otny pédodo twv yedpwy
TEETEL VoL UETATEEPOUPE TIC GUVEYES TIES OPOLOTNTOC TIOL YENOWOTOLEL (OC YAUPUXTNRLGTIXG,
oe OoxpLtéc. H Sopitonolnomn auty| meénel vo Snutovpyel YopoxTNeLoTIXG AV TITPOCOTEUTIXG.
Yio TNV TOMXOTNTA TOU XAVE XEWEVOU OANS %ol XATIANNAL VLol TNV EQPARUOY T TN XUTAUVOUHC
mou uno¥étel o multinomial naive Bayes (cuyvétntec eugdvione yeyovotmv).

ALaXPLTOTONOY] YALAATYELO TIXWY OQOLOTNTAG nN-gram yedpwy [
T0 o%0T6 NG TEWTNE 6VYXELONG, UE YenoT Tou akyoplduou multinomial naive Bayes yeta-
TEETMOUUE TIC CUVEYELS TWES TOV BEXTWY OPOLOTNTAC YETOEL BUO N-gram Ypdpwy cOUPwvaL
Ue TNV mpooéyylon tne epyooiauc [3]. e authv yia x&de instance tou cuvohou exmoideU-
ONC X0 TOU GUVOROU EAEYYOU UE BLAVUOUA YULAXTNELO TIXWOY TIC TWES OUOLOTNTAS, TTOL EYEL
napouctac el oto oyfua 2.10, axolovdolue Ty dladixacta:

{Cspos> NVSpos; VSpos; Csnega NVSneg; VSn697 C} =
{dsim(C'Spos, CSneg), dsim(NV Spos, NV Speg), dsim(V Spos, VSneg), C}

omou 1 cuvdptnon dsim SlaxpttoTolel TIC TYWES OUOLOTNTES UE TOV TUPAXJTE TEOTO:

positive if simys > SiMmpey
dsim(simpos, SiMneg) = { negative if simpos < SiMmpeg
equal if simpos = SiMpeg

ITAéov €youue TEEC DLAXEITEC TWES OUOLOTNTIC WG YUPAUXTNEIOTIXA XL TO YOQUXTNELOTIXG
xhdone C. Kdie plo and Tic tpeig Tiwég mpoxdnTel and tnv oLyxpelor evog deixtn opoldtntog
yior Tov YeTind ypdpo Ue Tov (610 OeixTn oUoLOTNTIC VLol TOV aEVNTIXG YEAPO.

Emopévee, unopolue va eAéyloue Tic duo uedddoug oe (Boug classifiers 6mwe, naive
Bayes, Decision Tree, multinomial naive Bayes, ah\d emixevipwmvopacte otov naive Bayes
o omolog eQupUOlETAL XAl OTIC DUO TMEQITTWOOELS YULUXTNELOTIXWY, Ywelc Vo UeTaBdANouue
Vv apyixy| dour| Toug. H ypron naive Bayes avti yia tnv yerjon multinomial naive Bayes
empépel pla pelworn e axplBelac g wedodou bag of words, n onola duwe, dev ennpedlel
NV YeEVd xohr) eniBoct TG Yiot TNV olYXEIoN TV UEVOdWY. 3To xe@diaio 4, xatd TNV
TeEMXT) GUYXELON YENOWOTOOVUE Yiot TNV EXAoToTE PéV000 Tov ahyopriuo uddnong yia Tov
omolo auth €yetl xahbTepn enidoo.
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Av 1 yédodog elvon xatdhAnAn YLt TO GUYXEXPUEVO TROBANUA, TEQUEVOUUE VoL £YEL TTO-
00018 axpiBetac ouyxpioa pe o TocooTd Tne uedddou bag of words (emavolauBdvoupe bt
yia Ty péYodo bag of words yenouomotfinxay w¢ YapaxTNEIoTIXd CUYVOTNTES EUPAVIONS
MéZewv). H oxpifela yia tic duo puedddoug gaiveton otov mivaxar 3.1.

3.1.2 AmnoteAéopata

. . Method
7+ Experiment Classifier N-gram graphs (800 reviews) Bag of words
1 56.8% 74.6%
2 Naive Bayes 55.6% 73.5%
3 59.3% 74.9%
1 72.9% 70.5%
2 J48 (tree) 72.4% 70.4%
3 72.3% 71.4%
1 55.6% 81.2%
2 Naive Bayes Multinomial 51.7% 80.9%
3 73.6% 81.4%

ivoncag 3.1: AxpBeto Twv duo Yedddwy Yl 3 SlaopeTixd Tepduato ue 800
reviews oe xdde ypdpo TOMXOTNTAC.

Ytov mivaxar 3.1 CUYXEVTPOOUUE To ATOTEAEGUATO TG axpBElas Twv 6o YedodwWY Xo-
¢ TV Yenhon Tewv todvountayv. Ilapatneodue ot 1 pédodog Twv n-gram ypdgwy dev
mhnoldlel Ta tocooTd g pedodou bag of words. H Siapopd toug Beloxeton nepinou oto
17%. Auth n Brapopd dev umopel va yivel amodexty| av oxegtel xavelc 6t n pédodoc bag
of words elvon moA) Mo yeryoper, xadde e&dyel xateudeiov Tic Aéec and To xeluevo xau
0 Yeovog extéheorc tng xodopiletan, xuplwe, amd To Ypdvo exnoldeuong xan aloAdYNoNg
Tou tadvounth. Avtileta, 1 pédodog Twv n-gram ypedpnmy XUTUVUAGVEL TOV TEPLOCOTEQO
XEOVO XaTd TNV ONULOLEYIA TV YRAUPWY XAl OTNY GUVEYELX XATA TNV GUYXELOT TOUG YE TOUG
YEdpoug TwV reviews yla TNV eEaymYT TV YOeaXTNRIOTIXOY xou TNy dnuovpyia twv in-
stances exnaidevong xou eréyyouv. Emmiéov, oi ypdpol xotavahedvouy Toh) TeploGOTERO
YWEO, XIOC VUL POPTWUEVOL GTNY UVAUTN xotd TNy oOyxplon. o va €youue xahbtepn €l-
%OV TNG BLopopdc TV 6LV0 YEVOOWY, BLEEdYOUUE Eva TElPUUX UE TEPLOCOTERA IreVIEWS GTOUC
yYedpoug. Xuyxexpudéva evowuateinxay 2000 reviews o xde ypdpo ToAxdTNTAC XL T
ATOTEAEGUOTA (QOlVOVTOL GTOV Tivoxa 3.2.

Ko og authv v mepintwon, omou oL ypdgol eVowUdTwoay Toh) ueyalltepo TAdog
amo reviews mopaTnEoUUE OTL 1) ENBOGT TOUC 6TO TEOBANUA aUTO eV TANcLdlel Ty baseline
uédodo, ue Sapopd ylpw ato 14% ue e€aipeon Ty TeplnTmoT TOU TEMTOL TELRHUATOC OTOU
1 Sropopd toug Peioxeton oto 4%. Enopévoe, yeletdue toug AGyoug yio Toug omoloug 1
uéBodog autr dev Exel ok enldoon otny evotnta 3.2. Emimiéov moapoatnpolue 6TL xon 6Toug
6vo Tivoxeg 0 ahyOEINOC TOU BEVTPOU OmOYACEWY UE TOUC N-gram yYpd@poug Topouctdlel
xaAUTEET ENibooT oo 6Tl ue TNy pédodo bag of words pe xd6oT0C, dune, xatd péco dpo 189

39



Method

7 Experiment Classifier N-gram graphs (2000 reviews) Bag of words
1 69.7% 73.7%
2 Naive Bayes 60.7% 75.4%
3 61% 74.9%
1 2% 69.7%
2 J48 (tree) 1% 69.9%
3 72.2% 70.6%
1 73.4% 82.2%
2 Naive Bayes Multinomial 67.2% 82.2%
3 71.2% 81.3%

Hivoxac 3.2: Axp{Belar twv duo Yedodwy yio 3 dlopopeTnd metpduata e 2000
reviews oe xdie ypdpo ToMXOTNTAC.

AETMTAOVY Yiar TNV Ontovpyio Twv Yedpwy, Ty dnuioupyio Tou Tavounty| xou Ty oloAdynoT
tou. Télog, mapatneolue OTL 1 BLaXELITOTOMOY TOV TWOV OV €YElL XA ATOTEAECUITA
oo Omwe BAEnouue xuplwe otov mivoxa 3.1 €youue UeydAn Sloxbduovon avduesa oe duo
TelpduoTa pe Bleg mapopéTeous xon SlaopeTinols Yedpous. Autd ogeiletal 6To OTL €YOUUE
TpeLc dlaxpLtéc Tiéc (positive, negative, equal) xou duo xAdoeElC TOMXOTNTAC, ETOUEVWS,
UTdEyEL UEYAAT TIOVOTNTA VoL EYOUUE Yial ToL {DIEC TUES YARAXTNELOTIXGY DLUPORETIXT XAAGCT)
nohxéTnToc. Autd dev 0dnyel oe 6woTh exntaldevon Tou TACVOUNTY.

3.2 Mekétn enldoong n-gram yedpwy

Ou Aoyol mou oL n-gram YpdpoL dev €youv xahy enidoon o oyéorn pe tnv baseline
uédodo (xou ye yeron naive Bayes povtélou) umopel va elvon ol e€hc:

o Apyxd oxepTtogacTe OTL 1 Ypnron AEEewy elval avTITPOCWTELTIXY Yia TNV TEOBAEN
ToU oUVULCUAUATOS TOU XeWévou, xadog 1 Unapdn wlag AEENC uepovewuévo umopel
vo glvon BelxTng TNg moAOTNTAG Tou XEWEVOL, Omwe yivetaw otnv pédodo bag of
words. Enopévwe, xatd v eloywyr| n-grams yopoxtiewy, civon mdavo duo Aégelg
OLUPOPETIXNC TONXOTNTAC VoL €Y0UV T (Blor N-grams Xot 1 OLUPECT| TOUG OE QT VoL
YveL T SuvatoTnTa €voelEng tne moAwdTnTag. o mopdderyua, ol Aé€eig happy xou
unhappy €youv mepinou ta (Bl 3-grams:

1. hap, app, ppy
2. unh, nha, hap, app, ppy

1) xou 4-grams:

1. happ, appy
2. unha, nhap, happ, appy

40



Ye autrv TV mepintwon 1 AEEn happy eugavileton xar 6Toug duo YedPoug TOMXOTY-
tac. Katd v obyxpion tou ypdgpou evog review mou mepiéyet v AéEn happy pe
TOUC YPAPOLE TOAMXOTNTAS, To N-grams NG AEENS aUTHS CUVELSPEEOLY TO (Blo oTOV
oelxtn opototnrac Containment Similarity pe toug 600 ypdgouc. EmnAiéov, 1 tiun
TV U0 OPOLOTNTWY Tou AauBdvouy utodn ta Bden Twv axuoy Yo etnpeacToly and
TO YEYOVOS OTL To D-grams UTGEYOLY XAl OTOUG OUO YEAPOUS TOMXOTNTAS. LTV
YEVIXT| TERITTWAT), 0L AEEELC BLUPORETIXNE TOMXOTNTAC UE XOWVE N-grams od1yoly GTo
VoL UNY €EGYOVTAL AVTITPOCKWTEVTIXEC TWES OUOLOTNTAC UE Toug Ypdpous. Enouévoc,
1 e€aywyr) n-grams dnutovpyel Y6pulo Yol Yo TO TEPLEYOUEVO TOU XELEVOU.

o Mio Aé&n mou eugavileton ouyvd oe éva xelUevo ywplic Vo emneedlel TNV TOAXOTNTA
ToU (6mwe N hEEN the 1 omola anotekel cuyvd eppavilopevn A& oe stop words list)
elvon mavo va epgavileton xon 6Toug duo YEdpoug Ye Ta avtioTorya n-grams. Ot
Ae€eig auTéc emneedlouy TNV TEOYUOTIXH OHOLOTNTA EVOC review Ue TOug YEdpoug
Yetrc 1) apvnuixhAc ToAoTnTog. Enopévng, ol ypdgol umopel vo uny dnuougyoly
TOAD DLAPORETIXES THIES opotOTNTaC eCouTiag TETOLWY AEEEWV.

3.3 Ilpotewdueveg Adoeig

Yty mponyoUUevn evOTNTa Tapouctdooue Toug miavols AOYoug Yol Toug omoloug oL
n-gram yped@ol £youv TNy endOoT ToL TapaTNENoAUUE 6TOUC Tivaxes 3.1, 3.2 oyeTxd ue v
baseline pédoodo. Ilapoxdtey divouue duo Adoelg Yo T TEOPBARATY AUTA.

® 70 MOPATAVE TOEAOELYUA TURUTNEOVUE OTL OTAY AUEGVOUUE TO N UELOVETOL TO TThfdog
TWYV XOWVGY D-grams 1ou Yolpdlovtot oL 8uo yedgot. Av Yécouue to n loo ye 5 tdte oL
duo ypdgpol potpdlovton uovo éva b-gram, tnv AéEn happy. Enouyévwe, ula Abon etvou
VoL UTOAOY{oOLUE TO PEGO UNXOC AEENG TWV XEWEVGLY Xat Vo Y€TOuPE To N (00 ue auTd.
Mio xahOtepn npocéyyion etvar vo Yewpriooupe OTL €youle €va UETOBANTO unxog n To
omolo va leolTaL Ue To Wixog TN AéEng xdie @opd, xotd Ty e€orywyr n-grams. Etot,
ol hé€eig happy xat unhappy tortodetodvton TAEOV GTOUC BUO YEAPOUS SNULOLEYHOVTIC
éva xopfo N xadepio ywelc va popdloval oL o yedgot autols Toug xouBoug. T
VO TETUYOUPE AUTY TNV BUVITOTNTO TEETEL VAL APULEECOUUE UG TOUS YEAPOUSC TNV
TOEYUETEO N oL GTadepomolel To Prxog twv n-grams. Enopévwe, aridlouvye Tty
uédodo wote va tomoletel xde popd uioa AEEn oe évav xoufo tou yedgpou. ‘Etot,
EXUETAAAELOUOCTE TNV ToEoUGta TwV AéZewy, 6Twe otny puédodo bag of words. Mtnv
yevixy| mepintwon, (Blol xéufol yetald Twv Yedpwy TAEoV apopoly Uovo AEEEC Tou
epgaviCovton oe xelpeva xaL TV Buo TOAMXOTHTWY, 6w 1 AéEN the.

o 'Onw¢ mopoucldoaye TNy evOTNTOL 3.2 AAAd XU TNV TEONYOUUEVY TURAYRUPO, AEEELS
oudétepne moAxoTNTaG elvor mdavo va epgaviovtan xar 6Toug duo Ypdpoug. Emo-
UEVWS, TEETEL VO ‘TOAMOOLUE’ TOug BUO YRAPOUS TEog TNV xatehYuvoTn Tou cuvaL-
oOuatog mou avamaptotoly. o v tohdoouue Tov xdie ydpo, UTopolUE Vo opot-
p€ooupe xoWVEC AéEZelC Tou eu@avi{ovTaL Xol GTOUS BUO, APAULOWVTAS UXUES TOU CUV-
BE0LV (BLoug xOUPBouc xou GTOUC BUO YEAPOUS, Xadde aUTES Talpvouy xVELo PEPOS GTNY
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eZorywy”) BemtdyY opotdtnToag. o To oxomd autd unoloyiloupe Tov x0V6 LUTOYEAPO
TWV 6UO YPAPWY, Kol GTNY CUVEYELX TOV apotpolue and xdle ypdpo mohxotntac. H
apalpecT TOU XoWOoL UToYEAQoL elye NON LAoToinUel oTic BIBAOVXES TwVY YEAPLY
Tou yerowonotobue!. Apyixd Bploxoupe tov xowd uoYEdpo, eEAEYYOVTAC YL xde
oY) TOU GUVOEEL BUO (OPUPBOUE GTOV YEAPO VETIXNC TOMXOTNTOG, oLV UTEQYEL AXUT] TTOU
OLVOEEL TOUC (BLOUC ®OUBOUC XL GTOV YEAPO AEVNTIXNG TOMXOTNTAUC. LTNY CUVEYEL,
APOPOVIE TIC OXUES AUTES OO TOUG BUO YEAPOUS TOU AMOTEAOUV TOV XOWVO UTOYRAPO,
Ywelc vor eAéyyouue TNV Ty Tou Bdpoug mou ebyay.

3.4 Ilapouvcioon véag puedddou

Ko ot 8uo nopatnerioeic yenotponotinxay yio Ty Behtinon tne oxplBelog twv Yedpwy.
H pédodog npoéxue amd tov cuvduaoud tng uevdédou bag of words xou tng pedodou twyv
character n-gram ypdgwv. Ot ahhayéc evonuateinxay otov xmdxa e uéYodou Twv
n-gram Yedpoy xot 1 p€odog Tou TeoxINTEL TUPOUCLILETE ToROXATE.

3.4.1 AvanogdoTtoor LOVIEAOL UE EVAY YEAPO AEEswV

H pédodog twv n-gram ypdpov e elaywyr Alewv amoxohelton otny epyasio outh
uéodoc ypdpwy MZewv (word graphs). H avanapdotoaon tou poviélou - xeuévou TAéov
yiveTon pe évay ypdpo hé€ewyv, o omolog dnulovpyelton oL TEAL GTABLUXA UE TNV CLY Y WVEUTT)
TOU YPAPOU AEEEWY HAVE HEWEVOU XPLITIXNG TUVLOY.

3.4.1.1 AvanopdoTtacy XEWEVOU E EVAY YRAPO AEEewV

Ye xdde Pripo €dyoupe amd to xeluevo plor AEN avti yia n yopoxtiees. Emopévac,
€youpe 1-grams Aé€ewv 1) word 1-grams, dnhadr €youue ndvta n = 1 epdoov e€dyouye pio
AEEN avd Brua. Tar mopdderyyor, €0Tw OTL To XEUEVO XELITXAC amoTEAE(TOL amd TNV axoloutio:
‘I thought this was a quiet good movie.” Ot e€ayduevec Aé€ewc elvou:

1.1

2. thought
3. this

4. was

5. a

6. quiet

7. good

thttp:/ /sourceforge.net /projects/jinsect/
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8. movie_

[Mo xdde povaduxn AEEn BnuLoupYolUE, OTWS XAl OTNV TEPITTMWON TWV N-grams yopo-
(ThewY, éva x6ufo otov yedgo. H dwduacio totodétnong oaxuwy mpolnodétel tny Onapln
evog Topodipou, To omolo TAéoV SNAGVEL To TARYOC TwV YeIToVXDY AéEewy Yl xdde AEET,
ue Tic onoleg auth Yo yerrvidalet otov yedgo. Ta mopddetypa, n AéEN ‘was’, ylo ufxog mopa-
YOpou (oo e 3, yertwidlet pe tig Aéeic I, thought, this, a, quiet xou good 6nwe paivetar oto
oo 3.1. Ta Bden ot oxpéc Twv xOuPwy avTmpoonTedouy xou TdAL To ThARdog eupa-
vicewv tou (ebyoug Twv Aéewy Yéoa oTo Tapdiupo autd. O yedgog authg Tng oxohoudlag
olvetan oto oyfua 3.2.

I thought this was a quiet good movie_

Yo 3.1: Tlopddupo 3 Aé€ewv yio v AéEn ‘was’.

Eyua 3.2: T'edpoc Méewy mapadipou 3 tng oxoroudiag ‘T thought this was a
quiet good movie.’
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3.4.1.2 Juyywveuor Yedpwy yia dnptoveyic ovTEAOU

Ou YpdpoL TV XEWEVLY XEITIXNG TUVLOY UE OUOLL TOMXOTNTA GUYYWOVEVOVTOL UE TOV
{dlo TedéTO oL TaPoLCIOTNXE OTNY EVOTNTA 2.3.2.2. Xe auTAY TNV TERITTWOT] Ol YEApOL
TepLhopBdvouy uio AéEn oe xdde xouPo, ol omolol duwe, dev emnpedlouv TNV dladixacio
NG CLYYWVELSTS ToL €xeL HOT TapouctacTel. H cuyydveuon odnyel otny dnuovpyio evog
YEAPOU HOVTENOU, TTOU AVTITPOCWTEVEL TO GUVORO TOV XEWEVKY AUTOV UE XOWVT) TOAXOTNTO-
cuvaicUruo.

3.4.2 EZaywy?h yopaxtneictixonv (features) pe ypron
TWY YEAPWYV

[ %xdde modTnTa, Tou anotehel ula ¥AdoT AT yoplotolnomg, ONULOUEYOUUE Xol TEAL
ToV avTloTolyo Yedpo - poviého, o omolog elvan twpa évag ypdpog Aé&ewv. Ou ypdpol
TOMXOTNTOG YPNOEVOUV YIaL TNV GUYXELOT UE TOUG YRAPOUS AEEEWY TWV XEWEVKOY UE OGXOTO
NV e€aywyY| 6 YopoxTNEIOTIXWY Yo TO xo€vag, Tou Yo anoTeAEcoLY instances Tou GUVOAOL
exnaldeuong xo ToL GUVOROU EAEYYOL, OTWS TOEOLCLEGTNXE oty evotnta 2.3.3 (oyfua
2.10).

3.5 TYAlormoinon

X1y evoTnTal auTy| THEOUGLACOUUE TNV OEYLTEXTOVIXY) TNE UAOTolnong oty omola oTr-
by Tnxay T TElpduaTo Yo TV GUYXEIOT TKV TV Pedodnv. To v dladactio Tng unyovi-
whe pddinone yenowomotiinxe 1 PiBhodrxn Wekal 1 omola evowuatdvel LAOTOAOEC TOA-
AoV tagvountey xodoe xou pedddoug allohdynonc toug. Emmiéoyv, mpoopépel SuvatdtnTa
OnuovpYiog XUTEANALY apyelwy Yoo TNV exTolBEVsT] TwV TOEVOUNTOY Amd T YUEUXTNEL-
OTXE TOV XEWEVOV.

3.5.1 7YAlomoinon pedodwyv

YAoroinorn wedodou n-gram yedewy O n-gram ypdgol éyouv ulorowmdel xou
Tpocpépovtan amd Ty BBV JInsect?. Kotd x0pto Aéyo, ypnotonotolpe Tic uedddoug
¢ xAdonc DocumentNGramGraph. H Bi3rodvxn JInsect yenowwonowel v Bihotvxm
OpenJGraph tng java yla Tov Yelploud TV Yedgpwy.

YAonoinorn uedodou yedpwy Aé€ewy  To v vhononon e TPOGEYYIONS TKY
Yedpwy AEEEWY, YENOWOTOWUUE TNV HOT undpyovoa xAdon e PiBAodrxne JInsect mou
onuovpyel n-gram ypdpoug. Enextelvovtag tnv xAhdon auth o8 YAOCOU TEOYRUUUATIOUOY
java (extend), petofdhope tic YeYOB0UC TV YEAPOY (OOTE Vo EEAYOUV XOL VoL YETOLLO-
TooLY Aé€elg xdie popd avti yia n yapoxtrpec. Ou uédodol mou enextelvaye Qolvoviol 6To
oo 3.3. O avtioTolyog xMoixag diVEToL GTO TAUPdETNHAL.

Thttp: //www.cs.waikato.ac.nz/~ml/weka/
Zhttp:/ /sourceforge.net /projects /jinsect /
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YAoroinorn pedo6dou bag of words To poviéro bag of words ulonowidnxe pe
™ Bordeta e Bifrotine Weka. H BiAiodnxn mpoopéper tny Suvatdtnta yehone evog
pihtpoL TMOU UeTATEETEL €val xeluevo amoUnxeuuévo oe éva String oe €var Sidvuoua AéEewy
(StringToWord Vector filter). H Soduxaoio emhoyhic MéEewv yia to didvuopa yiveton omd o
dedoyéva exnaldeuone xou o TAHYoC Twv Aélewy Tou Va emheyoly xodopileton and uio ma-
eduetpog 1 onola €yel default Ty tic 1000 Aéeic. To didvuoya autd, yenowonoteiton woli
UE TO YORUXTNEICTIXO XAAOTE Yiot TNV EXTOUBEUCT) XL TOV EAEYYO TOU EXAGTOTE TOEVOUNTY
(evotnra 2.4.3).

gr.demokritos.iit.jinsect.documentModel.re
presentations

DocumentNGramGraph
Extends >
InitGraphs
setDataString
DocumentWordGraph createGraphs
mergeGraph
createGraphs intersectGraph
mergeGraph allNotIn
intersectGraph clone
allNotIn
clone

Eyfuo 3.3: Enéxrtaon tnv xAdong Tov n-gram yedgpoy.

3.5.2 Ylomolnomn MEoYpdUUaTOS CUYXELONG TELWYV WUE-
V606wV

[o v obyxplon twv pedddwy dnuoupyolue Tela oTddia, 6Tou Yio xdde GTddlo LAO-
noOnxe ulo xhdom, OTwe avoAdETOL GTIC ETOUEVES EVOTNTEC.

1. Anuovpyia xou amodfxeuon yedpwy.
2. Anwoupyia xou arodfxeuon apyeiny emxaidevone xou eAéyyou (training ot test set).

3. Anuouvpyio tagivountr xou aZloAdYNoY| Tou.

3.5.2.1 IlpwTo oTddL0

270 TEHOTO OTABLO ONULOLEYOLYTOL Xl ATOYNXEVOVTAL Ol N-gram YEdpoL XL oL YedpoL
AE€ewV oL anoteAolV To wovTéha. ‘Etot, €youue évay n-gram ypdgo xou Evay Ypdpo AEEewv
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yia xde moAwotnTa. Ol yedpol Twv duo UeVOdWY BNULOVEYOLYTUL UE TEOTIO (GTE VO EVOW-
HOTOYOLY TOUC YREA(POUS TwV (Blwv xeévey xpttxhc. H anodrxeust| toug yenowelel otnv
AVAATNOT) TOUG Yo DLapopeTnd Tetpdpata. Il To 6tddlo autd dnutoveyRinxe pla xAdorn tou
ovoudotnxe ModelGraphs. To otddio autéd umopel va Yewpniel otddio ‘mpoenelepyasiac’
xadwg 0ev amotehel P€pog TG BLadWactag TN UNYUVIXTS Uainong xan dev aoyolelton xo-
Yohou e autod 1 pédodog bag of words. O uédodol tne xAdong nopousidalovion 6To oy

3.4, eved 0 xOOLXAC BIVETOL OTO TORBETNUOL.

ModelGraphs

setParameters
createResultsDirectory
setFiles
findGraphFilenames
createWordGraphs
createNGramGraphs

Lyfuo 3.4: Mtddwo lo.

DataFiles

setParameters
createResultsDirectory
setFiles
findTrainFilenames
findTestFilenames
wordGraphsFilesARFF
nGramGraphsFilesARFF
bagOfWordsFilesARFF

Yyuor 3.5: XTddto 2o.

3.5.2.2 AceUtepo oTtddlo

To deltepo oTddlO Yenowonolelton yioo TNV dnuiovpyio Twv

apYElWwY EXTUUOEVOTNS Ko

ehéyyov. e auTo LAoToLETL 1) oUYXELOT PETAED TWV YEAP®Y TOAXOTNTIC TOU TEWTOU
oTadlou UE TOUS YPAPOUC TwV LTOPAPILY Yio exntaideucT 1) Eheyyo xewévey xpruxhc. Tao
opyela Tou dnuovpyolvTon TEpLAUUBAVOUY To dlaviopaTa YopoxTneloTixoy (instances) twyv
XEWEVOVY oUTOVY xou ebvon otny popy| Attribute Relation File Format (ARFF). ¥to otddio
auTé BnuoupyolvTaL xou To apyeia exnaldevong xou eréyyou Tng uedodou bag of words.
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Classifiers

setParameters
createResultsDirectory

setFiles
createClassifierForWordGraphs
createClassifierForNGramGraphs
createClassifierForBagOfWords
evaluateClassifierForWordGraphs
evaluateClassifierForNGramGraphs
evaluateClassifierForBagOfWords

Yyuo 3.6: XTdodto 3o.

