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AHOTALIS

10 6akanaBpcbkoi qurmioMHoi podotu Kamoxxnoro Makcuma CepriiioBuua

Ha TeMy «CTpyKTYpyBaHHS 3HaHb 3 BHKOPHCTAHHIM TEXHOJIOTiH 1HTEIEKTYaIbHOTO
aHali3y TEKCTY»

JurnmomMHa poOoTa MpHCBAYEHA  JIOCTIDKEHHIO METOJIB Ta  3aco0iB
IHTEIEKTYyaJIbHOTO aHAI3y TEKCTY, IO 3aCTOCOBYIOTHCS VISl CTPYKTYPYBaHHS 3HAHbD.
Po3rnsHyTi Ta mporpamMHO peaji3oBaHI METOJAU IONepeaHbOI O0OpOOKH TEKCTY,
BUJIVICHHS KJIIOUOBUX CJIB Ta Kiacudikaiii JOKyMeHTIB. byio mnpoBeaeHo
JOCIIIJIKEHHSI €(PEKTUBHOCTI METOJIIB HA OCHOBI 310paHOI CTATUCTUKHU 3 TOYKH 30PY

IOBHOTH Ta TOYHOCTI.

3aranpHuii 00’em podotu 99 cropiHok, 10 pucynkis, 20 Tabauik, 19 nocuianb

Ta 2 nojatku Ha 19 cTopiHOK.

Kimro4oBi cj10Ba: iHTENEKTyaIbHUNA aHalli3 TeKCTy, text mining, creMiHr, cTor-
CJI0Ba, KJIF04YoBl ciaoBa, | F-IDF, mexcuko-craructryni mabnonu, LSPL, metox Pore,
meroa HaiBHoro Baiieca, Y-intepnperauis 3akony bpendopaa, kinacudikanis TecTis,

KJIacTepHU3allisi TEKCTIB.



AHHOTALIUSA

K OakanaBpckoi numioMHon padote Kamoxxnoro Makcuma Cepreesuda

Ha TeMy: «CTpyKTypUpOBaHHE 3HAHUI C UCTI0JIb30BAHUEM TEXHOJIOTUI
WHTEJUJIEKTYaJIbHOTO aHAJIN3a TEKCTay

JuniomHast paboTa TOCBSILIIEHA KCCIECJOBAHUIO METOJAOB U CPEJCTB
MHTEJJIEKTYaJIbHOTO aHaju3a TEKCTa, IPUMEHSIEMbIE JJIsl CTPYKTYPUPOBAHUS 3HAHUI.
PaccMoTpeHbl U peann3oBaHbl IPOrPAMMHO METOJbI MPEIBAPUTEIBHON 00padOTKU
TEKCTa, BBIJICJICHUE KIIFOUEBBIX CIIOB U KJIaCCU(PUKAIIUU IOKYMEHTOB. bbl10 mpoBe1eHo
uccnenoBanue 3PQPEeKTUBHOCTA METOJ0B HA OCHOBE COOpPAaHHON CTATUCTUKHU C TOUYKU

3pCHUA ITOJIHOTBI 1 TOYHOCTH.

OO6muit 06seM paboTel 99 crpanun, 10 pucynkos, 20 tabmui, 19 ccpliok u 2

JIOTMIOJTHEHMS Ha 19 cTpaHuil.

KitoueBbie clioBa: MHTEIJIEKTYalbHBIA aHAIU3 TEKCTa, text mining, CTEMMUHT,
CTOII-CJI0Ba, KitoueBble ciioBa, TF-IDF, nekcuko-cratuctuueckue maodiaonbl, LSPL,
meton Pome, meton HauBHOTO baiteca, Y-untepmperanus 3akoHa bpandopna,

KJ'IaCCI/I(i)I/IKaI_II/IH TCCTOB, KIIACTCpU3alA TCKCTOB.



ABSTRACT

of a bachelor’s degree work, which made by Kaliuzhnyi Maxym Serhiyovych
on theme: «Structuring knowledge using text mining»

Thesis is devoted to research of methods of text mining, which are developoed to
structure knowledge. Considered and software implemented methods pretreatment
text, keyword selection and classification of documents. There have been studies of the
effectiveness of methods based on statistics collected in terms of completeness and

accuracy.

The total volume of work is 99 pages, 10 illustrations, 20 tables, 19 references

and 2 additions on 19 pages.

Keywords: text mining, stemming, stop words, keywords, TF-IDF, lexical and
statistical templates, LSPL, method Roche, Naive Bayes method, Y-law interpretation

of Bradford, classification tests, clustering texts.
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[TEPEJIIK ITOCUJIAHb



IHEPEJIIK CKOPOYEHDb

[1I1 — mporpamMHUI IPOTYKT

[IM — nipupoiHa MOBa

®BA — (QyHKIIIOHAILHO-BApTICHUH aHai3
NN — singular common noun

NNP — proper noun

AJ — general adjective

DT — general determiner

NLP — natural language processing

TF-IDT — term frequency — inverse document frequency
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BCTVYII

Ha nganomy etami po3BUTKY TE€XHOJOTIH Oyia cpoayKoBaHa BEJIHKa KUIBKICTh
iHpopMmarii. lleft oOcsar 3pocrae eKCIOHEHIIaNbHO. 3a JaHUMHM MIKHAPOJIHOI
JOCIITHUAIIBKOT 1 KOHCANTHMHTOBOi Komradii International Data Corporation s
KUTbKicTh Y 2007 porri ctaHoBuiaa mpuoau3Ho 161 ekcabaitt (161 * 10718 Gait abo
161 * 1070 I'iradaiit). Ctanom Ha 2010 pik 11e umcio 3pocio B 6.2 pa3u, TOOTO

JIOCATIIO BIAMITKU y 998 excabailr.

["onoBHOIO MPOOIEMOI0 Y MAaKCUMAIBHO TMTOBHOMY BUKOPUCTAHHI TaKUX OOCSATIB
JNaHux € Te, mo guie 10% naHux € CTpyKTypOBaHMMH, a PEIITA, TOJIOBHUM YUHOM
TEKCT — € HeCTpyKTypoBaHUMU. Crio’KMBaueBi 1HOOPMAIIHHOTO MPOIYKTY JOBOJIUTHCS
JIOBTO IIIYKAaTH KOPUCHY 1 3HAYYIy 1H(OpMAIlit0, METOJIOM py4YHOTo riepedopy. Panire
110 IPOOJIeMy BUPINIYBAIM PYYHUM CIIOCOOOM CTPYKTypu3allii Ta kinacudikaiii, sk,
Hanpukian, Kapn Jlindeidt y 18 cromiTrti, ajie, BpaxOoBYHOYH CHOTOJECHHUN 0OCST
1H(opMallii Ta IMHAMIKY HOTO pOCTy, TOCTana HEOOXIAHICTh Y pO3pOOIll TEXHOJIOTIH,

SK1 BUKOHYBaJIM O BUIIIE3a3HAUYCHI TIPOLIECH aBTOMATHUYHO.

AKTYaJIbHICTh T€MHM JaHOI poOOTH 00YMOBJICHA HAsIBHICTIO HArajlbHO1 TOTPeOu
JTOCHIKEHHST 3acO0IB Ta METOMAIB IHTEJICKTYyaJIbHOTO aHaji3y TEeKCTIB, 10 OYJo
MPOUTIOCTPOBAHO BUIIE, a TAKOXX HEOOXITHICTIO MpOaHaNi3yBaTH, CTPYKTYpYBaTH,

MOPIBHATHU MIAXOAM Ta aJTOPUTMHU Ha KO>KHOMY 3 eTtariB Text mining.

Mertorw paHoi podoTm € aHani3z MeroaiB Text mining, JOCTIHKEHHS 1ICHYIOUMX
peasizalliii Ik OKpeMHX aJITOPUTMIB, TaK 1 IPOTPAMHUX CUCTEM, SIK1 OyJIM CTBOPEHI JUIs
CTPYKTYpyBaHHs iH(GOpMAIlil, a TaKOX MPAKTUYHE MOPIBHSAHHSA POOOTH aJrOpUTMIB

IHTEJIEKTyanbHOT0 aHami3y Tekcty (Text Mining).

[HdopmariiitHa cuctema, sika TOCTIKYETHCS Ta PO3POOIIIETHCA B TaHii poOOTI
Ma€ aBTOMaTUYHO BUJIISTH 1 CTPYKTYPYBaTH 3HAHHS 1 MOHATTA 3 CYKYITHOCTI TEKCTIB,
Kl 0e3 3reHepoBaHUX III€I0 CHUCTEMOI METAJaHUX SBJISIOTH COOOK0  JHUIIE

MOCJTIOBHICTh 3aKOJ0BAHUX 34 OJHUM 13 TEKCTOBUX CTAHJIAPTIB CUMBOJIIB. 3HAHHS Y
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JTAHOMY KOHTEKCTI SIBJIIIOTh COOOI0 CTPYKTYPOBaHY CUCTEMY 3 IIOHSTH Ta 3B A3KIB MIXK
HUMU. A KOXKHE MOHSTTS 3 CYKYITHOCTI TEKCTIB, KOXKEH 3 IKUX PO3KPUBAE WOTO 3 Ti€i

YU 1HIIO1 CTOPOHH.

3a 3arajpHUM AJIrOpuTMOM, CUCTCMA, JdKa Ma€ IIPOBOJIUTHU CEeMaHTUYHHI aHai3

TEKCTY, BKJIIOUA€ B ce0e HACTYIIHI eTaru:

o HoIIyK iHpopMarii

o nonepeaHs 00poOKa TEKCTY;

o MOIIYK KJIFOYOBHX CJIB (KOJIOKAIIIH, CTaTuX KOHCTPYKIIIi);
o KJacudikalli, KiacTepu3allii;

o IHTEpIpeTaLis pe3yibTaTiB;

Y nepumomMy po3aijii 03HaueHa KaTeropis 3HaHb, MpeIMETHa 00JacTh Ta JaHl
OCHOBHI BU3HAYCHHS. A TaKOX MPOaHaji30BaHi 0a30Bl MiAXOAH, PO3TISHYTI OCHOBHI
QITOPUTMH, PO3POOJICHI JIJIi BUKOHAHHS BUIIE3a3HAUYCHUX 3a1ad. byB mpoBeneHuit

aHai3 HAyKOBUX JIKEPEIL.

Y napyromy po3aiji BucBiTIICHO TOTOB1 0i0mioteknm 3 API Ta mporpamai
MPOJYKTH, 110 Peali3ytoTh Tl 4M 1HIII Miaxoau A0 Text Mining.
Y TperboMy Ppo3aijii MpPENCTABICHO  pe3yJbTaTH pPoOOOTH  METOJIB

CTPYKTYpYBaHHS JaHUX, MOPIBHSIbHA CTATUCTHKA IUX METO/IIB Ha HA0Opax TEKCTIB.

Y uyerBeprOoMy po3aiji mpoBeAeHO (YHKI[IOHAJIBLHO-BAPTICHUN  aHali3

MPOTPAMHOTO MPOIYKTY.
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1. AHAJITUYHUH OI'JISAJ] TEXHOJIOI'IH: ETAIIU,
AJI'OPUTMU

1.1 OcHosBni 3agaui

Crooctepiraetbcss Tak 3BaHUM «iHQopMariitHuii BuOyx». Tob6To mpobiema
MOLIYKY JpKepen iHpopMallii, sika CTossa mepe JI0UHO0 paHillie MepeTBopuiIacsa Ha
npobsiemy BuOOpy abo ¢umbTparii HeoOXiaHOI iHbopMarllli cepen 1HGOPMAIIHHOTO

myMy. OCHOBHY YaCTUHY BCl€l KOPUCHOI 1H(PopMaliii Ha 3eMIIl CKIaJat0Th TEKCTH.

[TocTana npobiiemMa CTBOPEHHS CUCTEM 3 MOITYKY 3HaHb Ta CTPYKTYPYBaHH1 3HaHb
B TekcTax. JlJist BUpIIICHHS 1aHO1 3a/1ayl BUHUK HANPSIMOK 1HTEJIEKTYaJIbHOTO aHAIli3y
TekcTiB (anromoBHa Ha3Ba Text Mining). Horo BinHocsTs 1o Data Mining, Bin Takox
BKJIIOYA€ B ce0€ METOJIM CTATHCTHUKH, JIHTBICTUKHM Ta INITYYHOTO 1HTENEKTY. Takox

icHye TepmiH «KoMm’roTepHa JIHTBICTUKAY.

BusiiieHHS 3HaHB B TEKCTI - 116 HETPUBIAIBHHM TIPOIIEC BUSBIICHHS JIIICHO HOBHUX,
MOTEHIITHO KOPUCHUX 1 3pO3yMUIMX IIA0JOHIB B HECTPYKTYPOBAaHUX TEKCTOBHX

TaHUX.

Sk BugHOo, 3 Bu3HadeHHs Data Mining BOHO BiAPI3HAETHCS TIIBKH HOBUM
MOHATTSAM "HECTPYKTypoBaHi TekcToBi jgani". Ilig Takumu 3HAHHSAMHU PO3YMIETHCS
Hallp JOKYMEHTIB, IO MPEJICTABISAIOTH COO0I0 JIOTTYHO 00'€THaHUM TEKCT 0e3 Oyib-
AKUX OOMEXEeHb Ha Horo cTpykrypy. llpuknamamu Takux AOKyMeHTIB €: Web-
CTOPIHKH, €JIEKTPOHHA TIOIITa, HOPMATHUBHI JOKYMEHTH 1 T. T. Y 3aralbHOMY BHUMAJIKY
TaKi JOKYMEHTU MOXYTb OyTH CKJIQJHUMH 1 BETUKUMU Ta BKJIIOYATH B c€O€ HE TUIbKH
TEeKCT, a W rpadiuny iHPoOpMaIil0. TOKYMEHTH, $IKI BHUKOPHCTOBYIOTH MOBY
po3mmproBanoi po3miTkn XML (eXtensible MarkupLanguage), cranpaptHa mMoBa
y3aranbHeHoi po3mitku SGML (Standard Generalised Markup Language) 1 inmmi
noaiOHI  CTPYKTYpOK TEKCTH, NPUUHATO Ha3MBaTH HAMIBCTPYKTYPOBAHUMHU

JTOKyMeHTaMu. BoHu Takox MOXyTh OyTH 00po0ieHi meTtonamu Text Mining.
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B nanuit yac B yitepaTypi onmrcaHo 0araTto MPUKIAIHUX 3a7ad, IO BUPIIIYIOCS
IIUISIXOM 3aCTOCYBaHHS METO/IIB aHAII3y TEKCTOBUX JOKyMEHTIB. Lle 1 kiracuuHi 3a1a4i
Data Mining: knacudikaiisi, KjiacTepusallis, 1 XapakTepHi TIIbKUA AJII TEKCTOBHX

I[OKYMCHTiB 3aBIaHHA: aBTOMATUYHC AHOTYBAHH:A, BUTAT KIIFOYOBHX ITOHATH 11H.

Knacudikauis (classification) - cranmaptha 3anaua 3 o6nacti Data Mining. Ii
METOI0 € BHU3HAUCHHS JIJI1 KOKHOTO JIOKYMEHTa OJHi€l a00 MEeKUThbKOX 3a3Jaierilb
3QJIaHUX KaTeropii, A0 SKUX M€ JOKYMEHT BIJHOCHUTBHCA. OCOOJMBICTIO 3ajadi
Kjacudikauli € TpUMymEeHHs, N0 CYKYIHICTh JOKYMEHTIB, IO KJIACU(]IKYyIOTbCS, HE
MICTHTh CTOPOHHIX Te€M, TOOTO KOXKEH 3 JIOKYMEHTIB BIANOBIa€ AKUH-HEOY b 3a1aHOT

KaTeropii.

OxpeMuM BHUIIAIKOM 3ajadvi Kiacuikauii € 3aBIaHHS BU3HAYEHHS TEMaTHKU

JOKYMCHTA.

Metow kinacrepusauii (clustering) TOKyMEHTIB 1€ aBTOMATUYHE BUSIBIICHHS
Pyl CEMaHTHYHO CXOXXHMX JOKYMEHTIB cepell 3aJaHoi (IKCOBAaHOI MHOXHUHHU.
Bimznaunmo, mo rpynu GOpMyrOThCS TITBKH Ha OCHOBI MOMApPHOI CXOXKOCTI OMHUCIB

JIOKYMEHTIB, 1 HISIK1 XapaKTepUCTUKH LIUX TPYH HE 33Jat0ThCs 3a3/1aJ1eT1/Ib.

ABTOMATHYHE AHOTYBaHHSl (Summarization) 103BOJISIE CKOPOTUTHU TEKCT,
30epirarouM Moro 3mMicT. BHpilleHHS NIbOTr0 3aBJaHHS 3a3BUYAl PEryJIOE€THCS
KOPUCTYBa4yeM 3a JOMOMOIO0 BU3HAYEHHS KUIbKOCTI PeUYeHb a00 B1ICOTKOM TEKCTY,
10 BUIUISETHCS, MO BIAHOIICHHIO J0 BChOIO TEKCTy. Pe3ynbrar BKJIIOYae B cede

HaNOUIbII 3HAYUMI1 pEYEHHS B TEKCTI.

[lepBMHHOIO METOIO BM/AJIEHHS1 KJIWO4Y0BUX NMOHSATHL (feature extraction) €
imenTudikamis (akTiB 1 BIAHOIIEHh B TEKCTI. Y OUIBIIOCTI BHITQJIKIB TAKUMH
MOHSATTSIMU € IMEHHHKH 1 3arajibH1 Ha3BU: IMEHA 1 MP13BUILIA JIFOACH, Ha3BU OpraHi3allii
1 iH. AJITOPUTMU BWJIYYCHHS TOHSATH MOXYTh BHUKOPHUCTOBYBATH CJIOBHHKH, 100

11eHTU(IKYBATH JIeAKl TEPMIHHM 1 JIIHTBICTUYHI IAOJIOHU /1J11 BU3HAYCHHS 1HIIHX.
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Hagiranmis mo Tekcry (text-base navigation) mo3Boasie KopucTyBauam
MepeMIIIATHUCS 110 JOKYMEHTaM BIIHOCHO TE€M 1 3HAUYIIUX TEPMiHIB. 1€ BUKOHYETHCS

3a paxyHOK iIeHTHU(DIKaIlli KITFOYOBHX MOHSATH 1 ACSIKUX BiTHOIICHh MK HUMH.

BusiBienns (detection) mo3Boiisie BUSBUUTH B IMOTOI[ JaHHUX I[IKABUX HOBHX
3HaHb, TAKUX SK MOJENi, KOHCTPYKIii, acoriaii, 3MiHH, aHOMaJii 1 CTPYKTYypHIi

HOBOYTBOPEHHS.

CucreMH aBTOMATHYHHX Bigmomimeii (automatical answers systems) nae
BIJIIOBIJIl HA 3alWTaHHS KOPHCTYBauiB, IO 3aJalOThCsl HAa MPUPOJHIA MOBI,

3aMUCIIIOBAJIUCS 11I€ Ha 30p1 KIOEPHETHKH.

3a 0a3y 3HaHb B LIUX CHCTEMax Iepen0avyaeTbCsi BUKOPUCTOBYBATH PECYPCH

Internet, 0OGpoOeHi cydyacHUMH 3ac00aMU MITMOMHHOTO aHalli3y TEKCTIB.

CphorozHi B¥ke€ CTBOPEHI Ta BJOCKOHAJIOIOTHCA PEAJBHO IMPALIOI0Uul CHUCTEMY,
3[aTHI BIAMOBIAAaTH Ha 3amuTaHHA KopucTyBauiB. lle Taki cucremu, sk Siri, Viv,
Google Speech search Tta inrri. Po60oTu B 1bOMY HAIIPSIMKY BEIyThCS B JOCITI THULIBKUX

IEHTPaxX KOPHOpaIlii.

BianoBigHo 10 po3poOJieHUX aJrOPUTMIB, CIIOYATKY aHATI3YEThCS CTPYKTypa
MUTaHHS, BU3HAYA€ThCA MiaMeT (00'€KT TOINIYKY), MEPETBOPIOETHCA MUTAaHHSA B
MOIIYKOBHM 3alUT, OCTaHHIN BUpPYIIA€ Ha 3BUYAHUN MOIIYKOBUK, OTPUMYIOTH
pe3yabTaT, a MOTIM IIYKal0Th HEOOX1/THI CJIOBa cepel 3HANWIEHUX CTOPIHOK 1 BUJIAIOTh

BI/IIIOB1/Ib.

Po3po0nsitoThest 1€ OUIBII CKJIaJHI CUCTEMH 3 BHUKOPUCTAHHSAM IITYYHOTO
IHTEJIEKTY, SIKI MOTJIM O JaBaTW HE OJHOCKJIAI0BI, a PO3TOPHYTI BapiaHTH BIANOBiAeH

JI0 JIECSITKA CJIIB.

1.2 Bumoru a0 cucreMu

1. TounicTsb (accuracy) - anroputTmMu 00po6ku npupoaroi MmoBu HE rapantyiotsb

OTPUMAHHA JIMIIC KOPCKTHUX pCSYJIBTaTiB, TaKk III0 )II/ISaI\/’IH CHUCTEMU IIOBHHCH



16

BpaxOBYBaTHu IIC 1 HagaBaTH MOJKJIMBOCTI JIIA l'[iI[BI/IHIeHHSI TOYHOCTI 3a PaxyHOK,

HAIPUKJIA, BIAKATY 0 BAKOPUCTAHHS 1HIIMX aJTOPUTMIB;

2. EdpexTuBHicts (efficiency) - B 6151b110CTI 1OCTIKEHb TUTAHHS €(PEKTUBHOCTI
MPAKTUYHO PO3TIIAJIAIOTRCA SK JIeTalll pealtizallii, OJJHaK MpH IHTEPaKTUBHIN poOOTI
3aTPUMKM Yy BIJANOBIAI CHUCTEMH OUIbII HIK Ha KIJTbKa CEKYyHII MOXYTh OyTH

HENPUUHATHUMU JIJI51 KOPUCTYBAUiB;

3. IlpoaykruBHicTh (productivity) - 3ycusmis, BuTtpaueHi Ha po3poOky [IM-
JOAATKIB YacTO BUINE, HIXK JIJIsl OaraThoX 1HIIUX obsiactet po3pooku [13 B 3B'A3Ky 3
BIJICYTHICTIO 3HaHb IPO ICHYIOYl PECYpCH, HEMOXJIMBOCTI IHTETpyBaTH CTOPOHHI

KOMIIOHCHTH,

4. T'myukicTs (flexibility) - sx 1 iHmIe nmporpamue 3abe3neuenns [IM-cuctemu
MOBUHHI OYTM THYYKMMHM, BOHU TMOBHMHHI MIITPUMYBATH PI3HI QopMaTu, JKepela

JaHHUX Ta MO>KJIUBICTD 34aCTOCYBAHHS JJIsA p13HI/IX 3aBJAaHBb,

5. CriiikicTh (robustness) - cucTteMu IMOBHHHI 30epiraTd Ipale3/aTHICTh B
pPI3HHX yMOBaX, MICTUTH OOpOOKY pI3HMX BHUHSATKOBUX CHUTYyaIlli 1 TIOMHIIOK

aJITOPUTMIB;

6. MacmraboBanicth (scalability) - ny1s MoxMBOCTI 00pOOKHU BETUKUX 00CSTIB
JAHUX CUCTEMH MOBUHHI MaTH MOJIMBICTb 301IbIIIEHHS MPOAYKTUBHOCTI HATPUKJIIA],

32 paXyHOK BUKOPUCTAHHSI PO3MOJIUICHOI CXEMHU;

7. MyabTumoaaabHicth (multimodality) - pi3Hi JIHTBICTUYHI KOMIIOHEHTH
BUKOPUCTOBYIOTh TPH aHali3l pi3HI acnekTd iHdopmalii, BIAMOBIIHO CHCTEMA

NOBHHHA MIATPUMYBATH MOXJIMBICTh TOCTYIY 10 HUX;

8. Po3pimkenicTy nanux (data sparseness) - OCKUIBKHM 0araTo ajaropuTMH
00poOku [IM-TekCTiB BUMararoTh HassBHOCTI MiITOTOBJICHUX JAaHUX JUIsl HABUAHHS, 1X

noOyaoBa (0coOIMBO 111 0araTOMOBHUX BHUIIAIKIB) MOYKE TIPEICTABIIATH MPOOIIEMYy;

9. BaratomoBHicTh (multilinguality) - kopucTyBaui roBOpsTh Ha PI3HUX MOBaX

1, BiamoBigHO, sk B 110 HeoOXimHa IHTEpHAIIOHATI3AIIA, MATPUMKA BiJIMOBIIHUX
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KOAyBaHb, TIpoTe B aisi [IM-cucteM cuTyallisi 3HA9HO YCKIAIHIOETHCS TUM, IO IS
KO>KHOI MOBHU HEOOXiH1 CBOi HAOOpU TPEHYBAJIBHUX JaHUX, IPABUI 00pOOKH, a KpIM

TOT0, MOKYTh BIAPI3HATHCS BUKOPUCTOBYBaHI aJrOPUTMHU.

1.3 3araJjbHi eTanu Ta NiIXoau

Mowyk
iHbopmaLii

NonepegHsa
> 0b6pobka

OOKYMEHTIB

ButareHHHA

iHbopMmaLii

3acTocyBaHHA
>| metoais Text
Mining
I[HTepnpuTauin
pe3ynbTaTis

Pucynok 1.1 — Eranu Text Mining

[Iporec aHamizy TEKCTOBUX JOKYMEHTIB MOXHA YSBUTH SIK TOCHIJOBHICTb

JeK1TbKOX KpoKiB (puc. 1.1).

1. Iomyk iHdpopmanii. Ha nepmiomy kpoili HEOOXIAHO 1AeHTU(IKYBATH, SIKI
JOKYMEHTH TOBHHHI OyTH MpoaHadi30BaHl 1 3a0e3MeYuTH iX AOCTYMHICTh. Sk

MpaBUJIO, KOPUCTYBa4l MOXKYTh BH3HAYUTH HAOIp MOKYMEHTIB, IO aHATMI3yKOThCS
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CaMOCTIMHO - BpY4YHY, ajié IIpH BEJIUKIA KUIBKOCTI JIOKYMEHTIB HEOOX1THO

BUKOPHCTOBYBATH BapiaHTH aBTOMATU30BAHOIO B1I0OPY 32 33JITaHUMH KPUTEPISIMH.

2. llomepennss o00poOka mokymeHTiB. Ha 1poMy KpoIlli BUKOHYIOTHCS
HaWMpOCTIII, ajge HEoOXIJIHI MEPETBOPECHHS 3 JOKYMEHTAMH IS CTaBJICHHA iX Yy
BUTJIA/I, 3 SIKAM TpalooTh MeToan Text Mining. METOI0 TakuX IMEPETBOPEHb €
BUJIAJICHHS 3aliBUX CIIIB 1 HAJaHHS TEKCTY OUThII cTporoi hopmu. [leTanpHimne MeToau

nonepeaHp0i 00poOKu OyayTh ONUCaH1 Jai.

3. Burarnenna iHdopmanii. Butar ingopmamii 3 00paHUX JTOKYMEHTIB
nependavae BUAUIEHHS B HHUX KIIOYOBMX IIOHATh, HaJA SKUMH Hajgam Oyne
BUKOHYBaTHCs aHami3. JlaHuil eram € qyke BaKJIUMBUM 1 OyAe JOKJIaJHO ONMHCAHHUNA

Jail.

4. 3actocyBanns metoiB Text Mining. Ha nanomMy erarii BUTSTYIOTbCS ITA0JIOHU
1 BIJHOILICHHS, HAsBHI B TeKCTaX. JlaHWI KPOK € OCHOBHUM B MPOLEC]I aHAI3y TEKCTIB,

1 IPaKTUYHI 3aBJIaHHS, K1 BUPIIIYIOTHCS Ha I[bOMY IIIare, OMUCYIOTHCS B Jai.

5. Intepnperartisi pe3ynbTaTiB. OCTaHHIM KpPOK y MPOIECi BUSBJICHHS 3HaHb
nependayae 1HTEPOPETALIID OTPUMAHUX PE3yJbTaTIB. SIK MPABH JIO, IHTEpIpeTalis
noJisirae ado B TIOJIaHHI PE3yJIbTATIB Ha MPUPOAHHOI0 MOBOIO, 200 B iX Bizyasizailii B

rpadiyHOMY BUTJISAIIL.

Bizyanizariis Takox Moe OyTH BUKOPUCTaHA SIK 3ac10 aHamizy Tekcty. s nporo
OepyThCsl KITIOUOB1 TOHATTS, K1 1 MOJAIOTHCSA B TpadiyHomMy BUTIIAAL. Takuil miaxin
JOTIOMAarae KOpUCTyBayeBl MIBUAKO 1IEHTU(DIKYBATH IOJOBHI TEMHU 1 HOHSTTSI, @ TAKOX

BU3HAYHTH iX BaXKJIMBICTD.

1.4 TlomepenHsi 00podka

OpHi€ero 3 OCHOBHUX MPOOJIEM aHaJi3y TEKCTIB € BENMKA KUIBKICTh JOTOMIXKHUX

(He3HayyIlMX) CHiB, a TaKOX pi3HI (POpPMHU CIIB B OJHOMY JOKYMEHTI. K10
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aHaJi3yBaTH KOXKHE TaKe CJIOBO, TO Yac MOIUIYKY HOBHX 3HAHb Pi3KO 3pOCTE 1 HaBPA[
YH 3a/I0BOJIHATUME BUMOTH KOPUCTYBauiB. Y TOMH K€ 4ac OYEBUIHO, 1110 HE BCI CIIOBa
B TEKCT1 HECYTh KOpHCHY iHpopMarliito. KpiM Toro, B Cuity THy4KOCTI TPUPOJTHUX MOB
dhopmanIbHO pi3HI CJIoBa (CHHOHIMH 1 T. I1.) HACHPaBl 03HAYAIOTh OJHAKOBI MOHSATTSL.
TakuMm unHOM, BUJIAIEHHS HE1H()OPMATUBHUX CIIIB, a TAKOXK MPUBEICHHS OJM3bKUX 32
3MICTOM CJIiB 10 €UHOI (hOpMi 3HAYHO CKOPOUYIOTh Yac aHalli3y TEKCTIiB. Y CyHEHHS

ONMMCAHMX MPOOJIEM BUKOHYETHCS Ha €Tarll MonepeaHboi 00pOOKU TEKCTY.

3a3Buuaii BUKOPUCTOBYIOTh TaKl MPUMOMHU BUIATECHHS HEIHPOPMATUBHUX CIIB 1

T1JIBUIIICHHS CTPOTOCTI TEKCTIB:

e BuJaJieHHA cTom-ciaiB. CTON-CIOBaMH HA3WBAIOTHCSA CJIOBA, SIKI €
JOMOMDKHMMHM 1 HECyThb Mayio I1HQopMauii MOpo 3MICT JAOKYMEHTa. 3a3BUYaid
3a37aJIeTiIb CKIAJAI0ThCA CIHMCKU TaKUX CIIB, 1 B MPOIECI MOMEPETHbO KOTEIHHOI
00pOOKHM BOHHM BUAQIAIOTHCS 3 TEKCTY. TUIIOBUM MPUKIIAIOM TaKUX CIIiB € JOTIOMIXKHI
CJIOBa 1 apTUKJI, Hanpukiaa: "tak sk", "Kpim Toro" 1 1. 1.;

e creMMiHr - Mmopdosoriyanii mnomyk. BiH momnsrae B mepeTBOPEHHI
KOXXHOTO CJIOBa JI0 oro HopMalibHOI (hopmi. HopmanbsHa dhopma BUKITIOUAE CXUTISTHHS
CJIOBa, MHOKHHHY (DOpMy, OCOOIMBOCTI YCHOTO MOBJIEHHS 1 T. . Hanpukiaz, cioBa
"ctucHeHHa" 1 "cTucnuil" MOBUHHI OyTH MEPETBOPEHI B HOPMaJbHY (OpMY CIIOBa
"ctuckatu". AroputMu MOpP(QOJIOriYHOTO PO300PY BPaXOBYIOTh MOBHI OCOOJIMBOCTI 1
BHACJIIJIOK I[LOTO € MOBHO-3JICKHUMH aJITOPUTMaMU;

e N-rpamu - e amprepHaTHBa MOP(MOJIOTIYHOMY PO300pY 1 BUIATICHHS
cTor-ciiB. N-rpaM# - 11 YaCTHHA PSIKa, 0 CKIaaeThes 3 N CHMBOIIIB. HAIIPHUKIA,
cioBo "gata" Moxe OyTu npeacrasiieHo 3-rpammoit ' J[a", "mat", "ATa", "Ta " abo 4-
rpammoni " _mat", "mara", "ata ", 7€ CUMBOJ MIIKPECICHHS 3aMiHIOE MONEpeaHiit abo
3amMuKae cioBo mpoOin. [lopiBHSAHO 31 cTeMMiHTOM ab0 BHAAJICHHSIM CTOM-CIiB, N-

rpaMH MEHII YyTJIMBI 10 TpaMaTuyHuX Ta opdorpadiuanx nommiok. Kpim toro, N-

IpaMH HE BUMAraroTh JIIHTBICTUYHOTO TIOIAHHS CITIB, III0 POOUTH JaHUN MPHHOM O1JIbIIT
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He3alle)KHUM B1J] MoBU. OHak N-rpamu, 103BOJISIIOUN 3pOOUTH TEKCT OUTBII CYBOPHM,
HE BHUPIIIYIOTh TPoOJIeMy 3MEHIIIEHHS KIJIbKOCT1 HEIH(OOPMATUBHUX CITIB;

e npuBeneHHsi perictpa. lleli mpuiiom mossrae B MEpeTBOPEHHI BCIX
CUMBOJIIB JI0 BEpXHHOTO a00 HWXKHBOTO perictpy. Hampukmian, Bce cimoBa "TEKCT",
"Texct", "TEKCT" HaBoasTECA 10 HXKHBOTO pericTpy "Tekct". [IpoTe 11e He 3aBxau
Tak. Hampukia, Koiu cI0BO MUIIETHCS 3 BEITUKOI JIITEPH, CHCTEMa MOYKE PO3MI3HATH

H0T0 SIK BIIACHY Ha3BY UM 1M sl.

Haii6i1b111 eeKTUBHO CIiJIbHE 3aCTOCYBaHHS IUX METO/IIB.

1.5 Metoau BUIAJIEHHS CTOI CJIIiB

VY naniit po6oTi Oy/1e peasii3oBaHO Ta MPOAHAII30BaHO 3 METOAM BUIAIICHHS CTOII-
CJIIB: 31 CJIOBHUKOM, CTATUCTUYHHI HA OCHOBI 00’ €JHAHHS CJIIB 13 PI3HUX TEKCTIB Ta HA

OCHOBI Y -1HTeprpeTalii 3akoHy bpeadopaa.

15.1 CJ0BHUKOBMH

Jlanuii MeToj MoJsira€ y BUKOPUCTAHHI TOTOBOTO MEPENiKy cTom-ciiB. CIUCOK
CTOII-CJIIB CKJIa/Ia€ThCSl BPYUHY, 110 € NEPIIUM HEAOIIKOM JAaHOTO METOAY, aJKe Leh
oporec € TPYAOeMKHM. JIpyruM HEJOJIIKOM MOXKHA BHAUIUTH  HEBEIUKY
YHIBEPCAIBHICTh CJIOBHHKA, IO BEJE 32 COOOI0 HEJOCTATHHO TOBHE BUJIAJICHHS CTOM-

CJIIB, TaK SIK LIEH MEPEITIK € TyKe BEJUKUM 1 JUIsl pI3HUX THUITIB TEKCTIB.

[lepeBarorw gaHOTO METOJY € TOYHICTh, TOOTO BUKOPUCTAHHS JIaHOTO METOAY HE

BUAAJIUTH CJI0BA, K1 HCCYTb CMHUCJIOBC HABAHTAXCHH B TEKCTI.
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1.5.2 CraTuCcTHYHHN HA OCHOBI 00’ cITHAHHSA

MeTton nosisirae B aHai31 BEJIMKOT KiJIbKOCTI TEKCTIB 3 MPEIMETHOI 00J1acTi, 10
SKOT HAJICKUTh JTOCIKYBaHUM TEKCT, 1 BUOIPKA 3 ITUX TEKCTIB CIIUCKY HaMOUIBIII CITiB,
110 3yCTpivaroThes Haityacrimre. [lepeBara Takoro MeToIy MoJISITae€ B aBTOMAaTH3AIIIT 1
B TOMY, III0 CJIOBHHK CTOII-CJIiB HEOOX1THO CTBOPUTH OJIMH pa3 1 HaJajl He MOTPIOHO
CTBOPIOBATH HOTO JIJIs1 KO)KHOTO TEKCTY 1 BUTpAdaTH Ha 1€ 0OUHCITIOBAIBHIN yac. AJe
IpU IOMY HE BPaxXxOBYIOTHCS OCOOJMBOCTI TEeKCTy. Hampukiaa, Moxe BUHUKHYTH
CUTYyallisl, IPpU AKIHA 3 TEKCTy OyIyTh BUIyYEHI CJIOBA, SIKI 3TIAHO 31 CTATHCTHKOIO
ONMMHWJINCS B CIIOBHUKY CTOTI-CIIiB, ajie U JAHOTO TEKCTY IIi CJI0BA HECYTh CMHUCIIOBE
HaBaHTAXXEHHS 1 1X BHJIAJICHHS MPUBEAC 0 3MIHHM 3MICTYy TEKCTY 1, K HACIIJIOK,

HEIpaBUJIbLHUX PE3YJIbTATIB.

1.5.3 3a Y-inTepnperaniero 3akony bpeadopaa

3akoH bpeadopna - emmipuuHe MPaBUIO PO3MOALTY TyOJiKalliii 3 BHIAHHSM,
3TiTHO 3 SIKOIO0 B CITUCKY HAayKOBHIX JKYPHAJIIB, pO3TAlIOBAHUX B MOPSAAKY yOyBaHHS
quClia CTaTel Mo 3a/laHOMy MUTAHHIO, MOKHA BUIJIUTH TPHU 30HU, 110 MICTSTH PiBHE

YHUCJIO CTATEM 10 3aJaHOMY MTUTAHHIO.
L1 Tpu 30HU PO3PI3HSIOTHCSA KUIBKICTIO 1 SIKICTIO CKJIQJIOBUX 1X )KYpHaJiB:

- B mepmry 30my (30HY simpa) BXOAsSTh NpOo(diUIbHI KypHaiu, 0e3mocepeaHbo

NPUCBAYEH] 33JaHOMY NMUTAHHIO;
- B npyry 30HYy BXOAATh KypHaJIU, YaCTKOBO MPUCBAYEH] 33JaHOMY NMUTAHHIO;

- B HalfuucnenHinry TpeTio 30Hy BXOSITh KypHAIU, TEMaTHKa SKUX Jajieka Bijl

3aJJaHOTr'O0 ITUTAHHS.

3rizHo 13 3akoHOM bpendopaa 11t KoxKHOT TeMaTUYHO1 00J71acTi iCHYy€ KoeiIieHT

KpPaTHOTO 301IbIIEHHS KIJTBKOCTI XYpPHAJIiB B KOJKHOT HACTYITHOI 30HU.

MaremaTtuuHe (I)OpMy.HIOBaHHH JaHOT'O 3aKOHY BHUIIAAA€ HACTYITHUM YHMHOM:
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S1+qS51+q%5; =S 1)
Jle: S; — nepina 30Ha (30HaA «s7Ipay);
qS; — Ipyra 30Ha
q>S, — TpeTs 30Ha
S — 3arajpHa KUIBKICTh IyOJIBIKAITI N

Y-iHTeprperaiiss 3akoHy bpendopaa - iHTepmpertallis, 3amporioHoBaHa B.A.
Suko, 1m0 03BOJISIE OOYMCIIIOBATH MOPOTOBI PIBHI NMPU BUIAUICHHI MIAMHOXHWH 31

CKJIay 6e37114l Ha OCHOBI METOJIMKH 30HAJIBLHOTO aHam3y [3, ¢. 30].

[Ilo cTocyeThes aHaNi3y TEKCTY CYTh METOJYy TOJISITA€ B MO TEKCTY Ha 3 30HU

[3, c. 30]:
1. 3ona JO - 30Ha cyx00BHX cJ1iB 200 CTOM-CJIOBA.
2.3ona J1 - cnoBa, U0 NPeACTaBISAIOTh OCHOBHUM 3MICT TEKCTY.

3. 3o0Ha J2 - cioBa, 110 PIKO 3yCTPIUarOThCS B TEKCTI.

1.6 KarouoBi cjioBa

KirodoBi crmoBa - 11¢ ogHO- 1 0araTOKOMIOHEHTHI JIGKCHYHI TPYyIH, IO
BIIOOpaXKat0Th 3MICT JOKyMEHTa. ABTOMAaTWYHE BHJAUICHHA KIIOYOBUX CJIB €
HEOOX1JITHUM €TarioM OOpOOKH TEKCTy B TaKMX BaXKJIMBHUX JOJATKaX, SIK CUCTEMHU
aBTOMATUYHOTO 1H(OPMAIIIHHOTO MOITYKY, aHOTYBaHHs, pedepyBanHs 1 T. A. OgHak,
HE3BAKAIOYM HA JIOCUTh BEJWKY KUIBKICTh JOCIHIKEHb, 1100 aBTOMATUYHO
3aBaHTAKyBaTH KIIOYOBHX CJIIB SIBJIsIE COOO0I0 MpoOeMy, sika 10 CUX Mip HE BUPILICHA.
[TpobGnemMaTHYHNM € aBTOMATHYHE BIUTYYCHHSI 0araTOKOMIIOHEHTHUX KIIFOUOBUX CIIB,
OCOOJIMBO, SIKIIIO POOUTHCS CIpoOa aBTOMATHYHO OTPUMATH TICBHI THITH JICKCUIHHX
rpyn, Hanpukiaj, iMeHHl Tpynu. [Ipyu BCIX METOAMKAX aJrOPUTM BEPXHBHOTO PIBHS

BUJIIJIEHHSI KJIIOUOBUX CJIIB YHIBEpCaJbHUM 1 BKIIOYae eTanu: a) (QopMyBaHHSA
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«KaHJIMJATIB» B KJIIOUOBI cjoBa 1 0) ¢iapTparili I1i€i MHOXHWHHM JUIi OTPUMaHHS

PE3yABTYIOUOTO CIUCKY KIIFOUOBHX CJIIB.

BuninsroTs 3 rpyny MeTOAIB BUIIJICHHS KIIFOUOBHX CITIB: CTATUCTUYHI, JICKCUYHI

Ta T1OpUIHI.

1.6.1 CraTtucTHuHi MeTOAHM BHILJIEHHA KJIHYO0BUX
CJiB

CraTtucTHuH1 METOOU IPYHTYHOTBCA HaA YHCICHHHUX OdaHUX IIPO 4YaCTOTy

3yCTpIYaHHsI CJIOBA B TEKCTI.

B miteparypi BIJ3HAuYaeThCsA, IO I€peBaraMu CTAaTUCTUYHUX METOJIB €
YHIBEPCAIBHICT AJITOPUTMIB BIITYYCHHS KITFOYOBHUX CIiB, BIZICYTHICTh HEOOX1THOCTI B
TPYJOMICTKHX NpoLEAypax o0y J0BH JIIHIBICTUYHUX 0a3 3HaHb, IPOCTOTA peai3arlii.
AJle CTaTUCTUYHI METOJM YacTO HE 3a0e3MeUyl0Th 3aJI0BUIBHOI SKOCT1 pPe3yJIbTaTiB.
[Tpu uboMy 006s1acTh €(HEKTUBHOTO 3aCTOCYBAHHS CTATUCTUYHUX MOJENe 0OMeKeHa
MOBaMHU 3 O011HOI MOP(QOJIOTI€I0; K MPABWIIO, € TPOOJEMH AJi MPUPOJHUX MOB 3

6aratoro MopQoJIoTi€r0, 30KpemMa, JIJIsi pOCIHCHKOT MOBH.