H »\don mou avtiotoyel oe autd to otddlo ovoudotnxe DataFiles xon ov pédodol tng
TaPOUCLALOVTAL OTO Oy 3.5, EVE 0 XWOOXAC BVETOL GTO TORERTNUOL.

3.5.2.3 Tplto octdodLo

Y10 Tplto oTdd0 dnuovpyolue xou afloloyolue tov classifier mou xadopileton and tov
YeNotn pe o dedouéva Twv apyelnv mou divovtor xdie @opd xou €youv dnuoupyndel oto
oeltepo otddo. To tpito otddio vhomoinxe and Ty xAdor Classifiers. O yédodol tng
x\done gatvovton 6To oy e 3.6 X0 0 XWOXC GTO TOEALTNUOL.

3.5.2.4 30OVOECT XOPUUATIOV

Y10 oyfua 3.7 napovoidlouye To uml Sidypauuo e ulomoinong émou Bev mEpL -
Bdvovtar oL uédodol xou To medlo Twv java xhdocwv. Ou TAnpogopiec yio xdide java xhdom
rapouctdlovtal ot endpeva oyruata. ‘Oneg gaiveton xou oto Sidypopud, Yo xdde uédodo
YEPwY ONULOLEYOVUE [l XAAGT) VLol TNV OVOTHEEo TOGT) TOL YEAPOU - HOVTENOU GTO OTolo O-
noUnxeveTAL 0 Yedpog toAxotnTag. o Ty mepinTtwon Ty n-gram yedgpony 0nuLlovpYiooue
v xAdon ModeINGramGraph pe tnv omoio dnutovpyeiton évag ypdpog xou amotnxebetan
oe éva binary opycio. AvtioTtoiya yio Ty mepintwon g pedodou twv Yedpwy AéZewy
onuovpyooue tnv xAdon ModelWordGraph.

H dnuovpyla tou yovtélou mpobmodétel tnyv onuovpyla Tou Yedpou xdde xeyevou
mou Yo ouyywveutel o autd (evétnreg 2.3.2, 3.4.1). T to oxond autd, dnuovpyRooue
YAAOELS YIOL TNV AVOTURAG TAOT) EVOC XEWEVOL XIS Ue évay Yedpo. H xhdon mou agopd
TNV AVamaEdo TAoT) TOU XEWEVoU e évay n-gram yedgo civar 1 ReviewNGramGraph, eve
N ®¥\4GT TOU APORE TNV AVATAUEACTAOT) Tou PE évay Ypdpo AéZewv eivon 1) ReviewWord-
Graph. Ou xhdoeic autée ypnoylonoodvIon xot Ylo TNV dnpoupyio Tou Yedpou XeWEVou
mou Yo cLYXEWEL PE TOUC YRAPOUSC TOMXOTNTAUC WOTE Vo dnuloupyNoet €va instance Ttou
cLVOAOL exTaidevong 1) Tou cuvolou eréyyou. Erol, éva avtixeipevo tne xAdone Mode-
IWordGraph cuvoéetan pe éva avtixelyevo tng xhdone ReviewWordGraph, 6nwe qatvetan
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gr.demokritos.iit.jinsect.docume
ntModel.representations

Extends—i> DocumentNGramGraph

DocumentWordGraph | ]

1 1
JM 10

ReviewWordGraph ReviewNGramGraph
1 1
ModelGraphs
=== > e uses-———— 1
| 1 |
T 1 I 1
usles 1 !
: : 2 ModelWordGraph : ModelNGramGraph
| -uses — — — > -
2
I
I
| 2 2
1
|
1 1
Run
e US?S WordGraphsSimilarities NGramGraphsSimilarities
|
I I
k& ! A )
| I N 1 :
I v1 ! I
I ! AttributeRelationFile I
| DataFiles uses— ——- - — — —uses
| 1 1
I
| : 1’l\ 1
| 11 6
e e uses—————————-—
uses \
I r———-- uses- Ao uses ——————- 1
I 11 |
I | 1
| Classifiers
_______ ClassifierEvaluation SentimentClassifier
evaluates
T 1 1
|
| /|\ 3 ﬂ\ 3
- uses-—————-— ! |
L uses —————————————————— !
1

Yyfuor 3.7: Uml Sudrypopuuar uhonolnorng.
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ReviewWordGraph

reviewGraph
preprocess

createGraph

merge
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

ModelWordGraph

reviewsGraphs
noOfReviews
window
reviewFilenames

createModelGraph
loadModelGraph
storeModelGraph
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

Yyfuo 3.8: Khdoewg avanapdotacng Hoviéhou Pe Evay yedgo.

Extends

ReviewNGramGraph

reviewGraph
preprocess

createGraph

merge
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

ModelNGramGraph

reviewsGraphs
noOfReviews
winodw
reviewFilenames

createModelGraph
loadModelGraph
storeModelGraph
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

gr.demokritos.iit.jinsect.documentModel.re
presentations

DocumentNGramGraph

DocumentWordGraph

createGraphs
mergeGraph
intersectGraph
allNotin

clone

InitGraphs
setDataString
createGraphs
mergeGraph
intersectGraph
allNotin

clone

ReviewWordGraph

reviewGraph
preprocess

createGraph

merge
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

Yo 3.9: Khdoewg avanapdotaong xetuévou ue Evay yedpo.

ReviewNGramGraph

reviewGraph
preprocess

createGraph

merge
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges




ModelWordGraph

reviewsGraphs
noOfReviews
window
reviewFilenames

ModelNGramGraph

createModelGraph
loadModelGraph
storeModelGraph
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

reviewsGraphs
noOfReviews
winodw
reviewFilenames

1

createModelGraph
loadModelGraph
storeModelGraph
removeCommonSubgraph
printToFile
printToSystemOutput
getNoOfNodes
getNoOfEdges

WordGraphsSimilarities

1

posGraphSimilaities
posModelGraph
negGraphSimilarities
negModelGraph

NGramGraphsSimilarities

graphsSimilaritiesWith
removeCommonSubgraph

posGraphSimilaities
posModelGraph
negGraphSimilarities
negModelGraph

graphsSimilaritiesWith
removeCommonSubgraph

Lyfue 3.10: Khdoeig olyxplong yedpwy.

oto oyfua 3.8. AvtioTtorya yio Ty xAdon ModeINGramGraph. Emnmiéov, éva avtixeipe-
vo Twv xhdoewv ReviewNGramGraph, ReviewWordGraph evowpatdver éva avtixelyevo
Twv xhdoewv DocumentWordGraph, DocumentNGramGraph avtictouya, xadodg avtéc ol
XNEGEC EVOWUUTOVOUY TO TEAYHOTIXG AVTIXEPEVO ToL Ypdpou (oyfuc 3.9).

[o v obyxpion petoa€d n-gram ypdgwy vhonotfinxe 1 xhdon NGramGraphsSimi-
larities v avtiotoiya yia Ty alyxpeion UeTaE) Ypdpwv AéZewv LAomoinxe 1 xhdom
WordGraphsSimilarities. Ov xAdoeic auTEC EVOWUATOVOUV TNV XANon e pevddou Tng
x\done NGramCachedGraphComparator n omola uhonotfinxe otnv BiBhodrxn Jlnsect.
H oOyxpion yedpwy mepypdpeton otig evotntes 2.3.3 xou 3.4.2. Ot xAdoelg autég ypnol-
HOTOLOVUY TOUG aVTIGTOLYOUS YRAPOUS TOMXOTNTAS Yo TNV dladixacio Tng olyxpelong, Omng
gatvetar 610 oyfua 3.10. O ypdpol TohxdTnTag elvon dUo, EPOHGOV ACYONOVUACTE UE BUO
XAAGELC TOAXOTNTAC, TNV VETIXN XL TNV 0QVNTIXT).

[Mo v Snurovpyia Twv apyelonv extaldeuone xou eEAEYy oL yenotworoLeiton 1 xAdor At-
tributeRelationFile. H »A\don yenowonotel tic Tyéc opoldnteg Petadd ToVv Yedpwy Yo
TNV amOUAXEVOT] TWV YApaXTNEOTIXWY oTa apyeio. Emniéov, evowyatdvel tnyv dnuovpyia
TV apyelwy yia T bag of words mpocéyyion. H cOvdeon twv xAdoewy nopovctdletal 6To
oo 3.11.

[o v Snuiovpyla evdg instance evoc cUYXEXEUEVOU TOEWVOUNTYH YENOWOTOLEITOL 1)
x\dor SentimentClassifier. H xhdon aut| yenowonoiel 1o apyelo exnaldevong mov on-
wovpyeltar and tnv xhdon AttributeRelationFile yio tnv exnaidevon tou to€wvounts. H
a&loAdyNon Tou emtuyydveta ye TNy xAdon ClassifierEvaluation xou ye yerion tou apyélou
ehéyyou Tou dnurovpyinxe, enlong, and tnyv xAdor AttributeRelationFile. Ot pyédodot twv
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WordGraphsSimilarities

posGraphSimilaities
posModelGraph
negGraphSimilarities
negModelGraph

NGramGraphsSimilarities

graphsSimilaritiesWith

posGraphSimilaities
posModelGraph
negGraphSimilarities
negModelGraph

graphsSimilaritiesWith

removeCommonSubgraph removeCommonSubgraph
) n
! |
1 11
! |
! |
: |
" . . uses
uses AttributeRelationFile i
! |
: relationName I
—~ 77 attributes -==
1 instances 1
createFile
storeFile

Lyfuoe 3.11: Khdoeig dnuroupyiog apyelwy extaldeuong ot eAEyyou.

xhdoewyv Tapouctdlovtar 6to oyfua 3.12. O avtioTolyog x@oixag Bivetol 6TO ToEdETNUOL.

AttributeRelationFile

relationName

SentimentClassifier

classifierName
trainFile

filter

classifier
filteredClassifier

attributes
instances
createFile
storeFile
1 N
|
——uses-———— A uses ——————— |
|
| 1
1
ClassifierEvaluation
evaluation
1 1| classifier
—evaluates— testFile

createClassifierlnstance
trainClassifier
loadSentimentClassifier
storeSentimentClassifier

evaluateClassifier
printAccuracyToFile
printAccuracyToSystemOutput
printConfMatrixToFile
printConfMatrixToSystemOutput

Eyfuer 3.12: Khdoeig dnurovpyiog tadivountodv xou alohdynorc Tou.
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Kegdhawo 4

A&oNoyYNnon ueloowy o
OEOOUEVA XOLTIXNG TOUVLDV

Y10 mhalolo autic TS gpyactag Yol TNV e€aywYY|) CUUTERUCUATWY cuyXellnxay oL To-
eaxdTe TEELC PEYOBOL EEAYWYNC YAURUXTNEIO TIXWY XEWEVOLU GE X0V BedouévaL.

e word graph (Evétnta 3.4)
e n-gram graph (Evétnta 2.3)
e bag of words ye yprion ouyvétntog eppdvions héZewv (Evomnta 2.4.3)

H yphon ouyvothtwy eugpdvions AEewy we yopoxtnetoTixd otny pédodo bag of words o-
pelleTon 6TO OTL XL OL YRAPOL YENCLOTOLOLY Bder OTIC OXUES Yial VoL BNAGGOULY TO UEGO 6p0
ouyvoTnTaC eupdavions Levyoug Aé€ewy N n-grams. Apyixd TapouctdlouUE TIC TUPUUETEOVS
ToU TPOPAAUATOS GUYXELONG. XTNY CUVEYELW, eTAEYOUUE ‘BEATIOTES THES VLol AUTES, WOTE
va emiteuy Vel 1 topdAANAn olyxeiorn. To amotehéopota xou Tor TELRdUOTA OiVOVTaL OE ETOUE-
VEC EVOTNTEC.

4.1 Acodoueva

Ou ypnotponoicoude Eavd to dedopéva amd xprtiée Ty tne Pdone IMDb!, bmac
oty npdtn oLyxpton (Evétnra 3.1.1). Ta dedopévo autd tpocpépovial omd To EpYUoTHRLO
Tou Stanford ce Suo clvoha 6mou TO Eva aPopd TNV Bladxacia TG EXTABEUCNC XaL TO
Ao TNV Swdixacta aglohdynong - eréyyou. Kdlde oOvoro mepihopfBdver 12500 positive
xou 12500 negative reviews. Enouévwe, cuvoluxd €youue dwodéotpa 50000 reviews. Kode
review elvol anoUnxeuuévo oe €va apyeio To Gvouo Tou onolou tepthaBdvel To id Tou review
ot To rating mou €8waoe 0 yeHoTNg Yiot TNV Touvia Tou oyoAdlel oe auTd, dnAadY| elvon o
woppn) id_rating.txt. To opyela mou nepthauPdvouv positive reviews €youv ratings mou
wupaivovton and 7 éwg 10.  AvtioTouya, o apyeio mou mepauPBdvouy negative reviews
€youv ratings mou xuyatvovton anéd 0 €wg 4.

http://ai.stanford.edu/~amaas/data/sentiment/
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4.2  Tlapduetpol TpoYpdUUATOS CUYXELONS

[Tpoxewévou Vo YenoonolAcoupE TIC HeVdBoug o Eva GUVORO BEBOUEVWY, TRETEL Val
Y€oouue TWES 0TS eYYEVE(S TaUPaUETEOUS Tou TPOYEduuaToS cUyxpeone. H mpocéyyion twv
n-gram ypd@wy eTBIAREL TNV EMAOYT TELOV TUPUUETEWY YLOL TNV ONULOLEYIN TWV YEAPOY,
1 onola Tponyeitar TNE exnaideuong Tou ahyoplduou. Autéc elvou:

1. graph reviews: mhfloc Twv reviews, To xelyevo TwV onolwv Vo EVOWUATOOEL O

yedpoe (Bhéne evomnta 2.3.2.2).
2. n: mAlog Twv yopaxtTipwy Tou eEdyovTtal xdde popd amd TO XelUEVO XEITIXNS.
3. Dyin: wixoc mopadtpou (Bréne evotnta 2.3.2).
Avtiotoya yior Toug Yedpoug AEEEwY €y OoulE:

4. graph reviews: mAflog Twv reviews, To xeluevo TwV omolwv Vo EVOWUATWOEL O
yedpoe (Bréne evomnta 3.4.1.2).

5. Dyin: Winog napodbpou (Bréne evéotnta 3.4.1).

ESw €youpe anaheldel TNV TopdUETEO N, OTWE TARPOUCIACTNXE GTNY EVOTNTO TG UEVOO0U,
3.4.1. Tt Toug YpAPoLS YENCILOTOLVUE ETUTAEOY TIC TORUUETOOUS:

6. remove: ONAWVEL TNV APALPEST) TOL XOWO) UTOYEAPOU TV BUO YEAPWY TOMXOTNTAS
otav tideton oe true,

7. preprocess: o(opd TNV APUUEEST) EWBWOY YULUXTARKY TOU XEWEVOU TEOTOU oUTO
evowuatwiel otov ypdyo, 6tav tideton oe true.

‘Ocov agopd Ty unyovixt udinon mou xahimteton ota otédio 2 xou 3 (Evétnra 3.5.2.2)
€YOLUE TIC TOPAUUETEOUS:

8. training reviews: avtiotolyel oto TAYoC TwV reviews mou tonodetolye 6TO trai-
ning set.

9. test reviews: avtiotolyel oto MAHYOC TwV reviews mou Tonovetolue oTo test set.

. . 7 ’ . e 4
10. positive rate: xadopilel T0 TOGOGTO TWV reviews Twv 6O TUPAUTEVE) CUVOAWY TOU
Yo avixouv atnv xAdon positive.

11. classifier: tideton (oo ye To Gvoua Tou weka classifier o onolog Yo yenowonowmiel.

2TIC TUPOETEOUE TOU TROYEUUUATOS CUUTEQLAUBAVOUUE Yol TORAUUETEOUS UE TIC OTOlES X0
Yopilouye To Bido TNUa 6T ontolo Va xupalvovTol To ratings Twv reviews mou Y enotlonoloVUe
Yio TOUG Ypdpoug, To 6OVORO exTaideucTc 1} To cUVOAO eAEYyou. Autég elvau:

12. minPosRating: xadopilel t0 pixpdtepo Yetxd rating mou €youv To reviews mou
hofBdvovton urogn.
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13. maxPosRating: xadopilel T0 yeyalbtepo YeTixd rating mou €youv ta reviews mou
hofBdvovton umogn.

14. minNegRating: xadopilel To wxpdTEpO 0EVNTIXO Tating mou €youv Ta reviews mou
hoBdvovton urog.

15. maxNegRating: xadopilel To peyahiTepo apvnTind rating mou €youv To reviews mou
hofBdvovton Lo,

4.2.1 Ilapadoyég
[t v amhomoinom twyv Telpaudtey Yewmpolue tavta to e€XG:
e To mifdog twv graph reviews eivon {510 xou yiar TG VO UEVOBOUS TWV YEAUPWY.

o H mopdpetpoc n twv n-gram ypdpwy tidetan mdva {on ye to urxog napadipou Dy,
omwe ovvndiletan ot oyetixd BiBhoypagia (BAéne [1]). Enopévece, yia toug n-gram
Yedpous xadopllouue HOVO TNV TUPAUETEO N XU OTNV GUVEYELX VETOUPE TO Dy, (00
UE N.

e Me Bdon tnv nponyoluevn onuelnon n napdueteog Dy, TAEOV agopd p6vo To ufixog
TapardlpOL TWV YEAPKY AEEEwY OTNV LAOTOINGT AUTH.

4.3 Xtadepomolnon TV ToUoAUETEWY

Kotd v tehin] olyxpion tov tpidv Yedodwy EMAEYOUUE TWES YL TIC TUPUUETEOUC
OOTE Vo €YOUUE OYEBOV TNV Bl axp{Belor amd melpaua o nelpapo. T o oxond autd
nponyNOnxe SlelorymYn AmADY TERUUATOY, TOU TUEOUCLALOVTUL GTNY EVOTNTA QUTH, XoTd
o onolar PETUPBIAAOUPE TIC TWES BACIXMY TUPUUETEWY UE OXOTO VO UEAETACOUUE TNV UE-
taBolr) Tne axpelfetag mou emTuYydvel xdie Yédodoc. e xde melpoyua yetoBdAhovye uio
Baown) TUPAUETEO, EVE ETAEYOUUE YEVIXY ATOOEXTES TWES YIX TIC UTOAOITES. XTO TENOC,
emhéyouue pio BEATIOTN TN Yioe TNV UTO PEAETT TopdueTeo. Topoxdte divouue Tig Tuwég
TWY UTOAOLTLY TUPUUETEWY TOL YeNoyloTot\Inxay oe Oha To TELPAUATA EUPECTC BEATIO TLDV
TGV Yol TG BAOIKES TORUUETEOUS:

1. minPosRating: 7
2. maxPosRating: 10
3. minNegRating: 0
4. maxNegRating: 4
5. positive rate: 50

6. remove: true
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7. shuffle: true
8. preprocess: false

9. classifier: weka.classifiers.bayes.NaiveBayes

4.3.1 Xradepornoinon Touv nARYoug Twv reviews yia To
training »ou to test set

Ly evonto auTH UEAETAUE TNV PETOPOAT TN oxpBetag oyeTixd Ye TNV UETHBOAT Tou
mAdouc twv training xou test instances. Kde instance avtiotowyel oe éva review, eno-
uévwe, avéavovtog to TAdog Twv reviews auvZdvouue ta instances tou cuvorou. Ta Tnv
otadeponolnon TN TUEUUETEOL aUTAS, BIEERY MUY TELOHUOTO UE TIC TORAXETE THIES:

1. n = Dyjn = 3 Y Toug n-gram ypdgpous (BAéne evotnra 4.2.1).
2. Dyyin = 3 Y100 TOUC YpAPOUG AEEEWY.
3. graph reviews: 2000.

Yta netpdpato yetoBdihoue to TAdoc Twv test instances amd 500 €wg 5500 ue Brua 500.
Emniéov, Vétoupe apyxd to mhfdoc twyv training instances oe 500 xan 0TV GUVEYEWL TO
uetofdihovpe amd 1000 €we 5000 pe BrApa 1000. To anoteréopata xde ThAc axplBetag
ouyxevipwinxay oe €va dLdypopua yia xdde Ty Tou TAdoug Twy training instances xou
patvovton oo oyfuata 4.1 éwg 4.6.

500 training reviews

ST N
" N\ /0

S \/
> 71 Y —#—3-gram graph
£ 69
§ 67 /\\ —&—word graph
< PN el
63 il \
- \/
59 T T T T T T T T T T T 1
Q Q Q Q Q Q Q Q Q Q Q Q Q
Q \) Q \) Q \) Q \) Q \) Q \)
ST L L P F &S

test reviews

Yyfua 4.1: Metofolr tne axp{Betag xadog auidvovtar ta test instances yia 500
reviews oto training set.
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1000 training reviews

81
79 N

77 v\"‘_\\/'ﬁ\__.
75

73
71

== 3-gram graph

o \—.\//\\\ //\ —#—word graph

Accuracy (%)

61 \ / >
59 —
Q Q Q Q Q O Q Q O Q Q Q Q
Q N Q N Q N Q N Q N Q N
RN N R S SR S SR SO

test reviews

Yo 4.2: Metaforr) tne axpiBelag xadodg avldvovtar ta test instances yio 1000
reviews oto training set.

2000 training reviews
81
7 ‘\I/.\
P —
77 ‘P’AV ~~"
75
< 73
= 71
8]
S 69
3 67 N AL A= —o—3-gram graph
o
< 45 /\/ \//_( \ —s—word graph
63
61
59 T T T T T T T T T T T 1
Q Q Q Q Q Q Q Q Q Q Q Q Q
X NS
‘o,@,{o%Q,ﬁo(bQ(b‘)b‘Qbﬁo%Q%%bQ
testreviews

Eyfua 4.3: Metafohr) tne axpiBelac xardde avidvovtar ta test instances yio 2000
reviews oto training set.

26



3000 training reviews
81
79
77 77%"&‘—%7
75
g 73
> 71
£ 69 -
é 67 ,A'/\ & S == 3-gram graph
2 ¢ N—————— —a—word graph
63
61
59 T T T T T T T T T T T 1
VO O O O QL L
S LN NSRS RL
N N A S S S S S
test reviews

Yo 4.4: Metoforr) tne axpiBelag xaddg avidvovtan ta test instances yio 3000
reviews oto training set.

4000 training reviews

81

79 ’s.\ = =

77

5oL
L 73
>
: . s gramgragh
§ s /\ e -gram grap
< / —_—— —a—word graph

65 g

63

61

59 T T T T T T T T T T T ]

Q %QQ ,&QQ \?’QQ q,QQQ ,‘5906 %QQQ %%QQ %QQQ b(pQQ %QQQ (,)(’}QQ QQQ

test reviews

Yyua 4.5: Metafohr) tne axpiBelac xardde avgdvovtar ta test instances yio 4000
reviews oto training set.
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5000 training reviews

w

A NN
O =

Accuray (%)
o))
~

-« A A =¢=—3-gram graph

65 —s—word graph
63
61
59 T T T T T T T T T T T 1
O O L L OO eSS
LS P N ST TN SSSS
AN N R D S A MO A N

test reviews

Yyfua 4.6: Metaforr tng axpiBelag xadog avldvovtar ta test instances yio 5000
reviews oto training set.

Ané To Srarypdupota Tou Teoéxuday Topatneolue OTL 6co auidvoupe To péyedog Tou
training xou tou test set €youue pxpodTeEN Bladuavon oty T TNg axplBelac xdie ue-
Y6dou. O nepintioeic emhoyrc 500 ¥ 1000 reviews 6to cUvolo exnaideuong gaiveTon vo
unv empépouy alyxAlon TNe TWhc Tne oxpifelac yopw and wla twh (oyfuata 4.1, 4.2).
ITpoxewévou va €youue a€LOTO TN EXOVA TG ETUB0ONE TwV YEVOSWY TEETEL VoL ETAEEOUUE
TouldytoTov 2000 training reviews. ' Adyoug oixovoulag mépwy xou yedvou eTLAEYOUUE
axp3ide 2000 reviews yio T0 GOVOAO EXTAUBEVCTC TWV ETOUEVOY TELQOUATOV.

AvtioTtorya yia to oOvolo eréyyou (test set) mapotnpodue 6Tl 1 SaXOUAVOT) HELDOVETL
Wiadtepa Gty ypnotponoolpe Teptocbtepa and 2500 test reviews (oyfuota 4.3, 4.4, 4.5,
4.6). H Swxdpavorn épng, eivor mohd uxer xau pnopel va ogeileton otar dedouéva. Eno-
HEVWS, Yot Aoyoug owovouiag yeovou emhéyouue 1000 reviews yio 10 GUVOAO EAEYYOU TWV
EMOUEVWV TELRAUUATWY.

4.3.2 Yradepornoinon nAYoug AE€ewv oto vocabulary
set

To mifdoc twv Aé€ewv tou anodnxebovion 6to Ae€ihoyto e bag of words npocéyyi-
one xadopileton amd €va dve 6plo Aé€ewyv Tou divouue we elcodo. O Aégelg Tou Aedloyiou
Tpogpyovton amd To training set. I'ia Tnv elpeom evog ixavomonTixol oplou Aé€ewy otoe-
pomotolue o TAfdog Twyv training reviews o 2000, 6mw¢ utohoyloTNXE TNV TEONYOUUEVT
evotnra. ‘Etot, ymopolue vo unoloyicoupe plor Bértiotn’ tur v to péyedog tou Aedl-
hoyiou mou Bnuovpyeltar and Tic Aéelg Twv 2000 reviews Tou training set. Emmiéov,
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¥étouue 1000 reviews oo test set, xou uetofdihouye to dvew dpto Tou TAdoUE TV AEEEwY
am6 1000 €w¢ 1000000 yiar vo peAethicoupe TNy eToorn Tne axpifelag. Xtny neplntworn av-
T}, XPMNOHLOTOOVUE TOV YVWOOTO Yo TNV Tpoogyyion bag of words ta&vounty) multinomial
naive Bayes. To meipopo autéd agopd poévo tnv bag of words npocéyyion. To anotéieoua
Topouctdletal oto oyfua 4.7.

# words in Bag of words vocabulary set
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# words in vocabulary set

Yyfuo 4.7: MetafBoly) tne axpifetog oyetind e to uéyedog tou Aelhoylou tne bag
of words npocéyylong.

Hapoatneolye 6T 660 AUEAVOLUE TO dve OpLo Tou TAYoUC TwY AéZewy TOGO auEdveTo
1 oaxpifela €wg 6tou eméhdel xopeopoc. Autd ogelletan oto 6Tl 1) pédodoc mpoomadel vo
OrnovpyoeL éva Sdvuoua pe uéyedog xovtd oo dvw oplo Tou TAoug Aélewy Tou Yéouue
xau ot AEEelg Tou yenoulomololvton tpoépyovton omd to 2000 training reviews. Enopévoc,
oL BlaxpLTéC AEEelC TToL eE4yOVTAL Yiot TO BLEVUGCUO BEV UTOPOUY VoL EEMEREGOUY GUVOMXS. piot
. Emouévwg, unopolue vo Yé€couye to dvew dpto tou mAdoug twv Aéewv oe 50000 1
100000 6tav yenotpomootue 2000 training reviews.

4.3.3 2radepornoinon nAnYoug reviews yia Toug Yedpoug

To mhfoc Twv reviews Tou eVeOUAT®VEL 0 Xdie YpdPoC TOMXOTNTAS ATOTEAEL plot o1
MOV TIXT TIORAUETEOS, XAVWS O YEAPOS AVTITROCWTEVEL Xelpeva NG avTio Toly g TOAXOTNTAS
X0l oo AUTOV EEAYOVTAL TWES OUOLOTNTAS UE TOUS YRAPOUS TWV reviews mou Yo anoTEAEGOUY
Ta instances exmaldeuong xou eréyyou. Emouévwg, emupolue Ty eVoWUATWoT UeydAou
nhdoug reviews, WoTE 0 YPAPos va ‘avoryvewpeilel Ta reviews tng (Blag moAxOTNTAC UE
oUTOV.
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[ty edpeon plog xahhg TWAS Yo TNV TUEGUETEO AUTH|, YETOULOTOLACOUE TIG TOROXATE
TWES YL TIC TORAUETEOUG.

1. Dyin = n = 3 Yyl TouC n-gram ypdpoug.
2. Dyyin = 3 Y10 TOUC YpAPoUC AEEewV.
3. training reviews: 2000.

4. test reviews: 1000.

To mAfjdog twv graph reviews petafBdiieton and 100 €wmg 1000 ye Brua 100 xon otny
ouvéyew and 1000 €we 5000 pe Briwo 1000. Kdde melpopa pe ocuyxexpiuévo nafdog graph
reviews (m.y. 5000) dieZrydnxe tpec Qopéc pe oxomd Vo UTOAOYIGOUPE TO UECO 6pO TNC
axp{Belog xan vor amo@iyouUe TUYOV BlaxLUAVoELS ToL ogellovTal o€ VOpUB0 TwV BEBOUEVKV.
To anotéheopa TV TEWROUATOY CUYXEVTEWINXE 0T didypoauuo 4.8.
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graph reviews

Yyfua 4.8: Metoforr) tne axplBelag xadodg auidvoviar ta reviews o€ xdie ypedpo
nohxotntoc (NB: naive Bayes).

To Bidrypayupo autd dnAdVEL Eexdibopa TNV LTEEOYY) TNS YPHONS AEEEWY OYETXE PE TNV
YeN\on 3-grams yopaxTHEWY GTOUC YEAPOUS. XE ENOUEVY EVOTNTA TUPATNPOVUE TNV eNBOOT
Lot SLopopeTIXd urxn Toportipou xadde xou yia Yo 4-grams yueaxTheemY 6ToUS YEAPoUS,
ot onolot cuvndiCouv va emTLYYdvoUY UeYaADTERT axplfBeia amd Toug 3-gram Ypdpouc.

Yxondg pog elvon 1 emAoyy wlag Tung yoew and Tty omola OeV UTAEYEL UEYAAN Olo-
xOpovon e oxplBelag Twv uedodwy. Tapatnedviog 1o Sidypouuo SLTO TOVOUUE OTL OAES
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oL Tiég mavew and 1000 reviews etvan xavomonTxES Yior TNV GUYXELGT| TOUS, xadmS (alveTtal
va otardeponoteiton 1 axpifeta YOopw amd uio Tiwn. Adyw Tng YEYAANC XATAVAAWOTS YEOVOU
yio Toe emopeva tepduata emAgyouue 800 reviews yila TNV EVOWUAT®oY oTov xdie Yedgo
TOAXOTNTOC, XIS anoTeAoVY Ula TepinTwor omou 1 axpeifeta elvor xovtd oty Ty Tou
ETUTUYYAVETAL UE TEQIOCOTERN reviews. XTo TEAOC Tou xealaiou SLleldyouUe TeELRdUATOL UE
neplocodtepa graph reviews ¢ote vo pehetioouue Ty oyetiny e€EMEN Tne axpifelog Twv
6V0 PeBEdWY ExovTag oTadEPOTONOEL TIC UTOAOLTEG ToRUETEOUC O BEATIOTEG THUEC.

4.3.4 Stodeponolnorn prAxoug ToeadLEOL TWY YEAPWY
AECEWV.

To urxoc mopadipou elvon plar Ty mou BnAdvel To Toedupo and To omolo e€dyOoUUE
yertovixée Aé€eic xde popd (Evotnta 3.4.1). T tv emdoy piog xohhe TWAC Yo auTthv
TNV TOEAPETEO BIEEAYOUUE TO TOQoXdTe TElpopo UE TIC TWES ToRoUETPWY TOU TRoExuay
Ao TA GUUTERAOUATA TV TEONYOUUEVLY EVOTATWYV:

1. graph reviews: 800
2. training reviews: 2000

3. test reviews: 1000

Accuracy using NB

80
79
78
77
76

A\

75 f =¢—word
74 graph

73
72 /
71

70 T T T T T T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10 11 12

window size

Accuracy (%)

Eyruo 4.9: Metofol tne axplBetoc xadde audvevton to urxog mopadveou (NB:
naive Bayes).
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Yta mewpdpata ) T Tou prxoug mapadipou petadAietan amd 1 €wg 11. T xdie
CLYXEXEWEVN TIY| Tou prxoug mapadipou Sledrydnxoay 10 SlopopeTind TELRdUOTA XoL UTO-
hoylooue To YUEco 6p0 NG axpifelag yia vor amoplyouue TLY OV dloxuudvoels. To anotéheoua
TapouctdleTon 6To Oidypopua 4.9.

Hapatneotue otL 1 axpiBelor augdveTtar apyixd xan TUPUUEVEL OYEDOY GTordept| UETA oo
vty 4. Enopévee, damotodvouue 6tL 1 anodixeuon tne yertvioong twv Aégewy elvon
ONUOYTIXA Yo TNV €TB0OT TWV Yedpwy Ue yeron Tou akyopiduou naive Bayes. AZ{lel
vo onuetwdel 6T 660 aLZdvoupe TI¢ YEITOVIXEC AEEELC Tou amoUnxelovTol aUEAVETOL XL O
YEeOVOC dnutovpYlag Tou Yedpwy, OTwe galvetal oto dudypauuo 4.10.

Graphs Creation Time
6000

5000 /

4000

3000 =—o—word
graph

2000 /

1000

0 / ; ; [ [ [ [ [ [ \

0 1 2 3 4 5 6 7 8 9 10 11 12
window size

Time (seconds)

Eyfuor 4.10: Xpdvor drnuovpyiag yedewy yia xdie pixog mapadioou.

[opatnedvTag To didypouua TN axelBelag SLIMOTOVOUUE OTL 1) ETAOYT UEYOADTEQOU
napardpou Bev emupépel yelpdTepn axpifela. Autod ogelleton 6TO OTL 1 AMOVXELOT) TERLO-
OOTEPWY YELTOVXOY AEEewY BeV emneedlel apvnTixd TS OUOLOTNTES TOL TEOEXUTTOY UETOEY
YEAPwY UE UxpoTERO Urxog mopadipou. Ot emmA€ov axpuéc Tou ToToVeETOUVTOL ETPELOUV AV
Oyt deyohlTepn axpifeta, ToLAdYLoTOV TNV axplBela Tou Yo TROEXUTTE Yio XEOTEQO UHXOS
napardpou, dnhadt yior Aiyotepeg oxuéc. H tuydv uixen draxduavern ogelletar otny yeron
BlopopeTixwy dedouévmy. ‘Oung, o ypdvog dnuioupYlog TwY YEdPwY aUEEVETOL YROUUXE UE
v aOnoT TV YEIToVXGY AéEewv mou tonovetolvtan. Enopéveg, yia v emioyy plog
TWAC Yot To Uixog Topadlpou YENCHIOTOWOUUE TO CUUTEQUCUN TNG EPELVNTIXNG EpYaoiog
[1], émou 1o prxoc mapadipou yio Toug n-gram ypdpouc tieTton 600 TO N Xou ETUPEREL TNV
uéytotn enidoor. Katd v dnulovpyia twv yedpwy Aéewv anaielpous tnv mopdueteo n
TV n-gram ypedgponv mou xadopllel To Thdog TV YapaxTthemy Tou eEdyovTol xo €YOUUE
Ae€eig ue YetaPAnTto mAfdog yopoxthewy. T'a o Adyo autd, otny MepInTwon TV Yedpwy
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AeZewv emhéyoupe uixog topadipou Tou avTioTolyel 6To Yoo unxog plog ayyhxng AéEng,
onAadh 6. Autrh 1 Tiun empépet oaxplBela xovTd oTIC TWES axpEiBElag TOU EMTUYYEVOUNE UE
peyohitepo mapdiupo. EmmAicov, elvor pla tiur 6mou o ypdvog dnutovpylac TV Yedpwy
elvon oyYedOV oY) OPA.

4.4 XOyxplon

Y10 onuelo autd YENOoWOTOVUE TIC BEATIOTEC TWES TV TUPAUUETEWY TOU ETAEEOUE
OTNV TEONYOUUEVY EVOTNTA Yiot TNV oUYXELON TV Telwy pedodwy. Koatd tnv clyxeion
emxevTpwixaue otov naive Bayes todvounty.

4.4.1 Xpnomn naive Bayes

Yty evotnta auty), Yo yehetrioouye Ty enidoon e yerorn tou naive Bayes taivountn
(evomnta 2.5.1.4). Anhad Vétouye:

e classifier: weka.classifiers.bayes.NaiveBayes
[o euxohior TopouctdloVUE TIC UTOAOLTES TOEOUETEOUC:

1. Dyin = 6 (ypdpol Mé&ewv)

2. graph reviews: 800

3. training reviews: 2000

4. test reviews: 1000

5. Dyin = n =4 (n-gram ypdgpot)

6. remove: true

7. shuffle: true

8. preprocess: false

O¢TovTag aUTEC TIC TopaUéTeoug Teédoue Tpla TelpduoTa xou UTtohoyioaue To Yéco 6po Tng
axp{Beloc. Xty ouvéyela Tpé€aue Telo TEWRdUATA UE M = 3 Ylo TOUC n-gram YEdApouC,
xaddg anotelel cuyvd yenowwonoouevy Ty pall e Tnv T n = 4, xou utoloyicaue To
u€oo 6po tng axp{Beldc Toug.
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Accuracy using NB
bag of words

3-gram graph

B Accuracy (%)

word graph

60 65 70 75 8

0

Yyfua 4.11: AxpiBelo mou emtuyydver xdde pédodoc ue yerion naive Bayes.

4.4.1.1 AxpiBeia

Y70 dudypappa Tou paiveton 0To oyfua 4.11 cuyxevtproaue Tov p€co bpo g axp{Belog
Twv Tepaudtey. Iopatnpolue ot 1 u€dodog Twv YedPmY AEEEWY EMTUYYAVEL TNV UEYO-
Notepn oxplfBeio. Apywd, 1 Beltiwon TV n- gram ypdpwy oyeTixd Ue TNV TEWTN 0OYXELoN
TOU TOEOLCWIoTXE otV evotnTa 3.1.1 ogelheton otV aolpeon Tou xOWOU LTOYEAPOU
peTa) TV duo Yedpwy Ttolxdtntac. H enidpaon tou xowol unoypdgou pehetdton oTNV
evotnra 4.6. H mepantépn Bedtioon tng pedddou twv n-gram ypdpwy EMTUYYAVETOL UE
Vv Yeron Aé&ewv To omoio avtictolyel otny uédodo word graph. Autéd ogelheton oTo dTU
amo@elYOLUE TAEOV TNV EPPAVION (BLV N-grams oToug YRAPouE TOMXOTNTIC omd AEEELS
OLUPOPETINNAC TOMXOTNTAG, ONUAVTXES Yo TNV e€aywyy| cuvaucUfuatoc. H pédodoc bag
of words emituyydvel wxpdTeen axpelfeia ue yeron Tou naive Bayes and ot pe v yeron
Tou multinomial naive bayes mou eldoye otnv tewTN clYXEIoN Toug oTo Kegpdhato 3, yoti
elvon BlapopeTint| 1) UTOVEST YLoL TNV XATAVOUT] TV DEDOUEVOY TWYV YUQUXTNPLO TIXWY, OO
avapepope oTny evotnta 2.5.1.2 yia Toug naive Bayes tolivountéc. o v xahbtepn xota-
vonon tng enidoong xdde peddodou cuyYElVOUUE O ETOUEVES EVOTNTES XL TNV XATAVAIAWOT)
TopwY NG xde uiog.

4.4.1.2 Xpoévol extéleong

Efvar onpovtind va a€loloyooupe Tic uetddoug xou Ye Bon To ypdvo Tou XaTavokidVouy
v Ty eniteudn avtig g enidoong. Xto dudypopua 4.12 mopouctdlouue TouC YEOVoUS
xdde otadiou yio xdde pédodo, moOU AVTIOTOLYOUY GTOV PEGO GPO TWV YEOVLY TV TELWY
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TelpopdTwy. YTreviuuilovue ta oTtddlo TS evoTnTag 3.5.2.

1. Tpwto otddio: Anuovpyia yedowy (Lto dorypdupuata: Graphs Creation).

2. Acltepo otddio: Anuovpyia apyelwy ye training xou test instances (Xto Storypdy-
woto: Instances Creation).

3. Tpito otéd0: Anuouvpyio tadvount o allohdynot tou (Xto Swrypdupato: Trai-
ning & Testing).

Stage Time (seconds) using NB

d.I 125.93
bag of words ||0.85 ' Training &

Testing Time

Creation Time

4-gram graph 1579119 2452.17 B Graphs

Creation Time

word graph 2871.88

0 1000 2000 3000

Yyfuo 4.12: Xpdvor 3 otadlowv yia xdide pedodo.

O ypdvog exmaidevong pe 2000 reviews poall ue Tov ypdvo tavounong twv 1000 reviews
elvor MydTepo amd €va BEUTEQOAETTO YIoL TOUG YPAPOUC eV elvan duo Aemtd yiar T uédodo
bag of words. Autd ogelletan oto OTL 1) YéVodog bag of words yenowwomolel éva ueydio
mhfdog and features mou avtiotolyoly o Aé€eic. Avtideto, xou o Teelg uévodol yedpuwy
yenowonoloLy uévo 6 features mou avtioToryoLy oe THWES opoldTNTC YRdPwY. Emouévac,
N XeHon TV PEOdWY YRAPWY YLoL TNV XATNYORIOTOINCT TOU CUVULCUNUATOS EVOS XEWEVOU
elvon TOAD yeryoen.

And v dhAn, n uédodog bag of words dev mepuhopfBdver T Sodixacio dnutovpyiog
Yedpwy 1 omola unopel va Yewendel dradacio tpoeneiepyastiag, oo mponyeiton Tng dlo-
owactog e unyovixAc wdinone. Ou y€dodol twv ypdgpwy enouéveg, avtiotaduilouy to
UXEO YEOVO TAZVOUNOTC TWYV Teviews UE XATAVAAWGT UEYAAOU Yeovou Yiol TNV dnutoveyia
TV YPAPOY eV To oTddo Tne unyavixic pdinong. Ou yedvol dnulovpyiog tTwv yedpwy
Tapouatdlovtan eniong oto didypauua 4.12. Ot ypdvor autol uropet vor unv Angdoly urddn
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av oxe@tel xavelg OTL oL ypdgpot dnuiovpyolvTan uiot POEd Xol TNV GUVEYELNL (PORTWMVOVTAL
OTN UVAUT Yo TNV ¥eY 0N OE XATOLoL EQURUOYT) TAEVOUNONS CLVAGUAUNTOS XEWEVoL. ‘Oung,
elvon onuavTIXd YeYOADTEROG O GUVORNXOS YEOVOS YLl TIC UEVOBOUS TwV YRAPwY 0 onolog
Tapouctdleton 6To dtdypopua 4.13. Xe autd, Brémouue 6TL N pédodog yYedpwy Aélewy elvan
mo yeryoen and tn uédodo Twv 4-gram yedpwy. Autd ogetheton oty mo yeryoer efo-
YOYH 0po0TATOY PETOED Yedpwy Aélewy and oTt petodd 4-gram yedpwy. Ano tnv GAAN
TOEATNEOVUE OTL 0 YEOVOS SNULoLEYLAC TV YRAPeY AéZewy eivon HEYAUA)ITEQOS amd TOV YPOVO
onuovpYlog Twv n-gram yedpwy.

Total time using NB

bag of words -h 126.79

3-gram graph
M Total time

(seconds)
4-gram graph

ot

0 1000 2000 3000 4000 5000

Lyfuor 4.13: Xuvohindg ypeovog yia xde uédodo.

4.4.1.3 Meyedn yedpwy

LTy evOTNTA QUTH CUYXEIVOUUE TNY XATAVIANDGT) Y OEOL TV TELWY HEVOOMY TV YRdpuY.
"ot T0 %016 aUT6 €€dyoLUE TO TARVOC TWV XOUBWY XAl TV 0XUMY TOU TERLEYEL XAUE YRAPOC
TOAXOTNTOC Yo auTEG TIC hevodoug. To anoteréouota cuyxevTpwvovTal oTta oy fuato 4.14
xou 4.15.

Kot ota Suo diorypdupoto mapatneolue 6Tl 1 uédo80g Twv Yedpwy AEEEWY XATAVUADVEL
AYOTERO ‘Yo’ and 6Tl 1) uEYodog Twv 4-gram yedpny. Autd OQelheTal 0TO OTL OL XOWVES
AéZelc UeTAED TOV Teviews ouyYwvelovTol Ge £va xOUP0 ot €TOL UELDVOUY TOUS XOUB0UC ToU
yenowonowoLy ta 4-grams. Emfefoumvouye ye autédv tov tpémo to Yopufo mou dnutovpyet
n e€aywyn 4-grams. AvtioTtorya, xou ol oaxuéc mou eugaviCovion oToug Yedpoug AEEewy
elvo TOAD AYOTERES, €POCOV €YOUUE TOAD AYOTEQOUC XOUPBOUC %ot €YOUUE XATAUPEREL VoL
GUAIBOUYE TO TEQLEYOUEVO TOU XEWWEVOU, xodwg éva (euydipl Aé&ewy Umopel vor uTdpy el 1T
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Graph Nodes

3-gram graph
m Negative
. . 63749 graph
-gram gra
8 grap 65194
M Positive
graph
2854
word graph
grap 30251
0 20000 40000 60000 80000

Yyfua 4.14: X0yxpion x0uBwv yedpowv toiotntag ye 800 reviews o xadévoc.

Graph Edges

3-gram graph

 Negative
4-gram graph 809333 graph
: o 881858
m Positive
graph

353

word graph
grap 556749

0 200000 400000 600000 800000 1000000

Lo 4.15: Bdyxpion oxuey yedgwy toAxdtntag ve 800 reviews o xadévag.
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OTOV YPAPO UE AmMOTENEOUA VoL YPELGleTaL EVIUEP®aT Tou Bdpouc TNg oxung xou Oyt ToTo-
Vétnom véag axunc. H uédodog towv 3-gram ypdgpwy xotavah@dver ToA) AyOTEQO Y1Eo AOYw
NG Uxeng TS m 1 omtola GUVETAYETAUL TOAD ALYOTEQO GUVOLUGUO N-grams TOU UTOROUY VL
EUPAVIOTOUY 0TO Yedo. Me tnyv yerion twv 3-grams ydveton OUng, 1 duvatotnta cOAANdNG
TOU TEEPLEYOUEVOL X0 OONYOUNACTE OE UxpoTepn axpifeia mopdro to peydio mhdog twv
reviews.

4.4.1.4 Ilepioocodtepa reviews cToug YRAPOUS TOAMXOTYTOG

Yy evotnta auTy) YeeTdUE TNV eNiBooT TNE UeVdou TwV Yedpwy AéEewy peToBdANo-
VTaG TAEOV To TARVOC TV reviews To Xelevo Twv omoiwy amodnxedouy oL yedpol TohL-
x6tntoc (graph reviews). O Adyoc mou emdupolye va avEricouye to TAYdog Twy reviews
TV Yedpwy eivan eneldn) 6tay otadepomolficoue TNV Ty Toug o 800 reviews otny Evotnta
4.3.3 elyoue mopotnerooue yeyalbtepn axpifeia yio yeyolbtepo mAfidog reviews, ahhd emi-
Aé€ape ta 800 reviews pe oxomo6 Vo SleuxOAOVOUUE TNV SLECoy WYY TWV ETOUEVLY TELRUUATWY
e epyootac oauthc. Eyel 10N avagepiel TL 1 yerion ToAGY reviews 6Toug yedpous dev
Yo TEEmEL var wag evotapépet, xadde autol dnuloupyolvTan Uia Qopd yio TNV Yenowonoino
Toug o€ xdmoto egapuoyy. H evnuépwon towv yedgwy pe emmiéov dedouéva - reviews e€op-
TdTon amd TNV QopUoY T xou eV amoTehel Uépog Tng Bladixaciog Tagvounong xdde xeyévou
oAAG umopel vor cuyfatvel avd Slao TAATH 6Tay To amoutel 1) eqoppoyt). Ta mepduota Tou
oLegydnxay Aoy TNy Lop@r:

1. Dyin = 6 (ypdpol Méewv)

2. Dyin = n =4 (n-gram ypdegpot)

3. training reviews: 2000

4. test reviews: 1000

5. classifier: weka.classifiers.bayes.NaiveBayes
6. remove: true

7. shuffle: true

8. preprocess: false

omou to mAfYog Twv graph reviews malpver Tic Tywég 100, 400, 800, 2000 xon 4000 reviews.
[Mo xdie mhdoc twv graph reviews diedynxay tplo telpduota and To onola UTOAOYICTNXE
0 Yéoog 6pog tng oxpBelac. To anoteAéouata divovtar oto oyrua 4.16.

[opatnpolye Ot 1 uédodog TV Yedpwy AECewy BeATiOvel TNy enidooy| Tng 6o ou-
EaveTon To TARUOC TRV reviews Tou EVOOUATOVOLY Ol YEAPOL TOMXOTNTOG. LUYXEXQULEVL 1)
axp{Belo Tou emTUYYAVOLY OL YEYodoL Exel ueEYAADTERY Blaopd amd auTAY Tou Tapouaiale
yioe 800 graph reviews. H otodioxn Bedtivon tng puedodou ogeiletar otny evowudtnmor
TEPLOGOTEQWY TeViews, ETOUEVS, XoL TEPIOOOTEPWY AEEEWY OTOUC Ypdpoug woll ue TiC Yel-
Tovxég, To omolo €yel we anoteAéopa TV oOAANdT Tou TEdTOL Ue Tov onolo exgppdlovTal
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yia €var Véua ou yprnoteg. H 6éa auth umopel v Yewpniel tohd xovtv otny dadixocio
e pevodou bag of words 1 omolo uéow TN unyovixAc pdinong ‘padalvel’ and tnv yenon
TeplocdTEpWY reviews. Avtideta 1 uétdodoc Twv 4- gram Ypdpomv QaiveTon Vo SLUXUUOLVETOL
YOpw and uio Tiwr axplBelac ywelc va ‘padaivel’ and TNV eEVOOUATWOTN TEPLOCOTEPWY Te-
views, eve 1 uédodog Twv 3-gram yedgwy gaiveton vo yelpotepelel. No onuewwdel otL
uédodoc bag of words tomodetiinxe oto Sidypauua yia TNV Tagovsiaot Tne axpelBelag Tou
meTuyabvel, xaddg dev ueToBdAAel TV axp{Belar TG UE TNY aAAAYT) TWV reviews Tov Yedpwy
agol dev toug yenowonotel. H axpifBeid tng yetaBdiieton Aoyw tne ¥eH|ong OLaQopeTIXmY
training xou test cuvorwv. Lto Sdypapua 4.17 Tapouctdlouye yio dieuxdhuvor Tic axplfeic
Téc Tou Y€oou bpou g axplfetag xdle pedddou (xdle Ty avtioTolyel oe Yoo 6po TELDY
TELPAUATWV).

Accuracy using NB
85
80 — —&—word graph
S - 4-
& 75 gram
2 —— —= graph
g
§ 70 - bag of
< words
65 =>é=3-gram
graph
60 T T T T T T T T 1
Q Q Q Q Q Q Q Q Q Q
Q Q Q Q Q Q Q Q Q
8 N NS N N o e N N
graph reviews

Yyfuo 4.16: Zuyxpton pedodwy Yo SrapopeTind TAfdoc reviews xdie ypdgpou
TONXOTNTOG ME Xpnﬁn naive Bayes. Enueiwon: H pédodoc bag of words dev dnpiovpyet
yedpoug xar tonodeTdnxe Yoo AGyoug TANEdTNTOC.

[Mo vo pedethicoupe TePLOOOTERO TNV YeHoT Tou naive Bayes otoug ypdgoug cpeu-
vAoope TNy xatavoun twy yopaxtnelotixdy (features) Sedouévne tne xhdone, dtou dmwe
€youue avopépel o xhaotxdc naive Bayes tolwvounthc (Evétnra 2.5.1.4) urodéter 6Tt etvan
xavovixy). Apyxd UTOAOYICOUE TNV XATOVOUY) TWV YAEAXTNEICTIXE TwV test instances twv
Yedpwy A&ewv ue yenon yhwooag R. Iapousidlovye tny xotavoun xdde evog and to 6
yopaxtneiotxd, PosCS, NegCS, PosNVS, NegNVS, PosVS, NegV'S 6edopévne tne xhdong
TolxoTNTOE, OTou uneviupiloupe 6TL 1) oEVNTIXY xAdon avTioTotyel oe 0 o 1 VeTnr xhdom
oe 1. H npdieon Pos avtictouyel otov deixtn opotdtnrog pe tov ypdpo JeTixnc ToAxoTn-
Tag, xat avtiotoya ) tpddeon Neg ue tov yedpo apvnuxhc todxotntag. Ta anoteréopota
patvovton ota oot 4.18 €wg 4.20.
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Accuracy (%) using NB

3-gram graph 4000 graph reviews

2000 graph reviews

4-gram graph m 800 graph reviews

B 400 graph reviews

word graph m 100 graph reviews

100

Yyfuar 4.17: Twéeg axplBetag pedodmv yia SlopopeTind mAdog reviews xdie
Yedpou TONXOTNTAS.
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0 10 20 30 40
PosCS density

Lyfuor 4.18: Koatavour| twv tuyoiwy puetofintov Containment Similarity
0edOPEVNS TNE XAdoNg amd To dedoUEva TwV test instances.
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Yyua 4.19: Koartavour tov tuyaiov yetofintov Normalized Value Similarity
OEdOMEVNS TNG xAdoNG omd To OEdoUEVY TwV test instances.
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Eyfuor 4.20: Koatavour| towv tuyalwy uetoffintov Value Similarity dedouévng tng
xhdong and To Oedopéva Twv test instances.
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Yyua 4.21: Koravour tov tuyaiov yetofintov Containment Similarity
0edOEVNS TNE XAdoNg amd To dEdoUEVa TwV training instances.
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Yyfuor 4.22: Katavour| v tuyoalwy petofintov Normalized Value Similarity
0edopévne TN xhdong amd T dedouéva Twv training instances.
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Eyfuor 4.23: Koatavour| v tuyalwy uetoffintov Value Similarity dedouévne tng
xhdong amd To dedoueva TwV training instances.

[opatneolue OTL 1 XATAVOUT TWV YURUXTNPIC TIXWY OEDOUEVNS TNG XAdoTNE Elvor Xovo-
vixy), ue e€aipeomn v xotavoun tou VS similarity n omola 6uwe, dev dnutovpyel yeydro
TEOBANUa pe TNV umddeon xovovixAc xatavourc Tou naive Bayes. I to Adyo autd
eapupoYn Tou naive Bayes eivon xohr| emhoyr| ue Ty nponddeon 6Tl 1 xoTavour) Twv yopa-
ATNPLOTIXWY 07O training set vo elvon xou oauth xavovixr. Egapudélovtag tnv da Stodixacio
Yo TOL YORoXTNEIOTIXG TwV training instances mopatneooue emiong, xavovixr xatovoun
omwe gaiveton ota oyfuata 4.21 €wg 4.22, ye elolpeon xan TAAL TG xoTavouRc Tou VS si-
milarity. Emouéveg, o alydpripog naive Bayes exnoudeltnxe Bploxovtog Tnv xotavour| yio
AAVE YoEoXTNELO TG BEBOUEVNC TNE XAdoTC and To training instances xou oTnv cUVEYELL TNV
egdpuoace yloo TNy xotnyoptonoinon twv 2000 test instances, 6mou nétuye 81.3% axpBeta.
Emmiéov, and ta Sorypdppoto (m.y. to ddypapua 4.21) a&ilel va onuetwdei 6Tt tar xelpeva
Tou avixouv otny Vet xhdon (1), napovcidlouv peyahitepa similarties ye to Yetxd
yedpo (m.y. PosCS), xou avtictorya yio tar xelgeva mou avixouy otny apvntixt xAdon (0),
6mou mopouotdlovy peyahitepa similarities ye tov opvntixd yedgo (m.y. NegCS). Hopdho
oUTS LTTdEYEL ETXAALYT UETAE) TV CUVOAWY TWYV THOV TWV OUOLOTNTWY Yiot T YeTIXd Xou
YLOL TOL PVNTIXG Teviews.