KnacnynumMu migxoaamMu B Taily3l CTaTUCTUYHOI OOpPOOKM MPUPOJIHOI MOBH
MOXHa BBakatu BUKopucTaHHs MeTpuku TF-IDF 1 1i mogudikamiit (s BUALICHHS

KJIFOUOBHUX CJIIB), 1 aHAJ3 KOJIOKAIii (1151 BUAICHHS CIIOBOCTIONYYCHb ).

TF-IDF - cratuctuuna wmipa, sika BUKOPUCTOBYETHCS JJISI OLUIHKH Ba)KJIHBOCTI
CJIOBa, 5K B KOHTEKCTI nokyMeHTa (TF), Tak 1 B koHTEKCTi kopiycy qokymeHTiB (IDF).
MeTprka BUKOPHCTOBYEThCS 3 pisHUMH Bapiantamu oOuucienns TF i IDF. Bigomi
pi3Hi posmupenHs moneni TF-IDF, nanpukman Okapi BM25. IcHye BennuesHa
KUIBKICTh JTOCIIJKEHB 1 pO3po00K B 111 ramy3i. BigzHaunmmo Ba)JIMBY OCOOJMBICTH
BukopuctanHs TF-IDF - naGip qanux He MOBUHEH 3MIHIOBATHUCS ITiJ1 YaC PO3PaxXyHKY.
[le yckmamHioe OOYHCIICHHS, SKIIO TMOTPIOHO MPOBECTH OOpaxyBaHHS JaHUX B

pealbHOMY 4aci.
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OHiHKa Ba)KJIMBOCTI CJIOBa 3a JaHUM MCTOJOM BHU3HAYAECTHCA 34 HACTYIITHUMHU

dbopmynamu:

TF (term frequency — gacroTa citoBa):

tf (6 d) = s @

Jle: n; — 4ucio BXOHKEHb CJI0BA B TJOKYMEHT
Y.k Ny — 3arajibHa KUIbKICTh CJIIiB Y JOKYMEHTI

IDF (inverse document frequency —o06epHeHa 4acToTa JOKyMEHTA)

[D|
|d; 3t

idf(t,D) = log

3)
Jle: |D| — xigbKicTh TOKYMEHTIB B KOPITYCi
|d; 3 t;| — KiNbKICTh TOKYMEHTIB, Y SIKUX 3yCTPIiYa€ThCs TEPMiH t;,
To0TO N; # 0
Takum ynHOM Mipa TF-IDF € 1o6yTkoM JBOX MOMEpeIHIX OI[IHOK:
tf —idf(t,d,D) = tf(t,d) x idf(t,D) (4)

€ I 1HII CTATUCTUYHI MIAXOAW JJISI BUIIJICHHS TEPMIHOJIOTIYHUX CIOJYYEHb.
Hanpuknan, oauH 3 BapiaHTIB MOJATae B 3HAXOMHKCHHS N-CIIBHUX IOEIHAHBL I10
3aJlaHUX YaCTOTHUX XapakTepuctukax. L{e MmoxyTs OyTH 3HaUeHHS aOCONIOTHUX a0o
BIIHOCHUX YaCTOT IS JAHUX CJIIOBOCITONYYCHb a00 3HAYEHHS MESKOI CTAaTUCTUYHOI
MIpH, 3T1IHO 3 SIKOIO JJaHa KOHCTPYKIliA OyJia 3Hal/IeHa 1 BUJIaHa Cepel Pe3yJIbTaTiB.

Jlani Moske OyTH BUKOPUCTAHUMN MOPIT BIICIKAHHS O 33JaHOMY 3HAYEHHIO.

1.6.2 Jlekcn4Hi MeTOAHU BUALIEHHA KJIIOY0BHUX CJIIiB

CnpoOu CTBOpPEHHS YHIBEPCAJIBHOTO JIIHTBICTUYHOTO METOJY BUIIJICHHS
KJIFOUOBUX CJIIB HE MaJld ycmixy. Pi3H1 MeTou 1 puiioMu MOXHa KJIacu(piKyBaTH 3a

MIEBHUMH JIIHTBICTUYHUM HaIIPSIMKaAMH.
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JIiHTBICTHYHI METOAW TPYHTYIOThCS Ha 3HAYEHHSIX CJiB, BUKOPHCTOBYIOThH
OHTOJIOT11 1 CEeMaHTHUYHI JIaH1 PO ¢JIoBO. Ha kaiipb, 111 METOIM 3aHAATO TPYIOMICTKI Ha
paHHIX eTamax: po3poOKa OHTOJOTIM € IyKe 3aTpaTHUM IMpoiecoM. J[o Toro ix,
oreparlii JIHTBICTUYHOTO aHaIi3y TEKCTIB, 110 BHUKOHYIOTHCS BPYYHY, € JKEPEIOM
3HAYHOI KIJTbKOCT1 TOMMJIOK 1 HETOYHOCTEH 1 poOJIsTH caM MPOoILIeC aHaji3y JOKYMEHTIB
CKJIaJHUM 1 TpHUBAIUM. ToMy HEOOXiHOIO YMOBOIO € HASIBHICTh JOCTYIHHX
pOrpaMHUX 3ac00iB, IO O3BOJISIIOTH ABTOMATH3YBAaTH TPOIEC aHANi3y TEKCTIB

JIOKYMEHTIB.

[TpuknagoM JIHTBICTUYHUX METOJMIB BWJIYYEHHS KIIIOUYOBUX CJIIB € METOJUKA
aHali3y TEKCTIB JOKYMEHTIB, II0 € OCHOBOI aBTOMAaTH30BaHOI 1H(QOpMaLIiHOI
CUCTEMH ayJAuTy HOPMATUBHHUX JOKYMEHTIB OpraHizailii, 10 BKJIOYa€ JBa €TaIlu:
JOCIITHUH 1 aHamTuyHui. Ha gocnignomy erami Bi0OyBaeThbCs BUAUICHHS KIIOUOBUX
CJIIB 3 TEKCTY 3 BUKOPHUCTaHHSM CJIOBHHKIB (CJIOBHUK HEIH(OPMATUBHUX JIEKCUYHUX
OJIMHUIIb, CIIOBHUK CTaJMX CJIOBOCIOJIYY€Hb Ta 1H.) | omepariiii HaJ MHOXXWHAMHU.
OTpuMaHi KJIFOYOBI CJIOBA € BUXIJTHUMHU JIAHUMU JJIsL IPYTOTO (QHATITUYHOTO) eTaly,
METOIO SKOTO € (POpMYJIFOBaHHSI peKOMEHAAIlIN 11010 ONTUMIi3allii O13HEeC-TIPOIIECIB 1

CICKTPOHHHX I[OKYMCHTOHOTOKiB.

IcHye MeTon aBTOMAaTHYHOTO BUJIYYEHHsI KIIOYOBHUX TEPMIHIB 3 TEKCTOBUX
JIOKYMEHTIB, 3aCHOBAHUI Ha Mipy CEMaHTHYHOI OJIM3bKOCTI TEPMIHIB, OOUHCIEHOI 3
BUKOpUCTAaHHAM Oa3u naHux Bikinenii, moOyaoBi cemanTtuyHoro rpada, BuUOOpI
TEMaTUYHUX TEPMIHIB 3a Jonomorotr anroputMmy [ipBana-Heiomana. OpgHum 3
mepeBar LbOTO METOQY, Ha JIyMKY aBTOpPIB, € BIJACYTHICTh HEOOXIZHOCTI B
NoNepeIHbOMY HaBYaHHI, Tak SK Mpaloe Oe3nocepeHb0 3 0a30l0 JIaHUX.
ExcniepuMeHTanbHl OIIHKM €(EKTUBHOCTI METOJY MOKa3yloThb BHCOKY TOYHICTH 1
MOBHOTY BHJIYYEHHS 3 TEKCTY KJIIFOYOBHX TEpMiHIB. JIIHTBICTHUHI METO/IU, 3aCHOBaHI
Ha 3aCTOCYBaHHI BUKOPHUCTAHHS 3HAYEHB CJI1B, CJIOBHUKIB, OHTOJIOT1H, €HIIUKIIOMEIH,
B TOMY yucIi, Bikinenii, aBTopu JaHOi CTaTTI MPOMOHYIOTh BUILJIUTH B OKPEMUI METO/T

Ha OCHOBI 0a3 JaHWX 1 3HAYEHB CJIIB.
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['padoBi JTIHTBICTHYHI METOAM MPEICTABISIOTh BEIMKHM 1HTEpeC B 00JacTi
0oOpOOKM TIPUPOJIHOI MOBH, 3aBISKH CBOIH YHIBEpCadbHOCTI 1 €(hEeKTUBHOCTI
3aCHOBAaHUX HA HUX AITOPUTMIB. Y IIUX METOAAX OCHOBHOIO MPOIIETYyPOIO € MOOYa0Ba
cemanTuyHOTO Tpada. Lle 3Baxkenuii rpad, BeprmHAMH SIKOTO € TEPMiHU TOKYMEHTA,
HasBHICTh pedpa MK JBOMa BEPIIMHAMU CBIAYUTH MPO TE€, 1[0 TEPMIHU CEMaHTUYHO
MOB's3aH1 MIXK 00010, Bara pebpa € 4nceIbHUM 3HAYEHHSIM CEMaHTHYHOI OJIM3bKOCTI
nBOX TepMiHiB. KiTrouoBi ciioBa Bi10UparOThCs airoputMaMu o0pooku rpada. I'padori
METOAHM PpO3PI3HAIOTBCA MK c0o00r0 cnocobamMu BimOopy ©0e3niyl TEpMIHIB 1
BU3HAYCHHS OJIM3BKOCTI OKPEMHUX TEpPMIHIB, SKI 3aCHOBaHI Ha CTaTUCTUYHUX
napaMeTpax, a TakoX Ha MOp(]OJOTIYHOMY, CUHTAaKCUYHOMY a00 CEMaHTUYHOMY
aHamizi. Bzaram kaxyuu, rpadoBi MeToau BOUpPAIOTh B cebe O€3miy MiaX0/IiB, ACsIKl

aBTOPU BBAXKAIOTH iX T1OPUIHUMU.

BHKOpHUCTOBYIOTHCS JIIHTBICTUYHI METOJH, 3aCHOBAaHI HA MapKEMHOMY aHaJIi3l.
Takuii anHami3 BHU3HAYae, B SKUX BIAHOUICHHSIX MepeOyBalOTh Ta IHTYITUBHO
BUJIUISIOTBCSI KJTFOUOBI clIoBa 1 MapkeMu. lle mo3Boiisie TOCTiKyBaTH MOXKJIHBICTD
aBTOMATUYHOI'O0 BUAUICHHS KJIIOYOBUX cliB. [[ponoHOBaHa METOJIMKAa BUKOPUCTOBYE
JIOCTYIHE MporpamHe 3abe3nedeHHs. PoOisTbCcsi BUCHOBKHM, IO 3alpONOHOBAHHIMA
QITOPUTM MApKEMHOI0 aHali3y HAayKOBMX TEKCTIB UIJIKOM 3JIaTHUWA JaBaTu

JIOCTOBIPHY 1H(OPMAILIiIO PO CEMAHTUKY ITUX TEKCTIB.

B omnucyroTecsi pe3ynbTaTé €KCHEPUMEHTATbHOIO JIOCHIKEHHS MPOLEAYp
aBTOMATUYHOTO BUSIBJICHHS TEPMiHIB B TEKCTaX, 3aCHOBaHI Ha JTIEKCUKO-CUHTAKCUYHUX
mabyionax Moy LSPL. Takwuii ma0JioH 3a7a€ MOCIIJOBHICTh €JIEMEHTIB-CIIIB, 3 IKHUX
NOBUHHA CKJIaZaTHCd MOBHAa KOHCTPYKIs, 1 BKa3ye YMOBHU CHHTaKCHYHOIO
Y3rOJIPKEHHS LIUX eJeMeHTIB. Po3po0ieHo npoleaypu BUsBICHHS BXKUBAaHHS TEPMIHIB
Ha OCHOBI HA0Opy JEKCHKO-CHHTAKCHYHHUX IIa0JIOHIB. 3amporoHOBaHA CTpPATETis
CHUIBHOTO 3aCTOCYBAaHHSI LIUX MPOUEAYP, MO3BOJUTH HiABUIIMTH F-mipy mMOBHOTH 1

TOYHOCTI PO3MI3HABaHHS.

VY npaui [2] BugineHi Taki mada0oHM, HABEAEMO IPUKIIAIN KX IIA0JIOHIB:



Ta6mui 1.1 — [Ipukiiaau JeKCUKO-CUHTAKCUYHUX TIA0JIOHIB
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Ne | I'pyniu ma6nonis | [Ipukiiagu mabaoHiB [Tpuxnanu
TEPMiHIB 3a
ra0JIOHaMH

1 | Mopdo- N1 (N1) TpHUrep

CUHTAKCHUYHI .
spaskn Tepminip | -1 N1 <AL=NL> (N1) HCF%MlHleHa
OI[IHKa
N1 N2<c=gen> (N1) [Tepion
HaIlBpO3MaTy
2 KOHTCKCTH Defin <c=acc> "6ygemo" "HaspIBaTH Taxi BEKTOPH
BU3HAYCHHS Term<c=ins> #Term<c=nom> OyZeMO Ha3UBATH
aBTOP CI.’KHX BJIACHUMH
TCpMIHIB BEKTOPAMH
"mox" Term<c=ins> "posymieThca" Iin
Defi n<c=nom> #Term<c=nom> ] )
1HKANCYJISIIEI0
PO3YMIETHCS
Terml "("Term2")"
3 | Konrekctu IIepesanuc
<Terml.c=Term2.c> P ,
BBEJICHHS mams’ Tl
CHHOHIMIB #Terml<c=nom>, Term2<c=nom> (T]QI/Ire]giB)
TEPMIHIB TR
Terml "," "un" TermZ2 <Terml. Pospsmicio,  um
c=Term2.c>
JIOBJKMHOIO CJI0Ba
#Terml<c=nom>, Term2<c=nom>
4 | CIIOBHHUKOBI NI<BexTop> Bekrop, BekTop
) [N2<HamMarHWUeHHOCTH,c=gen> | . )
TEPMIHH HaMarHi4eHOCTI,
N2<crany,c=gen> | "Ymona"] BeKoTop YMOBa
A1<6iToBpI# > {N2<MmaccuB> | BitoBuii  BeKTO,
N2<o6pasz>}<1,1> <A1=N2> 01TOBA KapTa
5 | Jlekcuko- §§1N2<C:gen> [lepeBu3HaUEHHS
CHUHTaKCHUYHI N1 N4<c=gen> <Syn(N2.N4)>, METO/IB —
BapiaHTH N3 N2<c=gen> <Syn(N1,N3)>, NepEBU3HAYCHHS

Al N1 <Al.st=N2.st>

(N1)
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Ta6muis 1.1 (mpoaoBaeHHS)

Ne | I'pynu ma6soniB | [Ipukimanu malaoHIB [Tpuxnanu
TEPMiHIB 3a
madsoHaMu

6 | OG’ennanus AL AZ NT <AT=AZ=N1> PozpsaniTh

TEpMiHiB #A1 N1, A2 N1 BHYTPIIIHIX
pericTpis —
PO3PAIHICTH
pericTpa,
BHYTPILIHINA
pericTp

1.6.3 I'iOpuaHi MeTOAHM BUAIJIEHHS KJIIOYO0OBHUX CJIB

Y nmomepenHix MAPO3AUIAX PO3MNISIHYTO BHUIUICHHS KIIOYOBUX CIIB 1
CJIOBOCTIOJIy4€Hb, 3aCHOBAHE Ha JIHIBICTUYHMX a00 CTaTUCTUYHUX MeTojax. byro
3a3HAYCHO, 110 KOXKEH 3 IUX METOJIIB Ma€ CBO1 HEAOJIKH, 1 JIMIIIE MPU iX KOMOIHAIIT

JIOCSITA€ThCSI HAMOLTBINIA TOYHICTh BUITYUCHHS.

[IpoTe BEIWKUM TMOTEHIAJIOM BOJIOAIIOTh TIOpHUIHI METOAWKUA, B SKHX
CTaTUCTUYHI METOAM OOpPOOKH JOKYMEHTIB JOMOBHIOIOTHCS OAHIET ab0 HeKiIbKoMa
JIHTBICTUYHUMHU TPOUEAYypaMU 1 JIHIBICTHYHUMHU 0Oa3aMy 3HAHb PI3HOI TIMOMHMU.
Po3po0sieHi MeToAM aBTOMATUYHOIO BWJIYYEHHS JBYCIIBHUX TEPMIHIB 3 OKPEMOIO
TEKCTy a00 KOpPIyCy TEKCTIB Ha OCHOBI CTATUCTUKH BUSBIEHHS W MOp(]OIOTIYHUX
ma6soHiB. [TokazaHo, 1110 BUKOPUCTAHHS CYKYITHOCTI O3HAK CJIOBOCIOIYY€Hb 3HAYHO

MOKpAIy€e BUTAT TEPMIHIB.

Ha ocHOBI MOPiBHSIHHS ICHYIOUMX CUCTEM aBTOpHU CTaTTi [ 13] poOaTh BUCHOBOK,
0 JJs TOJIMIICHHS BUJIYYEHHS TEPMIHIB 1 OTpPUMaHHs OUIbII pPEJIEBAaHTHHUX
pe3yabTaTiB (3MEHIIeHHS 1HPOPMAaIIIHOTO IIyMy), HTOBHHHI OyTH BUKOHAHI HACTYIIHI

YMOBHU: TMPOBEJICHI JIHTBICTUYHO OPIEHTOBAHI JOCIIKEHHS CEMaHTUYHUX 3B'S3KIB
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TEPMIHIB 1 YMOB OOMEKEHHS TEPMIHOJIOTTYHUX OAMHUIIb B MEKaX JaHOI CIeIiaabHO1
obsacTi 1 B JaHOMY TEKCTOBOMY THIIl; MPOTPAMHI CHCTEMH ITOBHHHI HABYUTHUCS
MO€HYBATH CTATUCTHUYHI Ta JIIHTBICTUYHI METOAM 1 MIATPUMYBATH OilbIlIe OJHI€T
ctpaterii. Takox MOBHMHHA OyTH KOPUCHOIO pO3pOOKa 3araibHOI IIKAIH TECTyBaHHS i

OLIIHKH TOPIBHSIHHS SIKOCT1 BUJOOYTHX TEPMiHIB.

Crarts [8] mpencraBise pe3yiabTaTH  AOCHIDKEHHS 10  BUIIJICHHIO
TEPMIHOJIOTTYHHUX CJIOBOCIOJIYYEHb HA OCHOBI CTaTUCTHUYHUX 3aXOJIB Ta rpaMaTUKH
CUHTAaKCUYHUX KOHCTPYKUIA 3a JOMOMOIrOI0 CIHEI[laldi30BaHOl CHCTEMH OOpOOKH
KOpIycHUX JaHuX. ONUCYIOTbCSI EKCHEPUMEHTH 3 aBTOMATHUYHOTO BUIUICHHS
TEPMIHIB 1 TEPMIHOJIOTIYHUX CMIONY4YeHb. OIIHIOEThCA €(DEKTUBHICTD PI3HUX IM1IXO/IB.
dakTU4YHO 1€l miaxiy € KOMOIHOBaHUM, TaK sIK 00'€qHye JIHTBICTUYHUN 1

CTaTUCTUYHUMN MCTOOU.

1.7 JliHrBicTM4YHA PO3MITKA

OaHuM 3 METOMIB MPECTaBJICHHS JIHTBICTUYHMX JIaHUX € JIIHTBICTHYHA

pPO3MITKA.

Pucynok 1.2

<sid="6293">
<w c="w" pos="IN" id="624">As</w>
<w c="w" pos="RB" id="625">far</w>
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<pp id="21236">

<w c="w" pos="IN" id="626" head="yes">as</w>

<np number="singular" person="1" id="627">

<w c="w" pos="PRP" head="yes" id="628">I</w>

</np>

</pp>

<vbar voice="passive" time="past" id="629" args="+6302">

<w c="w" pos="VBD" stem="be" head="yes" id="630">was</w>
<w c="w" pos="VBN" stem="enable" id="631">enabled</w>
</vbar>

BukopucTtanHs cneniagbHOI PO3MITKH I MPEJICTaBIEHHS JIIHTBICTHYHOT
iHopmalli B JOKYMEHTI BUTJISJAIOTh JIOCUTh 3PYYHHMH I 3a7ad O0OpoOKu
NPUPOHOI MOBU. BOHM [103BOJISIIOTH JIETKO aHaNI3yBaTH pPe3yJIbTaTH OOpPOOKH
KOpHCTyBaueM ab0 po3pOOHUKOM, ITHOPYBATH HE BITHOCUTBHCS JI0 3a/1adl PO3MITKY 1
BUKOPHCTOBYBATH CTAHAAPTHI 1HCTPYMEHTHU Jisi 0OpoOKu. AJie OCHOBHa mpobiemMa
IBOTO MIJXOMy - YSBJIEHHS CKJIAQOHUX 1 NMEepeciyHuX cTpykTyp. Hampuknan, Taki
CTPYKTYPH MOXYTh BUHUKHYTHM BHACIIJOK HEOJIHO3HAYHOCTI aHalli3y TEKCTy Ha
olHOMY 3 eTamiB o00poOku. I[lomaHHS TakuUX CTPYKTYp 3HAYHO YCKIIATHIOE
BUKOPUCTOBYBaHY CXE€MYy pO3MITKM, [0 3BOAWTh HaHIBEUb I€peBaru Bij

BUKOPUCTAHHS CTaHJAPTHUX MPOTpaMm 1 aHaJII30BaHUH JIFOAUHOIO.

1.8 Kuaacudikailisi TeKCTOBUX TOKYMEHTIB

Icaye nBa mpotunexHi migxonu no GopmyBanHs cnoBHUKa (MHOXUHU F(C)) 1

noOy0BU MPABUII:

¢ MAIlIMHHE HaBYaHHS - NepeAdavaeThbCs HAABHICTh HABYAIBHOI BUOIPKHU

JIOKYMEHTIB, 3a IKUM OynyeTbes MHOXHHA F(C);
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®  CKCIIEPTHHH METOJ - Nepeadayae, o BUILIEHHS 03HaK - MHOKUHH F(C)

-1 CKIIaAaHHsA ITPaBUJI IIPOBOJNUTHCA CKCIICPTAMMU.