4.4.2 Xpnon dAAwv classifiers

Ly evotnta auTy cUYXEivouUe TIC UEYOBOUE YENOLOTOLWOVTIS TO GEVTPO AMOPACENDY
(J48) xou tov multinomial naive Bayes. Xto 8udypoppo 4.24 cUYXEVTPOOUUE TOl ATOTE-
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AouaTo TV TElwY EXTEAECEWY TOU TUEAXATL TELRHUATOC!
L. Dyin = 6 (ypdpol Mé&ewv)
2. Dyin = n =4 (n-gram ypdgpot)
3. graph reviews: 800
4. training reviews: 2000
5. test reviews: 1000
6. classifier: weka.classifiers.trees.J48
7. remove: true
8. shuffle: true

9. preprocess: false

Accuracy using 48

bag of words

3-gram graph

® Accuracy (%)

word graph

60 65 70 75 80

Yo 4.24: AxpiBeia Tou emtuyydvel xde puédodog Pe yerom BEVIEOU aToPAGENY
(J48).

Ko og authv v nepintwon mopotneolue OtL 1 pédodog TV Yedpwy AEEewy TETUYALVEL
N yeyahitepn oxplfBeia. Anodewvietan €Tat, 6Tl 1 pédodog TV Yedpwy hEewv 0dhynoe oe
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Stage Time (seconds) using J48

1446.22 .
bag of words |#{1.06 ® Training &

Testing Time

M Instances
- “ 651.39 i i
3-gram graph T Creation Time

- B Graphs Creation

4 h Time
-gram grap m 1579.19

word graph

2871.88

0 1000 2000 3000

Yyfuo 4.25: Xpdvog xdie otadiou mou xatavahdvel xdie uédodog.

Total Time using J48

bag of words

H Total time
(seconds)

3-gram graph

word graph

|

1000 2000 3000 4000

(=)

Yyfua 4.26: Xuvohxog ypovog Yo xdie uédodo.




TEPLOCOTERO Oy wploa cOVola, To omolo emtuuel 0 ahydELiuog Tou BEVTIPOU ATOPACELY
(Evéotnra 2.5.2). Enopévoc, oupnepoivoude xon téht 6t 1) uédodog twv n-grams Snuiovpyet
YopuPo xodwg ‘ondel’ Tic Aéelg oe n-grams.

Y10 oyfua 4.25 divouye Toug yedvoug xdide otadiou yio xde pédodo. Ilopatnpolue
HEYOADOTERN XUTAVAAWOT) YeoVou and TNy uévodo bag of words, 6mwe emBeBarvel To oy rjua
cLYOAOU yeovou extéleong 4.26. Ta Tov Aoyo autd xou EMEWDY) TETUYALVEL UXEOTERT
oxpifBeto and tov naive Bayes, dev mpotelveton 1 yeron Tou SEVTEOU AmOQACEWY Yiol TNV
cUYXEIOT TWY TEWOY UEDOOWY.

[ vo pehetiooupe tny enidoon ye tov alyoprduo multinomial naive Bayes, die&ryin-
OV TEELC EXTEAECELS TOU TUPAXATL TELRHUATOC!

1. Dyin = 6 (ypdpol MéEewv)

2. Dyin = n =4 (n-gram ypdgpot)

3. graph reviews: 800

4. training reviews: 2000

D. test reviews: 1000

6. classifier: weka.classifiers.bayes.NaiveBayesMultinomial
7. remove: true

8. shuffle: true

9. preprocess: false

Y10 oyfua 4.27 divoupe Ta amoTEAESUAT TOU PEEOU GROoU TNG oxp{BElag TWV TELDY TELRo-
udtwv. o tnv eqopuoyy) Tou multinomial naive Bayes ypnowonowjcaye tnyv diaxpitonol-
NOT TWV TWHOV YARUXTNELO TIXWY TOU TUQOVCIICTAXE OTNV EVOTNTA TNG TEWTNG 0UYXELONG
(Evotnra 3.1.1). O odydéprdpoc multinomial naive Bayes ypnowonotel pio unddeon yio
TV XOTAVOUT] TV TWOV TV YURUXTNRICTIXWY 1) OToldl OEV AVTITPOCKTEVEL TNV XATUVOUN
TV BLIXELTOY TYWY TOU TEOXUTTOUY PETE TNV EQPUPUOYT TNG SlaxELToTonoNg OTIC ouveyElc
TWES TV opoloTHTLY. T'o T0 oxond autd, Bev amOdEWVUETUL XUTIAANAT 1 YeY o TOU UE
auTé TO €ldog Sloxpltonoinong Yo Tic Yedodoug Twv Yedpwy. O alyopriuog dnuovpyinxe
yioe TV xeron Tou e bag of words avamapdo ooy, OToU TaEATNEOVUE UEYAAN eniboom X
€tol, 1 baseline yédodog mapopével avTayWVIoTIXO HOVTEND. XT0 oyfua 4.28 divouue Toug
Yeovoue xde ctadlou Yo xdde pédodo xou oto oyfuc 4.29 10 cuUVOAXO YEOVO Yia xdle
uédodo. ‘Onwg BAémouye 1 pédodog bag of words yenoiuonolel erdyioto ypdvo exnaldevong
yio var emtOyet axpifeto oyedov 80%.
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Accuracy using MNB

varam grap [
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o
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Yoyfua 4.27: AxpiBeia tou emtuyydverl xde pédodog ye yerjorn multinomial naive
Bayes.

Stage Time (seconds) using MNB
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B Instances
4-gram graph h i
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® Graphs
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Yyuo 4.28: Xpdvog xdie otadiou mou xatavaddvel xdie uédodog.
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bag of words '1 3.14

Total Time using MNB

word graph

(seconds)

306.77

0 1000 2000 3000

Lyfuor 4.29: Buvohindg ypovog yio xde uédodo.

4.5 llpoenelepyacio 6edo0uEvLV

LNy evoTnTo aUTH HEAETAUE Twg EMNEedlel 1) Tpoeneepyaoia Tou xeluevou Tny oxp(Beta
TV TELOV pedodny. H diaduaoctia autr TepthopuBAvel apolpecT) EWBXMY YoRUXTHRWY TOU
AEWEVOU X0 EQapuoleTon T TNV Yenon tou and Tic pedodoug. o TV pehétn auth
YENOWOTOWCUUE TIC TWES:

1.

2.

I

Dyyin, = 6 (ypdopot héZewv)
Dyyin, = n =4 (n-gram ypdepot)
graph reviews: 800
training reviews: 2000
test reviews: 1000

remove: true

shuffle: true

omou o todwvountnic télnxe oc weka.classifiers.bayes.NaiveBayesMultinomial,
weka.classifiers.trees.J48 xou weka.classifiers.bayes.NaiveBayes xou 1) mopdye-
Tpo¢ preprocess oe true xo false. I xdde cuVBLAGUO TV TWOY VTGOV TEECaue Telo
TElpduaTa xaL Utohoyloaue To Yéoo 6po tne axpifelag. To anotéhecuata divoviar 6To OL-
Grypapuo 4.30.
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[apatneolue 6TL 1) apolpecT ELOLXWY YURUXTARMY OEV BEATIOVEL TNV ETBOCT TWV YEAPWY.
Avuto unopel va ogelletar 0TNY 6TOLBAOTNTA TNE YEHONC OoNUEiwY oTiENS Tou divouv Eugao
([24]) odhd xou exppdlovy cuvaicOnue, oe cuvduaoud Ye To 6Tt oL PéYodol TwV YEdPwY
BaolCovton otny WEa NG ano¥ixeucnc TN YELTVIAONS YopaXTHpwV WOTE Vo GUAAABOUY TO
TEpLEYOUEVO TOL Xewévou. Avtideta, n enldoon tng pedodou bag of words Peitidveran.
Avuto unopel va ogeldetan 6TNY UECT] ETOPAOT TNG APAPECTC TWV EWBIXWY YALAXTHEWY
ot YapoxTneloTxd tng pedodou bag of words. Tuyxexpyéva ov Aé€eig amoteholy Tal
YOEAUXTNELOTIXG XU EMOUEVWS, 1) APALREST) TUYOV EWBIXWVY YoEaXTHPWY TOL uTopel Vo €xEl
ula AEn odhynoe oty agaipeon “Voplou’ mou mbavév emépepe yior TV WEV0dO xoTd TOV
UTIOAOYLOUO TNG GUYVOTATOS EUPAVIONS TNG.

Accuracy (%)

NB without
preprocessing

NB with
preprocessing

bag of words

= MNB without

4-gram graph preprocessing

® MNB with
preprocessing

m ]48 without
preprocessing

W J48 with
preprocessing

word graph

100

Yyfua 4.30: Axpifeior yio xdde pédodo pe xou ywplc npoenelepyacia Se60UEVWLY,
omou NB: naive Bayes, J48: Aévtpo Anogdoswy, MNB: multinomial naive Bayes.

4.6 Kowodg unoypedpog

YTy evoTnTa aUTH MEAETIUE TNV ETEEOT| TOU X0WOU UTOYEAPOU UETAC)D TWV YEAUPWY
ToAXOTNTOC 0TV axpifela Twv uedddwy. O xowodg UTOYEAPOS aPULEELTAL UE OXOTO TNV
‘TOAWOT TV YRAPWY TOMXOTNTAC TEOS TNV AVTIOTOLYT) TOAXOTNTO TOU OVTITPOCWREVEL
o xoévoe (Evémta 3.3). T 1o oxond autéd ouyxpiinxe 1 axplBelo tov pedddwy dtav
APUEECAUUE TOV XOWVO UTOYRAPO OYETIG UE TNV TERITTWOT XATA TNV OTOl0L Y NOYLOTOLCUUE
Toug Yedoug Omwe Snuoupyinxay. Ta tewpduarto etyay Tig €€ TWES OTIC TAUPUUETEOUS:
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1. Dyin = 6 (ypdpol MéEewv)

2. Dyin = n =4 (n-gram ypdgot)

3. graph reviews: 800

4. training reviews: 2000

5. test reviews: 1000

6. classifier: weka.classifiers.bayes.NaiveBayes
7. shuffle: true

8. preprocess: false

omou 1 TaPdUETEOC remove TiUeTal GE true YL TN aPAlPEST] TOU XOWVOU UTOYEA(POL Xal
oe false ylo TNV YpNoWonolnon Twv Yed@wy Ue Tov xowvd utoyedpo. [o tny dieloywymn
TWV BUO TEWUUATWY UE XaL Ywpeic Tov utoypdpo ot (Bl dedouéva Véoauue to seed ue 10
omolo emhéyovton dedouéva oty (Blor Tir xou yior o buo melpduata. H dadixacio tov duo
TELROUATWY ETOVOAAPINXE BUO POREC UE OXOTO VoL TPOLUE TO U€G0 Opo NS axp(Belag. Xto
Oudrypaypa 4.31 mapouctdloude Tov YEco 6p0 TNS AXEIBELIC TOV TELOY TEROUATWY Yiol xde

neplnTwon.

Accuracy (%)

4-gram graph
3.9

word graph
76.37

0 20 40 60 80 100

= Common
Subgraph
Exists

® Common
Subgraph
Removed

Yo 4.31: AxpiBeio tou metuyatvel xde pédodog.

Iapatneolue OTL N TUEOUOVT TOU X000 UTOYEA(POL TEOXAAEL TNV xoTaxdeugn ueiwon
e axpifetag. O naive Bayes ypnowonowel tn péylotn miovopdveio we xpithplo yia Tny
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emAoYY NG ¥AdoNe. LNV TERITTWOT TOU 0L OUOLOTNTES TTOU EEAYOVTOL YLOL TOV YRAPO EVOG
review e toug duo ypdpoug ToAxOTNTS efval Topouotes, 1 miavopdveta mou Yo emheyel
ebvor dovoy va ebvon 1 avtidetn omd TNy owoth. H elaywyr| Tapduoiwy THoY ouotoTnTog
umopel va cuuPel 6Ty oL Ypdpol ToAXOTNTAS HoLedlovTon XOVEC AEEELC 1) n-grams GToug
x6uPoug Toug, dnhady| 6tay €youue UTapn ool unoyedgpou. ‘Etol, 1 axpeifelo tou emtuy-
yaveton efvan TOAD WixEr| xan OEV Vol AVTITPOCHTELTIXT Yot TNV ETB00T TwV UEVOBWY TwV
Yeupdyv. Enopévwe, eivon amapodtnTn 1 agalpecT) Tou 0o UTOYEPoU Yiol TNV dnuioupyio
Tou tadvounth. ‘Onwg €yel avagepiel 1 agaipecn Tou x0WoOU) LTOYEAPOU ETLTUYYEVETOL
UE TNV aaipeoT) oy, To TAHY0C TV omoiwv TopouctdleTal Yo TIC BUO TEEITTMOELS OTO
oo 4.32.

Graph Edges

Negative graph
without common
1344624 subgraph
4-gram graph
B Negative graph
1388929  with common
subgraph

m Positive graph
without common
subgraph

501120
644354
559359
669165

word graph

B Positive graph with
common subgraph

0 500000 1000000 1500000

Yoyfuor 4.32: Axpéc ypdpov ToAXOTNTOS UE 1) Yweic TOV X0Wd UToYEdpo Toug.

[o Ty %o OTeRn XATAVONOT) TOU TERLEYOUEVOL TIOU amoUNXEVOVUE GTOUS YRAPOUS TOAL-
%xOTNTOC Yenoonotinxay To reviews Tou TElpduaTog Yiot T dnwoupyio duo word clouds,
€vol e TIC AEEELS TWV reviews Tou EVOWUAT®woe 0 YeTixdg YRApPog xou €val UE TIC AEEELS TwY
reviews Tou EVOWUITWOE 0 dpVNTIXOS YRAPOS. MUYXEXQWEVA UE Yenorn YAwooag R éyve
AoV UEVOT) TOV AEWEVLY XU PLIATRIQIOUO TWV ELBIXWOY YoRUXTARWY, XS xon apaipeom
stop words mou mepthauBdvouy Aé€elg 6mwe the, dote va Slaxpivouue AéelC o xadoplo Tixég
v To ouvalotnuo. To anotéhecyo gofveton oto oyrua 4.33 6mou €youv yenoiwonouniel
ol o ouyvéc héZeic mou epgavilovton oto 99.7% twv xewévov ot xdde mepintwon. To
uéyedog plag AENG avVTITEOCKTEVEL TN CUYVOTNTA EUPAVIONG TNE OTa XelpevaL.

[apatneolye 6TL TN YeyoAUTERN CUYVOTNTA EUPaviong €xouv ol AéEewc movie, film,
movies xou films, 6mw¢ Aoy avouevouevo. T'a 1o Aoyo autd agarpolue T AEEES aUTES XaL
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T0 anotéheoua gaiveton oo oyfua 4.34. To cloud yio Tig AEEeiC TV opyNTIXGY reviews eivan
UxeoTERD. AuTO @dvnxe xon xaTtd TNV Topousiacy Tou TARYoUC TV xOUBwY Tou VeTIX0U
X0l TOU oEVNTIX0U YRAPOU TOU TUPOUGLACTNXE TNV EVOTNTA YL TO YOPO XATAVIAWONG TOV
Yedpov (4.4.1.3, oyhua 4.14). Emniéov, mopatnpotue v eugdvion Aéewv oo like,
love, great, good, best, excellent oto Yetxd cloud xou bad, boring, terrible, poor, awful,
stupid, worst oto apvnTixd cloud. To apvnuixd cloud mepropfdver Tohhéc Aé&elg mou
YENOWOTOOLVTOL Yia TNV eExdhAwon dpvnong, onwe doesn’t, don’t, didn’t, isn’t, can’t xau
auT6 e€nyel TNV eupdvion Aéewyv Yetixol cuvaoiuatoc, énwe good, love, well, oe autd.
Anhady), ebvan mdavh 1 yerion dpvnong ue Aéelc Yetnnc moAxdtnTog, xowg cuvndiletan
yioo TNV €xgpoon apvntixol cuvaicOfuatoc. H yerorn dpvnong e&nyel xou tnv eugdvion
AYOTEPWY AECEWY - xOUPWV OTOV apvnTXd Yedyo, ot avtileon ye tov Yetxd ypdpo 6mou
pofveTon vor BNAWVEL TNV YeNoT TEplocdTEpWY AEEEWY XAT TNV TEpLypapy| EVOC TYeTinoU
ouvatcUuatoc. Télog, mapatneolue TNy Unapdn xovoy Aééewv ota 6uo clouds to omoio
enneedlel Tig opototnTee oL Va e€oyYoly ye Toug avtioTolyoug Yedpoug ot emBeBoumvel
™V avdyxn agolpecne Tou xovol UToYEdpou Uéow agolpeone axpoy (xar Oyt MéZewv -
x0uPoV).

4.7  X0yxpeLomn dVO XAAVTERWY LOVIEAWY

YTy evOTNTO AUTY YENOWOTOLOVUE TA ATOTEAEGHUATO TWV TEONYOUUEVGLY EVOTATOV YLd
NV 60YXELON TWV S0 XOAITERMY HOVTEAWY Xol TEAXA TNV e€aywyT| cuunepdopatos. ‘Onwe,
elvon uowo 1 uédodog bag of words TapaUEVEL AVTAYWVIGTIXT XU WE TEOS TOV YEOVO ToU
HATOVOADVEL X0l ¢ TEo¢ TNV oxp(Bela Tou emtuyydvel. Ao Tic uedodouc TwV YEdPwY Xo-
Notepn anodelynxe 1 uédodog Twv Ypdpny AEEWY %ol (kS TEOG TOV YMEO TOU XAUTOVIAWVEL
xaL w¢ TEog TNV axpelfeta tou emtuyydvel. Enopévng, yenowwonolobue Ti¢ TapauéTpous Tou
ETUTLUY Y &VOUY TNV UeyollTteprn axpifBeta yio xdie pla amd Tic 6uo YedodouC.

e Bag of words:

. training reviews: 2000

. test reviews: 1000

1
2
3. shuffle: true
4. preprocess: true
5

. classifier: weka.classifiers.bayes.NaiveBayesMultinomial
o ['cdgol MéCewv:
1. Dyin =6
2. graph reviews: 4000
3. training reviews: 2000
4

. test reviews: 1000

82
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Yyfua 4.34: Word clouds twv AMéewv mou tomotetolue 6Toug Ypdpoug
TOMXOTNTOG o6 VeTixd Xou apVNnTLxd reviews



Accuracy (%)

bag of words (term frequency) h 80.2

Yyfua 4.35: Axpifelor o Tig Suo xahiTERES YeVEOOUC.

remove: true
shuffle: true

preprocess: false

o N> o

classifier: weka.classifiers.bayes.NaiveBayes

Ytov xde ypdgpo mohxotnrag evowpatnoaue 4000 reviews, xodng yio autd T0 GUVOAO
ropatnenoope LMY oxeiBeia. Ta aroteAéopata topovcidlovton oto didypouuo 4.35. Emi-
A€oV, Yl TNV Sle€orywyr| Tou (Blou TEdUTOC UE BlapopeTixy| uétodo, Véooue To oeed Ue
70 ornolo emAéyovTon reviews otny Bl TWr, OoTE va efvan duvaTY| 1 TUEIAANAN cUYXELoN
TV PeVOdwY.

Hapatneolue 6tL 1 pédodog Twv yYedpwy Eemepvdel o axpifeia Tnv pédodo bag of w-
ords ye Vv ypnon ocuyvoTNToC euPAvVionc AEEEwY xou UE TNV Ypron mopouciog AEEEWY ©¢
yopoxtneto txd. H Siapopd, ouwe, elvor moAd uxet| xan urnopel va petoBAndel ye yeron pe-
yoAUTepou training set, xodog yvwpllovue and tnv oyetixy BBAoypapla 6Tt 1 uédodog bag
of words emtuyydver 83% oxpifeta dTay YENoWOTOUVTUL WS YoEUXTNELG TIXE, LETOBANTES
ToL dnAwvouv mapouacio AZewv. Emouévme, Yewpolue Tig uo uedddouc toddiec.

Emniéov, oto dudypopua 4.36 divouue toug ypodvoug tou xde otadiou. H pédodoc twv
YEAPOY XATAVIADVEL TOAD UEYAHAO YPOVO Yia TNV Onutovpyid TwV Yed(pwY TOMXOTNTAS, 0TS
701N €xoupe avapépet. Autd To 6TABL unopel xou AL var uny Angiel unddn av oxepToUE OTL
oL YpdpoL dntoupYolVToL o PoEd X GTNY CUVEYELN PORPTWVOVTOL GTNY UVAUTN. Avtiieta
n pwédodoc bag of words xatavak@vel ToA) Aydtepo ypdvo. Emmiéov, ol ypodvol enoldeu-
ong xan eréyyou mepthauBdavouy 2000 reviews xou 1000 reviews avtictouyo, enoyéveg, o
XEOVOS YLl TNV ToEVOUNoT evog povo review Yo eivon ehdytotog xou and Tig 6vo uedodoug.
Enouévwe, ot pédodol uropotv va Yewpniolv 1odiieg xon wg meog To Ypovo Ta&vounong.
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Lo 4.36: Xpdvoe xdie otadiou yia Tic 6uo xahiTEPES UeVHBOUC.

4.8 Xvunégaocpo

Yy epyocia auTH HEAETACOUE TNV EQUEUOYT| Uiog TEOGEYYIoNS avAAUGTS GUYVAULGVY|Uo-
TOC OE EUEVAL XPLTIXNC TOUVLWDY TIOL €lvol UEYOADTERA a6 ToL Xelueva Twv tweets e ta omola
Eyel Mon peretniel otn oyetr Pihoypagio. Me ulo adhoyr) Tng Yedodou autrhg WoTe
va yenowonotel Aé€eic nethyope axpifBela 81%. 'Etol, oupnepaivouye ) omouduudtnta Tng
xerione Aé€ewv yio Ty cOAANN Tou TeplEYOUEVOU UE OXOTO TNV eEaywYY) TOU GuVALC V-
To¢ tou xewévou. H apywr pédodoc twv n-gram ypdpwy dnuiovpyinxe Pe oxomo va
Yenowonoteltan o ToAdyAwooa xelueva w¢ language independent tool. Xtnv mepintwot)
wog, emextelvaue Ty pédodo Yl vo Ty Behtiwoouye amd to Yo6puo mou mpoxaAoly To
n-grams ohAd xou eneldn etyape otny diddeon pac ayyAxd xelpeva. Q2ot600, 1) Yerion hée-
®V BEV CUVETAYETAL dEOT Tou YapaxTneloTixol language independence, xodog 1 uédodog
uro¥ETel Yovo v Umapdn xEVOV 0To xeluevo Ue Bdon to onola eEAYEL YWELOTEC OVTOTN-
Te¢, oL onoleg ouvitwg elvan Aé€eic. And tnv dhAn TAeLEd, UTOLOUUE VOl EQUPUOCOVUE TNV
uéVodo oe ayyAxd xaL Vo ETEXTEVOUNE Y10l TROCUPUOYT) OE TUYOV SLPORETIXTEC PLhoCOpIaC
YADOGA, OTWE XL TNV EQPUPUOYT CNUACLOAOYIXWY PEV6dwY. Téhog, va onueiwiel oL ol
n-gram ypdpot €youv vhomoinUel xou yio TV yeron n-grams Aé&ewv. Ilapdia autd dev
XPNOWOTOACUUE AUTAY TNV TEOCEYYLOT Yo TNV Yehon AEewv xodng €xel amodetyel ye-
vix6tepa xahOTEEN 1) Yerion N-grams yopaxthowy otny epyacia [8] otnv onoio otnpiytnxe
N ueEAéTn g gpyaoiog authc. ‘Etot, mpotuiinxe n evowudtwon plag uxenc oAiaynis otov
xwOWa Twv character n-gram ypdgQoy Yo TNV omOQUYT APULPECTIC HATOLWY YOLUXTHRMV
mou egapudlel 1 pédodoc word n-grams xou yior TNV niteLEn TaPdAANANG oUYXELOTC.
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4.9 Melhovtixég Epyacisg

H perétn tng pedodou twv yedpwy AE&ewv umopel vo enextoel EVOWOUATMOVOVTIS TNV
xAdoT 0LOETEPNE TOAOTNTOS 6T0 TEOPBANUe. H xhdon oudétepng mohxdTnTog VYempeiton
onuavTixy yioe Ty avdhuon ouvaiodfuoatoc ([15]). Emmiéov, unopolue va Bektiddoouye tnv
enidoon tng pueddoou ue yenorn multinomial naive Bayes yehetoyvtog évay xoAltepo TOTO
OLUXEITOTIOMNONE TV CUVEYMY TYWOV TWV YORUXTNEICTIXOY. LTNY CUVEYELN, UTOPOUUE Vol
YENOWOTOLACOUPE TROTOUS YO TNV AVTYETMTLOT TOL TEOBAUaToC Tou dnutovpyel 1 uTdde-
on aveZopTnolag TV YApaXTNEIo TIXWY Tou Tepthaufdvel o ahyopriuog Tou naive Bayes
(Evotnra 2.5.1.3) ([28]). Emniéov, unopolue vo UEAETACOUUE TNV EVOWUETKOOT reviews
oToug Ypdpoug ue ratings 9, 10 yio o Yetnd xon 0, 1 yiar tor apvnuixd, dnhadn ye xelueva
TOU VoL TEPLEYOLY TaVOV TILO EVTOVT EXPEACT] TG TOAXOTNTAC TOUC.
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package sentimentanalysis;

import
import
import
import
import
import
import
import
import

import

public

java.
java.
java.
java.
java.
java.
java.
java.
java.

io.
io.
io.
io.

io

io.
io.
io.
io.

BufferedReader;
FileNotFoundException;
FileReader;
I0OException;

.0bjectInputStream;

ObjectOutputStream;
PrintWriter;

Serializable;
UnsupportedEncodingException;

gr.demokritos.iit. jinsect.utils;

class ReviewWordGraph implements Serializable {

private static final long serialVersionUID = 1L;
private DocumentWordGraph reviewGraph;
private boolean preprocess;

public ReviewWordGraph (int window, boolean preprocess) {

}

reviewGraph = new DocumentWordGraph (window) ;
this.preprocess = preprocess;

public void createGraph(String reviewFile) throws IOException {

private

BufferedReader reader = new BufferedReader (new
FileReader (reviewFile));

if (preprocess) {
String imdbReview =
removeSpecialCharacters (reader.readLine());
reviewGraph.setDataString (imdbReview) ;
} else
reviewGraph.setDataString(reader.readLine ());
reader.close () ;

String removeSpecialCharacters(String review) {

String pattern = "\\wl|\\s";

char [] reviewCharacters = review.toCharArray();
char[] filteredReview = new char[review.length()];
int size = 0;

for (int index = 0; index < review.length(); index++)
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98
99
100
101

102

if (String.valueOf (reviewCharacters[index]) .matches (pattern))
filteredReview([size++] = reviewCharacters[index];

char[] returnReview = new char[size];
for (int i = 0; i < size; i++)
returnReview[i] = filteredReview[i];

String imdbReview = String.valueOf (returnReview);
return imdbReview.toLowerCase () ;

3

public void merge(ReviewWordGraph g, double weight) {
reviewGraph.merge (g.getGraph (), weight);
}

public DocumentWordGraph[] removeCommonSubgraph(DocumentWordGraph g2) {
DocumentWordGraph newGraphs[] = new DocumentWordGraph [2];
newGraphs [0] = (DocumentWordGraph) reviewGraph.clone();

newGraphs [1] = (DocumentWordGraph) g2.clone();

DocumentWordGraph commonSubgraph = newGraphs [0]. intersectGraph (
newGraphs [1]) ;

newGraphs [0] newGraphs [0] .allNotIn(commonSubgraph) ;
newGraphs [1] newGraphs [1] . allNotIn(commonSubgraph) ;
commonSubgraph = newGraphs [0].intersectGraph(newGraphs[1]) ;

return newGraphs;

}

public void printToFile(String filepath)
throws FileNotFoundException, UnsupportedEncodingException {
PrintWriter writer = new PrintWriter(filepath, "UTF-8");
writer.println(utils.graphToDot (reviewGraph.getGraphLevel (0), true));
writer.close();

3

public void printToSystemOutput () {
System.out.println(utils.graphToDot(reviewGraph.getGraphLevel (0),
true));

private void writeObject (ObjectOutputStream out) throws IOException {
out.writeObject (reviewGraph) ;

}

private void readObject(ObjectInputStream in)
throws IOException, ClassNotFoundException {
reviewGraph = (DocumentWordGraph) in.readObject () ;
}

public DocumentWordGraph getGraph() {
return reviewGraph;

}
public int getNoOfNodes () {

return reviewGraph.getGraphLevel (0).getVerticesCount ();
}
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104 public int getNoOfEdges () {

105 return reviewGraph.getGraphLevel (0) .getEdgesCount () ;
106 }

107

108 public void setGraph(DocumentWordGraph newGraph) {
109 reviewGraph = newGraph;

110 }

111

112 public boolean isPreprocess() {

113 return preprocess;

114 }

115

116 public void setPreprocess(boolean preprocess) {

117 this.preprocess = preprocess;

118 }

1ol| F
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package sentimentanalysis;

import
import
import
import
import
import
import
import
import

import
import

public

java.io.BufferedReader;
java.io.FileNotFoundException;
java.io.FileReader;
java.io.I0OException;
java.io.0ObjectInputStream;
java.io.0ObjectOutputStream;
java.io.PrintWriter;
java.io.Serializable;
java.io.UnsupportedEncodingException;

gr.demokritos.iit. jinsect.utils;

gr.demokritos.iit. jinsect.documentModel.representations.DocumentNGramGraph;

class ReviewNGramGraph implements Serializable {

private static final long serialVersionUID = 1L;
private DocumentNGramGraph reviewGraph;
private boolean preprocess;

public ReviewNGramGraph(int nSize, boolean preprocess) {
reviewGraph = new DocumentNGramGraph(nSize, nSize, nSize);
this.preprocess = preprocess;

}

public void createGraph(String reviewFile) throws IOException {
BufferedReader reader = new BufferedReader (new
FileReader (reviewFile));

if (preprocess) {
String imdbReview =
removeSpecialCharacters (reader.readLine());
reviewGraph.setDataString (imdbReview) ;
} else
reviewGraph.setDataString(reader.readLine ());
reader.close () ;

private String removeSpecialCharacters(String review) {

String pattern = "\\wl|\\s";

char[] reviewCharacters = review.toCharArray();
char[] filteredReview = new char[review.length()];
int size = 0;

for (int index = 0; index < review.length(); index++)

if (String.valueOf (reviewCharacters[index]) .matches(pattern))
filteredReview [size++] = reviewCharacters[index];

char[] returnReview = new charl[size];
for (int i = 0; i < size; i++)
returnReview[i] = filteredReview[i];

String imdbReview = String.valueOf (returnReview) ;
return imdbReview.toLowerCase () ;

}

public void merge (ReviewNGramGraph g, double weight) {
reviewGraph.merge (g.getGraph (), weight);
}
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98

99

100

101

102

103

104

105

106

public DocumentNGramGraph[] removeCommonSubgraph(DocumentNGramGraph g2) {

DocumentNGramGraph newGraphs[] = new DocumentNGramGraph [2];
newGraphs [0] = (DocumentNGramGraph) reviewGraph.clone();
newGraphs [1] (DocumentNGramGraph) g2.clone();

DocumentNGramGraph commonSubgraph = newGraphs [0].intersectGraph(
newGraphs [1]) ;

newGraphs [0] = newGraphs [0].allNotIn(commonSubgraph);
newGraphs [1] = newGraphs[1].allNotIn(commonSubgraph);
commonSubgraph = newGraphs [0].intersectGraph (newGraphs[1]);

return newGraphs;

3

public void printToFile(String filepath)
throws FileNotFoundException, UnsupportedEncodingException {
PrintWriter writer = new PrintWriter(filepath, "UTF-8");
writer.println(utils.graphToDot(reviewGraph.getGraphLevel (0), true));
writer.close () ;

public void printToSystemOutput () {
System.out.println(utils.graphToDot(reviewGraph.getGraphLevel (0),
true));

public DocumentNGramGraph getGraph() {
return reviewGraph;

public int getNoOfNodes () {
return reviewGraph.getGraphLevel (0).getVerticesCount ();

public int getNoOfEdges () {
return reviewGraph.getGraphLevel (0) .getEdgesCount () ;

public void setGraph(DocumentNGramGraph newGraph) {
reviewGraph = newGraph;

public boolean isPreprocess() {
return preprocess;

public void setPreprocess(boolean preprocess) {
this.preprocess = preprocess;

private void writeObject (ObjectOutputStream out) throws IOException {
out.writeObject (reviewGraph) ;

}

private void readObject(ObjectInputStream in)
throws IOException, ClassNotFoundException {
reviewGraph = (DocumentNGramGraph) in.readObject ();
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}
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package sentimentanalysis;

import java.io.FileInputStream;

import java.io.FileNotFoundException;

import java.io.FileOutputStream;

import java.io.IOException;

import java.io.ObjectInputStream;

import java.io.ObjectOutputStream;

import java.io.UnsupportedEncodingException;
import java.util.ArraylList;

public class ModelWordGraph {

private ReviewWordGraph reviewsGraph;
private int noReviews;

private int window;

private ArrayList<String> reviewFilenames;

public ModelWordGraph() { }

public ModelWordGraph(int noReviews, int window) {
this.noReviews = noReviews;
this.window = window;
reviewsGraph = null;
reviewFilenames = null;

public void createModelGraph(String reviewFilepath,

ArraylList<String> reviewFilenames, boolean preprocess)

throws IOException {

ReviewWordGraph reviewGraph = new ReviewWordGraph (window,

preprocess) ;

reviewsGraph = new ReviewWordGraph(window, preprocess);

this.reviewFilenames = new ArraylList<String>();

int mergedReviews = O0;
for (String s: reviewFilenames) {

reviewGraph.createGraph(reviewFilepath.concat(s));
reviewsGraph.merge (reviewGraph, 1 / (1 + mergedReviews));

this.reviewFilenames.add(s);
if (++mergedReviews >= noReviews)
break;

}

@SuppressWarnings ("unchecked")
public void loadModelGraph(String inputGraphFile)

throws ClassNotFoundException, IOException {

FileInputStream input = new FileInputStream(inputGraphFile);
ObjectInputStream inputGraphStream = new ObjectInputStream(input);

noReviews = inputGraphStream.readInt () ;
window = inputGraphStream.readInt();

reviewsGraph = ((ReviewWordGraph) inputGraphStream.readObject ());
reviewFilenames = (ArrayList<String>) inputGraphStream.readObject();

inputGraphStream.close () ;
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public void storeModelGraph(String outputGraphFile) throws IOException {
FileQOutputStream output = new FileOutputStream(outputGraphFile);
ObjectOutputStream outputGraphStream = new
ObjectOutputStream (output) ;

outputGraphStream.writeInt (noReviews);
outputGraphStream.writeInt (window) ;
outputGraphStream.writeObject (reviewsGraph) ;
outputGraphStream.writeObject (reviewFilenames) ;
outputGraphStream.close () ;

}

public ReviewWordGraph[] removeCommonSubgraph(ReviewWordGraph graph2) {
DocumentWordGraph [] wordGraphs =
reviewsGraph.removeCommonSubgraph (graph2.getGraph());
reviewsGraph.setGraph (wordGraphs [0]) ;
graph2.setGraph (wordGraphs [1]) ;

ReviewWordGraph[] newGraphs = new ReviewWordGraph[2];
newGraphs [0] = reviewsGraph;

newGraphs [1] = graph2;

return newGraphs;

public void printToFile(String filepath)
throws FileNotFoundException, UnsupportedEncodingException {
reviewsGraph.printToFile (filepath) ;

public void printToSystemOutput () {
reviewsGraph.printToSystemOutput () ;

public ReviewWordGraph getReviewsGraph() {
return reviewsGraph;

public int getNoOfNodes () {
return reviewsGraph.getNoOfNodes () ;

public int getNoOfEdges () {
return reviewsGraph.getNoOfEdges ();

public int getWindow () {
return window;

public int getNoReviews () {
return noReviews;

public void setReviewsGraph(ReviewWordGraph newReviewsGraph) {
reviewsGraph = newReviewsGraph;

public ArrayList<String> getReviewFilenames () {
return reviewFilenames;
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package sentimentanalysis;

import
import java.io.FileInputStream;
import java.io.FileNotFoundException;
import java.io.FileOutputStream;
import java.io.IOException;
import java.io.0ObjectInputStream;
import java.io.ObjectOutputStream;
import java.io.UnsupportedEncodingException;
import java.util.ArrayList;
public class ModelNGramGraph {
private ReviewNGramGraph reviewsGraph;
private int noReviews;
private int nSize;
private Arraylist<String> reviewFilenames;

public ModelNGramGraph() { }

public ModelNGramGraph(int noReviews,
this.noReviews = noReviews;
this.nSize = nSize;
reviewsGraph = null;
reviewFilenames = null;

}

gr.demokritos.iit. jinsect.documentModel.representations.DocumentNGramGraph;

int nSize) {

public void createModelGraph(String reviewFilepath,

ArraylList<String> reviewFilenames,

throws IOException {

ReviewNGramGraph reviewGraph =

preprocess) ;
reviewsGraph =
this.reviewFilenames =

int mergedReviews 0;
for (String s: reviewFilenames) {

new ReviewNGramGraph(nSize,
new ArrayList<String>();

boolean preprocess)

new ReviewNGramGraph (nSize,

preprocess) ;

reviewGraph.createGraph(reviewFilepath.concat(s));

reviewsGraph.merge (reviewGraph,

this.reviewFilenames.add(s);

1/ (1 + mergedReviews));

if (++mergedReviews >= noReviews)

break;
}

@SuppressWarnings ("unchecked")

public void loadModelGraph(String inputGraphFile)

throws IOException,

FileInputStream input =
ObjectInputStream inputGraphStream =

noReviews =
nSize = inputGraphStream.readInt () ;
reviewsGraph = ((ReviewNGramGraph)
reviewFilenames = (ArrayList<String>)
inputGraphStream.close () ;

100

ClassNotFoundException {

new FileInputStream(inputGraphFile);

new ObjectInputStream(input);

inputGraphStream.readInt () ;

inputGraphStream.readObject ());

inputGraphStream.readObject () ;
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3

public void storeModelGraph(String outputGraphFile) throws IOException {
FileOutputStream output = new FileOutputStream(outputGraphFile);
ObjectOutputStream outputGraphStream = new
ObjectOutputStream (output) ;

outputGraphStream.writeInt (noReviews) ;
outputGraphStream.writeInt (nSize) ;
outputGraphStream.writeObject (reviewsGraph) ;
outputGraphStream.writeObject (reviewFilenames) ;
outputGraphStream.close () ;

}

public ReviewNGramGraph[] removeCommonSubgraph(ReviewNGramGraph graph2) {

DocumentNGramGraph [] wordGraphs =

reviewsGraph.removeCommonSubgraph (graph2.getGraph());
reviewsGraph.setGraph (wordGraphs [0]) ;
graph2.setGraph(wordGraphs [1]) ;

ReviewNGramGraph [] newGraphs = new ReviewNGramGraph [2];
newGraphs [0] = reviewsGraph;
newGraphs [1] = graph2;

return newGraphs;

public void printToFile(String filepath)
throws FileNotFoundException, UnsupportedEncodingException {
reviewsGraph.printToFile(filepath);

public void printToSystemOutput () {
reviewsGraph.printToSystemOutput () ;

public ReviewNGramGraph getReviewsGraph() {
return reviewsGraph;

public int getNoOfNodes () {
return reviewsGraph.getNoOfNodes () ;

public int getNoOfEdges () {
return reviewsGraph.getNoOfEdges () ;

public int getNSize () {
return nSize;

public int getNoReviews () {
return noReviews;

public void setReviewsGraph(ReviewNGramGraph newReviewsGraph) {
reviewsGraph = newReviewsGraph;
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public ArraylList<String> getReviewFilenames () {
return reviewFilenames;
}

102



56

package sentimentanalysis;

import
import

import
import

public

gr.demokritos.iit. jinsect.documentModel.representations.DocumentNGramGraph;
gr.demokritos.iit. jinsect.structs.x*;

java.util .x*;

salvo. jesus.graph.x*;

class DocumentWordGraph extends DocumentNGramGraph {
private static final long serialVersionUID = 1L;

public DocumentWordGraph(int windowSize) {
super (windowSize, windowSize, windowSize);

}
public void createGraphs () {

String sUsableString = (new StringBuilder ()).
append (DataString) .toString () ;

if (TextPreprocessor != null)
sUsableString = TextPreprocessor.preprocess (sUsableString);

String[] extractedWords = sUsableString.split("\\s+");
int length = extractedWords.length;

String sCurNGram = null;
HashMap<String, Double> hTokenAppearence = new HashMap<String,
Double>() ;
for (int iCur = 0; iCur < length; iCur++) {
sCurNGram = extractedWords[iCur];

if (hTokenAppearence.containsKey (sCurNGram))
hTokenAppearence.put (sCurNGram,
Double.valueOf (

hTokenAppearence.get (sCurNGram) .doubleValue ()

+ 1.0D));
else
hTokenAppearence.put (sCurNGram,
Double.valueOf (1.0D));

}
Vector<String> PrecedingNeighbours = new Vector<String>();
UniqueVertexGraph gGraph = getGraphLevelByNGramSize (MinSize);
sCurNGram = "";
for (int iCur = 0; iCur < length; iCur++) {

sCurNGram = extractedWords[iCur];

if (WordEvaluator != null &&

!WordEvaluator.evaluateWord (sCurNGram) )
continue;

String aFinalNeighbours [];
if (Normalizer != null)
aFinalNeighbours = (Stringl[])
Normalizer .normalize (null,
PrecedingNeighbours.toArray ());
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labelO:

else {
aFinalNeighbours = new
String[PrecedingNeighbours.size()];
PrecedingNeighbours.toArray(aFinalNeighbours) ;

}

createEdgesConnecting (gGraph, sCurNGram,
Arrays.asLlist(aFinalNeighbours),
hTokenAppearence) ;

PrecedingNeighbours.add (sCurNGram) ;

if (PrecedingNeighbours.size () > CorrelationWindow)
PrecedingNeighbours.removeElementAt (0) ;

int iNeighboursLen = PrecedingNeighbours.size();
if (iNeighbourslLen < CorrelationWindow && iNeighboursLen > 0)
createEdgesConnecting (gGraph, sCurNGram,
PrecedingNeighbours, hTokenAppearence) ;

3

public void mergeGraph(DocumentNGramGraph dgOtherGraph,
double fWeightPercent) {

if (dg0therGraph == this)
return;
for(int iCurLvl = MinSize; iCurLvl <= MaxSize; iCurLvl++) {

UniqueVertexGraph gGraph = getGraphLevelByNGramSize (MinSize) ;
UniqueVertexGraph gOtherGraph =
dgOtherGraph.getGraphLevelByNGramSize (MinSize) ;
if (g0therGraph == null)
return;

Iterator<?> ilter = gOtherGraph.getEdgeSet () .iterator();
ArrayList<String> 1l0therNodes = new ArrayList<String>();
String sHead;
double dWeight;
for(; iIter.hasNext ();
createWeightedEdgesConnecting (gGraph, sHead,
l10therNodes , dWeight,
dWeight ,
fWeightPercent)) {

WeightedEdge weCurItem = (WeightedEdge)ilter.next();
sHead = weCurItem.getVertexA().getLabel();

String sTail = weCurItem.getVertexB().getLabel ();
dWeight = weCurItem.getWeight ();
10therNodes.clear () ;

10therNodes.add (sTail) ;

}
public DocumentWordGraph intersectGraph(DocumentWordGraph dgOtherGraph) {

DocumentWordGraph gRes = new DocumentWordGraph(CorrelationWindow) ;
EdgeCachedLocator ecl = new EdgeCachedLocator(lOOO);
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for (int iCurLvl = MinSize; iCurLvl <= MaxSize; iCurLvl++) {
UniqueVertexGraph gGraph = getGraphLevelByNGramSize (iCurLvl) ;
UniqueVertexGraph gOtherGraph =
dgOtherGraph.getGraphLevelByNGramSize (iCurLvl) ;
UniqueVertexGraph gNewGraph =
gRes.getGraphLevelByNGramSize (iCurLvl) ;

if (g0therGraph == null)
continue;

Iterator<?> ilter = gOtherGraph.getEdgeSet ().iterator();
do {

WeightedEdge weCurItem;

String sHead;

String sTail;

WeightedEdge eEdge;

do {
if (!iIter.hasNext ())
continue labelO;
weCurItem = (WeightedEdge)ilter.next();
sHead = weCurItem.getVertexA().getLabel();
sTail = weCurItem.getVertexB().getLabel();
eEdge =
(WeightedEdge)ecl.locateEdgeInGraph (gGraph,
weCurItem.getVertexA (),
weCurItem.getVertexB());
} while(eEdge == null);
try {

List<String> 1 = new ArraylList<String>();
1.add(sTail);
double dTargetWeight = 0.5D *
(eEdge .getWeight () +
weCurItem.getWeight ());
createWeightedEdgesConnecting (gNewGraph,
sHead, 1,
dTargetWeight ,
dTargetWeight , 1.0D);
} catch(Exception e) {
e.printStackTrace () ;
}
} while(true);

return gRes;

}
public DocumentWordGraph allNotIn(DocumentWordGraph dgOtherGraph) {

EdgeCachedLocator ecllLocator =
new EdgeCachedLocator (Math.max(length (),
dgOtherGraph.length()));
DocumentWordGraph dgClone = (DocumentWordGraph)clone();

for(int iCurLvl = MinSize; iCurLvl <= MaxSize; iCurLvl++) {
UniqueVertexGraph gClonelevel =
dgClone.getGraphLevelByNGramSize (iCurLvl) ;

UniqueVertexGraph gOtherGraphLevel =
dgOtherGraph.getGraphLevelByNGramSize (iCurLvl) ;

105



170 if (g0therGraphlLevel == null)
171 continue;

173 Iterator<Object> ilter =

174 Arrays.asList (

175 gClonelevel.getEdgeSet () .toArray ()
176 do {

177 WeightedEdge weCurItem;

178 Edge eEdge;

179 do {

180 if (!iIter.hasNext ())

181 continue labelO;

182 weCurItem = (WeightedEdge)ilter.next();

183 eEdge =

184 ecllocator.locateDirectedEdgeInGraph (

185 gOtherGraphLevel,

186 weCurItem.getVertexA (),
187 weCurItem.getVertexB());
188 } while(eEdge == null);

189

190 try {

191 gClonelevel .removeEdge (weCurItem) ;

192 eclLocator.resetCache () ;
193 } catch(Exception ex) {

194 ex.printStackTrace () ;

195 }

196 } while(true);

197 }

198
199 return dgClone;

200 }

202 @SuppressWarnings ("unchecked")

203 public Object clone() {

204 DocumentWordGraph gRes = new DocumentWordGraph(CorrelationWindow) ;

205 gRes.DataString = DataString;

206 gRes .DegradedEdges . putAll ((HashMap<?, ?7>)DegradedEdges.clone());

207 gRes.NGramGraphArray = new UniqueVertexGraph[NGramGraphArray.lengthl];
208 int iCnt = O0;

209 UniqueVertexGraph auniquevertexgraph[] = NGramGraphArray;
210

211 int i = auniquevertexgraph.length;

212 for(int j = 0; j < i; j++) {

213 UniqueVertexGraph uCur = auniquevertexgraph[j];

214 gRes .NGramGraphArray [iCnt++] = (UniqueVertexGraph)uCur.clone();
215 }

216

217 gRes.Normalizer = Normalizer;

218 gRes.TextPreprocessor = TextPreprocessor;

219 gRes.WordEvaluator = WordEvaluator;

220 return gRes;

221 }

222 }
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package sentimentanalysis;

import
import
import
import
import
import
import
import
import
import

public

java.io.
java.io.
java.io.
java.io.
java.io.
java.io.

java.text
java.text

java.uti
java.uti

File;

FileInputStream;
FileNotFoundException;
FileWriter;
I0Exception;
InputStream;

.DecimalFormat;
.NumberFormat ;

1l.Arraylist;
1l.Properties;

class ModelGraphs {

private
private

private
private

private
private
private

private
private
private
private
private

private
private

private
private
private

private
private
private
private

private
private

int noO0OfNGramGraphsReviews;
int noOfWordGraphsReviews;

int nSize;
int window;

boolean remove;
boolean shuffle;
boolean preprocess;

long seed;

int minPosRating;
int maxPosRating;
int minNegRating;
int maxNegRating;

String
String

posGraphFilepath;
negGraphFilepath;

int graphRangeId;
File resultsDirectory;
File infoFile;

String
String
String
String

posNGramGraphBinaryFile;
negNGramGraphBinaryFile;
posWordGraphBinaryFile;
negWordGraphBinaryFile;

ArraylList<String> posGraphFilenames;
ArrayList<String> negGraphFilenames;

public static void main(String[] args) throws IOException {

if (args.length != 3)

return;
InputStream reader = new FileInputStream(args[0]);
Properties properties = new Properties();

if (args[0].contains(".xml"))

else

properties.loadFromXML (reader) ;

properties.load(reader);

boolean stagel = Boolean.parseBoolean(args[1]);
boolean allStages = Boolean.parseBoolean(args[2]);
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}

System.out.println("Running First Stage of Sentiment "

+ "Classification: Creating Graphs\n");
long start = System.currentTimeMillis();
ModelGraphs object = new ModelGraphs();
object.setParameters (properties, true);
object.createResultsDirectory () ;
object.setFiles(allStages);
object.findGraphFilenames (object.getNoOfWordGraphsReviews (), stagel);
long wordGraphs = System.currentTimeMillis ();
object.createWordGraphs (allStages, stagel);
long nGramGraphs = System.currentTimeMillis () ;
object.createNGramGraphs (allStages, stagel);
long end = System.currentTimeMillis ();

NumberFormat formatter = new DecimalFormat ("#0.00000") ;

FileWriter output = new FileWriter (object.getInfoFile(), true);

output.write("Time for word graphs: ");
output.write(formatter.format ((nGramGraphs - wordGraphs) / 1000d)
+ " seconds\n");
output.write("Time for n-gram graphs: ");
output.write(formatter.format ((end - nGramGraphs) / 1000d)
+ " seconds\n\n");

output.write("windowSize is" + object.getWindow() + "\n\n");
output.write("\nExecution time is ");
output.write(formatter.format ((end - start) / 1000d) + " seconds\n");
output.close();

System.out.println("\nwindowSize is" + object.getWindow () + "\n\n");

System.out.println("\nExecution time is ");

System.out.println(formatter.format ((end - start) / 1000d) + "
seconds") ;

return;

public void setParameters (Properties properties,

boolean onlyThisStage) {

System.out.println("Setting parameters...");

setNoOfWordGraphsReviews (Integer.parselnt (
properties.getProperty ("noO0fGraphReviews")));

setNoOfNGramGraphsReviews (Integer.parselnt (
properties.getProperty ("no0fGraphReviews")));

setnSize (Integer.parselnt (properties.getProperty("nSize")));
setWindow (Integer.parselnt (properties.getProperty("windowSize")));

setMinPosRating(Integer.parselnt (
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}

properties.getProperty ("minPositiveRating")));
setMaxPosRating(Integer.parselnt (

properties.getProperty ("maxPositiveRating")));
setMinNegRating (Integer.parselnt (

properties.getProperty("minNegativeRating")));
setMaxNegRating (Integer.parselnt (

properties.getProperty ("maxNegativeRating")));

if (properties.getProperty("seed") != null)

setSeed (Long.parselong(properties.getProperty("seed")));
else

setSeed (-1);
setShuffle (Boolean.parseBoolean (properties.getProperty ("shuffle")));
setRemove (Boolean.parseBoolean (properties.getProperty ("remove")));
setPreprocess (Boolean.parseBoolean (

properties.getProperty ("preprocess")));

setPosGraphFilepath (properties.getProperty ("positiveGraphFilepath"));
setNegGraphFilepath(properties.getProperty("negativeGraphFilepath"));

public void createResultsDirectory () {

}

System.out.println("Creating directory for results...");
String preprocessing = "NP", removing = "NR", results;
if (isRemove ())

removing = "R";

if (isPreprocess())

preprocessing = "P";
results = getWindow() + "_" + removing + "_" + preprocessing + "_";
results += getnSize() + "_" + removing + "_" + preprocessing +

"_Graphs";

setResultsDirectory(new File(results));
getResultsDirectory () .mkdir () ;

public void setFiles(boolean allStages) {

System.out.println("Setting the output filenames...");

graphRangeId = O;

String filePrefix = getResultsDirectory() + "/";

String fileSuffix = "_" + getNoOfWordGraphsReviews () +
" _posWordGraph";

if (allStages) {
setPosNGramGraphBinaryFile(filePrefix +
"BinaryPositiveNGramGraph"
+ getNoOfNGramGraphsReviews ());
setNegNGramGraphBinaryFile(filePrefix +
"BinaryNegativeNGramGraph"
+ getNoOfNGramGraphsReviews ());
setPosWordGraphBinaryFile (filePrefix +
"BinaryPositiveWordGraph"
+ getNoOfWordGraphsReviews ());
setNegWordGraphBinaryFile (filePrefix +
"BinaryNegativeWordGraph"
+ getNoOfWordGraphsReviews ());
setInfoFile(new File(filePrefix + "Info.txt"));
} else {
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}

while (new File(filePrefix + graphRangeId +
fileSuffix).isFile ())
graphRangeId++;

setPosWordGraphBinaryFile (filePrefix + graphRangeId +

fileSuffix);

fileSuffix = "_" + getNoOfWordGraphsReviews () +
"_negWordGraph";

setNegWordGraphBinaryFile (filePrefix + graphRangeId +
fileSuffix);

fileSuffix = "_" + getNoOfNGramGraphsReviews () +
" _posNGramGraph";

setPosNGramGraphBinaryFile (filePrefix + graphRangeId +
fileSuffix);

fileSuffix = "_" + getNoOfNGramGraphsReviews () +
"_negNGramGraph";

setNegNGramGraphBinaryFile(filePrefix + graphRangeId +
fileSuffix);

fileSuffix = "_" + getNoOfWordGraphsReviews () ;

fileSuffix += "_" + getNoOfNGramGraphsReviews () +
"_Info.txt";

setInfoFile(new File(filePrefix + graphRangeId +
fileSuffix));

public void findGraphFilenames (int noOfReviews, boolean stage)

throws IOException {
System.out.println("Selecting reviews for graphs...");

FilenamePattern pattern;

pattern = new FilenamePattern(getMinPosRating(), getMaxPosRating());

setPosGraphFilenames (pattern.findFilenames (getPosGraphFilepath(),
noOfReviews, isShuffle(), getSeed()));

pattern = new FilenamePattern(getMinNegRating(), getMaxNegRating());
setNegGraphFilenames (pattern.findFilenames (getNegGraphFilepath(),
noOfReviews, isShuffle(), getSeed()));

if (stage) {
writeFilenames (getPosGraphFilenames (),
"FilenamesForPosGraph_" +
graphRangeId + "_" +
getNoOfWordGraphsReviews () + ".txt");
writeFilenames (getNegGraphFilenames (),
"FilenamesForNegGraph_" +
graphRangeId + "_" +
getNoOfWordGraphsReviews () + ".txt");
} else {
writeFilenames (getPosGraphFilenames (),
"FilenamesForPosGraph.txt");
writeFilenames (getNegGraphFilenames (),
"FilenamesForNegGraph.txt");
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public void writeFilenames (ArraylList<String> filenames, String outputFile)
throws IOException {

FileWriter writer = new FileWriter(
new File(getResultsDirectory() + "/" + outputFile),
true) ;

for (String s: filenames)
writer.write(s + "\n");

writer.close () ;

}

public void createWordGraphs (boolean allStages, boolean stagel)
throws FileNotFoundException, IOException {
System.out.println("Creating positive and negative model "
+ "word graphs...");

ModelWordGraph posGraph = createWordGraph(getPosGraphFilepath(),
getPosGraphFilenames ());