VY pa3i MalMHHOTO HAaBYaHHS aHAJI3Y€EThCS CTATUCTUKA JTIHTBICTUYHUX 111a0JI0HIB
(TakuX fK JIEKCMYHA OJIM3BKICTh, MOBTOPIOBAHICTH CIIB 1 T. M.) 3 JOKYMEHTIB
HaBYaJIbHOI BUOIpKH. Y HET MOBUHHI BXOJUTU JOKYMEHTH, IO BITHOCSATHCS 10 KOXKHOI
pyOpHKH, 11100 CTBOPUTH HAO1p O3HAK (CTATUCTUYHY CUTHATYPY) JJISI KOXKHOI pyOPHUKH,
KU 3rofioM OyJe BHUKOPUCTOBYBATHUCSA JUId Kiacu@ikaiii HOBHUX JIOKYMEHTIB.
[lepeBarorwo maHOro MiAXOMy € BIACYTHICTh HEOOXI1THOCTI B CJIOBHHUKAX, SIKI CKJIaIHO
noOyayBaTH ISl BETUKHX TMPEIMETHUX obyacted 3HaHb. OmHaK MO0 YHUKHYTH
HEMpaBWIbHOI  Kiacu@ikaiii, MOTPIOHO 3a0e3MeUYuTH TrapHe MPEeACTaBICHHS

JIOKYMEHTIB JUIsl KOSKHOI PYOpHKH.

Y npyromy Bumanky ¢dopmyBanHs cioBHuka (0e3miui F (C)) moxe Oytu
BUKOHAHO HAa OCHOBI Ha0Opy TEPMIHIB MpPEAMETHOI 00JaCTl 1 BIIHOMIEHb MK HUMU
(OCHOBHI TEpPMIHH, CHHOHIMHU 1 POJUHHI TEPMIHHM). KiIacH(iKalii MOXKE IOTIM
BU3HAYUTU PyOPUKY IOKYMEHTA BIJIMIOBIIHO JI0 YACTOTH, 3 SIKOT 3'ABJISIIOTHCS BUJILICHI

B TEKCT1 TEPMiHU (KJIFOUOBI MTOHSTTS).

MoskanBa ¥ KOMOIHAIlIS JBOX OIMCAHUX ITIJIXOJIB, KOJH BHAUJIICHHS O3HAK 1
CKJIaJIaHHs MTPaBUJI BUKOHYIOTHCSI aBBTOMAaTUYHO HAa OCHOB1 HABYAJIbHOI BUOIPKH, 1 B TOU
e Yac rnpaBuiia OyyrOThCS B TAKOMY BUTJISIII, 00 eKciepTy Oyra 3po3yMisia Jorika
aBTOMATUYHOI pyOpHKalli, 1 y HbOro Oyja MOXJIMBICTh BPYYHY KOPUTYBAaTH Il

IpaBuia.

Jlns xnacugikamii TEKCTOBUX JOKYMEHTIB YCHIITHO BUKOPHUCTOBYIOThCS 0araro
METOIB 1 anropuTMiB kiacudikarii Data Mining. Hanpuknan: Naive Bayes, meton
HaiMeHIMX kBajpaTiB, C4.5, SVM 1 in. OueBuaHO, 1m0 noTpiOHa MoaudiKamis mux
METO/IIB /i1 poOOTH 3 TEKCTOBOIO 1HGOpMaIli€ro. Sk mpaBuUiio, aganTallisi alrOpuTMIB
MOB's3aHa 3 THUM, IO TOHSATTS HE3AJIEKHOI 3MIHHOI TMOB'sI3aHO HE 3 aTpuOyTamu

00'eKTa, a 3 HASIBHICTIO B TEKCTOBOMY JIOKYMEHTI Ti€i uM 1HIIOi 03Haku f. Po3risHemo
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Moau(diKalio TaKuX aJropuTMiB Ha mpukiagai MeroxiB Naive Bayes ta Pore,

OIMMCAHUX JaJIl.

1.8.1 Metox Naive Bayes

Merton baiieca 1ie npoctuii kitacugikaTop, 3aCHOBAaHUM Ha KMOBIPHICHOT MOJIENI,
[0 Ma€ CWJIbHE MPHUITYIICHHS HE3aJIeKHOCTI KOMIIOHEHT BEKTOPA O3HaK. 3a3BHYal 11€
MPUMYIIEHHS HE BIANOBIAA€E TIACHOCTI 1 TOMYy OJHa 3 Ha3B meTony - Naive Bayes

(HaiBauit baitec).

IMoBipHICHAa MoOJENb METOAY 3acHOBaHa Ha Bigomid Qopmyni baitfeca 1o
OOYHCIICHHIO allOCTEPIOPHOI WMOBIPHOCTI TiMOTE3. 3aCTOCOBYIOUH 110 (hOpMyITy ISt
3aBlaHHS Kiacu@ikamii TEKCTIB, OTPUMAEMO MHMOBIPHICTH TOr0, MO JOKYMEHT

HaJIC)KUTh KaTeropii:

P(y=c¢|E)=P(x; =cily=c¢;) X P(xy; =3y = ¢;) X ... X
X POty =cp'ly =c¢) =Py =c,)/P(E) (5)
Jle: y - 3anexHa 3MiHHA, 1[0 BKa3y€ Ha HAJIEKHICTh IOKYMEHTA JI0 KaTeropii ¢.;

E — moais, 1o mossirae B HasIBHOCTI B TEKCTOBOMY JJOKYMEHT1 O3HAaK, 1110
XapaKTepU3yrTh KaTeropito Cy.;

Sk 1 Bc1 KMOBIpHI Kiacu(pikaTopH, KiacudikaTop, 3aCHOBaHUM Ha MeTo 11 balieca,
MpaBUIBLHO KIAacU(iKye TOKYMEHTH, SKIIO BIIMOBIAHUN JTOKYMEHTY KJac OuIbIII
IMOBIpHUH, HIK OyAb-sKUW 1HIMI. Y 1bOMYy BUNAAKy (opmyia s BU3HAYEHHS

HaWOUIBIIN BIPOT1IHOO KaTEropii mpuitMe HACTYITHUIA BUTIISI;

[Tpunyctumo, 1m0 kinacudikaTop CKIATAETHCS 3 pyOPUK Ta MOXe OyTH BUpaKeHA
yepe3 mapameTpiB. Toji BianoBiaHuil anroputMm baiieca nns knacudikariii TeKCTy
MaTUME TapameTpiB. AJie Ha TpPaKTHIll, HaWYacTimie 3a Bce (BHMAIOK OiHApHOI
kinacugikamii) 1. Tomy, yucno napamerpiB Ayt Metony balieca 3a3Buuail oaHO, A€ -

PO3MIPHICTh BEKTOpa O3HaK.
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HaiBuuii xnacudikarop balieca mae Kijgbka BIACTUBOCTEH, sIKi pOOJIATH HOTO
HA/I3BUYAHO KOPHCHUM IMPAKTUYHO, HE JUBISYNCH HA T€, IO CHJIbHI MPUITYIIICHHS
HE3aJISKHOCT1 4acTo MOpymyroThcs. Lleit MeTos mokasye BUCOKY MIBHAKICTH pOOOTH 1
JIOCUTh BHCOKY SIKICThb Kiacu@ikarii. Moro moxHa pPEeKOMEHAYBaTH JUIs TTOOYI0BH
kiacudikaTopa, KOJIU ICHYIO KOPCTKI OOMEXEHHS Ha Yac paxyHKY 1 CKOPHCTaTHCS

O1J1bIII TOYHUMU MCTOJdaMHU, HC IIPCACTABIIAECTHCS MOKJIMBI.

1.8.2 Metoa Porie

OpHuM 3 HAOUIBLI NPOCTUX KJIACU(PIKATOPIB, 3aCHOBAHUX HAa BEKTOPHOI MOJENI,
€ Tak 3BaHuM Kiacudikarop Poire. OcHOBHA 0COOMUBICTH IILOTO METOJY TOJIATAE B
TOMY, IO JJIsI KOXKHOT pyOPHUKH OOUUCITIOETHCS 3BAXKEHUM IIEHTp Baru. BiH BUXOIUTH
BUpaxyBaHHSIM Baru KOXHOTO TE€pMa BEKTOPIB O3HAK HE BIANOBIAAIOTH pPyOpuIll

JIOKYMEHTIB, 3 BariB T€PMiB BEKTOPIB O3HAK BIAMOBIIHUX PYOPHIIi IOKYMEHTIB.

Hexaiil Ko’keH TOKyMEHT pyOpuKH Oyl MPeCTaBIECHUI Y BUTJIS/I1I BEKTOPA O3HAK
HACTYMHUM YMHOM. Toi pyOpuka Oy/ie mpecTaBieHa y BUTIIsII BEKTopa o3HaK. Jljis

KOXHOI pyOpUKH OOUHCITIOETHCS 3BaYKEHUI LIEHTP BarH.

Taxkum yMHOM, BUHIIIOB 3Ba)KEHUH IIEHTP Baru MpeicTaBiisie pyOpuKy B IPOCTOPi
o3HaK. HayexHicTh pyOpHKax HEBIJIOMOTO JIOKYMEHTa, BH3HAYAETHCS MUISTXOM
0OYHMCIICHHSI BIZICTAH1 MK IIEHTPOIIOM KOKHOT 3 pyOpPHUK Ta BEKTOPOM JOKYMEHTA, 110
KJIacUBIKyeTbCs. SIKIO BiACTaHb HE MEPEBUINYE ACAKUM, HANEpPEa 3aJaHUM TMOPIT,

JIOKYMEHT BBAXKAETHCS HAJICKUTH JIaHii pyOpuIll.

[IpakTuuHe pociikeHHst MmeToay Pore mokaszanu, 1mo JaHUH METOJT Ma€ BUCOKY
edeKTUBHICTh y BUPIIIEHH] 3a/1a4l kiacudikamii TekcTiB. OHIEI0 3 TOJIOBHUX HOTO
0COOJIMBOCTEH € MOXKJIUBICTh 3MIHIOBAaTH BEKTOP 3BAXKEHOTO IIEHTpOina pyOpuku, 6€3
nepeHaB4YaHHs kinacudikaropa. Lls BracTuBicTh MOXE OyTH KOPUCHO, HAMPUKIIAM, Y
BUITIAJIKaX, KOJIM HaBYaJbHA KOJIEKIIISl YACTO TOTMIOBHIOETHCS HOBUMHU JIOKYMEHTaMH, a

nepeHaByaHHsl 3aiiMae HaaToO Oararo yacy. 3aBISKM CBOIM pe3yJbTaTUBHOCTI Ta
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pocToTi MeToA Poriie cTaB 0JHUM 3 HAUMOMYJISPHIIIKMX B PO3IJISHYTIA HaMHU 00J1acTi
1 9aCTO BHUKOPHCTOBYEThCS K 0a30BUH, IsI MOPIBHAHHSA €(PEKTHUBHOCTI PIZHUX

KJacu(ikaTopis.

1.9 Kuaacrepu3anisi TEKCTOBHX JOKYMEHTIB

Bcei anroputmu kiactepu3aiiii 0a3ylOThCS Ha BHMIpax CXOXOCTI 3 PI3HUMH
KpuTepisMU. Jleski BUKOPUCTOBYIOTH CJIOBA, 4acTO 3'SBISIIOTHCS Pa3oM (JIEKCUYHY
OJIM3BKICTH), 1HILII BUKOPUCTOBYIOTh BU00YBHI ocobnuBocTi (Taki sik iMmeHa mroaen 1
T. I1.). Pi3HHII noJsirae TakoX 1 B CTBOPIOBAHMX KilacTepax. BuAUISIOTE TP OCHOBHI

TUITH METOJIIB KJIacTepu3allii TOKYMEHTIB:

e iepapxiyHMH - CTBOPIOE JIEPEBO 3 yCiMa JOKYMEHTAMH B KOPEHEBOMY
BY3J11 1 OJHUM JIOKYMEHTOM B BY3J1-TUCTI. [I[poMIXkH1 By3/IM MICTATh P13HI JOKYMEHTH,
K1 CTalOTh OUTBII 1 OUIBII CHEI[iaTi30BaHUMU B Mipy HAOJMIKEHHS JI0 JIUCTA JepeBa.
[eit MeTON KOPUCHM, KOJHM AOCTIIKYIOTh HOBY KOJIEKIIIO JIOKYMEHTIB 1 XOYYTh
OTpUMATH 3arajbHe TPEICTaBICHHS PO HET,

e OiHapumii - 3a0esneuye YrpymoBaHHA 1 TEPerysi JOKyMEHTAIbHHX
KJIaCTEep MO MOCWIAHHSAX MOAIOHOCTI. B olMH KilacTep MOMIIIAIOTHCS HAWOIMKY1 3a
CBOIMHM BJIACTHBOCTSMH JOKyMEHTH. B mpomeci kimacrepuzariii OyayeTbcs 0Oasmc
MOCHJIaHb BiJl JOKYMEHTA JI0 JOKYMEHTA, 3aCHOBAHHM Ha Barax i CiJIbHOMY BXXHBaHHI1
BU3HAYAIOTHCS KIFOYOBHX CIIB,;

®  HeYiTKHIl - BKJIIOYAE KOKEH JOKYMEHT B YCI KJIaCTEpH, ajie IPU IIbOMY
3B’SI3y€ 3 HUM BaroBy (yHKIIif0, 110 BH3HAYa€ CTYMiHb MPUHAJIEKHOCTI JTaHOTO

JOKYMCHTA IICBHOI'O KJIACTCPY.

1.9.1 IepapxiyHi MeToau KiIacTepu3anii TEKCTIB

MeTtonu iepapxiyHoi KiacTepusallii 0yBaroTh:
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e arJoMepaTHUBHI - KJacTepu3allis BHKOHYETHCS, IMOYMHAIOYH 3
1HIMBIIyaJIbHUX €JIEMEHTIB, TPYITYIOUH iX B KJIacTepH (B1J HU3Y JI0 BEPXY);
® MBI3MMHI - KJIAacTepu3allii BHUKOHYETHCS, IOYMHAIOYU 3 €JIMHOTO

KJIacTepa 1po30MBarouy WOTO Ha KiJbKa (3BEPXy BHU3).

Iepapxiuna  aromepatuBHOro  kimacrepusamis (HAC - Hierarchical
Agglomerative Clustering) ciodyatky npeacTaBiisie KoxkeH 3 N JTOKYMEHTIB OKpEMUM
KiIactepoM. B mporeci kiactepmzariii Il KJacTepw 00'€THYIOTBCS, 1 KUIBKICTB
KJIACTEpiB 3MEHIIYEThCS 10 THX Tip, Moku onauH kiacrep HE Oyne mictutu Bci N

JTOKyMEHTIB. Takuii miIxij pi3HUTHCS METOIAMH IPYIyBaHHS OKPEMUX KJIACTEPIB:

® OJIHO3B'SI3HUI METOJ IPYIye HANOIMKUNX YICHIB;
® TIOBHO3B'A3HY - JAJICKUX YJICHIB;

® CpEIHbO3B’SI3HUMN - HANOIMKYUX JIO CEPEIUHU YICHIB.

Pesynbratamu Takoi kiactepuzailii € geHaporpamma. Ilpukian gaHoro BUILY

z[iarpaM HaBCICHO HMXXYC:
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Pucynoxk 1.3 — Ilpuknan aesaporpamu

[IpeacTaBHUKOM JMBIZUMHOI 1€PAPXIYHOI KJIACTEpHU3allli TEKCTOBUX JTOKYMEHTIB

€ aJITOPUTM JIMBI3IMHOTO MMOILTy 110 TosioBHOMY Hanpsimky (PDDP - Principal Direction
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Divisive Partitioning). Bin Oyaye OiHapHe IepeBO, B SIKOMY KOXXEH BY30JI MICTHTh
nokyMeHTH. PDDP nounnae OyyBaT AepeBO 3 KOPEHEBOIO KiacTepa, IKUi MICTUTh
BCi JIOKyMeHTH. Jlaii BiH peKypCHBHO AUIMTH KOKEH JIMCT JepeBa Ha JBa JOYIpHIX
By3Jla, TOKH 30epiraerbcsi Kputepi auteHHs. [ 30epekeHHs OajaHCyBaHHS
6inapHoro nepeBa PDDP BukopucroBye GyHKIIIO PO3KUAY A BU3HAUCHHS
HEOOX1THOCTI oALTY By3na. Ll ¢yHKIlis 00unciioe, HACKIIBKY OJM3bKI €IIEMEHTH B
kinacrepl. Hampukman, SKIo cepelHbOKBaJpaTHYHA BIJACTaHb KjacTepa OuIbIle
3a/IaHOTO TOPOTOBOTO 3HAYEHHSI, TO KjacTep (BYy30J JepeBa) mMae OyTH MOAUICHUI.
Matpuiis ciiB 1 JOKYMEHTIB BUKOPUCTOBY€ETHCS /I BA3HAYEHHS TOJIOBHOTO HAMIPSIMKY

1 TO/IUTY TIIEPIPOCTOPY.

1.10 BucHoBKH 10 po3ainy 1

VY nanomy po3auti Oyiv TEOPETUYHO PO3TISHYTI METOMU, €Taly Ta alrOPUTMHU
IHTENIEKTYalIbHOTO aHali3y TeKcToBOol 1H(opmalli. CPopMyar0BaHO Taki €Tallu:
nonepenHs oOpoOka, BUAUICHHS KIIOYOBUX CIIB Ta Kiacuikaiis pe3yJbTaTiB.
Po3ristHyTO HacTymH1 METOIM MONepeIHOI 0OPOOKU: CIOBHUKOBUN, CTATUCTUYHHM Ta
noOy7oBaHUl Ha OCHOBI Y-iHTepmnperanii 3akony bpendopna. [dns BumineHHs
KJIFOYOBHX CJIIB MPOaHaJII30BaHO OCHOBHI CTaTUCTHYHI, ISKCUYHI Ta T1OPUIHI METOIH.

Jns erany 00’ eqHanHs MeTOAIB BUALIEHO MeTo Naive Bayes ta meton Pore.

Jlns  mojaneIioro  aHamizy oOpaHO HACTyHHI METOJU: CJIOBHHKOBUH,
CTaTUCTUYHMI Ta MOOYyIOBaHMI HA OCHOBI Y-1HTepnperauii 3akoHy bpeadopaa, TF-

IDF mipa, F-mipa Ta MeToa TakpU4YHBIX 1a0JIOHIB.
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2. PEAJII3AIIL
2.1 bBioaiorekn

2.1.1 Apache OpenNLP

Apache software foundation po3po0uB Ta BHKJIaB y BIIKpUTHI JOCTYI 010Ii0TEKY
OpenNLP. bibmioreka Apache OpenNLP saBnse co0oro iHCTpyMeHTapiii Ha OCHOBI
MalIMHHOTO HAaBYAHHS JUIsl OOpPOOKM TEKCTIB Ha MpUPOJHIA MOBI. BoHa miaTpumye
HaWOLIbII MomMpeHi 3aBaaHHs oOpoOku [IM, Taki SK TOKEHi3allis, CerMeHTaIlls
peyeHb, pPO3MITKAa YaCTUH MOBH, BHUAUICHHS CEMAHTHUYHO 3HAYYIIUX OO'€KTIB 1
CUHTaKCU4YHOTO aHami3zy. L{i 3aBmanHs, K MpaBuio, MOTPIOHO AJIE CTBOPEHHS OLIBII
CKJIQJHUX cUCTEM 3 00poOku TekcTy. OpenNLP Takox Bkitodae B cebe Taki METOIU

HABYAHHS: MAKCUMYMY €HTPOIIi 1 HABYaHHS HA OCHOBI MEPLENTPOHIB.

biomoreka Apache OpenNLP MicTuTh KOMIOHEHTH, IO JO3BOJISIOTH
noOyAyBaTH OJWH MOBHUW MPOTPAMHUN MPOAYKT 3 00poOku mpupoaHoi moBu. Lli
KOMITOHEHTH BKJIFOUAIOTh B ce0e: AETEKTOp MPOIIO3HUIlii, TOKEHI3aTOp, MOIIYK BJIaCHUX
Ha3B, 3aCO0U 3 KaTeropiszallli JOKyMEeHTIB, KJIacu()iKaTOp YaCTUH MOBH, CHHTAKCUYHUM
aHamizatop. KOMIIOHEHTH MICTATh YAaCTUHM, SIKI JO3BOJISIIOTh BUKOHATH BIJIOBIIHE
3aBIaHHS OOPOOKHM TMPUPOJHOI MOBH, JUIi HaBYAHHS MOJEIl 1 TaKOX JJIs OIIIHKH
3arajabHOi Mozeni. KoxkeH 3 n1ux 00'eKTIB TOCTYNMHUI yepe3 1HTepdeiic mpuKIaaHoro
nporpamyBaHHs (API). Kpim Toro, intepdeiic komanaHoro psaka (CLI) Hagaetbes

JUTSL 3pYYHOCT1 €KCIIEPUMEHTIB 1 HABUAHHS.

2.1.2 Snowball Stemmer for Java

Hpyroro 6105110TeK010, 10 3aCTOCOBYETbCA B MpoekTi € Snowball Stemmer,

nooynoBanuit Ha anroput™i [loprepa, 1o 6yB po3podaenuii y 1980 porii.
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OcnogHna i1es Cremmep [loptepa nossirae B ToMy, 1110 iCHY€ OOMeXeHa KiJIbKICTh
CJIIOBOTBIPHUX CY(IKCIB, 1 CTEMIHT CJIOBa B1I0YBa€ThCsl 0€3 BUKOPUCTAHHS OYIb-SIKUX

0a3 OCHOB: TUIbKH 0€37114 iICHYIOUHX CY(IKCIB 1 BpyUHY 3a/laHi1 IpaBHIa.