ModelWordGraph negGraph = createWordGraph(getNegGraphFilepath(),
getNegGraphFilenames () ) ;

if (isRemove ()) {
WordGraphsSimilarities values =
new WordGraphsSimilarities(posGraph,
negGraph) ;
values.removeCommonSubGraphFromSentimentGraphs (isRemove ());
posGraph = values.getPosModelGraph () ;
negGraph = values.getNegModelGraph();
3

storeWordGraphs (posGraph, negGraph);

if (allStages) {
String filePrefix = getResultsDirectory() + "/";
String infoPos = "PositiveWordGraph";
String infoNeg = "NegativeWordGraph";
String suffix = getNoOfWordGraphsReviews () + ".txt";

posGraph.printToFile(filePrefix + infoPos + suffix);
negGraph.printToFile(filePrefix + infoNeg + suffix);

} else if (stagel) {
String filePrefix = getResultsDirectory () + "/";
String infoPos = "PositiveWordGraph_" + graphRangelId + "_";
String infoNeg = "NegativeWordGraph_" + graphRangelId + "_";
String suffix = getNoOfWordGraphsReviews () + ".txt";

posGraph.printToFile(filePrefix + infoPos + suffix);
negGraph.printToFile(filePrefix + infoNeg + suffix);

X
public ModelWordGraph createWordGraph(String reviewsFilepath,
ArrayList<String> reviewFilenames)

throws FileNotFoundException, IOException {

ModelWordGraph graph;
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graph = new ModelWordGraph(getNoOfWordGraphsReviews (), getWindow());
graph.createModelGraph(reviewsFilepath, reviewFilenames,
isPreprocess ());

return graph;

}

public void storeWordGraphs (ModelWordGraph posGraph,
ModelWordGraph negGraph)
throws IOException {

FileWriter output = new FileWriter (getInfoFile (), true);
output.write("Nodes of pos wordGraph: " + posGraph.getNoOfNodes());
output.write ("\nEdges of pos wordGraph: " + posGraph.getNoOfEdges());
output.write("\nNodes of neg wordGraph: " + negGraph.getNoOfNodes ());
output.write("\nEdges of neg wordGraph: " + negGraph.getNoOfEdges());

output.write("\n");
output.close();

posGraph.storeModelGraph (getPosWordGraphBinaryFile ()) ;
negGraph.storeModelGraph (getNegWordGraphBinaryFile () ) ;
}

public void createNGramGraphs(boolean allStages, boolean stagel)
throws FileNotFoundException, IOException {

System.out.println("Creating positive and negative model "
+ "n-gram graphs...");

ModelNGramGraph posGraph = createNGramGraph(getPosGraphFilepath(),
getPosGraphFilenames ());

ModelNGramGraph negGraph = createNGramGraph(getNegGraphFilepath(),
getNegGraphFilenames () ) ;

if (isRemove (D) {
NGramGraphsSimilarities values =
new NGramGraphsSimilarities(posGraph,
negGraph) ;
values.removeCommonSubGraphFromSentimentGraphs (isRemove ());
posGraph = values.getPosModelGraph () ;
negGraph = values.getNegModelGraph();

}

storeNGramGraphs (posGraph, negGraph);

String filePrefix
String fileSuffix

getResultsDirectory () + "/";
getNoOfNGramGraphsReviews () + ".txt";

if (allStages) {
String infoPos = "PositiveNGramGraph';
String infoNeg = "NegativeNGramGraph";
posGraph.printToFile(filePrefix + infoPos + fileSuffix);
negGraph.printToFile(filePrefix + infoNeg + fileSuffix);

} else if (stagel) {
String infoPos = "PositiveNGramGraph_" + graphRangeId + "_";
String infoNeg = "NegativeNGramGraph_" + graphRangelId + "_";
posGraph.printToFile(filePrefix + infoPos + fileSuffix);
negGraph.printToFile(filePrefix + infoNeg + fileSuffix);
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}

public ModelNGramGraph createNGramGraph(String reviewsFilepath,
ArraylList<String> reviewFilenames)
throws FileNotFoundException, IOException {

ModelNGramGraph graph;

graph = new ModelNGramGraph(getNoOfNGramGraphsReviews (), getnSize());
graph.createModelGraph(reviewsFilepath, reviewFilenames,
isPreprocess ());

return graph;

}

public void storeNGramGraphs (ModelNGramGraph posGraph,
ModelNGramGraph negGraph)
throws IOException {

FileWriter output = new FileWriter (getInfoFile (), true);

output.write("Nodes of pos nGramGraph: " + posGraph.getNoOfNodes());

output.write("\nEdges of pos nGramGraph: " +
posGraph.getNoOfEdges ()) ;

output.write("\nNodes of neg nGramGraph: " +
negGraph.getNoOfNodes ()) ;

output.write("\nEdges of neg nGramGraph: " +

negGraph.getNoOfEdges ());
output.write("\n");
output.close();

posGraph.storeModelGraph (getPosNGramGraphBinaryFile ());
negGraph.storeModelGraph (getNegNGramGraphBinaryFile ());

public int getNoOfNGramGraphsReviews () {
return no0OfNGramGraphsReviews;

public void setNoOfNGramGraphsReviews (int noOfNGramGraphsReviews) {
this.no0fNGramGraphsReviews = noOfNGramGraphsReviews;

public int getNoOfWordGraphsReviews () {
return noOfWordGraphsReviews;

public void setNoOfWordGraphsReviews (int noOfWordGraphsReviews) {
this.no0OfWordGraphsReviews = noOfWordGraphsReviews;

public int getnSize () {
return nSize;

public void setnSize(int nSize) {
this.nSize = nSize;
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393
394
395
396
397
398
399
100
101
102
403
404
105
106
107
408
409

110

446

public

public

public

public

public

public

public

public

public

public

public

public

public

public

public

int getWindow () {
return window;

void setWindow (int window) {
this.window = window;

boolean isRemove () {
return remove;

void setRemove(boolean remove) {
this.remove = remove;

boolean isShuffle() {
return shuffle;

void setShuffle(boolean shuffle) {
this.shuffle = shuffle;

boolean isPreprocess () {
return preprocess;

void setPreprocess(boolean preprocess)
this.preprocess = preprocess;

int getMinPosRating () {
return minPosRating;

void setMinPosRating(int minPosRating)
this.minPosRating = minPosRating;

int getMaxPosRating() {
return maxPosRating;

void setMaxPosRating(int maxPosRating)
this.maxPosRating = maxPosRating;

int getMinNegRating () {
return minNegRating;

void setMinNegRating(int minNegRating)
this.minNegRating = minNegRating;

int getMaxNegRating () {
return maxNegRating;
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453 public void setMaxNegRating(int maxNegRating) {
154 this.maxNegRating = maxNegRating;

155 X

156

157 public String getPosGraphFilepath() {
458 return posGraphFilepath;

459 }

161 public void setPosGraphFilepath(String posGraphFilepath) {
162 this.posGraphFilepath = posGraphFilepath;

463 }

464

165 public String getNegGraphFilepath() {

166 return negGraphFilepath;

16 }

468

469 public void setNegGraphFilepath(String negGraphFilepath) {
470 this.negGraphFilepath = negGraphFilepath;

171 }

172

173 public File getResultsDirectory () {

474 return resultsDirectory;

475 }

176

177 public void setResultsDirectory(File resultsDirectory) {
178 this.resultsDirectory = resultsDirectory;

479 }

480

181 public String getPosNGramGraphBinaryFile () {

182 return posNGramGraphBinaryFile;

183 }

184

485 public void setPosNGramGraphBinaryFile(String posNGramGraphBinaryFile) {
186 this.posNGramGraphBinaryFile = posNGramGraphBinaryFile;
187 }

189 public String getNegNGramGraphBinaryFile () {

490 return negNGramGraphBinaryFile;

491 }

193 public void setNegNGramGraphBinaryFile(String negNGramGraphBinaryFile) {
194 this.negNGramGraphBinaryFile = negNGramGraphBinaryFile;

495 }

496

197 public String getPosWordGraphBinaryFile () {

198 return posWordGraphBinaryFile;

199 }

500

501 public void setPosWordGraphBinaryFile (String posWordGraphBinaryFile) {
502 this.posWordGraphBinaryFile = posWordGraphBinaryFile;
503 }

504

505 public String getNegWordGraphBinaryFile () {

506 return negWordGraphBinaryFile;

507 }

508
500 public void setNegWordGraphBinaryFile (String negWordGraphBinaryFile) {
510 this.negWordGraphBinaryFile = negWordGraphBinaryFile;
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public ArraylList<String> getPosGraphFilenames () {
return posGraphFilenames;

public void setPosGraphFilenames (ArraylList<String> posGraphFilenames) {
this.posGraphFilenames = posGraphFilenames;

public ArrayList<String> getNegGraphFilenames () {
return negGraphFilenames;

public void setNegGraphFilenames (ArraylList<String> negGraphFilenames) {
this.negGraphFilenames = negGraphFilenames;

public int getGraphRangeId () {
return graphRangeId;

public void setGraphRangeId(int id) A
this.graphRangelId = id;

public File getInfoFile() {
return infoFile;

public void setInfoFile(File infoFile) {
this.infoFile = infoFile;

public long getSeed () {
return seed;

public void setSeed(long seed) {
this.seed = seed;
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package sentimentanalysis;
import java.io.IOException;

import
gr .demokritos.iit.jinsect.documentModel.comparators.NGramCachedGraphComparator;
import gr.demokritos.iit. jinsect.structs.GraphSimilarity;

public class WordGraphsSimilarities {

private GraphSimilarity posGraphSimilarities;
private ModelWordGraph posModelGraph;

private GraphSimilarity negGraphSimilarities;
private ModelWordGraph negModelGraph;

public WordGraphsSimilarities (String posGraphFile, String negGraphFile)
throws ClassNotFoundException, IOException {
posModelGraph = new ModelWordGraph () ;
posModelGraph.loadModelGraph (posGraphFile) ;
negModelGraph = new ModelWordGraph () ;
negModelGraph.loadModelGraph (negGraphFile) ;
}

public WordGraphsSimilarities(ModelWordGraph posModelGraph,
ModelWordGraph negModelGraph) {
this.posModelGraph = posModelGraph;
this.negModelGraph = negModelGraph;
b

public void graphsSimilaritiesWith(ReviewWordGraph reviewGraph) {

NGramCachedGraphComparator reviewGraphComparator =
new NGramCachedGraphComparator () ;

posGraphSimilarities = reviewGraphComparator.getSimilarityBetween (
reviewGraph.getGraph (),
posModelGraph.getReviewsGraph () .getGraph ());

negGraphSimilarities = reviewGraphComparator.getSimilarityBetween (
reviewGraph.getGraph (),
negModelGraph.getReviewsGraph () .getGraph ()) ;

}
public void removeCommonSubGraphFromSentimentGraphs (boolean remove) {
if (remove == false)
return;

ReviewWordGraph [] newModels =
posModelGraph.removeCommonSubgraph (
negModelGraph.getReviewsGraph ());
posModelGraph.setReviewsGraph (newModels [0]) ;
negModelGraph.setReviewsGraph (newModels [1]);
}

public GraphSimilarity getPosGraphSimilarities () {
return posGraphSimilarities;

}

public GraphSimilarity getNegGraphSimilarities () {
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60 return negGraphSimilarities;

61 }

63 public ModelWordGraph getPosModelGraph() {
64 return posModelGraph;

65 }

66

67 public ModelWordGraph getNegModelGraph() {
68 return negModelGraph;

69 }

70!l }
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package sentimentanalysis;
import java.io.IOException;

import
gr .demokritos.iit.jinsect.documentModel.comparators.NGramCachedGraphComparator;
import gr.demokritos.iit. jinsect.structs.GraphSimilarity;

public class NGramGraphsSimilarities {

private GraphSimilarity posGraphSimilarities;
private ModelNGramGraph posModelGraph;

private GraphSimilarity negGraphSimilarities;
private ModelNGramGraph negModelGraph;

public NGramGraphsSimilarities(String posGraphFile, String negGraphFile)
throws ClassNotFoundException, IOException {
posModelGraph = new ModelNGramGraph () ;
posModelGraph.loadModelGraph (posGraphFile) ;
negModelGraph = new ModelNGramGraph () ;
negModelGraph.loadModelGraph (negGraphFile) ;
}

public NGramGraphsSimilarities(ModelNGramGraph posModelGraph,
ModelNGramGraph negModelGraph) {
this.posModelGraph posModelGraph;
this.negModelGraph negModelGraph;

}

public void graphsSimilaritiesWith(ReviewNGramGraph reviewGraph) {
NGramCachedGraphComparator reviewGraphComparator =
new NGramCachedGraphComparator () ;

posGraphSimilarities = reviewGraphComparator.getSimilarityBetween (
reviewGraph.getGraph (),
posModelGraph.getReviewsGraph () .getGraph ()) ;
negGraphSimilarities = reviewGraphComparator.getSimilarityBetween (
reviewGraph.getGraph (),
negModelGraph.getReviewsGraph () .getGraph ());
}

public void removeCommonSubGraphFromSentimentGraphs(boolean remove)
throws IOException {
if (remove == false)
return;
ReviewNGramGraph [] newModels =
posModelGraph.removeCommonSubgraph (
negModelGraph.getReviewsGraph ());
posModelGraph.setReviewsGraph (newModels [0]) ;
negModelGraph.setReviewsGraph (newModels [1]) ;
}

public GraphSimilarity getPosGraphSimilarities () {
return posGraphSimilarities;

}

public GraphSimilarity getNegGraphSimilarities () {
return negGraphSimilarities;
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60 }

62 public ModelNGramGraph getPosModelGraph() {
63 return posModelGraph;
64 }

66 public ModelNGramGraph getNegModelGraph() {
67 return negModelGraph;

68 }

sol| }
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package sentimentanalysis;
weka.core.Attribute;
weka.core.Denselnstance;
weka.core.Instances;

import
import
import
import

import
import
import
import
import
import

public

gr .demokritos.iit.jinsect.structs.GraphSimilarity;

java.
java.
java.
java.
java.
java.

io

io.
io.
io.
io.

.BufferedReader;

BufferedWriter;
FileReader;
FileWriter;
I0Exception;

util.ArraylList;

class AttributeRelationFile {

private String relationName;

private Arraylist<Attribute> attributes;

private Instances instances;

public

}

public

public

public

public

AttributeRelationFile (String relationName) {
this.relationName = relationName;

void createFile(WordGraphsSimilarities values,
String negFilepath,

createAttributes () ;
addHeader () ;

addData(values, posFilepath,
negReviewFilenames) ;

void createFile (NGramGraphsSimilarities values,
String negFilepath,

createAttributes () ;
addHeader () ;

addData(values, posFilepath,
negReviewFilenames) ;

void createFile(String posFilepath,
ArrayList<String> posReviewFilenames,
ArrayList<String> negReviewFilenames) throws IOException {

createTextAttribute () ;
addHeader () ;

addData(posFilepath, negFilepath,
negReviewFilenames) ;

void createFile(String file) throws IOException {
createRelativeAttributes () ;

addHeader () ;
addData (file) ;

String posFilepath,
ArrayList<String> posReviewFilenames,
ArrayList<String> negReviewFilenames) throws IOException {

negFilepath,

posReviewFilenames,

String posFilepath,
ArrayList<String> posReviewFilenames,
ArraylList<String> negReviewFilenames) throws IOException {

negFilepath,

posReviewFilenames,

String negFilepath,

posReviewFilenames,



96

98

99
100
101
102
103
104
105
106
107
108

109

public void createFile(String file, int levels) throws IOException {

private

private

private

private

private

private

createAttributes () ;
addHeader () ;
addData(file, levels);

void createAttributes () {

attributes = new ArraylList<Attribute>();

attributes.add(new Attribute("PositiveContainmentSimilarity"));
attributes.add(new Attribute("PositiveNormalizedValueSimilarity"));
attributes.add(new Attribute("PositiveValueSimilarity"));
attributes.add(new Attribute("NegativeContainmentSimilarity"));
attributes.add(new Attribute("NegativeNormalizedValueSimilarity"));
attributes.add(new Attribute("NegativeValueSimilarity"));
ArrayList<String> sentimentValues = new ArrayList<String>();
sentimentValues.add("0");

sentimentValues.add("1");

attributes.add(new Attribute("Sentiment", sentimentValues));

void createTextAttribute () {

attributes = new ArraylList<Attribute>();

attributes.add (new Attribute("TextReview", (ArraylList<String>)
null));

ArrayList<String> sentimentValues = new ArrayList<String>();

sentimentValues.add("0") ;

sentimentValues.add("1");

attributes.add(new Attribute("ReviewSentiment", sentimentValues));

void createRelativeAttributes () {

attributes = new ArraylList<Attribute>();

attributes.add(new Attribute("RelativeContainmentSimilarity"));
attributes.add(new Attribute("RelativeNormalizedValueSimilarity"));
attributes.add(new Attribute("RelativeValueSimilarity"));
ArraylList<String> sentimentValues = new ArrayList<String>();
sentimentValues.add("0");

sentimentValues.add("1");

attributes.add(new Attribute("Sentiment", sentimentValues));

void addHeader () {
instances = new Instances(relationName, attributes, 0);

void addData(WordGraphsSimilarities values, String posFilepath,
String negFilepath, ArrayList<String> posReviewFilenames,
ArrayList<String> negReviewFilenames) throws IOException {

addInstances (values.getPosModelGraph (), posFilepath,
posReviewFilenames, values, 1);

addInstances (values.getNegModelGraph (), negFilepath,
negReviewFilenames, values, 0);

void addData (NGramGraphsSimilarities values, String posFilepath,
String negFilepath, ArrayList<String> posReviewFilenames,
ArraylList<String> negReviewFilenames) throws IOException {

addInstances (values.getPosModelGraph (), posFilepath,
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private

private

private

posReviewFilenames, values, 1);
addInstances (values.getNegModelGraph (), negFilepath,
negReviewFilenames, values, 0);

void addData(String posFilepath, String negFilepath,
ArrayList<String> posReviewFilenames,
ArraylList<String> negReviewFilenames) throws IOException {

addInstances (posFilepath, posReviewFilenames, 1);
addInstances(negFilepath, negReviewFilenames, 0);

void addData(String file) throws IOException {

BufferedReader reader = new BufferedReader (new FileReader (file));

for (int line = 0; line < 11; line++)
reader .readlLine () ;

String line = reader.readLine();
while(line !'= null) {
String[] values = line.split(",");
double [] simValues = new double[values.lengthl];
for (int index = 0; index < values.length - 1; index++)
simValues [index] = Double.parseDouble(values[index]);
simValues[values.length - 1] =

Integer.parselnt(values[values.length - 1]);

addInstance (simValues) ;
line = reader.readLine();
}

reader.close();

void addData(String file, int levels) throws IOException {
BufferedReader reader = new BufferedReader (new FileReader (file));
for (int line = 0; line < 11; line++)

reader . readlLine () ;

double[] max = {0.0, 0.0, 0.0, 0.0, 0.0, 0.0};

String line = reader.readlLine();

while(line !'= null) {
String[] values = line.split(",");
double[] simValues = new double[6];

for (int index = 0; index < values.length - 1; index++)
simValues[index] = Double.parseDouble(values[index]);
for (int i = 0; i < simValues.length; i++)
if (simValues[i] > max[i])
max[i] = simValues[i];
line = reader.readline();
}
reader.close () ;
reader = new BufferedReader (new FileReader (file));
for (int iline = 0; iline < 11; iline++)

reader .readLine () ;

line = reader.readlLine();
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189
190
191
192
193
194

195

196
197
198
199
200
201

202
203
204
205
206
207
208

209

while(line != null) {
String[] values = line.split(",");

double [] simValues = new double[values.lengthl];

for (int index = 0; index < values.length - 1; index++)
simValues [index] = Double.parseDouble(values[index]);

simValues [values.length - 1] =

Integer.parselnt(values[values.length - 1]);

addInstance (simValues, max, levels);
line = reader.readline();
}

reader.close () ;

private void addInstances(ModelWordGraph graph, String reviewsFilepath,
ArrayList<String> reviewFilenames, WordGraphsSimilarities
values,
int sentiment) throws IOException {

ReviewWordGraph reviewGraph = new ReviewWordGraph(graph.getWindow(),
graph.getReviewsGraph () .isPreprocess ());

for (String s: reviewFilenames) {
reviewGraph.createGraph(reviewsFilepath.concat(s));
values.graphsSimilaritiesWith(reviewGraph) ;
addInstance(values.getPosGraphSimilarities (),
values.getNegGraphSimilarities (), sentiment);

private void addInstances(ModelNGramGraph graph, String reviewsFilepath,
ArrayList<String> reviewFilenames, NGramGraphsSimilarities
values,
int sentiment) throws IOException {

ReviewNGramGraph reviewGraph = new ReviewNGramGraph (graph.getNSize (),
graph.getReviewsGraph() .isPreprocess());

for (String s: reviewFilenames) {
reviewGraph.createGraph(reviewsFilepath.concat(s));
values.graphsSimilaritiesWith(reviewGraph) ;
addInstance(values.getPosGraphSimilarities (),
values.getNegGraphSimilarities (), sentiment);

private void addInstances(String reviewsFilepath,
ArraylList<String> reviewFilenames,
int sentiment) throws IOException {

String reviewFile = null;
BufferedReader reader = null;

for (String s: reviewFilenames) {
reviewFile = reviewsFilepath.concat(s);
reader = new BufferedReader (new FileReader (reviewFile));
addInstance (reader.readline (), sentiment);

}

reader.close();
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private void addInstance (GraphSimilarity posGraphSim,

private

private

private

private

GraphSimilarity negGraphSim,

double []

instance [0]
instance [1]
instance [2]

instance [3]
instance [4]

instance [5]

instance [6]

instances.add(new Denselnstance (1.0,

void addInstance(String

double []
instance [0]
instance [1]

instances.add(new DenseInstance (1.0,

instance =

instance =

posGraphSim

negGraphSim.

negGraphSim

sentiment ;

new

text,

int sentiment) {

new double[instances.numAttributes()];

.ContainmentSimilarity;
posGraphSim.
posGraphSim.

ValueSimilarity/posGraphSim.SizeSimilarity;
ValueSimilarity;

ContainmentSimilarity;

.ValueSimilarity/negGraphSim.SizeSimilarity;
negGraphSim.

ValueSimilarity;

instance)) ;

int sentiment) {

double[instances .numAttributes ()];

instances.attribute (0) .addStringValue (text) ;

sentiment;

void addInstance (doublel[]

double []
instance [0]
instance [1]

instance [2]

instance [3]

instances.add(new DenseInstance (1.0,

instance =

dsim(simValues [0],
dsim(simValues [1],
dsim(simValues [2],

instance));

simValues) {

new double[instances.numAttributes()];

simValues [3]);
simValues [4]);
simValues [5]);

simValues [6];

void addInstance (double[]

double []

for (int i

instance[i] =

instance[instances.numAttributes () -

- 1];

instances.add(new Denselnstance (1.0,

int
int
int
int

if (posSim <

0

instance =

0

dsim(double posSim,
equal =
positive
negative

[

; 1 < simValues.length - 1;
Math.ceil ((simValues[i] / max[i]) * levels);

1;

>

instance)) ;

simValues, double[] max, int levels) {

new double[instances.numAttributes()];

i++)
11 =

simValues [simValues.length

instance)) ;

double negSim) {

negSim) return negative;
else if (posSim > negSim) return positive;
else return equal;
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297

208 public void storeToFile(String outputFile) throws IOException {

299 BufferedWriter writer = new BufferedWriter (new
FileWriter (outputFile));

300 writer .write(instances.toString());

301 writer.flush();

302 writer.close();

303 }

304

305 public Instances getInstances () {

306 return instances;

307 }

308|| }
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package sentimentanalysis;

import
import
import
import
import
import
import
import
import
import

public

java.io.
java.io.
java.io.
java.io.
java.io.
java.io.

java.text.
java.text.

java.uti
java.uti

File;

FileInputStream;
FileNotFoundException;
FileWriter;
I0Exception;
InputStream;

DecimalFormat;
NumberFormat ;

1l.Arraylist;
1l.Properties;

class DataFiles {

private
private
private
private

private
private
private

private
private
private

private
private

private
private

private
private
private
private
private
private

private
private
private

private
private
private
private

private
private
private
private

private

private

int
int
int
int

noTrainReviews;
noTestReviews;
no0fNGramGraphsReviews;
no0fWordGraphsReviews;

String nGramGraphsTrainFile;
String wordGraphsTrainFile;
String bagOfWordsTrainFile;

String nGramGraphsTestFile;
String wordGraphsTestFile;
String bagOfWordsTestFile;

String posTrainFilepath;
String negTrainFilepath;

String posTestFilepath;
String negTestFilepath;

ArrayList<String> posGraphFilenames;
ArrayList<String> negGraphFilenames;
ArrayList<String> posTrainFilenames;
ArrayList<String> negTrainFilenames;

ArrayList<String> posTestFilenames;
ArrayList<String> negTestFilenames;

double posRate;
boolean shuffle;
long seed;

int
int
int
int

minPosRating;
maxPosRating;
minNegRating;
maxNegRating;

String posNGramGraphBinaryFile;
String negNGramGraphBinaryFile;
String posWordGraphBinaryFile;
String negWordGraphBinaryFile;

int

id;

File resultsDirectory;

public static void main(String[] args)
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61 throws IOException, ClassNotFoundException {

63 if (args.length != 3)

64 return;

65

66 InputStream reader = new FileInputStream(args[0]);
67 Properties properties = new Properties();

69 if (args[0].contains(".xml"))
70 properties.loadFromXML (reader) ;

71 else

72 properties.load(reader) ;

74 boolean stage2 = Boolean.parseBoolean(args[1]);

75 boolean allStages = Boolean.parseBoolean(args[2]);
76

77 long start = System.currentTimeMillis();

79 System.out.println("Running Second Stage of Sentiment "

80 + "Classification: Creating training and testing
files for"

81 + " each approach\n");

82

83 DataFiles object = new DataFiles();

84

85 object.setParameters (properties, true);

86 object.createResultsDirectory () ;

87 object.setFiles(allStages);

88

89 object.findTrainFilenames (stage2) ;

90 object.findTestFilenames (stage2);
92 long wordGraphs = System.currentTimeMillis ();

94 object.wordGraphsFilesARFF () ;
95 long nGramGraphs = System.currentTimeMillis ();
96 object .nGramGraphsFilesARFF () ;
97 long bagOfWords = System.currentTimeMillis ();

98 object.bag0fWordsFilesARFF () ;

99

100 long end = System.currentTimeMillis ();

101

102 NumberFormat formatter = new DecimalFormat ("#0.00000");

103 String info = object.getNoOfWordGraphsReviews () + "_"

104 + object.getNoOfNGramGraphsReviews () + "_"
105 + object.getNoTrainReviews () + "_"

106 + object.getNoTestReviews () ;

107

108 FileWriter output =

109 new FileWriter (new File(object.getResultsDirectory ()

110 + "/" + object.getId() + "_" + info
+ " _Info.txt"));

111

112 output.write("Time for files of word graphs: ");

113 output.write(formatter.format ((nGramGraphs - wordGraphs) / 10004d)

114 + " seconds\n");

115 output.write("Time for files of n-gram graphs: ");

116 output.write(formatter.format ((bagOfWords - nGramGraphs) / 1000d)

117 + " seconds\n");

118 output.write("Time for files of bagOfWords: ");
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160

161

162

163

164

165

}

output.write (formatter.format ((end - bagOfWords) / 1000d)

+ " seconds\n\n");
output.write("\nExecution time is ");
output.write(formatter.format((end - start) / 1000d) + " seconds");
output.close();