AJITOpUTM CKJIQJa€ThCsl 3 IM'STH KPOKiB. Ha KOXKHOMY KpOIll BIJICIKAETHCS
CIIOBOTBIpHUN cydikc 1 pemTa NepeBipAeThCS Ha BIAMNOBIAHICTH MpaBUIIAM
(HampuKIam, IS POCIMCHKUX CIIIB OCHOBAa TMOBWHHA MICTUTH HE MEHIIE OJHIEl
rOJIOCHOI). SIKIIIO0 OTpUMaHe CJIO0BO 33/10BOJIBHSIE MTpaBUiIaM, BIIOYBA€EThCS NEPEXi]l HA
HACTYIHUI KpOK. SKILIO HEMae - anropuT™ BuOMpae iHmmi cydikc s BicikanHsa. Ha
MEepIIOMY KpOIll BIJCIKAETHCS MaKCUMaJbHUN (OPMOYTBOPIOBAIBHUI Cy(iKC, Ha
Ipyromy - OykBa «1», Ha TPETbOMY — CIIOBOTBIPHUI Cy(iKC, HA YETBEPTOMY - CY(DIKCH

n-n

yy10BUX GopM, "b" 1 0HA 3 ABOX «HY.

Jlanuii anropuT™M 4acto 00pi3ae CJIOBO OLIbINe HEOOXITHOTO, IO YCKJIAJIHIOE
OTPUMaHHA MPaBUJIBLHOI OCHOBH cJOBa, Hampukian inform { informal, informality,
informally, informals, informant, informant's, informants, information, information's,
informational, informations, informative, informatively, informer, informer's,
informers, informs } (npu bOMY peajabHO HE3MIHHA YacTHHA - inform, ane Cremmep
BUOUWpaE i BUAAJIEHHs HaWO1mpIn 10Bry mopdemy). Takox Cremmep [loptepa He
CIPABJISIETHCS 31 BCUIIKMMU 3MIHAMU KOPEHS CJIOBA (HApPUKIIAJl, BUNAJA0Th 1 IIBUIKI

T'OJIOCHI).

2.2 ToroBi peaizamii

2.2.1 KH Coder

KH Coder € nomatkoMm mis KUIBKICHOIO aHalli3y TEKCTYy Yy NPUKIAIHINA
JiHrBicTHUIll. BiH Moke 00pOOJISITH TEKCTH SIMTOHCHKOIO, aHTIHCHhKOI0, (PpaHIly3bKOIO,
HIMEIIBKOIO, 1TAACHKOI0, MOPTYTIbChKOIO Ta ICMaHChkoro MoBamu. [llmsxom

BBEJICHHS BUXIJHUX TEKCTIB MOXXHAa BHUKOHYBATH JIIHTBICTUYHUN 1 CTAaTUCTUYHUHN
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anam3. [lponykt mae Taki ¢QynkiioHanbHi MoxiauBocTi sk KWIC, cratuctuka
KOJIOKAIIi#, CYMIDKHOCT1 MEpPEeXi, KapTH, 1[0 CAaMOOPTaHi3yIOThCA, KIACTEPHHUMN aHaIIi3

Ta aHaJI3y BIAMOBITHOCTI.

Jlanuit mporpaMHui MPOAYKT € O€3KOIITOBHUM 1 HOr0 BUKOPUCTOBYBAJIN Y OLITBIIT

HiX 120 TOCTIIKEHHSX B YChOMY CBITI.

2.2.2 STATISTICA Text Miner

STATISTICA Text Miner - e mogatok 1o STATISTICA Data Miner, sxwuii
17ICUTBHO MIAXOANTH ISl TOTO MO0 MEPEBOJAUTH HECTPYKTYPOBAHUHN TEKCT B IIHHY
1H(dopMaItito, IpUAATHY JJIA NPUAHATTA "30710TUX" pillleHb. BUTBIIICTH KOPUCTYBAUIB,
3HalioMuXx 3 cucreMamu Text Mining, moOpe 3Hal0Th PO Te, IO, SIK MPABHUIIO, PeabHi
"HeoOpoOJieH1" daHl € He 3aBXKIU NPUAATHUMHU ISl CIPUMHATTSA 1 TOJAJIBIIOTO

aHayizy.

STATISTICA Text Miner no3Bossie BUOpatu 3 MOTOKY iH(opmallii HeoOXimHi
nani 1 crpykrypyBatu ix. STATISTICA Text Miner interpoBaHa B 10JaTOK
STATISTICA Data Miner i B iami npoayktu kommanii StatSoft, BigmiHHOIO pucoro
SAKUX € T€, 110 BOHU € HaWOIIBII MOBHUMH 1 MOTY>KHUMH IHCTPYMEHTaMHU Ha PUHKY 1
BHKOHaHI 3 0€3J0TaHHUM YBaror sK 10 MUTaHb I1JIBUIICHHS ¢()eKTUBHOCTI, TakK 1 0

MATAaHb PO3IIMPEHHS MOKIUBOCTEMN.

Ileit mogaTOK BHKOPUCTOBYE 0araTro-IOTOKOBI KOMII'FOTEPHI TEXHOJOTIl IS
TOCSTHCHHS MaKCHMaJIbHOI MPOAYKTHMBHOCTI TEPEIOBHX  0araToNporecOpHUX

CEPBEPHUX CUCTEM.

Takox sk 1 Bci kommoHeHntn STATISTICA Data Miner, STATISTICA Text
Miner cremiaabHO pO3pOOJICHUI SK 3arajibHUM 3acid 3 BIIKPUTOIO apXiTEKTYpPOIO,
MpU3HaYeHEe IS BHUAOOYTKY JaHUX 3 IOTOKY HECTPYKTYpOBaHOI iH(OpMAIIii.
Oco6muBicTio 3aco0iB Text Mining, a TakoX IHIIMX AHATITUYHUX 1HCTPYMECHTIB,

noctynaux B STATISTICA Text Miner, € Te, mo B SIKOCTI BXIIHUX JaHHX MOYKHA
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BUKOPUCTOBYBAaTH HE TIIbKM TEKCTOBI JOKYMEHTH a00 BeO-CTOPIHKH, ajie TaKOXK

IIOCHUJIaHH:, CIIMCKH abo KJIACTCpPH.

HectpykTypoBaHa iHhopMmallis, SKy BU aHAII3y€Te HaBITh MOXE BKIIIOUATH B ce0e

HeIepeTBOpeHi 01TOB1 300pakeHHS, 3BYKOBI (paitim 1 T. 1.

2.3 BucHOBKH 10 po3aiiay 2

VY nanomy po3ziii 0yJs10 po3mIIHYTO 010,110T€KH Ta MporpaMHi 3aco0i, o 0y1yTh
BUKOPUCTAHI JIJIsl MOJAJIBIIOI peatizailii Ta aHalli3y aJrOPUTMIB 1HTEJIECKTYaJlbHOTO

aHaJi3y TEKCTIB.

Lle Java Giomioreku st creminry (Snowball Stemmer for Java), mist BunineHHs
gactuH MoBu (Apache OpenNPL), a rtakoxx KH coder, skwii sBise co0oro

MOBHOIIIHHUH TpoxyKT 3 Text Mining.
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3. BUBIP, PO3OPBKA I TECTYBAHHSA E@QEKTUBHOCTBI
METOIIB. AHAJII3 OTPUMAHUX PE3YJIBTATIB

Jlnsi BUKOHAHHS TOPIBHSUIBHOTO aHAJI3y alroOpuTMIB Oyia po3polieHa
nporpamMa, y sIKiii peanizoBaHi Jeski METOJIH, ONKCaHl1 y MepuomMy po3aiiai. MoBor
nporpaMmyBaHHs Oyino oOpaHo Java, OCKIIbKH caMme sl Hei po3poOsieHo Oarato
010J110TEK, 10 TOJICTHIYIOTh CTBOPEHHS JAaHOI CHUCTEMH. Bijbll aeTanpbHO BHUOIP
TEXHOJIOT1H onucaHuil y po3aim 4: OyHKIIIOHAIBHO- BapTICHUN aHAII3 MPOrpaMHOTO

npoaykry. Kon HaBenennii y Jlonatky 1.

3.1 BugajieHHH CTOI CJIiB

[lepmriM HaOOpOM aNTOPUTMIB, sIKI OyJIO BUPILIEHO MOPIBHATH € AITOPUTMH
MIOIITYKY CTOII-CJIiB, 110 € HEB1JI’ €EMHOIO YaCTHUHOIO MOTEPEIHhOI 00pOOKH TeKCTiB. [
MOPIBHSHHS 00paHO aJIrOpUTM, MO0y I0BaHUi Ha Y -1IHTepHpeTalii 3akony bpendopaa,
IPUYOMY B IBOX Baplallifx: 3 MOMEPEAHIM CTEMIHIOM Ta BUKOHAHHSIM CTEMIHTY MICIs
BUJIAJICHHS CTOM-CHiB. pyruil anroput™ — cioBHUKOBHUI. CJIOBHUK MPEACTABICHUMA
Ha caiti http://www.ranks.nl/stopwords. TpeTiii — Ha OCHOBI 00’€HAHHS CJIIB, IO
3yCTPIYarOThCS HavacCTIIIe y TeKCTaX Habopy. Yci anropuTMu onucani y po3aii 1.5

«MeToau BUIAJIEHHS CTOII CIIIBY.

3.1.1 3a 3akonom bpendopaa 0e3 cremiHnry

Cnin 3a3HauuTH, 10 y JaHid poOOTI BUKOPUCTOBYEThCs ctemep [loprepa, 1o
npaitoe Ha OpuHOUOL N-TpaM, TOMY pe3yJbTaTH MOXYTh CHJIBHO PI3HUTUCH Bij

HOPSAIKY 3aCTOCYBaHHS aJIFTOPUTMIB, 110 1 Oy/1e MPOAEMOHCTPOBAHO HIXKYE.

s nemoHcTpaltii pe3yapTaTiB 0yJ10 MpOoBEACHO aHali3 Ha MPUKJIIaax 3 4 TECTIB
HAyKOBOT TeMaTUKH. SIK MoKa3ajao JAOCTIIKEHHS JUIsl OTPUMAaHHS JOCTOBIPHUX JaHUX

0CTaTHBO 4 TeKcTiB. Pe3ynbraTtn HaBeneHo B Tabmuisax 3.1 ta 3.2.
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binst Ha3BU TEKCTy B Ay)KKax HaBEJACHO 3arajbHy KUIBKICTH CHIB y TeKCTi. JlJis
KOKHOTO TEKCTY PO3PaxOBaHO KUJIBKICTh Ta 9aCTOTY BXOJKEHB CiioBa y TekcT. [licis
IIOTO BPYYHY OYJI0 TEPEBIPEHO TOYHICTh METOAY. B TaOnuIli BUAUICHO CIIOBA, SIKI
QITOPUTM BIAMITHUB, SK CTOI- iHpopMaTHBHE

CJIOBa, IIPOTC BOHHU HCCYTH

HABAaHTA)XEHHSA y TEKCTI.

Tabmuns 3.1 — Pe3ynbratu BUSBICHHSI CTON-CIIB 3a 3akoHOM bpendopaa 6e3

CTEMIHTY, YacThHa 1

HagBa. TeReTy (3a.ram’Ha Machine Learning (1784) Sentiment Analysys (1725)
KUIBKICTB CJIIB)
Word Amount | Percentage Word Amount | Percentage
the 92 |5.156951 the 99 5.73913
learning 60 | 3.363229 of 72 | 4.173913
of 60 | 3.363229 a 59 3.42029
a 55 3.08296 | sentiment | 47 | 2.724638
and 53 | 2.970852 to 45 | 2.608696
to 51 | 2.858744 and 44 | 2550725
in 42 2.35426 § 33 1.913043
is 35 1.961883 | analysi 29 1.681159
machine | 29 1.625561 in 27 1.565217
data 22 1.233184 or 25 1.449275
from 20 1.121076 that 21 1.217391
as 20 | 1.121076 on 20 1.15942
with 18 | 1.008969 as 19 | 1.101449
on 17 | 0.952915 text 17 | 0.985507
are 17 ] 0.952915 it 17 | 0.985507
that 16 | 0.896861 this 16 | 0.927536
by 11 | 0.616592 can 15 | 0.869565
it 11 | 0.616592 be 14 | 0.811594
be 11 | 0.616592 for 13 | 0.753623
training 11 | 0.616592 | featur 12 | 0.695652
theory 10 | 0.560538 | classifi 11 | 0.637681
Field 10 | 0.560538 are 11 | 0.637681
can 10 | 0.560538
Bceboro 677 | 37.94843 666 | 38.6087
Bceboro micst nepeBipku 557 | 31.22222 957 32.2889
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Tabmums 3.2 — PesynapTaTu BHSBICHHS CTOI-CIIIB 3a 3akoHOM bpendopna 6e3

CTEMIHTY, YaCcTHHA 2

Hassa tekcry Text Mining (1291) Big Data (1721)
(3arajibHa KUJIbKICTh
CIIiB)
Word Amount | Percentage Word Amount | Percentage
data 82 6.351665 data 88 5.113306
the 74 5.731991 and 82 4.764672
and 46 3.563129 the 74 4.299826
of 37 2.865995 of 62 3.602557
mining 32 2.478699 to 43 2.498547
in 32 2.478699 big 38 2.208019
to 29 2.246321 a 37 2.149913
is 22 1.704105 in 31 1.801278
a 19 1.471727 is 21 1.220221
as 17 1.316809 that 16 0.929692
for 16 1.239349 for 14 0.813481
be 14 1.084431 are 14 0.813481
or 13 1.006971 as 14 0.813481
learning 12 0.929512 with 13 0.755375
analysis 12 0.929512 | information 12 0.697269
process 11 0.852053 can 12 0.697269
patterns 11 0.852053 or 11 0.639163
used 11 0.852053 on 11 0.639163
knowledge 10 0.774593 it 11 0.639163
discovery 10 0.774593 storage 10 0.581058
analytics 10 0.581058
parallel 10 0.581058
processing 9 0.522952
from 9 0.522952
Bcboro 510 39.50426 652 37.88495
Bceworo micns
NepeBipKU 319 24.70952 513 29.80825
3.1.2 3a 3axkonom bpendopaa 3i creminrom

AHaJIOT1YHO TIONIEPEAHROMY PO3/LIY MPOBEAEMO aHAII3 JIJIsl TUX CaMUX TEKCTIB,

aJjie 3 MoTepeHIM CTEMIHTOM.



44

Tabmums 3.3 — Pe3ynbraTu BUSBICHHS CTOM-CIIB 3a 3akoHOM bpendopna 3i

CTEMIHI'OM, YacTuHa 1

HasBa Tekcry (3aranbHa
KUIBKICTH CIIIB)

Machine Learning (1784)

Sentiment Analysys (1725)

Word | Amount | Percentage | Word | Amount | Percentage
the 92 5.156951 the 99 5.73913
learning 60 3.363229 of 72 4173913
of 60 3.363229 a 59 3.42029
a 55 3.08296 | sentiment 47 2.7124638
and 53 2.970852 to 45 2.608696
to 51 2.858744 and 44 2.550725
in 42 2.35426 is 33 1.913043
is 35 1.961883 | analysi 29 1.681159
machine 29 1.625561 in 27 1.565217
data 22 1.233184 or 25 1.449275
from 20 1.121076 that 21 1.217391
as 20 1.121076 on 20 1.15942
with 18 1.008969 as 19 1.101449
on 17 0.952915 text 17 0.985507
are 17 0.952915 it 17 0.985507
that 16 0.896861 this 16 0.927536
by 11 0.616592 can 15 0.869565
it 11 0.616592 be 14 0.811594
be 11 0.616592 for 13 0.753623
training 11 0.616592 featur 12 0.695652
theory 10 0.560538 | classifi 11 0.637681
Field 10 0.560538 are 11 0.637681
can 10 0.560538
Bceworo 677 37.94843 666 38.6087
Bceworo micns nepeBipku 557 31.22222 557 32.2889
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Tabmuis 3.4 — Pesynbratu BUSIBJIECHHS CTOM-CJIB 3a 3akoHOM bpendopaa 31

CTEMIHI'OM, YacTHHA 2

HasBa Tekcry (3araabHa Text mining (1291) Big Data (1721)
KUIBKICTB CIIIiB)

Word | Amount | Percentage | Word | Amount | Percentage

data 82 6.351665 data 88 5.113306

the 74 5.731991 and 82 4764672

and 46 3.563129 the 74 4.299826

of 37 2.865995 of 62 3.602557

mine 33 2.556158 to 43 2.498547

in 32 2.478699 big 38 2.208019

to 29 2.246321 a 37 2.149913

is 22 1.704105 in 31 1.801278

a 19 1.471727 IS 21 1.220221

use 18 1.394268 | process 18 1.045904

as 17 1.316809 that 16 0.929692

for 16 1.239349 it 16 0.929692

be 14 1.084431 for 14 0.813481

process 13 1.006971 are 14 0.813481

or 13 1.006971 use 14 0.813481

set 12 0.929512 as 14 0.813481

learn 12 0.929512 with 13 0.755375

databas 12 0.929512 can 12 0.697269

set 11 0.639163

or 11 0.639163

inform 11 0.639163

Bceworo 501 38.80713 651 37.82684
Bceworo micns nepeBipku 349 27.03333 507 29.45969

3.1.3 Pe3yabTaTtu

3BeZIeMO Pe3yJIbTaTH JBOX MOMEPEIHIX MIAPO3ILIIB y TaOIUIN Ta TOPIBHIEMO 3

pe3yJpTaTaMi KOMEpLIHHOTo NMpoaykTy advego.ru/
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Ta6mus 3.5 — Pesynbratu aiis Y-iatepnpeTaiiii 3akony bpendopaa 6e3 creminry

TToxun0Oxa TToxu0Oxa
Hasga Beboro advego Bpendopn [Tepesipka Bi,I[HO.CHO BiTHOCHO
. nepeBipku advego
TeKCTy CJI1IB
Beboro | Ilpouent | Beboro | Ilpouent | Beboro | Ilpouent | Beboro | Ilponent | Beboro | Ilpouent
m-li-ﬁ(r:g 1291 377 29,20 510 39.50 319 24.70 191 37.45 133 35.27
Big Data 1721 608 35,32 652 37.88 513 29.80 139 21.31 44 7.23
Machine | 1200 | 6aa | 3609 | 677 | 37.94 | 557 | 3122 | 120 | 1772 | 33 | 512
learning
sentument | 205 | 6og | 3524 | 666 | 38.60 | 557 | 32.28 | 109 | 1636 | 58 | 9.54
Analysys

Tabmuus 3.6 — Pe3ynbTaT A Y -1HTepOpeTaiii 3akony bpeadopaa 31 creMiHrom

TToxunbOxa
advego Bpendo IMeperipka BiZTHOCHO Hoxwbia
Hazsa Bceroro 9 PeAGOPA PCBIp A . BigHOCHO advego
. nepeBipKu
TEKCTY ciaiB
Beboro | IIponent | Bewvoro | Ilpoment | Beworo | Ilpouent | Beboro | Ilpoment | Beworo IIpouent
mrﬁ;(r:g 1291 377 29,20 501 38.80 349 27.03 152 30.33 124 | 32.8912
Big Data 1721 608 35,32 651 37.82 507 29.45 144 22.11 43 7.07
Machine |26/ | 644 | 3600 | 677 | 37.04 | 557 | 3122 | 120 | 1772 | 33 5.12
learning
sentiment | 1,55 | gog | 3524 | 666 | 38.60 | 557 | 3228 | 109 | 1636 | 58 | 9.53
Analysys

CkJ1azieMo NOpIBHSJIbHY XapaKTePUCTHKY 3 YpaxXyBaHHIM HE JIUILIE TOYHOCTI, a i

[IOBHOTH BUIIJICHHS CTOII-CJIIB.
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Bes creminry

31 cTeMIHIOM

Bcroro
Hazpa Tekcty .
CII1B . .
Bceboro | Tlpouent | TounicTs | IToBHOTA | Bevoro | Ilpouent | Tounicts | IloBHOTA
Text mining 1291 510 | 3950 | 64.73 | 81.82% | 501 | 38.80 | 67.1088 | 91.98%
Big Data 1721 652 | 37.88 | 92.77 | 81.48% | 651 | 37.82 | 92.93 | 80.08%
Machine learning 1784 677 37.94 94.88 84.38% 677 37.94 94.88 84.38%
Sentiment 1725 666 | 38.60 | 90.46 | 90.84% | 666 | 38.60 | 90.47 | 90.84%
Analysys

Sk BUJTHO 3 TaOJIMUIIl, METOJIU MICTsl CTEMIHTY Ja€ A0 Kpalll pe3yJbTaTtu. Takox

MOXHa TIOMITUTH 3aJIeKHICTb MK KUIBKICTIO CIIB Ta €(QEKTUBHICTIO poOOTU

anroputMmy. [IpoiuntocTpyemMo 1ie Ha rpadikax.
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Pucynox 3.1 — 3a1eKHICTh Mi’K TOYHICTIO 1 KIJTBKICTIO CITIB
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94,00%
92,00%
90,00%
88,00%
86,00%
84,00%

82,00% P

80,00%
78,00%
76,00%

74,00%
1291 1721 1784 1725

e=@==Fe3 CTEMiHIy  ==@==3j cTeMiHrOM

PucyHok 3.2 — 3a1eHICTh MiK TTOBHOTOIO 1 KIJIBKICTIO CIIIB

3.14 CJIOBHUKOBHMH METO]T

Sk Bxe OUI0 3a3HAYEHO paHillle, CTOM-CIOBa 3ajaHi 3a3daieriib Bpy4yHy. B
JAHOMY BUIMAJKy iX CIUCOK B3sTHH 13 caity http://www.ranks.nl/stopwords, ueii
nepeik Hauye 665 ciiB.

byno nmpoanainizoBaHo 15 TeKCTIB HayKOBO1 TeMaTUKU. Pe3ynbTaT HaBeIEHO y
Ta0IHII HIDKYE.


http://www.ranks.nl/stopwords
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Ta6muis 3.8 — Pe3ynbraTul 1)1 CJIOBHUKOBOT'O METOTY

3aranpHa .
. . Kinekicts BUAAJICHUX
Ha3sga Tekcry KIIBKICTD . Advego
. CTOII-CJI1B
CJI1B
Kinekicts | Bigcorok | Kimekicts | BigcoTok
Getting Started In Text 1505 826 5488% | 501 | 33,29%
Mining Part Two
Text Mining Introductory 1709 964 56,41% 576 | 33,70%
Overview
Machine Learning 2 1784 961 53,87% 494 27,69%
Big Data 1721 776 45,09% 608 35,33%
Machine Learning 1784 961 53,87% 644 36,10%
How Companies Can Use
Sentiment Analysis to 1693 970 57,29% 622 36,74%
Improve their business
Getting Started in Text 1891 1074 | 5680% | 691 | 36,54%
Mining
Sentiment Analysys 1725 906 52,52% 608 35,25%
Sentiment analysis using 3868 1942 50,21% | 1409 | 36,43%
product review data
Where to start with text 3102 1740 56,09% | 1203 | 38,78%
mining
Text mining is a burgeoning 1677 909 54,20% 574 | 34,23%
new field that attempt
Text Mining 1291 605 46,86% 377 29,20%
Data Mining What is data 1636 739 4517% | 457 | 27,93%
mining
Text categorization 1632 908 55,64% 560 34,31%
Sentiment Analysis of news 917 503 54.85% 314 34.24%
comments

3 TabJnIll BUIHO, IO CIOBHUKOBHI METOJ BHJAIsS€ HabaraTto OUIBIIE CIIB, II€
3YMOBJICHO CJIOBHUKOM, 1110 MAXOIUTH 1Ji 0aratboX TUIIB 1 TEMATHK TEKCTIB, & TAKOXK

g SEO.

3.1.5 MeToa 00’ €THAHHSA

Sk Bxe OyJio OomWcaHO BWIE, JAHUM METOJ MOJArae y 3HAXOJKEHHI Ta

00’€THaHHI CIIiB, IO 3yCTPIYAIOTHCS HalUacTilIe y TEKCTax 13 Habopy.

PosrissHemo miaxia 10 BUOOpY MOpOry BXOKEHHS CJIOBA JI0 MEPeiKy CTOI-CIIiB

3 IHTepIpeTaIlieto 3akony bpendopna.
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I3 HaGopy TekctiB Oyina BuaiieHa 30Ha JO (3oHa crorn-ciiB). Lli ciioBa HaBeneH1 y

Tabnuii Hrk4ye. CipuM BUJIIEHO OMUIIKH Y TTIOOYAOB1 CIIOBHUKY.

Tabmums 3.9 — Pe3ynbTaTl 711 CIOBHUKOBOTO METOTY

Word | Amount | Percentage

the 1331 | 4.775402
of 953 3.419202
to 746 2.676521

and 719 2.57965
a 681 2.443312
in 504 1.808266
IS 496 1.779564

data 393 1.410017

that 347 1.244977
for 336 1.205511

are 259 0.929248
as 254 0.911309
be 245 0.879018
it 233 0.835964

use 226 0.81085
or 224 0.803674
on 201 0.721154

Sentiment | 192 0.688863

text 189 0.6781

with 186 0.667336

mine 186 0.667336
Learn 185 0.663749

can 175 0.62787

this 174 0.624282
word 138 0.495121
from 135 0.484357

by 132 0.473594

analysi 122 0.437715
machin 112 0.401837
document | 109 0.391073
process 106 0.38031
an 101 0.362371
have 100 0.358783
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Bcroro momuikoBux ciiB - 1594 13 10589 cniB y CIOBHUKY BChOTO, TOOTO
noxuboka 15.053%, a Tounicte 84.947%. 3 omHoro OOKy, 3a 4yuCIaMH I TyKe
HEIOTaHa TOYHICTh, a 3 1HIIIOTO Ha IbOMY MPUKIAl BUIHO, 1110 e METOJT BUIAAINUTD

OCHOBHI KJIFOYOBI CJIOBA, SIK1 XapaKTEePU3YIOTh 11ei HalIp TeCTiB.

[le#i MeTOnm MOXKE MOKa3aTH Kpaili pe3yJbTaTd, SKIO B3STH OibIIE TEKCTIB
a0COTIOTHO PI13HOT HAITPABJICHOCTI, ajie Taka 00pOoOKa 32 9acOM ITiITOTOBKU CIIOBHHKA

MIporpae PyyHii MiArOTOBIII CIIOBHUKA.

3.1.6 IIpukian TeKCTy i3 NMPOBeAEHOI MONePeIHbOI0
00po0OKoI0

Maemo dparmenT Tekcty npo Data Mining:

Data mining is an interdisciplinary subfield of computer science. It is the
computational process of discovering patterns in large data sets involving methods at
the intersection of artificial intelligence, machine learning, statistics, and database
systems. The overall goal of the data mining process is to extract information from a
data set and transform it into an understandable structure for further use. Aside from
the raw analysis step, it involves database and data management aspects, data pre-
processing, model and inference considerations, interestingness metrics, complexity
considerations, post-processing of discovered structures, visualization, and online
updating. Data mining is the analysis step of the "knowledge discovery in databases"
process, or KDD.

The term is a misnomer, because the goal is the extraction of patterns and
knowledge from large amounts of data, not the extraction (mining) of data itself. It also
is a buzzword and is frequently applied to any form of large-scale data or information
processing (collection, extraction, warehousing, analysis, and statistics) as well as any
application of computer decision support system, including artificial intelligence,
machine learning, and business intelligence. The book Data mining: Practical machine
learning tools and techniques with Java (which covers mostly machine learning
material) was originally to be named just Practical machine learning, and the term
data mining was only added for marketing reasons. Often the more general terms
(large scale) data analysis and analytics — or, when referring to actual methods,
artificial intelligence and machine learning — are more appropriate.
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[Ticnst ctemMiHTy Ta BUJAJICHHS CTOI-CJIIB 31 CJIOBHUKY:

data mine interdisciplinari subfield comput scienc . comput process discov
pattern data involv method intersect artifici intellig machin learn statist databas system
. goal data mine process extract data set transform understand structur . raw analysi
step involv databas data manag aspect data pre-process model infer consider
interesting metric complex consider post-process discov structur visual onlin updat .
data mine analysi knowledg discoveri databas process KDD .

term misnom goal extract pattern knowledg larg amount data extract mine data .
buzzword frequent appli form large-scal data process collect extract wareh analysi
statist well applic comput decis system includ artifici intellig machin learn busi intellig
. book data mine practic machin learn tool techniqu Java cover machin learn materi
origin practic machin learn term data mine market reason . term larg scale data
analysi analyt — refer actual method artifici intellig machin learn — appropri .

[Ticnst cTeMiHTy Ta BUJIaJIEHHs CTOM-CIIiB 3a bpeadopaom:

interdisciplinari subfield comput scienc . comput discov pattern involv method
intersect artifici intellig machin learn statist system . goal mine process extract data
set transform understand structur . raw analysi step involv manag aspect data pre-
model infer consider interesting metric complex consider post- discov structur visual
onlin updat . analysi knowledg discoveri KDD .

term misnom goal extract pattern knowledg larg amount data extract. buzzword
frequent appli form large-scal data collect extract wareh analysi statist well applic
comput decis system includ artifici intellig machin busi intellig . book practic machin
learn tool techniqu Java cover machin learn materi origin practic machin term market
reason . term larg scale analysi analyt — refer actual method artifici intellig machin—

appropri .

[Ticnst cteMiHry Ta BUAAQJIEHHS CTOM-CIIIB 3@ METOAOM 00’ €THAHHS:

interdisciplinari subfield comput scienc . comput discov pattern involv method
intersect artifici intellig machin statist databas system . goal extract transform
understand structur . raw step involv databas manag aspect pre- model infer consider
interesting metric complex consider post- discov structur visual onlin updat . analysi
knowledg discoveri KDD .

term misnom goal extract pattern knowledg larg amount extract. buzzword
frequent appli form large-scal collect extract wareh statist well applic comput decis
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system includ artifici intellig machin busi intellig . book mine practic machin tool
techniqu Java cover machin learn materi origin practic machin term data mine market
reason . term larg scale— refer actual method artifici intellig machin— appropri .

PosrnsHyBmm pe3ynbraTtd, OYEBHAHO, IO HaWKpamie cebe IMoKa3ye came
CJIOBHUKOBHUU MeTo1. Tak sik oOMaBa 1HIIN BUIAISIOTH OCHOBHI KJIIOYOBI CJioBa. B
JaHoOMy mpuKiazdi Taki sk: data, mining, process, learning, set, database.

[li crmoBa sKHaWKpalie XapaKTepU3yIOTh TEKCT, € KIIOYOBHMH, a 3a JTaHUM
METO/IOM, BOHM MalOTh OyTH BHKJIIOUYECHUMH 3 aHAITI3y Ha €Tarll MonepeaHboi 00poOKH.
Tomy MOXHa 3pOOWTH BHCHOBOK, IO JaHI METOAM HE BapTO BHUKOPUCTOBYBATH Y
CUCTEMI.

3.2 BuaijieHHS KJIIOY0BHUX CJIiB

[TpoieMOHCTpY€EMO pOOOTY AITOPUTMIB BUIICHHS KITIOUOBUX ciiB. s aHamizy
B35ITO 3 QIrOPUTMHU: 2 CTATUCTUYHHUX Ta OJIUH T1OpUTHUH.

3.2.1 Mipa TF-IDF

Hapengemo mpuknaau BUAUICHHS KIIFOYOBHX CliB 3a Mipoto TF-IDF y tabmuii
HIDKYE.

Tabmung 3.10 — Pesynwsratu qist mipu TF-IDF

Big Data Text Mining Text categorization Text Mmmg Inductor
overview
Word | TF-IDF | Word |TDFF Word |TDFF Word TF-IDF

datum 61 datum 15 text 12 word 12
information 10 Data 12 document 11 text 11
set 8 mining 11 | categorization 10 document 10
analytic 7 process 7 category 6 example 10
processing 7 pattern 6 word 6 mining 10
storage 7 analysis 5 language 5 term 8
architecture 6 learning 5 method 5 application 6
system 6 romessing 5 technique 5 input 6
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Ta6mus 3.10 (mpopoBxxeHHS)

Big Data Text Mining Text categorization Text Mlnmg Inductor
overview
Word TF-IDF | Word ITDFF Word |TDFF Word TF-IDF
technology 6 database 4 authorship 4 number 6
application 5 machine 4 classification 4 algorithm 4
framework 5 method 4 example 4 datum 4
process 5 set 4 machine 4 domain 4
size 5 task 4 model 4 indexing 4
velocity 5 analytic 3 retrieval 4 information 4
volume 5 business 3 scheme 4 type 4
characteristic 4 set 4 approach 3
database 4 test 4 cluster 3
definition 4 topic 4 form 3
insight 4 training 4 language 3
management 4 application 3 list 3
model 4 approach 3 method 3
organization 4 author 3 project 3
server 4 datum 3 service 3
time 4 learning 3 time 3
type 4 metada 3 variable 3
value 4 mining 3
3v 3 n-gram 3
ability 3 news 3
algorithm 3
analysis 3
business 3
component 3
computing 3
concept 3
connection 3
cost 3
difficulty 3
factory 3

3 TabJyMIll BUJIHO, IO IIi CJIOBA € KJIIOYOBHMMHM, OO0 BOHHM BIJIIIOBIJAIOTH O3HAKAM
KJIFOUOBUX CJIIB JJIs1 JAHUUM TEKCTIB 1 XapaKTEPU3YIOTh iX.
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F-mipa
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[TpomeMOHCTPY€EMO pPe3yIbTaTH POOOTH 1HIIIOTO AIITOPUTMY, HABIBIITH TTPUKIIAIH
3 BUKOPUCTAHHSIM THX CAMHUX TEKCTIB, ajie 3 BUKOPUCTAaHHAM F-Mipu.

Tabmums 3.11 — Pesynbratu ms F-mipu

Big Data Text Mining Text categorization . Text Mlnmg
inductor overview
Word Weight Word Weight Word Weight Word Weight
analysis 0.04842 | Discovering | 0.09087 Word 0.08044 | Mining 0.0649
varies 0.0443 Learning 0.0587 Sample | 0.06145 | Numbers | 0.0342
Traditional | 0.03554 | Analysis |0.04284 | Learning | 0.0602 | Variables | 0.0341
capture 0.031887 | Community | 0.2112 | Constrain | 0.0531 | appropriate | 0.0319
Information | 0.02235 | Inferences | 0.02004 | Particulary | 0.04192 | Summarise | 0.031
Greater 0.021312 | Machine 0.0198 | Retrieval | 0.03791 | Automatic | 0.0271
Exabytes 0.0193 Databases | 0.0161 | Traditional | 0.0364 | algorythms | 0.0269
Other 0.01835 statistic | 0.01608 | Counts 0.0264 Terms 0.0236
Store 0.01805 Phrase 0.01607 | Identify | 0.02173 | department | 0.0234
Technological | 0.017093 | Intersection | 0.01445 | Training | 0.02145 | Process | 0.0204
Predictive 0.0167 Estimated | 0.02054 | Design 0.0196
Result 0.01547 Predict | 0.01864
Systems 0.0142
Requires 0.1405

[3 nanux npukIaaiB BUIHO, 110 Il METOT MEHII eheKTUBHUMN, HI)K MOMEePEAHIN.

3.2.3 JIIHIrBO-CTATHCTHYHI HIA0JOHH

MeTtoa JIIHIBO-CTATUCTHYHUX IIA0JOHIB 3HAYHO Ba)KUMi Ta HaOarato OUIBII
TPYJOEMKUN JJI peattizallii, ToMy OyJiI0 MPUUHATO PIIIEHHS BUKOPUCTATH TOTOBHIA
npoaykt KH Coder, ne Bxe peanizoBanuii 1ieit Mmetos. PesynbTat poOOTH HaBeaCHI

HMXKXYC.

Cnucok coBOCHONyUY€Hb, BUJIIJIEHUX MPOTpaMolo, OyB HaBEeIEHHUM HE MOBHICTIO,

aJie bOTO JIOCTaTHHO, 00 3pOOUTH BUCHOBKH II0JI0 POOOTH alIrOpUTMY.



Ta6muis 3.12 — Pe3ynbratul 11 JIHIBO-CTaATUCTUYHMX TA0JIOHIB YacTUHA 1

Big Data Text Mining

Word Weight Word Weight
big data 439.161 data mining 428.794

data sets 40.818 of data 40.15

big data analytics | 36.523 data analysis 29.659
data lake 17.907 | knowledge discovery | 24.973
stored data 17.907 data mining step 23.421

data storage 16.181 term data mining 21.51

2.5 exabytes of data | 10.647 machine learning 21.22
data size 10.647 data set 19.834
petabytes of data 10.647 data sets 19.834
data set 9.621 data fishing 16.678
process data 8.953 data preparation 16.678
analysis of data sets 8.22 data mining process | 13.903
business intelligence | 8.207 large data sets 12.444
amount of data 8.09 target data set 11.631

Tabmums 3.13 — Pesynprata 17151 JTIHTBO-CTATUCTUYHKX MIA0JIOHIB YacTHHA 2

Text categorization Text Mining inductor overview

Word Weight Word Weight

text categorization 66.73 text mining 121.413

document text 21.393 input documents 14.651
document categorization 18.248 text mining applications 14.28

new document 14.455 data mining project 10.593
text classification 13.441 large numbers of documents 7.74
language identification 9.391 large numbers 7.737
document profile 8.859 results of text mining 7.14
document retrieval 8.379 text mining algorithms 7.14
new words 7.045 clusters of words 6.387
document's language 6.62 purpose of text mining 6.361
1990s text categorization 5.593 text mining program 6.361
automatic text categorization | 5.593 meaning of text 6.16
text categorization methods | 5.593 various data mining 5.557
text categorization problem | 5.593 | text mining introductory overview | 5.464
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TakuM 4UHOM MOKEMO 3pOOMTH BHUCHOBOK, IO TiOpWHI METOAM BUIIJICHHS

KJTFOUOBUX CJIIB € HailePHEeKTUBHIIITUMHU.
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3.3 BuCHOBKH 10 po3aiiay 3

Y nanomy po3zini Oyio mpoBeaeHo O6e3mocepeHiid aHai3 METOIiB, ONTUCAHUX Y
nepiiomMy posauii. Ilpu aHamizi METOMIB BUJAUICHHS CTOM-CIIB OYyJIO BUSIBJCHO, IO
METOJ/, SKHW TIpaIfioe Ha OCHOBI Y-iHTepmpertarlii 3akony bpendopaa uucenpHO
MPOJIEMOHCTPYBAB JIOBOJII BUCOKY TOYHICTh (Onu3bko 85%) mpore mnpu OuibIl
JeTATHPHOMY aHalli3i OyJio BHUSBIEHO, IO I METOA BHUIAJSE HAWOIIBIN 3HAUYII
KJTIOYOBI 13 TEKCTIB, 110 OYJIH TpOaHaIi30BaHi, 110 poOUTh TaHUI METO.T HEIPUAATHUM
JUTSl BAKOPUCTAHHS y TAKOTO POy CUCTEMax y JaHoMy BUTIIsil. CIIOBHUKOBUN METOJ
HE € YHIBEpCaJbHUM, OCKUIbKHA YHIBEPCAIbHUI CIIOBHUK POOHUTH LI METOJ MEHII
TOYHUM ( TOTIPIIYE PE3yIbTAT MOJANBIIOTO BUSBICHHS KOJOKAI[IN) Ta MEHIII TOBHUM.
Tomy 117151 BAKOPUCTAHHS JAHOTO METOIY BapTO BUKOPUCTOBYBATH CIIOBHUK CTOM-CIIIB,
po3poOsieHnit came JUIsi  JaHOi MpeaMeTHoi o0racTi. byno  3amponoHOBaHO
CKOMOIHYBATH 111 METOJIM MPHU aHaIIi31 BEJIMKOI KUTBKOCTI TEKCTIB PI3HOT TEMATUKH Ta
HaIpaBJIEHOCTI. AHAI3YIOThCS CJIO0BA, 110 3YCTPIYAIOTHCA Y IUX TEKCTaX HalvacTile
Ta Bi1OuparoThes 3a bpendopaom. Uum OisbIiia BapiaTUBHICTh TEMATUKU TEKCTIB, TUM
OubIa SIKICTh CJIOBHUKA. [Ipw aHamizi METOJIB BUSIBICHHS KIIOUOBUX CIiB, OyIJIO
BUKOpHUCTaHO 3 anroputmu: 2 cratuctuudi: Mipa TF-IDF Ta F-mipa ta ribpunnuii —
METOJ/ JIIHIBO-CTATUCTUYHUX IabnoHiB. [lpu pyduHoMy aHaimi3i pe3ysbTariB Oyjio
BUsIBJIEHO, 0 F-Mipa moka3zama 3HauHo ripun pe3ynbratu 3a TF-IFD. 3Hauno
CKJIQJIHIIIIUM Yy peaizallii Ta OUIbIll pecypco3aTpaTHUM B IIaH1 BUKOHAHHSI € aJlTOPUTM
JIHTBO-CTATUCTUYHUX MIA0JIOHIB, TIPOTE caMme Il alrOpuTM IOKa3aB HaMKpaluii

pe3yJbTar, o OyJ0 MOKa3aHo Y JAHOMY PO3IiIi.
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4. ®YHKIIOHAJIbBHO-BAPTICHUM AHAJII3
INPOI'PAMHOI'O ITIPOAYKTY

Y nmanomy po3aiii IPOBOAUTHCA OI[IHKA OCHOBHUX XapaKTEPUCTUK MPOTPAMHOTO
MPOAYKTY, MPU3HAYEHOTO JIJI aHATI3Y METO/IIB IHTEJIEKTYaJIbHOT'O aHaJli3y TEKCTIB, 110
BUKOPHUCTOBYIOTBCSl ISl CTPYKTYpyBaHHsA 3HaHb. I[HTepdeiic kopucTtyBaua OyB
pO3po0JIeHUI 3a IOMOMOrO0 MOBHU IporpaMyBaHHs Java y cepeloBHILl PO3POOKH

NetBeans 8.1.

[IporpaMHMiI TOPOAYKT NPU3HAYEHO IS BUKOPUCTAHHS HA MEPCOHAIBHUX

KOMIT I0Tepax IMiji ynpasiiHHsAM onepaiiitnoi cucremu Windows, Unix, Mac.

Huxue HaBeleHO aHaI3 PI3HUX BapIaHTIB peaizaliii MOYJII0 3 METOI0 BUOODPY
ONTUMAJIbHOI, 3 ONNIAAYy MpU IbOMY SK Ha EKOHOMIYHI (haKTOpu, TaKk 1 Ha
XapaKTEPUCTUKHU MPOAYKTY, 110 BIUIMBAIOTh HA MPOIYKTHUBHICTH pOOOTH 1 Ha ioro
CYMICHICTh 3 amapaTHUM 3a0e3nedeHHsM. [[s 1mporo OyJio BUKOPUCTAHO armapar

(GyHKII10HATFHO-BAPTICHOTO aHAJI3Y.

OyHKIioOHANIBbHO-BapTicHUU aHami3 (PBA) — me TexHosoris, ska A03BOJISIE
OI[IHUTU peajbHy BapTICTh MPOJAYKTY a00 MOCIYTHM HE3aJeKHO BIJl OpraHi3aliiHoi
CTPYKTYpH KOMIIaHii. Sk mpsmi, Tak 1 TOO1YH1 BUTPATH PO3MOALISIOTHCS MO IPOIYKTaM
Ta TOCIIyTaM y 3aJ€KHOCTI BiJl MOTPIOHUX HA KOKHOMY €Tarll BUPOOHUITBA O0OCATIB
pecypciB. BukoHani Ha mux ertamax Hii y KoHTeKcTi meTtoga ®BA Ha3uBarThCs

GyHKIIAMU.