System.out.print ("\nExecution time is " +
formatter.format ((end - start) / 1000d) + "

seconds") ;

return;

public void setParameters(Properties properties, boolean onlyThisStage)

throws ClassNotFoundException, IOException {

setNoTrainReviews (Integer.parselnt (

properties.getProperty ("noO0fTrainReviews")));
setNoTestReviews (Integer.parselnt (

properties.getProperty ("noOfTestReviews")));

setPosTrainFilepath(properties.getProperty("positiveTrainFilepath"));
setNegTrainFilepath (properties.getProperty("negativeTrainFilepath"));
setPosTestFilepath (properties.getProperty("positiveTestFilepath"));
setNegTestFilepath(properties.getProperty("negativeTestFilepath"));
setPosRate (Double.parseDouble (

properties.getProperty ("positiveRate"))/100);

if (properties.getProperty("seed") !'= null)

setSeed (Long.parselong(properties.getProperty("seed")));
else

setSeed (-1);

setShuffle (Boolean.parseBoolean(
properties.getProperty ("shuffle")));

if (onlyThisStage) {
System.out.println("Setting parameters...");

setMinPosRating(Integer.parselnt (
properties.getProperty("minPositiveRating")));

setMaxPosRating(Integer.parselnt (
properties.getProperty ("maxPositiveRating")));

setMinNegRating(Integer.parselnt (
properties.getProperty("minNegativeRating")));

setMaxNegRating (Integer.parselnt (
properties.getProperty ("maxNegativeRating")));

setPosWordGraphBinaryFile (
properties.getProperty("posWordGraphFilepath"));

setNegWordGraphBinaryFile (
properties.getProperty("negWordGraphFilepath"));

setPosWordGraphFilenames (getPosWordGraphBinaryFile ());
setNegWordGraphFilenames (getNegWordGraphBinaryFile ());
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189

190

191

192

193

194

195

3

setPosNGramGraphBinaryFile (

properties.getProperty ("posNGramGraphFilepath"));

setNegNGramGraphBinaryFile (

properties.getProperty ("negNGramGraphFilepath")) ;

setPosNGramGraphFilenames (getPosNGramGraphBinaryFile ());
setNegNGramGraphFilenames (getNegNGramGraphBinaryFile ());

public void createResultsDirectory () {

}

System.out.println("Creating directory for results...");

String[] resultsFolderInfo = getPosWordGraphBinaryFile () .split("/");

String[] foldername =
resultsFolderInfo[resultsFolderInfo.length -
2] .split ("_");

String[] filename =
resultsFolderInfo[resultsFolderInfo.length -
1] .split("_");

setNoOfWordGraphsReviews (Integer .parseInt (filename [1]));

String window = foldername [0];

String remove = foldername [1];

String preprocess = foldername [2];

String nSize = foldername [3];

String results = filename[0] + "_" + window + "_" + remove
+ "_" + preprocess + "_";

resultsFolderInfo = getPosNGramGraphBinaryFile () .split("/");
filename = resultsFolderInfo[resultsFolderInfo.length -
1] .split("_");

setNoOfNGramGraphsReviews (Integer.parseInt(filename [1]));

results += filename[0] + "_" + nSize + "_" + remove
+ "_" + preprocess + "_" + "Train&TestFiles";

setResultsDirectory(new File(results));
getResultsDirectory () .mkdir () ;

public void setFiles(boolean allStages) {

String filePrefix = getResultsDirectory() + "/";
String fileInfo = "_" + getNoOfWordGraphsReviews() + "_"
+ getNoOfNGramGraphsReviews () + "_";

String fileTrainSuffix = getNoTrainReviews () +

" _TrainBagOfWords.arff";
String fileTestSuffix = getNoTestReviews () + "_TestBagOfWords
id = 0;

if (allStages) {

setBagOfWordsTrainFile(filePrefix + "Train" +
getNoTrainReviews ()
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+ "BagOfWords.arff");
setBagOfWordsTestFile(filePrefix + "Test" +
getNoTestReviews ()
+ "BagOfWords.arff");
setWordGraphsTrainFile(filePrefix + "Train" +
getNoTrainReviews ()
+ "WordGraph.arff");
setWordGraphsTestFile(filePrefix + "Test" +
getNoTestReviews ()
+ "WordGraph.arff");
setnGramGraphsTrainFile (filePrefix + "Train" +
getNoTrainReviews ()
+ "NGramGraph.arff");
setnGramGraphsTestFile(filePrefix + "Test" +
getNoTestReviews ()
+ "NGramGraph.arff");
} else {
System.out.println("Setting the output filenames...");
File filepath = getResultsDirectory();
File[] allFiles = filepath.listFiles();
if (allFiles != null)
id = findIdOfLastFile(allFiles);

setBagOfWordsTrainFile(filePrefix + id + fileInfo +

fileTrainSuffix) ;
setBagOfWordsTestFile(filePrefix + id + fileInfo +
fileTestSuffix);
fileTrainSuffix = getNoTrainReviews () +

"_TrainWordGraph.arff";
fileTestSuffix = getNoTestReviews () + "_TestWordGraph.arff";
setWordGraphsTrainFile(filePrefix + id + fileInfo +

fileTrainSuffix);
setWordGraphsTestFile(filePrefix + id + fileInfo +
fileTestSuffix);
fileTrainSuffix = getNoTrainReviews () +

"_TrainNGramGraph.arff";

fileTestSuffix = getNoTestReviews () + " _TestNGramGraph.arff";

setnGramGraphsTrainFile(filePrefix + id + filelInfo +
fileTrainSuffix) ;

setnGramGraphsTestFile(filePrefix + id + fileInfo +
fileTestSuffix);

}

private int findIdOfLastFile(File[] allFiles) {
long lastMod = Long.MIN_VALUE;
File last = null;
for (File file : allFiles)
if (file.lastModified() > lastMod) {
last = file;
lastMod = file.lastModified () ;

if (last != null)

return Integer.parselnt(last.getName().split("_")[0]) + 1;
else

return 0;
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306
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public

public

void findTrainFilenames (boolean stage2) throws IOException {
System.out.println("Selecting reviews for the training corpus...");

FilenamePattern filePattern =
new FilenamePattern(getMinPosRating(),
getMaxPosRating ());

setPosTrainFilenames (
filePattern.findFilenames (getPosTrainFilepath (),
(int) (getNoTrainReviews () *
getPosRate ()),
getPosGraphFilenames (), isShuffle(),
getSeed ()));

filePattern =
new FilenamePattern(getMinNegRating(),
getMaxNegRating ()) ;

setNegTrainFilenames (
filePattern.findFilenames (getNegTrainFilepath (),
(int) (getNoTrainReviews () * (1 -
getPosRate ())),
getNegGraphFilenames (), isShuffle(),
getSeed ()));

if (stage2) {

writeFilenames (getPosTrainFilenames (), "FilenamesForTrain_"

+ id

+ "_" + getNoOfWordGraphsReviews () + "_"

+ getNoOfNGramGraphsReviews () + "_"

+ getNoTrainReviews () + ".txt");

writeFilenames (getNegTrainFilenames (), "FilenamesForTrain_"

+ id

+ "_" + getNoOfWordGraphsReviews ()

+ "_" + getNoOfNGramGraphsReviews ()

+ "_" + getNoTrainReviews () + ".txt");

} else {
writeFilenames (getPosTrainFilenames (),
"FilenamesForTrain.txt");
writeFilenames (getNegTrainFilenames (),
"FilenamesForTrain.txt");

void findTestFilenames (boolean stage2) throws IOException {
System.out.println("Selecting reviews for the testing corpus...");

FilenamePattern filePattern =
new FilenamePattern(getMinPosRating(),
getMaxPosRating ());
setPosTestFilenames (
filePattern.findFilenames (getPosTestFilepath (),
(int) (getNoTestReviews () * posRate),
isShuffle (), getSeed()));

filePattern =
new FilenamePattern(getMinNegRating(),
getMaxNegRating ()) ;
setNegTestFilenames (

132



filePattern.findFilenames (getNegTestFilepath (),
(int) (getNoTestReviews () * (1 -
posRate)),
isShuffle (), getSeed()));

if (stage2) A{

writeFilenames (getPosTestFilenames (), "FilenamesForTest_" +
id
+ "_" + getNoOfWordGraphsReviews ()
+ "_" + getNoOfNGramGraphsReviews ()
+ "_" + getNoTestReviews () + ".txt");
writeFilenames (getNegTestFilenames (), "FilenamesForTest_" +
id
+ "_" + getNoOfWordGraphsReviews ()
+ "_" + getNoOfNGramGraphsReviews ()
+ "_" + getNoTestReviews () + ".txt");

} else {
writeFilenames (getPosTestFilenames (),
"FilenamesForTest.txt");
writeFilenames (getNegTestFilenames (),
"FilenamesForTest.txt");

}

public void writeFilenames (ArraylList<String> filenames, String outputFile)
throws IOException {

FileWriter writer = new FileWriter(
new File(getResultsDirectory() + "/" + outputFile),
true) ;

for (String s: filenames)
writer.write(s + "\n");

writer.close();

}

public void wordGraphsFilesARFF ()
throws ClassNotFoundException, IOException {

System.out.println("Creating training and testing files by comparing
+ "reviews to model word graphs...");
WordGraphsSimilarities values =
new
WordGraphsSimilarities (getPosWordGraphBinaryFile (),
getNegWordGraphBinaryFile () ) ;

AttributeRelationFile train = createTrainFileARFF(values);
train.storeToFile (getWordGraphsTrainFile ());
train = null;

AttributeRelationFile test = createTestFileARFF (values);
test.storeToFile(getWordGraphsTestFile ());
}

public AttributeRelationFile createTrainFileARFF (WordGraphsSimilarities
values)
throws FileNotFoundException, IOException {
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AttributeRelationFile file =

file.createFile(values,

return file;

3

new

AttributeRelationFile("Sentiment_of_Similarities_of_"
+ "ImdbReviewWordGraphs") ;

getPosTrainFilenames (),

getPosTrainFilepath(), getNegTrainFilepath(),

getNegTrainFilenames ()) ;

public AttributeRelationFile createTestFileARFF(WordGraphsSimilarities

values)

throws FileNotFoundException,

AttributeRelationFile file =

file.createFile (values,

return file;

}

new

AttributeRelationFile("Sentiment_of_Similarities_of_

I0Exception {

+ "ImdbReviewWordGraphs");

getPosTestFilenames (),

public void nGramGraphsFilesARFF ()
throws ClassNotFoundException,

getPosTestFilepath (), getNegTestFilepath(),

getNegTestFilenames ()) ;

I0Exception {

System.out.println("Creating training and testing files by comparing

+ "reviews to model n-gram graphs...");
NGramGraphsSimilarities values =

new

NGramGraphsSimilarities (getPosNGramGraphBinaryFile (),
getNegNGramGraphBinaryFile ());

AttributeRelationFile train = createTrainFileARFF(values);
train.storeToFile (getnGramGraphsTrainFile ());

train = null;

AttributeRelationFile test = createTestFileARFF (values);
test.storeToFile(getnGramGraphsTestFile ());

}

public AttributeRelationFile createTrainFileARFF (NGramGraphsSimilarities

values)

throws FileNotFoundException,

AttributeRelationFile file =

file.createFile(values,

return file;

new

I0Exception {

AttributeRelationFile("Sentiment_of_Similarities_of_"
+ "ImdbReviewNGramGraphs") ;

getPosTrainFilenames (),
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486

public AttributeRelationFile createTestFileARFF(NGramGraphsSimilarities
values)
throws FileNotFoundException, IOException {

AttributeRelationFile file =
new
AttributeRelationFile("Sentiment_of_Similarities_of_
+ "ImdbReviewNGramGraphs");
file.createFile(values, getPosTestFilepath(), getNegTestFilepath(),
getPosTestFilenames (), getNegTestFilenames ());

return file;

}

public void bagOfWordsFilesARFF ()
throws FileNotFoundException, IOException {

System.out.println("Creating training and testing files with bag of "

+ "words approach...");

AttributeRelationFile train = bagOfWordsTrainFileARFF () ;
train.storeToFile (getBagOfWordsTrainFile ());
train = null;

AttributeRelationFile test = bagOfWordsTestFileARFF ();
test.storeToFile(getBagOfWordsTestFile ());
}

public AttributeRelationFile bagOfWordsTrainFileARFF ()
throws FileNotFoundException, IOException {

AttributeRelationFile file =
new
AttributeRelationFile("Sentiment_of_ImdbReviewsText");

file.createFile(getPosTrainFilepath(), getNegTrainFilepath(),
getPosTrainFilenames (), getNegTrainFilenames ());

return file;

}

public AttributeRelationFile bagOfWordsTestFileARFF ()
throws FileNotFoundException, IOException {

AttributeRelationFile file =
new
AttributeRelationFile("Sentiment_of_ImdbReviewsText");

file.createFile (getPosTestFilepath(), getNegTestFilepath(),
getPosTestFilenames (), getNegTestFilenames ());

return file;

}
public int getNoTrainReviews () {
return noTrainReviews;

}

public void setNoTrainReviews (int noTrainReviews) {
this.noTrainReviews = noTrainReviews;
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189 public int getNoTestReviews () {
190 return noTestReviews;

492
493 public void setNoTestReviews (int noTestReviews) {
194 this.noTestReviews = noTestReviews;

195 }

196
497 public String getPosTrainFilepath () {
498 return posTrainFilepath;

199 }

500
501 public void setPosTrainFilepath(String posTrainFilepath) {
502 this.posTrainFilepath = posTrainFilepath;

503 3

504
505 public String getNegTrainFilepath() {
506 return negTrainFilepath;

507 }

508
509 public void setNegTrainFilepath(String negTrainFilepath) {
510 this.negTrainFilepath = negTrainFilepath;

513 public String getPosTestFilepath() {
514 return posTestFilepath;

517 public void setPosTestFilepath(String posTestFilepath) {
518 this.posTestFilepath = posTestFilepath;

521 public String getNegTestFilepath() {
522 return negTestFilepath;

525 public void setNegTestFilepath(String negTestFilepath) {
526 this.negTestFilepath = negTestFilepath;

529 public double getPosRate () {
530 return posRate;

533 public void setPosRate(double posRate) {
534 this.posRate = posRate;

537 public boolean isShuffle () {
538 return shuffle;

541 public void setShuffle(boolean shuffle) {
542 this.shuffle = shuffle;

545 public int getMinPosRating () {
546 return minPosRating;
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549 public void setMinPosRating(int minPosRating) {
550 this.minPosRating = minPosRating;

553 public int getMaxPosRating() {
554 return maxPosRating;

555 }

56

557 public void setMaxPosRating(int maxPosRating) {
558 this.maxPosRating = maxPosRating;

559 }

561 public int getMinNegRating () {
562 return minNegRating;

563 }

564

565 public void setMinNegRating(int minNegRating) {
566 this.minNegRating = minNegRating;

6 X

569 public int getMaxNegRating () {
570 return maxNegRating;

571 b

573 public void setMaxNegRating(int maxNegRating) {

574 this.maxNegRating = maxNegRating;

575 }

576

577 public String getPosNGramGraphBinaryFile () {

578 return posNGramGraphBinaryFile;

579 3

>80

581 public void setPosNGramGraphBinaryFile(String posNGramGraphBinaryFile) {
582 this.posNGramGraphBinaryFile = posNGramGraphBinaryFile;

583 X

»84

585 public String getNegNGramGraphBinaryFile () {

586 return negNGramGraphBinaryFile;

587 }

588

589 public void setNegNGramGraphBinaryFile(String negNGramGraphBinaryFile) {

590 this.negNGramGraphBinaryFile = negNGramGraphBinaryFile;
591 }

593 public String getPosWordGraphBinaryFile () {
594 return posWordGraphBinaryFile;

595 }

596

597 public void setPosWordGraphBinaryFile (String posWordGraphBinaryFile) A{
598 this.posWordGraphBinaryFile = posWordGraphBinaryFile;

599 }

600

601 public String getNegWordGraphBinaryFile () {

602 return negWordGraphBinaryFile;

603 }

604

605 public void setNegWordGraphBinaryFile (String negWordGraphBinaryFile) {

606 this.negWordGraphBinaryFile = negWordGraphBinaryFile;
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607 }
608
609 public void setPosWordGraphFilenames (String posWordGraphFilepath)
610 throws ClassNotFoundException, IOException {

612 ModelWordGraph model = new ModelWordGraph();

613 model.loadModelGraph (posWordGraphFilepath) ;

614

615 setPosGraphFilenames (model.getReviewFilenames ());

616 }

617

618 public void setNegWordGraphFilenames (String negWordGraphFilepath)

619 throws ClassNotFoundException, IOException {

621 ModelWordGraph model = new ModelWordGraph();
622 model.loadModelGraph (negWordGraphFilepath) ;

624 setNegGraphFilenames (model.getReviewFilenames ());

625 }

626

627 public void setPosNGramGraphFilenames (String posNGramGraphFilepath)
628 throws ClassNotFoundException, IOException {

629

630 ModelNGramGraph model = new ModelNGramGraph () ;

631 model.loadModelGraph (posNGramGraphFilepath) ;

632

633 setPosGraphFilenames (model.getReviewFilenames ());

634 }

636 public void setNegNGramGraphFilenames (String negNGramGraphFilepath)
637 throws ClassNotFoundException, IOException {

639 ModelNGramGraph model = new ModelNGramGraph () ;
640 model.loadModelGraph(negNGramGraphFilepath) ;

642 setNegGraphFilenames (model.getReviewFilenames ());

643 }

644

645 public Arraylist<String> getPosGraphFilenames () {

646 return posGraphFilenames;

647 )

648

649 public void setPosGraphFilenames (ArraylList<String> posGraphFilenames) {
650 this.posGraphFilenames = posGraphFilenames;

651 }

653 public ArrayList<String> getNegGraphFilenames () {
654 return negGraphFilenames;

655 }

656

657 public void setNegGraphFilenames (ArraylList<String> negGraphFilenames) {
658 this.negGraphFilenames = negGraphFilenames;
659 }

660

661 public int getId () {

662 return id;

663 }

664

665 public void setId(int id) {

666 this.id = id;
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669 public int getNoOfNGramGraphsReviews () {
670 return noOfNGramGraphsReviews;

671 }

672

673 public void setNoOfNGramGraphsReviews(int noOfNGramGraphsReviews) {
674 this.no0fNGramGraphsReviews = noOfNGramGraphsReviews;
675 }

676

677 public int getNoOfWordGraphsReviews () {

678 return noOfWordGraphsReviews;

679 }

680

681 public void setNoOfWordGraphsReviews (int noOfWordGraphsReviews) {
682 this.no0OfWordGraphsReviews = noOfWordGraphsReviews;
683 }

684

685 public File getResultsDirectory() {

686 return resultsDirectory;

687 }

688

689 public void setResultsDirectory(File resultsDirectory) {

690 this.resultsDirectory = resultsDirectory;

691 }

692

693 public String getnGramGraphsTrainFile () {

694 return nGramGraphsTrainFile;

695 }

696

697 public void setnGramGraphsTrainFile(String nGramGraphsTrainFile) {
698 this.nGramGraphsTrainFile = nGramGraphsTrainFile;

699 3

700

701 public String getWordGraphsTrainFile () {

702 return wordGraphsTrainFile;

703 }

704

705 public void setWordGraphsTrainFile(String wordGraphsTrainFile) {
706 this.wordGraphsTrainFile = wordGraphsTrainFile;

707 }

708

709 public String getBagOfWordsTrainFile() {

710 return bagOfWordsTrainFile;

711 }

713 public void setBagOfWordsTrainFile(String bagOfWordsTrainFile) {
714 this.bagOfWordsTrainFile = bagOfWordsTrainFile;

715 }

716

717 public String getnGramGraphsTestFile () {

718 return nGramGraphsTestFile;

719 }

720

721 public void setnGramGraphsTestFile (String nGramGraphsTestFile) {
722 this.nGramGraphsTestFile = nGramGraphsTestFile;
723 }

724

725 public String getWordGraphsTestFile () {

726 return wordGraphsTestFile;
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public void setWordGraphsTestFile(String wordGraphsTestFile) {
this.wordGraphsTestFile = wordGraphsTestFile;

public String getBagOfWordsTestFile () {
return bagOfWordsTestFile;

public void setBagOfWordsTestFile(String bagOfWordsTestFile) {
this.bag0fWordsTestFile = bagOfWordsTestFile;

public Arraylist<String> getPosTrainFilenames () {
return posTrainFilenames;

public void setPosTrainFilenames (ArraylList<String> posTrainFilenames) {
this.posTrainFilenames = posTrainFilenames;

public Arraylist<String> getNegTrainFilenames () {
return negTrainFilenames;

public void setNegTrainFilenames (ArraylList<String> negTrainFilenames) {
this.negTrainFilenames = negTrainFilenames;

public ArraylList<String> getPosTestFilenames () {
return posTestFilenames;

public void setPosTestFilenames (ArrayList<String> posTestFilenames) {
this.posTestFilenames = posTestFilenames;

public ArraylList<String> getNegTestFilenames () {
return negTestFilenames;

public void setNegTestFilenames (ArraylList<String> negTestFilenames) {
this.negTestFilenames = negTestFilenames;

public long getSeed () {
return seed;

public void setSeed(long seed) {
this.seed = seed;
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package sentimentanalysis;

import
import
import
import
import
import
import
import

import
import
import
import
import

public

java.io.
java.io.
java.io.
java.io.
java.io.
java.io.
java.io.
java.io.

BufferedReader;
File;
FileInputStream;
FileOutputStream;
FileReader;
I0Exception;
ObjectInputStream;
ObjectOutputStream;

weka.classifiers.x*;
weka.classifiers.meta.FilteredClassifier;
weka.core.Instances;
weka.core.tokenizers.WordTokenizer;
weka.filters.unsupervised.attribute.StringToWordVector;

class SentimentClassifier A{

private
private
private
private
private

public

public

public

public

public

String classifierName;

String trainFile;

String filter;

Classifier classifier;
FilteredClassifier filteredClassifier;

SentimentClassifier() { }

SentimentClassifier (String classifierName, String trainFile) {
this.classifierName = classifierName;

this.trainFile = trainFile;

filter = null;

SentimentClassifier (String classifierName, String trainFile,
String filter) {

this.classifierName = classifierName;

this.trainFile = trainFile;

this.filter = filter;

void createClassifierInstance ()
throws InstantiationException, IllegalAccessException,
ClassNotFoundException {
classifier = (Classifier)
Class.forName (classifierName) .newInstance () ;

void trainClassifier () throws Exception {
if (filter == null) {
Instances trainInstances = null;
if (classifierName.equals(
"weka.classifiers.bayes.NaiveBayesMultinomial"))
{
trainInstances =
discretizeSimilarityValues (trainFile);
} else {
BufferedReader reader =
new BufferedReader (new
FileReader (trainFile));
trainInstances = new Instances(reader);
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57 trainInstances.setClassIndex(trainInstances.numAttributes ()

- 1)

58 classifier.buildClassifier(trainInstances) ;

59 }

60 }

61

62 public void trainClassifier(boolean preprocess) throws Exception {

63 if (filter == "StringToWordVector") {

64 BufferedReader reader = new BufferedReader (

65 new FileReader (trainFile));

66 Instances trainInstances = new Instances(reader);

67 trainInstances.setClassIndex(trainInstances.numAttributes ()
- 1);

68 stringToWordVector (preprocess) ;

69 filteredClassifier.buildClassifier(trainInstances) ;

70 }

71 3

72

73 private void stringToWordVector (boolean preprocess) {

74 filteredClassifier = new FilteredClassifier ();

75 filteredClassifier.setClassifier(this.classifier);

77 StringToWordVector filter = new StringToWordVector ();

78 filter.setAttributeIndices ("1,2");

79 filter.setWordsToKeep (100000) ;

80 filter.setLowerCaseTokens (true) ;

81

82 if (!preprocess) {

83 WordTokenizer tokenizer = new WordTokenizer () ;
84 tokenizer.setDelimiters (" ");

85 filter.setTokenizer (tokenizer);

86 filter.setLowerCaseTokens (false);

}

88 filter.setOutputWordCounts (true) ;

89 filteredClassifier.setFilter(filter);

90 T

91

92 public Instances discretizeSimilarityValues (String file)

93 throws IOException {

95 AttributeRelationFile discreteValuesFile =

96 new AttributeRelationFile("Sentiment_of_Discrete_"

97 +

"Similarities_of_ImdbReviewGraphs");
98
99 discreteValuesFile.createFile(file) ;

100 String foldername = new File(file).getParent () ;
101 String filename = new File(file).getName();
102 String prefix = filename.split ("\\.")[0];

103 String newFile = foldername + "/" + prefix +
104 discreteValuesFile.storeToFile (newFile);

105 if (prefix.contains("Train"))

106 trainFile = newFile;

107 return discreteValuesFile.getInstances();

108 }

109
110 public void storeSentimentClassifier (String outputClassifierFile)
111 throws IOException {

"_discretized.arff";

113 FileOutputStream output = new FileOutputStream(outputClassifierFile);
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ObjectOutputStream outputClassifierStream =
new ObjectOutputStream (output) ;

outputClassifierStream.writeObject(classifierName) ;
outputClassifierStream.writeObject (trainFile) ;
outputClassifierStream.writeObject(filter);
outputClassifierStream.writeObject(classifier);
outputClassifierStream.writeObject(filteredClassifier) ;
outputClassifierStream.close () ;

3

public void loadSentimentClassifier (String inputClassifierFile)
throws IOException, ClassNotFoundException {

FileInputStream input = new FileInputStream(inputClassifierFile);
ObjectInputStream inputClassifierStream = new
ObjectInputStream (input) ;

classifierName = (String) inputClassifierStream.readObject();
trainFile = (String) inputClassifierStream.readObject();
filter = (String) inputClassifierStream.readObject ();
classifier = (Classifier) inputClassifierStream.readObject();
filteredClassifier =

(FilteredClassifier)

inputClassifierStream.readObject ();

inputClassifierStream.close();

public String getClassifierName () {
return classifierName;

public String getTrainFile () {
return trainFile;

public String getFilter () {
return filter;

public Classifier getClassifierInstance() {
return classifier;

public FilteredClassifier getFilteredClassifierInstance() {
return filteredClassifier;
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package sentimentanalysis;

import
import
import
import

import
import

public

java.
java.
java.
java.

weka.
weka.

io.
io.
io.
io.