Mera ®BA mosnsrae y 3a0e3neyeHHl NPaBWIBHOTO PO3MOJAUTY PECYPCIB,
BUJIIJICHUX HA BUPOOHUIITBO MPOAYKIli a00 HaJaHHS MOCTYT, HAa MPSIMi Ta HEMPsMi
BUTpaTH. Y JaHOMY BUIIAJKY — aHAJI3y (PYHKIIIH MPOTPAMHOTO MPOAYKTY W BUSBIICHHS

yCiX BUTPAT Ha peanizamiio Hux QyHKIIH.
DaKTUYHO 1€V METOJ MPALIOE 32 TAKUM AJITOPUTMOM:

— BU3HAYAEThCA TOCIIIOBHICT, (PYHKIN, HEOOXIAHUX JJIsi BUPOOHUIITBA

npoaykTy. CroyaTky — BCl MOXJIMBI, TOTIM BOHHM PO3NOJUISIOTHCS MO JBOM I'pyIaM:
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Ti, 110 BIUIMBAIOTh HA BaApPTICTh MPOJAYKTY 1 Ti, 1[0 HE BIUIMBaIOTh. Ha 1isoMy k eTari
ONTUMIZYETHCSI CaMma IOCHIIOBHICTh CKOPOUYEHHSM KpPOKIB, 110 HE BIUIMBAIOTH Ha
I[IHHICTH 1 BIATMIOBITHO BUTpAT.

— JIJIA KOXKHO1 (PYHKII11 BU3HAYAIOTHCS TIOBHI P1YHI BUTPATH ¥ KUTBKICTh pOOOYNX
TOJTUH.

— JUTsl KOYKHOT (PYHKIII1 HAa OCHOBI OLIIHOK MOIMEPEIHbOTO MyHKTY BU3HAYAETHCSA
KUTbKICHA XapaKTePUCTHKA JIKEPE BUTPAT.

— MICJISL TOTO, SIK JUIsl KOKHOi (yHKIlIT OyAyTh BU3HA4YEHI iX JpKepellia BUTpAT,

MPOBOJUTHCA KIHIIEBUI PO3PAXYHOK BUTPAT HA BUPOOHUIITBO MPOAYKTY.

4.1 ITocTanoBka 3agaui

VY po6orti 3acTtocoByeThest MeTo T @BA 1151 TpOBEICHHS TEXHIKO-€KOHOMIYHUMN
aHaJli3y pO3pOOKM MPOTrpamMHOro MNPOAYKTY, HMPU3HAUEHOTO Uil aHalli3y METOIIB
IHTENIEKTYaJIbHOTO aHai3y TEKCTiB, IO BUKOPUCTOBYIOTHCS IJISI CTPYKTypyBaHHS
3HaHb. OCKUJIBKM OCHOBHI IPOEKTHI PIIIEHHS CTOCYIOThCS BCI€l CHCTEMH, KOKHA
OKpema TiJICUCTeMa Ma€ iM 3aJ0BOJLHATU. ToMy (aKTHUHUN aHalli3 MPEICTaBIIse
co0010 aHam3 QyHKIIA NpOrpaMHOro NPOAYKTY, MPU3HAYEHOTro i 300py, 00poOKU
Ta MPOBENICHHSI aHAJTI3Y TE€TEPOCKENACTUYHUX MPOIIECIB B €EKOHOMIIII Ta (piHAHCAX.

BiamoBinHo 11boMy BapTo 00MpaTH 1 CUCTEMY MTOKa3HUKIB SKOCTI MPOTPAMHOTO
IPOAYKTY.

TexHi4HI BUMOTH J0 MPOYKTY HACTYIIHI:

— MPOTPpaMHMI TPOJYKT TOBUHEH (YHKIIOHYBAaTU Ha TMEPCOHAIBHUX
KOMIT F0Tepax 13 CTaHIapTHUM HAaOOpOM KOMIOHEHT Ta BcTaHoBJIeHOI JRE;

— 3a0e3MnevyBaT BUCOKY IIBUIKICTH OOPOOKH BEIUKUX 00’ €MIB JaHUX;



60

— 3a0e3MeuyBaTi 3py4YHICTh 1 MPOCTOTY B3a€MOJii 3 KOpUCTyBadeM abo 3
PO3POOHUKOM MPOTPaMHOTO 3a0E3MEUCHHS y BHITAJIKy BUKOPHCTOBYBAHHS HOTO SIK
MOJTYJISL;

— nepeadayaTd MiHIMaJdbHI BUTpPaTH Ha BIPOBA/KEHHS IPOTPAMHOIO

IPOIYKTY.

4.1.1 OOrpynryBaHHs GyHKIIiil MPOrPAMHOIO MPOAYKTY

l'onoBHa ¢ynkiis Fo— po3pobka mporpamMHOro MPOAYKTY, SKUWA MPOBOIUTH
aHali3 TEKCTIB Ta BUBOAUTH PE3YJIbTATH, a TAKOX HEOOXIJHI CTATUCTUYHI JaHI.

Buxopasun 3 KOHKpETHOT METH, MOXHA BUAUTUTH HacTynH1 ocHOBHI ¢dyHKIii [11:
F1 — BuOip MOBU IpOrpamMyBaHHS;
F, — 30epexxeHHsT BUX1THUX JIAHUX;

F3 — iHTepdelic kopucTyBauya.

KoskHa 3 ocHOBHUX (PYHKIIIH MOKe MaTH JEK1JIbKa BapiaHTIB peatizaliii.

Oynkiis Fi:
a) MOBa IporpamyBaHHs Java;

0) moBa nporpamyBanHsi PHP;

Oynkiis F;:
a) cucTeMa yIpaBJliHHS 0a3aMH TaHUX;

0) BuBeneHHs y ¢aiinu Excel.
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Oynkis Fi:
a) BeO-1HTepdeiic KopucTyBaua;
0) inTepdelic KOpuUCTyBada, CTBOPEHUH 3a TexHoJorier JavaFX;

B) KOHCOJIbHUM 1HTEpdEHC.

4.1.2 BapianTu peanizauii o0CHOBHUX GyHKIii

Bapiantu peanmizaiiii ocHOBHUX (DYHKIII HaBeAeHl Y MOp(dOIOriyHii KapTi
cuctemu (puc. 4.1). Ha ocHoBI wi€i kapTM NOOYAOBaHO MO3UTHUBHO-HEraTHUBHY

MaTpPHI[IO BAp1aHTIB OCHOBHUX (QYHKI1H (Tabmuus 4.1).

CHcTeMa YIIpaBIiHHA BuseneHHA v (afiIH
GasaMH JaHHX Excel
A h
Mosga Moga
[porpaMyBaHHA Java nporpamysanaa PHP

Beb-inTepdeiic

KonconsHHH iHTepdeiic
KOPHCTYBata

IaTepdetic JavaFX:

Pucynox 4.1 — Mopdosoriuna kaprta
Mopdonoriuna kapta BigoOpakye BCl MOXIMBI KOMOIHAIi BapiaHTIB

peanizauii QyHKIIH, SKI CKJIaIal0Th NTOBHY MHOXUHY BapiaHTiB I1I1.



Ta6muis 4.1 — [lo3UTUBHO-HEraTUBHA MaTPHIIS
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OcHnoBHi | Bapiantn [[lepeBarm Henouiku
Gynkuii | peasizamii
Bennka KiJII)KiCTb3aI?IMa€ OubIIe Yacy IMpHu
A 016moTex 3 Text Mining | : y 1P
: : HAIMMCaHHI KOy
F1 BUTLHOMY JTOCTYITI
5 Baitmae menmie yacy mnpulHemae Oi0miorexk 3 Text
HaIMCaHH1 KOy Mining y BUIbBHOMY JIOCTYII1
HeoOxinHO Oarato
T0TATKOBOTO TIPOTPAMHOTO
A [[IBuaKOMISI, THYYKICTh KOZy, HeoOxigHa 00poOka
BEJIMKO1 KUIBKOCTI
=) BUKJTIOYCHD
MeHe IIPOIPaMHOI0 .
Hrkya mBUaKOIis, MEHIIIA
KOy, 3py4YHE TOJajbIile :
b [PO3LINPIOBAHICTD
BHKODHCTAHEL JAHEX Y o o
3BITax PORYKTY
Uac po3poOku, BenuKa)
KUTbKICTh JIOAATKOBOTO
MosxBe posropraHHs HaKOAY, MO HE CTOCYETbCA
4 cepBepl st noxansmoro| 1 €Xt Mining
3arajbHOTO KOPUCTYBAHHS,|Bennka KUTBKICTE
SPYYHICTH KOPUCTYBAHHA  |jofaTKOBUX ~ TEXHOJIOTIH,
F3 1110 HEO0OX1THO
BUKOPUCTATH
b 3pYy4HICTh KOPUCTYBaHHS |bUIbIIIE KOAY
Haiimsuaimii METO/]] .
He3pyunuii IS
B PO3pOOKH, III0 HE BUMArae
KOpHCTyBauda
IT0TaTKOBOTO KOJTY

Ha ocHoBi aHaI1i3y MO3UTUBHO-HETATUBHOT MaTPHIIl pOOMMO BUCHOBOK, IO MTPU

po3po0Ill TPOrpaMHOTO MPOAYKTY JAEsKi BapiaHTH peaiizaimii (QYyHKIIA BapTo

BIJIKUHYTH, TOMY, III0 BOHM HE€ BIAMNOBIJIAIOTh IOCTaBJIEHUM IMepe]] MPOrpaMHUM

npoayKkToMm 3anadaM. L{i BapianTu Bi3HaueHi y MOPGOIOTIYHIA KapTi.
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Ovyuking F1:

OcCKUIbKY JUTsl TIOKPAILIEHHS SIKOCTI BUX1JIHOTO MPOAYKTY Ta 3MEHILIEHHS 4acy
PO3pOOKH AesiKi PYHKITIT BAPTO BUKOPUCTATH 3 TOTOBUX 010J110TEK, 110 MOKIIMBO Y pasi

BUKOPHUCTAHHA Java, BapiaHT 0) Ma€e OYTH BIIKMHYTHH.

Dvyuxking F2:

OCKiTbKH B paMKax JAHOTO JOCIIIKEHHS MIBUAKICTH PO3POOKHU Ta MpPE3eHTaIlls

JAHUX € TIPIOPUTETHOIO, TO BapiaHT 0) Mae OYTHU BIAKUHYTHIM

Ovyuxkig F3:

[aTepdeiic kopucTyBadya HE BiAIrpa€ BEIUKY pOJIb y JAHOMY IMPOTPAMHOMY
IPOJYKTY, a BaplaHT a) BUMarae Hadarato OUIbIIOro Yyacy po3poOKH, TOMY BapiaHT a)
BIJIKM/IA€EMO, a BBAYKAEMO BapiaHTH 0) Ta B) TIHUMU PO3TIIALTY.

Takum ynHOM, OyzIeMO poO3rIIAIaTy Taki Bapiantu peamizaiii [111:
1. Fla—F2a—-F36
2. Fla—F2a—F3s

JJist OLIIHIOBAHHSI SIKOCTI PO3MIIHYTUX (YHKIIM oOpaHa cucTema MnapameTpis,
OTHCaHa HIKYE.
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4.2 OorpynryBanus cucremu napamerpis I

4.2.1 Onuc nmapameTrpiB

Ha migcraBi gaHuX m0Opo OCHOBHI (YHKINI, IO TOBHUHEH peai3yBaTu
POrpaMHUM MPOIYKT, BUMOT J0 HHOTO, BU3HAYAIOTHCSI OCHOBHI MapaMeTpu BUPOOY,

110 OyIyTh BUKOPUCTAHI IS pO3paxyHKY Koe]illieHTa TEXHIYHOTO PIBHSI.

Jist  toro, o0 oOXapakTepu3yBaTH MPOTPAMHUNA  MPOAYKT, OyaeMo

BUKOPHCTOBYBATH HACTYIIHI MapaMeTpH:

— X1 — O0'eM onepaTUBHOI 1MaM’ATi, [0 BAKOPUCTOBYETHCS;
— X2 — 00’eM mmaM’ATi 1151 30€PEKCHHS TaHUX;
— X3 — yac 0OpoOKM TaHUX;

— X4 — moTeH1IHHUN 00’ €M MTPOTPaMHOTO KOIY.
X1: BigoOpaxkae 06'eM orepaTUBHOT I1aM’SITi.

X2: BigoOpaxae 00’eMm maM’sATi B TMOCTIHHIM TaMm’sITi MEPCOHAIHLHOTO
KOMIT I0Te€pa, HEOOX1THUM Jisi 30epekeHHsT Ta 0OpOOKM JaHUWX TiJ 4YaCc BUKOHAHHS

Iporpamu.
X3: BigoOpaskae dac, sSIKuii BUTpaya€eThcsi HA 00POOKY BX1IHUX JTaHUX.

X4: Tlokazye po3Mip MPOTPaMHOTO KOAY SIKUM HEOOXITHO CTBOPHUTH

0e3nocepeHbO PO3POOHHUKY.



4.2.2

KinbkicHa oniHka nmapameTpis
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[pri, cepenHi 1 Kpaiili 3HaYeHHsI TapaMeTpiB BUOUPAIOTHCSI HA OCHOBI BUMOT

3aMOBHHKA ¥ YMOB, III0 XapakTepu3ytoTh ekcruryaTaiito I1I1 sk mokazano y tadm. 4.2.

Tabnuns 4.2 — OcHosui napametpu [111

Hazea VMOBHI Onumui 3HaYeHHsI MapaMeTpa
Mapamerpa MO3HAYEHHs]| BHUMIpYy ripuri | cepenui [kpaui

Ob'em — onepaTnBHOly MB 2000 | 800 | 200

rmam’siTi

O0’eMm  maMm’4Ti I[J'IHXZ MG 128 64 8

30E€pEKEHHS JaHUX

Uac 00poOku  gaHuXx %3 c 5500 4000 600

AITOPUTMOM

[ToreHuiiHui 00’eM %4 KIJBKICTB 4500 3000 2000

[IPOIPaMHOTO KOy CTPOK KOJIY

3a ganumu tabmuii 4.2 OynyroTbes TpadiuHi XapaKTEPUCTHKU MapaMeTpiB —

puc. 4.2 — puc. 4.5.
16000
14000
12000
10000

8000

06'em nam'aTi, Kb

6000

4000

2000

0

MipLi
OuiHKa

CepeaHi

Kpawi

Pucynok 4.2 — X1, O6'em onepaTuBHO1 IaM’sITi
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=
N
o

=
o
o

80

60

OB'em nam'ti, Mb

40

20

lipuwi CepegHi Kpatwi
OuiHKa

Pucynok 4.3 — X2, 06’em maM’sT1 17151 30€peKECHHS JaHUX

6000

5000

MC

- 4000

w
o
o
o

N
o
o
o

Yac BUKOHaHHA

1000

lipwi CepegHi Kpauwi
OuiHKka

Pucynok 4.4 — X3, yac 00poOKY JaHUX aJITOPUTMOM
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5000
4500
4000
3500
3000
2500
2000

CTpoKku Koay

1500
1000
500

lipuwi CepegHi Kpauwi
OujiHKa

Pucynok 4.5 — X4, noteHniituuii 06’eM nporpaMHOTo Koy

4.2.3 AHaJi3 eKCIepPTHOr0 OLiHIOBAHHS NMapaMeTpiB

[Ticns neranbHOrO OOTOBOPEHHS M aHaANI3y KOXKHUU €KCHEPT OLIHIOE CTYIMiHb
BAXKJIMBOCTI KOKHOTO TapameTpy s KOHKPETHO IOCTaBJIEHOI LUl — po3poOKa
MPOTPAMHOT0 MPOJYKTY, SIKUW Ja€ HaWOLIbII TOYHI PE3ylbTaTH IMPHU 3HAXOJKEHHI
napamMeTpiB MojeNied aJanTUBHOTO TMPOTHO3YBAHHS 1 OOYMCIEHHS TPOTHO3HHX
3HAYECHb.

3HAaUUMICTh KOXHOTO [apaMeTpa BHU3HAYAETHCS METOJOM  IOMApPHOro
nopiBHsAHHA. OIIHKY NPOBOAMTH €KCIepTHa Komicia 13 7 mrogeil. BuzHaueHHs
Koe(]iIlieHTIB 3HAUUMOCTI nependavac:

— BU3HAUYEHHS PIBHSI 3HAYMMOCTI MMapamMeTpa IUIIXOM MPUCBOEHHS PI3HUX
PaHTiB;

— MEPEeBIPKY NPUAATHOCTI €KCIIEPTHUX OLIHOK JJIs TOAAIBIIIOT0 BUKOPUCTAHHS,

— BU3HAUYEHHS OI[IHKM MMOTIAPHOTO MPIOPUTETY TapaMETPiB;

— 00poOKy pe3ysIbTaTiB Ta BU3HAUEHHS KOS(IIIEHTY 3HAYMMOCTI.

Pe3ynbpraTi ekcrnepTHOTO paH)KyBaHHS HaBeIeH1 y Tabnuili 4.3.
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Tabnuusg 4.3 — Pe3ynbTaTi paH>KyBaHHS MapaMeTpiB

Ilo3na OI[I/I.H Panr mapameTpa 3a OLIHKOO Cyma | Bix
YEHHS Ha3Ba 150001 eKCIiepTa . .
napamM | mapamerpa | BUMIp pairi | mwieH | Ai2
etpa y 11213lals]|6l 7 |B Ri [ Ha A1
O0'em 0.2
X1l |omeparuBn | Mb |3 (1 (2|2 |2 |1 2 13 | 45 5'
oi mam’4ri
O06’em
nam’siTi 902
X2 TUTST Mb |44 |(4(4|3|4| 4 27 9.5 5'
30epeKeHH
S TaHUX
Yac
00poOKH
X3 JTAHUX Mc |1|3[|3[3[4|3]| 3 20 25 | 6.25
aJITOPUTMO
M
[ToTeHwiH | KUJIbKI
x4 | mAOOeM |oeth o0 o lg g gl 1 | 10 |75 |02
IPOrPaMHO | CTPOK 3)
rO KOy KOy
1(1(1(11|11]1
Pazom olololololo 10 | 70 0 173

JIisi  TiepeBIpKH CTETEHI JOCTOBIPHOCTI EKCIEPTHUX OINIHOK, BU3HAYNMO
HACTYTHI TapaMeTpu:

a) cyMa paHriB KO>KHOTO 3 MapaMeTpiB 1 3arajibHa CymMa paHriB:

Nn(n+1)
R; =YY  mijRy; = n;l =70, (1)

ne N — uucno excnepriB, N — KUIbKICTh apaMeTpIB;
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0) cepellHs CyMa paHTiB:
1
n
B) BIIXUJICHHS CYMH PaHTiB KO>)KHOTO TTapaMeTpa BiJl CEpeTHBOI CyMH PaHTIB:
Ai: R i T
Cyma BiIXWJIEHb 10 BCIM MapamMeTpaM MOBUHHA JTOpiBHIOBATH 0;

r)3arajbHa cyMa KBaJipaTiB BIIXWJICHHS:

N
S= zA§= 173.
i=1

[Topaxyemo KOePIIEHT Y3rOAKEHOCTI:
128 12-173
N2(n3 —n)  72(4° — 4)
PanxyBaHHS MOXHaA BBa)KAaTHU JOCTOBIPHUM, TOMY IIIO 3HaWJIEHUNA KOEPIIIEHT
y3rOJIPKEHOCTI TIEPEBUIILYE HOPMATUBHUM, KOTpUi AopiBHIOE 0,67.

W =

=0,71 > W, = 0,67

CKOpHUCTaBIIUCh  pe3yJbTaTaMU  pPaHXUPYBAHHS, MPOBEIEMO  IOINapHE
MOPIBHSHHS BCIX MapaMeTpiB 1 pe3yJbTaTh 3aHeceMO y Tabnuio4.4.

Tabnuusa4.4 — [lonapHe MOPiBHSHHS MapaMeTpiB

Mapamerpu Excrepru KiH.ueBa Yucnose

1 2 3 4 5 6 7 OIl1HKa 3HAUYCHHA
X11X2 > > > | > > > > > 1,5
X11X3 < | > | > | > >|>]> > 1,5
X11X4 < | > | < | <|<|>]K < 0,5
X21iX3 < | < | < |<|>]< |« < 0,5
X2iX4 < | <|<|<|<|< |« < 0,5
X3iX4 > | < | < | < | < |<|K< < 0,5
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3 OTPUMAHUX YHUCIIOBUX OHiHOK IIepeBaru CKjIaacMo MaTpuIro A= ” aij ” .

JI1st KO’KHOTO TapameTpa 3po0MMO po3paxyHOK BaromocTi K, 3a HacTymHUMU
dopMmynamu:
— _ b
X b

BinHOCHI OIIIHKM pO3paxOBYIOThCS JEKiTbKa pa3iB JIOTH, TMOKH HACTYIIHI
3HaYeHHS He OyIyTh HE3HAYHO BIAPI3HATHCS BiA mnomepenHix (menme 2%).Ha
JIpyroMy i HAcCTYNHUX KPOKaxX BiJIHOCHI OIIIHKM PO3PaXxOBYIOTHCS 332 HACTYIHUMH
dbopmynamu:

Ky Jeb; =YX a;;. (2)

b! N
Kyi = 7 oae b; = Xi—1 ayjb;. 3)
1=1"1

SAx BugHO 3 Tabmumi 4.5, pi3HULS 3HA4YE€Hb KOE(IIIEHTIB BaromMocCTl HE
nepeBuurye 2%, TOMy OUIBIIOT KUTBKOCTI IT€paliii He TOTP1OHO.

Tabnuus 4.5 — Po3paxyHOK BaroMocTi rapameTpiB

[TapameTpux; [TapameTpux; [lepma itep.[lpyra itep.[Tpers itep,
X1 X2 | X3 | X4 |b;| Ky | bl| KL | b7 | K3

X1 1.0 1.5 1.5 0.5 4.5| 0.28120.3] 0.29)91.1(0.29

X2 00.5 1.0 0.5 0.5 2.5| 0.156|6.25 0.09|15.6 [0.05

X3 0.5 1.5 1.0 1.5 3.5| 0.219|12.3] 0.18/42.9|0.14

X4 1.5 1.5 1.5 1.0] 5.5| 0.344|30.3] 0.44| 166 |0.53
Bceboro: 16 1 69 1 |316| 1

4.3 AHaJi3 piBHA AKOCTI BapiaHTiB peanizauii pyHkuii

Busnagaemo piBeHb SKOCTI KOKHOTO BapiaHTy BUKOHAHHS OCHOBHHUX (DYHKITIH
OKpEeMO.