BufferedReader;
FileReader;
FileWriter;
I0OException;

classifiers.Evaluation;
core.Instances;

class ClassifierEvaluation {

private Evaluation evaluation;
private SentimentClassifier classifier;
private String testFile;

public

public

public

public

ClassifierEvaluation() { 2}

ClassifierEvaluation(SentimentClassifier classifier,
String testFile) {

this.classifier = classifier;

this.testFile = testFile;

ClassifierEvaluation(String classifierFile, String testFile)
throws ClassNotFoundException, IOException {

classifier = new SentimentClassifier();
classifier.loadSentimentClassifier(classifierFile);
this.testFile = testFile;

void evaluateClassifier () throws Exception {

BufferedReader reader = new BufferedReader (

new FileReader (classifier.getTrainFile()));
Instances trainInstances = new Instances (reader);
trainInstances.setClassIndex(trainInstances.numAttributes() - 1);
evaluation = new Evaluation(trainInstances);

Instances testInstances = null;
if (!testFile.contains("Bag") &&
(classifier.getClassifierName ()).equals(
"weka.classifiers.bayes.NaiveBayesMultinomial"))
{
testInstances =
classifier.discretizeSimilarityValues (testFile);

} else {
reader = new BufferedReader (new FileReader (testFile));
testInstances = new Instances (reader);
}
testInstances.setClassIndex(testInstances.numAttributes() - 1);
if (classifier.getFilter () == null)

evaluation.evaluateModel (classifier.getClassifierInstance (),
testInstances) ;
else
evaluation.evaluateModel (
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95

96

98

9¢

100

101

102

public

public

public

public

public

public

classifier.getFilteredClassifierInstance (),
testInstances) ;

void printAccuracyToSystemOutput () {
System.out.println(evaluation.toSummaryString ("\nResults\n===========
+ "===\n\n", false));

void printAccuracyToFile(String filepath) throws IOException {
FileWriter writer = new FileWriter(filepath);
writer.write (evaluation.toSummaryString("\nResults\n==========\n\n",
false));
writer.close();

void printAccuracyToFile(String filepath, String method)
throws IOException {

FileWriter writer = new FileWriter(filepath, true);
writer .write (evaluation.toSummaryString ("\nResults " + method +
H\n==u
+ "========\n\n", false));

writer.write("\n");
writer.close();

void printConfMatrixToSystemOutput () throws Exception {
System.out.println(evaluation.toMatrixString("\nResults\n===========

+ "===\n\n"));

void printConfMatrixToFile (String filepath) throws Exception {
FileWriter writer = new FileWriter(filepath, true);

writer .write (evaluation.toMatrixString ("\nResults\n==========\n\n"));
writer.write("\n");

writer.close();

void printConfMatrixToFile(String filepath, String method)
throws Exception {

FileWriter writer = new FileWriter(filepath, true);
writer .write(evaluation.toMatrixString ("\nResults " + method + "\n=="
+ "========\n\n"));

writer.write("\n");
writer.close();
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package sentimentanalysis;

import
import
import
import
import
import
import

public

java.io.File;
java.io.FileInputStream;
java.io.FileWriter;
java.io.InputStream;
java.text.DecimalFormat;
java.text.NumberFormat;
java.util.Properties;

class Classifiers {

private
private
private

private
private

private

private
private

private
private

private
private

private
private
private
private

private

private
private

String
String
String

String
String
String

String
String

nGramGraphsTrainFile;
wordGraphsTrainFile;
bag0fWordsTrainFile;

nGramGraphsTestFile;
wordGraphsTestFile;
bagOfWordsTestFile;

wekaClassifierName;
classifierName;

int noTrainReviews;
int noTestReviews;

int noOfNGramGraphsReviews;
int noOfWordGraphsReviews;

boolean preprocess;

int id;

String
String
String

nGramGraphsClassifierBinaryFile;
wordGraphsClassifierBinaryFile;
bagOfWordsClassifierBinaryFile;

File resultsDirectory;

String

resultsFile;

public static void main(String[] args) throws Exception {

if (args.length != 2)

return;
InputStream reader = new FileInputStream(args[0]);
Properties properties = new Properties();

if (args[0].contains(".xml"))

properties.loadFromXML (reader) ;

else

properties.load(reader);
boolean allStages = Boolean.parseBoolean(args[1]);
long start = System.currentTimeMillis () ;
System.out.println("Running Third Stage of Sentiment "

+ "Classification: Creating classifiers and
evaluation for"
+ " each approach\n");

146



60

96

98

99
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105
106
107
108

109

115

118

Classifiers object = new Classifiers();

object.setParameters (properties, true);
object.createResultsDirectory () ;
object.setFiles(allStages);

System.out.println("Creating classifiers for each pair of training"
+ " and testing set...");

long wordGraphs = System.currentTimeMillis ();
object.createClassifierForWordGraphs () ;
long nGramGraphs = System.currentTimeMillis ();
object.createClassifierForNGramGraphs () ;
long bagOfWords = System.currentTimeMillis () ;
object.createClassifierForBagOfWords () ;

System.out.println("Evaluating each classifier...");
long wordGraphs2 = System.currentTimeMillis ();
object.evaluateClassifierForWordGraphs () ;

long nGramGraphs2 = System.currentTimeMillis ();
object.evaluateClassifierForNGramGraphs () ;

long bagOfWords2 = System.currentTimeMillis ();
object.evaluateClassifierForBagOfWords () ;

long end = System.currentTimeMillis ();
NumberFormat formatter = new DecimalFormat ("#0.00000");

FileWriter output = new FileWriter (new File(
object.getResultsFile()), true);

output.write("Time for classifier of word graphs: ");
output.write(formatter.format ((nGramGraphs - wordGraphs) / 10004d)
+ " seconds\n");
output.write("Time for classifier of n-gram graphs: ");
output.write(formatter.format ((bagOfWords - nGramGraphs) / 1000d)
+ " seconds\n");
output.write("Time for classifier of bagOfWords: ");
output.write(formatter.format ((wordGraphs2 - bagOfWords) / 1000d)
+ " seconds\n\n");
output.write("Time for evaluating classifier of word graphs: ");
output.write(formatter.format ((nGramGraphs2 - wordGraphs2) / 1000d)
+ " seconds\n");
output.write("Time for evaluating classifier of n-gram graphs: ");
output.write(formatter.format ((bagOfWords2 - nGramGraphs2) / 1000d)
+ " seconds\n");
output.write("Time for evaluating classifier of bagOfWords: ");
output.write(formatter.format ((end - bagOfWords2) / 1000d)
+ " seconds\n");

output.write("\nExecution time is ");
output.write(formatter.format ((end - start) / 1000d) + " seconds");
output.close();

System.out.print ("\nExecution time is " +

formatter.format ((end - start) / 1000d) + "
seconds") ;
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public void setParameters(Properties props, boolean onlyThisStage) {
setWekaClassifierName (props.getProperty("classifierName"));
String[] classifier = getWekaClassifierName () .split("\\.");
String classifierName = classifier[classifier.length - 1];
setClassifierName(classifierName) ;

if (onlyThisStage) {
System.out.println("Setting parameters...");
setBagOfWordsTrainFile (props.getProperty ("bagl0fWordsTrainFile"));
setnGramGraphsTrainFile (
props.getProperty ("nGramGraphsTrainFile")) ;
setWordGraphsTrainFile (props.getProperty("wordGraphsTrainFile"));

setBagOfWordsTestFile (props.getProperty("bagOfWordsTestFile"));
setnGramGraphsTestFile (props.getProperty ("nGramGraphsTestFile"));
setWordGraphsTestFile (props.getProperty ("wordGraphsTestFile"));

}

public void createResultsDirectory () {
System.out.println("Creating directory for results...");
String results;

String[] folderInfo = getnGramGraphsTestFile () .split("/");
String[] filename = folderInfo[folderInfo.length - 1].split("_");
setNoTestReviews (Integer.parselnt(filename [3]));

folderInfo = getnGramGraphsTestFile () .split("/");
String[] foldername = folderInfo[folderInfo.length - 2].split("_");
filename = folderInfo[folderInfo.length - 1].split("_");

setId(Integer.parselnt(filename [0]));
setNoOfWordGraphsReviews (Integer .parseInt (filename [1]));
setNoOfNGramGraphsReviews (Integer.parselnt (filename [2]));
setNoTrainReviews (Integer.parselnt (filename [3]));
String preprocess = foldername [3];
if (preprocess.equals("NP"))

setPreprocess (false);

else
setPreprocess(true);
results = foldername[0] + "_" + foldername[1] + "_"
+ foldername[2] + "_" + foldernamel[3] + "_"
+ foldername [4] + "_" + foldername[5] + "_"
+ foldername [6] + "_" + foldername[7] + "_" +

classifierName;

setResultsDirectory(new File(results));
getResultsDirectory () .mkdir () ;
}

public void setFiles(boolean allStages) {
String filePrefix = getResultsDirectory() + "/Binary"
+ getClassifierName () ;

if (allStages) {

setBagOfWordsClassifierBinaryFile(filePrefix
+ "ClassifierBagOfWords");
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190

191

192

193

194

195

setWordGraphsClassifierBinaryFile(filePrefix
+ "ClassifierWordGraphs");
setnGramGraphsClassifierBinaryFile(filePrefix
+ "ClassifierNGramGraphs");
setResultsFile (getResultsDirectory() + "/" + "Results.txt");
} else {
System.out.println("Setting the output filenames...");
String fileSuffix = id + "_" +
getNoOfWordGraphsReviews () + "_" +
getNoOfNGramGraphsReviews () + "_" +
getNoTrainReviews () + "_" +
getNoTestReviews () ;

setBagOfWordsClassifierBinaryFile(filePrefix +
"ClassifierBagOfWords_"

setWordGraphsClassifierBinaryFile(filePrefix +
"ClassifierWordGraphs_"

setnGramGraphsClassifierBinaryFile(filePrefix +
"ClassifierNGramGraphs_"

setResultsFile (getResultsDirectory () + "/" + fileSuffix

b
public void createClassifierForBagOfWords () throws Exception {

SentimentClassifier sentimentClassifier =
new SentimentClassifier (getWekaClassifierName (),
getBaglOfWordsTrainFile (),
"StringToWordVector") ;

sentimentClassifier.createClassifierInstance () ;
sentimentClassifier.trainClassifier (isPreprocess());
sentimentClassifier.storeSentimentClassifier(
getBagO0fWordsClassifierBinaryFile ());
}

public void createClassifierForNGramGraphs () throws Exception {

SentimentClassifier sentimentClassifier =
new SentimentClassifier (getWekaClassifierName(),
getnGramGraphsTrainFile ());

sentimentClassifier.createClassifierInstance () ;
sentimentClassifier.trainClassifier () ;
sentimentClassifier.storeSentimentClassifier (
getnGramGraphsClassifierBinaryFile ());
}

public void createClassifierForWordGraphs () throws Exception {

SentimentClassifier sentimentClassifier =
new SentimentClassifier(getWekaClassifierName (),
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public

public

public

public

public

public

public

public

getWordGraphsTrainFile ());

sentimentClassifier.createClassifierInstance () ;

sentimentClassifier.trainClassifier () ;

sentimentClassifier.storeSentimentClassifier (
getWordGraphsClassifierBinaryFile ());

void evaluateClassifierForWordGraphs () throws Exception {
ClassifierEvaluation evaluation =
new ClassifierEvaluation (
getWordGraphsClassifierBinaryFile (),
getWordGraphsTestFile ());

evaluation.evaluateClassifier () ;
evaluation.printAccuracyToFile(getResultsFile (), "WordGraphs");

void evaluateClassifierForNGramGraphs () throws Exception {
ClassifierEvaluation evaluation =
new ClassifierEvaluation(
getnGramGraphsClassifierBinaryFile (),
getnGramGraphsTestFile ());

evaluation.evaluateClassifier ();
evaluation.printAccuracyToFile (getResultsFile (), "NGramGraphs");

void evaluateClassifierForBagOfWords () throws Exception {
ClassifierEvaluation evaluation =
new ClassifierEvaluation (
getBagOfWordsClassifierBinaryFile (),
getBagOfWordsTestFile ());

evaluation.evaluateClassifier () ;
evaluation.printAccuracyToFile (getResultsFile (), "BagOfWords");

String getnGramGraphsTrainFile () {
return nGramGraphsTrainFile;

void setnGramGraphsTrainFile (String nGramGraphsTrainFile) {
this.nGramGraphsTrainFile = nGramGraphsTrainFile;

String getWordGraphsTrainFile () {
return wordGraphsTrainFile;

void setWordGraphsTrainFile(String wordGraphsTrainFile) {
this.wordGraphsTrainFile = wordGraphsTrainFile;

String getBagOfWordsTrainFile () {
return bagOfWordsTrainFile;

void setBagOfWordsTrainFile(String bagOfWordsTrainFile) {
this.bagOfWordsTrainFile = bagOfWordsTrainFile;
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public

public

public

public

public

public
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public

public

public

public

public

public

public

public

String getnGramGraphsTestFile () {
return nGramGraphsTestFile;

void setnGramGraphsTestFile(String nGramGraphsTestFile) {
this.nGramGraphsTestFile = nGramGraphsTestFile;

String getWordGraphsTestFile () {
return wordGraphsTestFile;

void setWordGraphsTestFile(String wordGraphsTestFile) {
this.wordGraphsTestFile = wordGraphsTestFile;

String getBagOfWordsTestFile () {
return bagOfWordsTestFile;

void setBagOfWordsTestFile(String bagOfWordsTestFile) {
this.bagOfWordsTestFile = bagOfWordsTestFile;

String getWekaClassifierName () {
return wekaClassifierName;

void setWekaClassifierName (String wekaClassifierName) {
this.wekaClassifierName = wekaClassifierName;

String getClassifierName () {
return classifierName;

void setClassifierName (String classifierName) {
this.classifierName = classifierName;

int getNoTrainReviews () {
return noTrainReviews;

void setNoTrainReviews (int noTrainReviews) {
this.noTrainReviews = noTrainReviews;

int getNoTestReviews () {
return noTestReviews;

void setNoTestReviews (int noTestReviews) {
this.noTestReviews = noTestReviews;

int getNoOfNGramGraphsReviews () {
return no0OfNGramGraphsReviews;
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351 public void setNoOfNGramGraphsReviews (int noOfNGramGraphsReviews) {

352 this.no0OfNGramGraphsReviews = noOfNGramGraphsReviews;
353 }

354

355 public int getNoOfWordGraphsReviews () {

356 return noOfWordGraphsReviews;

357 }

358

359 public void setNoOfWordGraphsReviews (int noOfWordGraphsReviews) {
360 this.no0OfWordGraphsReviews = noOfWordGraphsReviews;
361 }

362

363 public void setId(int id) {

364 this.id = id;

365 }

366

367 public File getResultsDirectory() {

368 return resultsDirectory;

369 }

370

371 public void setResultsDirectory(File resultsDirectory) {
372 this.resultsDirectory = resultsDirectory;

373 }

374

375 public boolean isPreprocess() {

376 return preprocess;

377 }

378

379 public void setPreprocess(boolean preprocess) {

380 this.preprocess = preprocess;

381 }

382

383 public String getnGramGraphsClassifierBinaryFile () {

384 return nGramGraphsClassifierBinaryFile;

385 }

386

387 public void setnGramGraphsClassifierBinaryFile (

388 String nGramGraphsClassifierBinaryFile) {
389 this.nGramGraphsClassifierBinaryFile =

nGramGraphsClassifierBinaryFile;
390 }

391
392 public String getWordGraphsClassifierBinaryFile () {
393 return wordGraphsClassifierBinaryFile;

394 }

395
396 public void setWordGraphsClassifierBinaryFile (

397 String wordGraphsClassifierBinaryFile) {

398 this.wordGraphsClassifierBinaryFile = wordGraphsClassifierBinaryFile;
399 i

100

401 public String getBagOfWordsClassifierBinaryFile() {

402 return bagOfWordsClassifierBinaryFile;

103 }

104

105 public void setBagOfWordsClassifierBinaryFile(

406 String bagOfWordsClassifierBinaryFile) {

407 this.bagOfWordsClassifierBinaryFile = bagOfWordsClassifierBinaryFile;

152



3

public String getResultsFile () {
return resultsFile;

3

public void setResultsFile(String resultsFile) {
this.resultsFile = resultsFile;

}

public int getId () {
return id;

}
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package sentimentanalysis;

import
import
import
import
import
import
import
import
import
import

public

java.
java.
java.
java.
java.
java.
java.
java.
java.
java.

io.F

ile;

io.FileInputStream;
io.FileWriter;

io. I
io. I

text.
text.
util.
util.

util

class Run

OException;
nputStream;
DecimalFormat;
NumberFormat ;
Calendar;
Date;
.Properties;

{

private File resultsDirectory;

public s
public s
public s

public s

public s

}

public void createResultsDirectory(ModelGraphs graphs,

tatic boolean allStages = false;
tatic boolean stagel = false;
tatic boolean stage2 = false;
tatic boolean stage3 = false;
tatic void main(String[] args) throws Exception {
if (args.length != 1)
return;
Run run = new Run();
InputStream reader = new FileInputStream(args[0]);
Properties properties = new Properties();

if (args[0].contains(".xml"))
properties.loadFromXML (reader) ;
else
properties.load(reader) ;

String nSize = properties.getProperty("nSize");

String noTrainReviews = properties.getProperty("noOfTrainReviews");
String classifier = properties.getProperty("classifierName");
if (nSize != null && noTrainReviews != null && classifier != null)

run.allStages (properties);

else if (noTrainReviews == null && classifier == null)

run.stagel (args);

else if (nSize == null && classifier == null)
run.stage2 (args) ;

else if (nSize == null && noTrainReviews == null)
run.stage3(args);

Classifiers classes) {

System.out.println("Creating directory for results...

Date date = new Date();
Calendar calendar = Calendar.getInstance();
calendar.setTime (date);
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98

99

100

101

102

103

104

105

106

107

108

109

}

int day = calendar.get(Calendar.DAY_OF_MONTH) ;
int month = calendar.get(Calendar.MONTH) + 1;
int year = calendar.get(Calendar.YEAR);

int hours = calendar.get(Calendar.HOUR_OF_DAY);
int minutes = calendar.get(Calendar.MINUTE) ;
int seconds = calendar.get(Calendar.SECOND) ;

String removing = "NR", preprocessing = "NP", shuffling = "NS",
results;
if (graphs.isRemove())
removing = "R";
if (graphs.isPreprocess())
preprocessing = "P";
if (graphs.isShuffle())
shuffling = "S";
results = graphs.getNoOfWordGraphsReviews () + "_" +
graphs.getWindow () ;
results += "_" + removing + "_" + preprocessing + "_" + shuffling;
results += "_" + graphs.getNoOfNGramGraphsReviews () + "_";
results += graphs.getnSize() + "_" + removing + "_" + preprocessing;
results += "_" + shuffling + "_" + files.getNoTrainReviews () + "_";
results += files.getNoTestReviews () + "_"+
classes.getClassifierName () ;
results += "_" + day + "" + month + "" + year;
results += "_" + hours + "." + minutes + "." + seconds;

setResultsDirectory(new File(results));
getResultsDirectory () .mkdir () ;

public void stagel(String([] args) throws IOException {

}

stagel = true;

String[] arg = new Stringl[3];
arg[0] = args[0];

arg[1] = String.valueOf (stagel);
arg[2] = String.valueOf (allStages);

ModelGraphs.main (arg) ;

public void stage2(Stringl[] args) throws ClassNotFoundException, IOException

}

stage2 = true;

String[] arg = new Stringl[3];
arg[0] = args[0];

arg[1] = String.valueOf (stage2);
arg[2] = String.valueOf (allStages);

DataFiles.main(arg);

public void stage3(String[] args) throws Exception {

stage3 = true;

String[] arg = new Stringl[2];
arg[0] = args[0];

arg[1] String.valueOf (allStages);

Classifiers.main(arg);
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162
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164

3

public void allStages (Properties properties) throws Exception {

private

private

private

allStages = true;
System.out.println("Running all Stages of Sentiment "
+ "Classification\n");

long start = System.currentTimeMillis () ;

ModelGraphs graphs = new ModelGraphs();
DataFiles files = new DataFiles();
Classifiers classifiers = new Classifiers();

setParameters (properties, graphs, files, classifiers);
setFiles(graphs, files, classifiers);

graphsStage (graphs, classifiers.getResultsFile());
filesStage (graphs, files, classifiers.getResultsFile())
classifiersStage(files, classifiers);

long end = System.currentTimeMillis();

NumberFormat formatter = new DecimalFormat ("#0.00000") ;
FileWriter output = new FileWriter (new File(
classifiers.getResultsFile()), true);

output.write("\nExecution time is " +
formatter.format ((end - start) / 1000d)
seconds") ;
output.close();
System.out.print ("\nExecution time is " +
formatter.format ((end - start) / 1000d)
seconds") ;

>

+ n

+ n

void setParameters (Properties properties, ModelGraphs graphs,

DataFiles files, Classifiers classifiers)
throws ClassNotFoundException,

graphs.setParameters (properties, false);
files.setParameters (properties, false);
classifiers.setParameters (properties, false);

createResultsDirectory(graphs, files, classifiers);

graphs.setResultsDirectory (getResultsDirectory ());
files.setResultsDirectory(getResultsDirectory());
classifiers.setResultsDirectory(getResultsDirectory ());

void setFiles(ModelGraphs graphs, DataFiles files,
Classifiers classifiers) {

graphs.setFiles (allStages) ;

files.setFiles(allStages);

classifiers.setFiles(allStages);

void graphsStage(ModelGraphs graphs, String file)
throws IOException {
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193
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196

197

198

199

private

}

private

graphs.findGraphFilenames (graphs.getNoOfWordGraphsReviews (), false);

long wordGraphs = System.currentTimeMillis () ;
graphs.createWordGraphs (allStages, stagel);

long nGramGraphs = System.currentTimeMillis ();
graphs.createNGramGraphs (allStages, stagel);
long end = System.currentTimeMillis () ;

NumberFormat formatter = new DecimalFormat ("#0.00000");
FileWriter output = new FileWriter(new File(file), true);
output.write("Time for word graphs: ");
output.write(formatter.format ((nGramGraphs - wordGraphs) / 1000d)
+ " seconds\n");
output.write("Time for n-gram graphs: ");
output.write(formatter.format ((end - nGramGraphs) / 1000d)
+ " seconds\n");
output.close();

void filesStage (ModelGraphs graphs, DataFiles files, String file)
throws IOException, ClassNotFoundException {

files.setPosWordGraphBinaryFile (graphs.getPosWordGraphBinaryFile ()) ;
files.setNegWordGraphBinaryFile (graphs.getNegWordGraphBinaryFile ()) ;
files.setPosNGramGraphBinaryFile (graphs.getPosNGramGraphBinaryFile ());
files.setNegNGramGraphBinaryFile (graphs.getNegNGramGraphBinaryFile ());
files.setPosGraphFilenames (graphs.getPosGraphFilenames ());
files.setNegGraphFilenames (graphs.getNegGraphFilenames () ) ;
files.setMinPosRating (graphs.getMinPosRating ());

files.setMaxPosRating (graphs.getMaxPosRating ());

files.setMinNegRating (graphs.getMinNegRating ());

files.setMaxNegRating (graphs.getMaxNegRating ());

files.findTrainFilenames (false);
files.findTestFilenames (false);

long wordGraphs = System.currentTimeMillis ();
files.wordGraphsFilesARFF () ;
long nGramGraphs = System.currentTimeMillis ();

files.nGramGraphsFilesARFF () ;
long bagOfWords = System.currentTimeMillis () ;
files.bagOfWordsFilesARFF ();

long end = System.currentTimeMillis ();

NumberFormat formatter = new DecimalFormat ("#0.00000");

FileWriter output = new FileWriter(new File(file), true);

output.write("Time for files of word graphs: ");

output.write(formatter.format ((nGramGraphs - wordGraphs) / 1000d)
+ " seconds\n");

output.write("Time for files of n-gram graphs: ");

output.write(formatter.format ((bagOfWords - nGramGraphs) / 1000d)
+ " seconds\n");

output.write("Time for files of bagOfWords: ");

output.write (formatter.format ((end - bagOfWords) / 1000d)
+ " seconds\n");

output.close();

void classifiersStage(DataFiles files, Classifiers classifiers)
throws Exception {
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classifiers.setBagOfWordsTrainFile(files.getBagOfWordsTrainFile ());
classifiers.setBagOfWordsTestFile(files.getBagOfWordsTestFile ());
classifiers.setWordGraphsTrainFile(files.getWordGraphsTrainFile());
classifiers.setWordGraphsTestFile(files.getWordGraphsTestFile ());
classifiers.setnGramGraphsTrainFile(files.getnGramGraphsTrainFile ());
classifiers.setnGramGraphsTestFile(files.getnGramGraphsTestFile ()) ;
System.out.println("Creating classifiers for each pair of training"
+ " and testing set...");
long wordGraphs = System.currentTimeMillis () ;
classifiers.createClassifierForWordGraphs () ;
long nGramGraphs = System.currentTimeMillis ();
classifiers.createClassifierForNGramGraphs () ;
long bagOfWords = System.currentTimeMillis () ;
classifiers.createClassifierForBagOfWords () ;

System.out.println("Evaluating each classifier...");
long wordGraphs2 = System.currentTimeMillis ();
classifiers.evaluateClassifierForWordGraphs ();

long nGramGraphs2 = System.currentTimeMillis ();
classifiers.evaluateClassifierForNGramGraphs () ;

long bagOfWords2 = System.currentTimeMillis () ;
classifiers.evaluateClassifierForBagOfWords ();

long end = System.currentTimeMillis();

NumberFormat formatter = new DecimalFormat ("#0.00000") ;

FileWriter output =
new FileWriter (new
File(classifiers.getResultsFile()), true);

output.write("Time for classifier of word graphs: ");
output.write(formatter.format ((nGramGraphs - wordGraphs) / 1000d)
+ " seconds\n");
output.write("Time for classifier of n-gram graphs: ");
output.write(formatter.format ((bagOfWords - nGramGraphs) / 1000d)
+ " seconds\n");
output.write("Time for classifier of bagOfWords: ");
output.write(formatter.format ((wordGraphs2 - bagOfWords) / 1000d)
+ " seconds\n");
output.write("Time for evaluating classifier of word graphs: ");
output.write(formatter.format ((nGramGraphs2 - wordGraphs2) / 1000d)
+ " seconds\n");
output.write("Time for evaluating classifier of n-gram graphs: ");
output.write(formatter.format ((bagOfWords2 - nGramGraphs2) / 1000d)
+ " seconds\n");
output.write("Time for evaluating classifier of bagOfWords: ");
output.write(formatter.format ((end - bagOfWords2) / 1000d)
+ " seconds\n");

output.close();
}

public File getResultsDirectory () {
return resultsDirectory;

}

public void setResultsDirectory(File resultsDirectory) {
this.resultsDirectory = resultsDirectory;

3
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package sentimentanalysis;
import java.io.File;

import java.util.ArraylList;
import java.util.Random;
public class FilenamePattern {

private String patternForMatching;

public FilenamePattern(int minRating, int maxRating) {

patternForMatching = " ("\\d{1,5}[_1(";
for (int rating = minRating; rating < maxRating + 1; rating++)
patternForMatching += rating +"|";

patternForMatching = patternForMatching.substring(O0,
patternForMatching.length()-1) + ") .txt$)";
b

public ArrayList<String> findFilenames(String reviewFilepath,
int noOfReviews, boolean shuffle) {

File filepath = new File(reviewFilepath);
String[] allFiles = filepath.list();

if (shuffle)
allFiles = shuffle(allFiles);

ArrayList<String> toFillArray = new ArrayList<String>();
int size = 0;
for (String s: allFiles)
if (match(s)) {
toFillArray.add(s);
if (++size >= noOfReviews)
break;
}

return toFillArray;

}

public ArraylList<String> findFilenames(String reviewFilepath,
int noOfReviews, boolean shuffle, long randomSeed) {

if (randomSeed == -1)

return findFilenames (reviewFilepath, noOfReviews, shuffle);

File filepath = new File(reviewFilepath);
String[] allFiles = filepath.list();

if (shuffle)
allFiles = shuffle(allFiles, randomSeed) ;

ArraylList<String> toFillArray = new ArrayList<String>();
int size = 0;
for (String s: allFiles)
if (match(s)) {
toFillArray.add(s);
if (++size >= noOfReviews)
break;
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61 3
62 return toFillArray;

63 }

65 public ArrayList<String> findFilenames(String filepath, int noOfReviews,
66 ArrayList<String> notMatchingArray, boolean shuffle) {

68 File reviewFilepath = new File(filepath);

69 String[] allFiles = reviewFilepath.list();

70 ArraylList<String> toFillArray = new ArraylList<String>();
71 int size = 0;

73 if (shuffle)
74 allFiles = shuffle(allFiles);

76 for (String s: allFiles)

77 if ((!notMatchingArray.contains(s)) && match(s)) {
78 toFillArray.add(s);

79 if (++size >= noOfReviews)

80 break;

81 }

82 return toFillArray;

83 }

85 public ArrayList<String> findFilenames (String filepath, int noOfReviews,
86 ArrayList<String> notMatchingArray, boolean shuffle,
87 long randomSeed) {

89 if (randomSeed == -1)
90 return findFilenames(filepath, noOfReviews,
91 notMatchingArray, shuffle) ;

93 File reviewFilepath = new File(filepath);

94 String[] allFiles = reviewFilepath.list();

95 ArrayList<String> toFillArray = new ArrayList<String>();
96 int size = 0;

98 if (shuffle)

99 allFiles = shuffle(allFiles, randomSeed) ;
100
101 for (String s: allFiles)

102 if ((!'notMatchingArray.contains(s)) && match(s)) {
103 toFillArray.add(s);

104 if (++size >= noOfReviews)

105 break;

106 }

107 return toFillArray;

108 }

109
110 private String[] shuffle(String[] filenames) {
111 Random randomIndex = new Random() ;

113 for (int i = 0; i < filenames.length; i++) {

114 int randomPosition = randomIndex.nextInt(filenames.length) ;
115 String temp = filenames[i];

116 filenames[i] = filenames[randomPosition];

117 filenames [randomPosition] = temp;

118 }

119 return filenames;
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private String[] shuffle(String[] filenames, long randomSeed) {

Random randomIndex = new Random() ;
randomIndex.setSeed (randomSeed) ;

for (int i = 0; i < filenames.length; i++) {
int randomPosition = randomIndex.nextInt(filenames.length);
String temp = filenames[i];
filenames[i] = filenames[randomPosition];
filenames [randomPosition] = temp;
}

return filenames;

}

private boolean match(String reviewFilename) {
if (reviewFilename.matches(patternForMatching))
return true;
else
return false;

}

public String getPatternForMatching() {
return patternForMatching;

}
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