AOGcooTHI 3HaueHHs napameTpiB X2(00’eM mam’aTi st 30epekeHHS JaHUX )
Ta X1 (006’em omepaTUBHOI Mam’sTi) BIANOBIJAIOTH TEXHIYHMM BHUMOTaM YMOB
¢dbynkuionyBanHs ganoro I1I1.
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AOCOIIOTHE 3HAYCHHS Tapamerpa X4 (kinobkicmb cmpok Koody) OOpaHO He
HaWTipIIuM (He MaKCUMaJIbHUM), TOOTO 11€ 3HaUYCHHS BimoBiIae abo Bapianty a) 4000
a6o Bapianty 6) 2000 Mmc.

KoeoimienT TexHIYHOTO piBHSA JUId KOXHOro Bapianta peamizamii [1I1
PO3paxoByeThCs Tak (Tadmuus 4.6):

N — n
Kx () = Xiz1KeijBij » (4)
7€ N — KUIBKICTh MTapaMeTpiB;
K,;— koe(ilieHT BaroMocTi i-To mapaMeTpa;
Bi — oninka i-ro mapameTpa B OaJax.

Tabmuusg 4.6 — Po3paxyHOK MOKa3HHUKIB PIBHS SIKOCTI BapilaHTIB peamizallii
ocHoBHUX (yHKIiH TTT1

. Bapiant AOcomtoTHe |banbHa Koedimient ..
OcHOBHI . i ) Koedirient
peamizaiii [BHAYEHHS  [OIlIHKA BaroMocCTi . :
(dyHKII1 [P1BHSI SIKOCTI1
byHKIIii napamMeTpa [mapaMmeTpa |mapaMmerpa
F1(X1) A 800 3.25 0.2884 0.9373
F2(X2) A 64 6.4 0.0494 0.9373
A 4000 3) 0.1357 0.6785
F3(X3,X4)
b 2000 2.5 0.5265 1.31625

3a nanumu 3 Tabauii 4.6 3a popmynoro
Ky = Kry[Fii] + Kry[For]+. .. +Kry [Foie],
BH3HAYAEMO PiBEHb SIKOCTI KOJKHOTO 3 BapiaHTIB:
KK1 =0.9373 +0.9373 +0.6785 = 1.932
KK2 =0.9373 +0.9373 + 1.31625=2.5697

SIk BUIHO 3 PO3PaxyHKIB, KPallUM € APYTMH BapiaHT, I SKOrO KOoedilieHT
TEXHIYHOT'O PIBHS Ma€ HaOLIbIIE 3HAYEHHSI.
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4.4 ExonomiuHuii aHaji3 BapiantiB po3pooku I1II

Jlns Bu3HaueHHS BapTocTi po3poOku [II1 cmoyaTky mpoBemaeMo po3paxyHOK
TPYJAOMICTKOCTI.

Bci BapianTH BKJIIOYaIOTh B ce0€ 1Ba OKPEMUX 3aBIaHH:
1. Po3po0Oxa npoeKTy mporpaMmHoro NpoaykKry;
2. Po3po0Oka nporpamMHoi 000JI0HKH;

3aBnaHHs | 3a cTyneHeM HOBU3HHU BIJHOCUTBCS 10 Tpynu A, 3aBJaHHS 2 — 10
rpynu b. 3a ckiasHICTIO aITOPUTMH, SIKI BAKOPUCTOBYIOTHCS B 3aBJaHHI 1 HajexXartb
70 Tpynu 1; a B 3aBaHH1 2 — 10 TpynH 3.

JUnst peamizanii 3aBIaHHA | BHUKOPUCTOBYEThCS IOBIAKOBa iH(poOpmaris, a
3aBJIaHHS 2 BUKOPUCTOBYE 1H(POPMAILIIIO Y BUTIISI TaHUX.

[IpoBenemMo po3paxyHOK HOPM 4Yacy Ha pO3poOKYy Ta MpOrpamyBaHHS s
KOXXHOTO 3 3aB/IaHb.

[IpoBenemMo po3paxyHOK HOPM 4Yacy Ha poO3poOKy Ta MHpOrpaMmyBaHHS s
KOXXHOTO 3 3aB/IaHb. 3arajibHa TPYJIOMICTKICTb OOYUCIIIOETHCS SIK

To =Tp* Kn* Kex® Km Ker Ketom, (5.1)

Ie:

Tp — TpymomicTkicTs po3poOku I111;

K — monpaBounuii koeirieHT;

Kcx — koedilieHT Ha CKIaaHICTh BX1IHOT 1H(pOpMAaIlii;

Kwm — KoedilieHT piBHS MOBU IPOrpaAMyBaHHS;

Kcr — koedimieHT BUKOpUCTAaHHS CTaHIaPTHUX MOIYIIB 1 MPUKJIATHUX MIPOTPaM;

Kcrm — KoedilieHT cTaHaapTHOrO MaTEMAaTHYHOTO 3a0e3IICUCHHS

J1J1st mepiioro 3aBaHHs, BUXOASYH 13 HOPM 4acy JJIsl 3aBJAaHb PO3PAXyHKOBOTO
XapaKTepy CTENEHI0 HOBU3HU A Ta TPyl CKJIAAHOCTI alrOpuTMy 1, TpyAOMICTKICTb
nopieatoe: Tp =90 mromunHO-AHIB. [lompaBouHuil KOEQIIIEHT, SIKUNA BPaXxOBYE BU]
nepeminHoi 1H(popmalii s nepmoro 3aBaaHHs: Kp = 2,84. IlompaBounuii
Koe(DIIieHT, SIKUW BpaxOBY€ CKIIATHICTh KOHTPOJIIO BXIAHOI Ta BUX1IHOI 1H(oOpM™aIltii

JUIs BCIX cemu 3aBaadb piBHUH 1: Kegx = 1. OCKUIBKY TIPH pO3p0O0IIi MEPIIOro 3aBaaHHs
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BUKOPHUCTOBYIOTHCS CTaHIAPTHI MOYJI1, BpaXy€eEMO II€ 3a J0moMororo koedirienta Ker
= 0.8. Toxi, 3a opmynoro 5.1, 3aranbHa TPYJOMICTKICTh MPOTPaAMyBaHHSI IEPIIIOTO

3aBJIaHHS JTOPIBHIOE:

T1 =90-2.84-0.8 = 204,48 mroauHO-IHIB.
[IpoBenemMo aHaIOTIYHI PO3PAXYHKH IS TOJATBIINX 3aB/IaHb.

Jlis  npyroro 3aBIaHHS (BUKOPHUCTOBYETBCS aJITOPUTM TPEThOi TPyIH
CKJIaJIHOCTI, cTemniHb HOBU3HHU b), ToO6T0 Tp =27 mroguno-aniB, Ky =0.9,Kcx = 1,Kcr
=0.8:

T,=27-0.9 - 0.8 = 19.44 moanHO-IHIB.

CkrnagaeMo TPYJIOMICTKICTh BIAMOBIJHUX 3aBAaHb ISl KOXKHOTO 3 OOpaHUX
BapIaHTIB peaiizailii mporpaMu, o6 OTPUMATH iX TPYAOMICTKICTb:

T) = (204,48 + 19.44) - 8 = 1791,36 m0auHO-TOIUH;
B po3po01ii 6epyTh yuacth ABa nporpamictu 3 okiagoM 6000 rpH. BuzHaunmo

3apIuUiaTy 3a roJANHY 3a GopMyIIoro:

Cy= inH., (5.2)

Tt
ne M — MicauHui OKJIa NMPaliBHUKIB; T}, — KUIBKICTh pOOOYMX JHIB TUKACHB;t —
KUIBKICTh POOOUYMX TOAMH B JICHb.
6000 + 6000
=218
Toni, po3paxyemo 3apoOITHY 1Ty 32 POopMyIIor0

an = C,{ : Ti : Kﬂ, (53)

= 35,714 rpH.

ne Cy— BeNMuMHa NOTOAMHHOL OIUIATH Mpaul nporpamicTa;T; — TpyIOMICTKICTh
BIJINOBITHOTO 3aB/aHHsA; Ky — HOpMaTHB, SIKUi BpaXxoBY€E JOIATKOBY 3apOOITHY IJIATY.

3apruiata po3pOOHUKIB CTAHOBUTH:
Csn = 35,714+ 1791,36- 1.2 =76771.95725 tpH.
BigpaxyBaHHs Ha € TUHUN COIIAIBHUI BHECOK CTAaHOBUTH 22%:
Cpig=C3I1-0.22 =76771.95725 - 0.22 = 16889.83 1pH.
Tenep BU3HAYNMO BUTPATH HA OIUIATY OJHI€T MammHO-ToauHu. (CM)

Tak sk ogqHa EOM o06cnyroBye ogHoro mporpamicta 3 okiaaom 6000 rpH., 3
koeditienToM 3arHaTOCTI 0,2 TO 17151 OAHIET MAITUHUA OTPUMAEMO:

Cr=12-M-K5 =12 - 6000- 0,2 = 14400 rpH.
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3 ypaxyBaHHSM JI0AATKOBOT 3apO0ITHO1 TIATH:
Csn=Cr- (1+ K3) = 14400- (1 + 0.2)=17280 rpH.
BinpaxyBanHs Ha € TUHUN COIIAIBHUI BHECOK:
Coig= Csp- 0,22 = 17280- 0,22 = 3806,6 rpH.

AMopTH3alliiiHi BipaxyBaHHS pO3paxoByeMo Mpu amopTuzamii 25% Ta
BapTocti EOM — 8000 rpH.

Ca= K Ka-Hpp = 1.15 - 0.25 - 8000 = 2300 rpH.,

ne Krv— koeditieHT, skuii BpaxoBy€e BUTPATH HA TPAHCIOPTYBAHHS Ta MOHTAX
npuiagy y kopuctyBaua, Ka— piuHa Hopma amoptu3aiii; Ilgp— moromipHa IiHa
pUIIany.

Butpartu Ha peMOHT Ta Tpo(IaKTUKY pO3PaXOBYEMO SIK:

Cp= Kpm-Lpp - Kp = 1.15 - 8000 - 0.05 =460 rpH.,

ne Kp— BIZICOTOK BUTpAT HAa TOTOYHI PEMOHTH.

EdextuBnuit ronuunuii pony vyacy I1K 3a pik po3paxoByemo 3a hopmyIioro:
Teo =(Ax — A — Ac— Hp) - t3- Kg = (365 —-104 -8 - 16) - 8 - 0.9 = 1706.4 ronuH,
ne Jx — kaneHaapHa KUIbKICTh JTHIB Y POIIi;

g, ¢ — BIAMOBITHO KUIBKICTh BUXITHHUX Ta CBITKOBHUX IHIB;

Jp — KIIBKICTh JTHIB TUTAHOBUX PEMOHTIB YCTaTKyBaHHS;

t —KUIBKICTh pOOOYMX TOJIMH B JICHB;

Kp— koediieHT BUKOpUCTAHHS MPUIIAAY Y Yaci MPOTITOM 3MiHH.

Butpartu Ha omaty enekTpoeHeprii po3paxoByemMo 3a GopMyIIok:

Cen = Tgo' N¢* K3+ gy =1706,4 - 0,156 - 0,2 - 1,506 = 80,17 rpH.,

ne N¢ — cepeTHbO-CIOKUBYA MOTYKHICTh MPUTIAY;

Ks— koedirieHToM 3aiiHATOCTI NPUIAY;

e — Tapud 3a 1 KBT-roaus enexrpoeHeprii.

HakamHi BUTpaTH po3paxoByeMo 3a (hopmyIioro:

Cu = Upp-0.67 = 8000- 0,67 =5360 rpH.

Toni, piuHI eKCILTyaTaIliiHi BUTPaTH Oy Iy Th:

CEKC =C3l‘[+ CB[)1+ Ca + Cpt CEn + Cpy (54)
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Cexc= 17280 + 3806,6 + 2300 + 460 + 80,17 + 5360 =29286,77 rpH.

Co0iBapricTh oaHiel ManuHO-ToguH EOM nopiBHIOBaTHME:

Cwm-r= Cekc/ Tro = 29286,77 /1706,4 = 17,162 rpa/TOI.

Ockinpkd B JaHOMY BHIIQJIKy BCl poOOTH, sIKi TOB‘A3aHI 3 PO3POOKOIO
IPOrPaMHOTO MPOAYKTY BenyThcsi HA EOM, BUTpaTH Ha OMJaTy MallHHHOTO Yacy, B

3aJIKHOCTI BiJl 00paHOro BapiaHTa peai3allii, CKIajae:

Cm=Cnmr-T (5.5)

L. Cm =17,162 - 1791,36= 30743.32 rpH.;
Hakunanni ButTpatu ckiagaots 67% Bij 3apo0ITHOT TIATH:

Cu=GCsn- 0,67
I. Cy =66437,31- 0,67 = 44513 rpH.;
OTtxe, BapTicTh po3poOku [1I1 cTaHOBUTE:

Crn = Caprt Cayit Cy +Cy (5.6)

L. Crmn = 66437,31 +3806,6 + 30743,32 + 44513 = 145500.23 rpH.;

4.5 Bubip xkpamoro Bapianra IIII TexHiK0-eKOHOMIYHOTIO
pPiBHS

PospaxyemMo koedilieHT TeXHIKO-€KOHOMIYHOTO PiBHS 32 (POpMYII0IL0:
Krepj =Kx/Coaj, (6)
Krepr = 1.932/145500,23 = 1.326559-10°5;
Krep2 = 2.5697/145500,23 = 1.766195616-107;
Sk 6aunMo, HalOLIbII €(PEeKTUBHUM € MEPIIMI BaplaHT peajizallii mporpamu 3

KOe(]iIIEHTOM TEXHIKO-€KOHOMIYHOTO PiBHS Krpp1= 1.766195616-10.



76

4.6 BuCHOBKH 10 po3ainay 4

B nanomy po3mini mpoBeneHO MoBHHUM (pyHKIIOHANIBHO-BapTicHud aHami3 111,
AKUM Oy710 po3po0IeHO A1 aHaJ13y €(heKTUBHOCTI METO/I1B IHTEIEKTYaIbHOTO aHATI3Y

Tekcty. [Ipoliec aHanizy ckiagaeTbes 3 JBOX YaCTHUHHU.

B nepmriit 3 Hux nposeneHo nociimkeHHs [1I1 3 TexHiuHOI TOUKH 30py: OyI0
BU3HaUeHO ocHOBHI BuMoru 110 [1I1 Ta chopmMoBaHO MHOKHMHY BapiaHTIB iX peasizallii;
Ha OCHOBI OOYHMCIEHMX 3Hay€Hb MapaMeTpiB, a TaKOXK EKCIEePTHUX OIIHOK iX
BOKJIMBOCTI OyJi0 OOYHMCIEHO KOE(DIIIEHT TEXHIYHOro pIiBHSA, SKUM 1 JaB 3MOTY
BU3HAYHUTH ONTHUMAJIbHY 3 TEXHIYHOI TOYKH 30py alIbTEPHATUBY peanizauii (pyHKIINA

I1I1.

VY npyriit yactuny ®BA mpoBoauThCs BUOIp 13 ambTEpHATUBHUX BapiaHTIB
peamizalii HaWOUIBII E€KOHOMIYHO OOIrpyHTOBaHOro. IlopiBHSHHS poOuInch 3

ypaxyBaHHSM BUTpAT Ha 3apoOiTHI IJIATH, €IIEKTPOEHEPT1i, HaKJIaIHI BUTPATH.

[licns  BuUKOHaHHA  (YHKLIOHAJBLHO-BAPTICHOIO  aHAJI3y MPOTPaMHOTO
KOMIUIEKCY IO  PO3POOJIOETHCS, Uil  aHalidy  e(EKTUBHOCTI  METO/IIB
IHTEJIEKTYaJIbHOTO aHaJli3y TEKCTY MOYHA 3pOOUTH BUCHOBOK, 1110 3 AJITEPHATHUB, 110
3AMIIWINCHG MICHS MEpPIIOro BiIOOpY JABOX BapiaHTIB BHKOHAHHS MPOrPamMHOrO
KOMILJIEKCY ONTHUMAJIIBHUM € TEPIIUi BapiaHT pealtizallii mporpaMHOro mpoaykTy. ¥
HbOTO BHUSBUBCA HaWKpallUuid TMOKA3HUK TEXHIKO-€KOHOMIYHOTO PIBHSA SKOCTI

Krep = 1.766195616-10°°.
Ile#t BapiaHT peasizallii mporpaMHOro MPOAYKTY Ma€ TaKi MapaMeTpH:

— MOBa NMporpaMyBaHHs — Java,
— BUBEJCHHA JaHUX B Tabnuii Excel;

— KOHCOJIbHUH 1HTepdeic KopucTyBaya.

Jlanuii BapiaHT BUKOHAHHS MPOTPAMHOTO KOMILIEKCY J1a€ KOPUCTYBAdy 3pyIHU N

1HTEepdeiic, HemoraHui GyHKIIOHAT 1 BUKOIIIO.
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BUCHOBKH

B pesynbTaTi BUKOHAHHS AaHOI poOOTH Oyna 3xiiicHeHa po3poOKa CHUCTEMHU
IHTEJIEKTYaJIbHOT'0 aHaIIi3y TEKCTOBOI 1H(popMmarlii. JlaHa cucteMa € GyHIaMEHTOM ISl

MOTAJTBIIIOTO JOCIIKSHHSI TAHO1 TIPEIMETHOI 00J1acTI.

Tema cTpyKTypyBaHHS 3HaHb 3 BHKOPHUCTAHHSM I1HTEJEKTYaJbHOTO aHANTi3y
TEKCTOBOI 1H(OpMaIlii € JOCUTH LIKABOIO 1 MPEACTaBIsE COOOI0 MIMPOKE MOJE IS
noJaibluX JochimkeHb B ramy3i Text Mining. Tomy B po0GoTi Oynu BHUCBITIEHI

OCHOBHI BUMOTH A0 TaKOoro poay CUCTCM.

VY nepmomMy po3aiii Oyi0 BUCBITIEHO TaKl €TalK MPOLIECY aHaJi3y SK: MONEPeIHs
o0poOKka, BUJIUJICHHS KJIIOUOBHMX CJIB Ta Kiacu@ikaii Ta KiacTepu3allli TeKCTOBHX
nokyMeHTIB. Ha mepiomy etami po3riiiHyTO aJTOPUTMH CTEMIHTY, BUAUICHHS N-
rpaM, a TaKOX OLITBII JETAIBHO MPOAHATI30BAHO aJTOPUTMHU BUSBICHHS Ta BUIJICHHS
CTOI-CJIIB Takl $K: CJIOBHUKOBMH, CTaTUCTUYHUN Ha OCHOBI OO ’€JHaHHA Ta
noOy/I0BaHUI Ha OCHOBI1 Y-iHTepmpeTaillii 3akoHy bpendopna. byno BusiBieHo, 1o
OCTaHHI MOXYThb MaTH HEBEJMKY TOYHICTh, a MEpIIl — MOBHOTY BuaaleHHsA. Ha
JIpYroMy etami KiIacu(piKOBAHO aJITOPUTMH TIONIYKY CTOM-CJIB Ha CTAaTUCTUYHI,
JIHTBICTUYHI Ta TOpuAHi. BcTaHOBIIEHO, 110 HAHOUIBIINIA TOTEHIIIaN Ta €(PEKTUBHICTD
MaroTh caMme T1OpHUIHI METOH, 30KpeMa METO/I JTIHTBO-CTAaTUCTUYHUX 11a0ioHiB. Ha

TPEThOMY €Talll BUCBITJIICHO METOAM KJIacu(iKallii Ta KiacTepusarlii.

VY npyromy po3auii onucaHo 610J110TeKH, III0 BUKOPUCTOBYBAIHUCS PO PO3POOIII
IIPOrPaMHOTO 3ac00y aHalli3y METOJIB IHTEIEKTyaIbHOIO aHali3y TekctiB. Snowball
Stemmer, mo6ynoBanuii Ha ocHOBI cTtemepa [lopTepa BukopuctoBye N—rpamu, 1o
MiABUIYE e(PEKTUBHICTh pOOOTH JAHOTO MPOTPAMHOTO MPOIYKTY. [[yKe MOTyKHOIO €
po3pooka Apache OpenNLP, sika gomomarae BUKOHATH TOKCHI3aIlil0 Ta BU3HAYCHHS
YaCTHH MOBH, III0 HEOOXIJTHO JJISl aHAJ3y METOAY JIIHTBO-CTaTUCTUYHUX IIA0JIOHIB.
Cnin Buninutu Takox KH Coder, sikuit BUKOPUCTOBYETBCS IS TOCIIDKEHD Y AaHil

rajgysi o BCbOMY CBITY.
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VY TperbomMy po3/iiiii OyJI0 MPOBEICHO Oe3mocepeHii aHal3 METO/IIB, OIMMMCAaHUX
y nepioMy po3aiii. [lpu anami3i MeToiB BUAICHHS CTON-CJIiB OyJIO BUSIBJIEHO, IO
METOJ, SKW TIpaIfioe Ha OCHOBI Y-iHTepmperallii 3akoHy bpendopaa ducensHO
MPOJIEMOHCTPYBAB JIOBOJII BHUCOKY TOYHICTh (Onm3bko 85%) mpore mpu Oibil
JETATHbHOMY aHalli3li OyJI0 BHSIBIECHO, IO I METOa BHAJS€ HAWOLIBIN 3HAUYII
KJTIOYOBI 13 TEKCTIB, 110 OYJIH TPpOaHaIi30BaHi, 110 pOOUTH JaHUI METO]T HETPUAATHUM
JUTsl BAKOPUCTAHHS y TAKOTO POy CUCTeMax y JaHoMy BUIIIsiAl. CIIOBHUKOBUN METOJ
HE € YHIBEpCaJbHUM, OCKUIbKHA yHIBEpCAJIbHUI CIOBHUK POOWUTH L€ METOJ MEHII
TOYHMM ( TOTIPIIIYE PE3yIbTAT MOJATBIIOr0 BUSBICHHS KOJIOKAIlI) Ta MEHII TOBHUM.
Tomy aJ1 BUKOpHUCTaHHS TAHOTO METOY BApTO BUKOPHCTOBYBATH CIIOBHUK CTOI-CITIB,
po3poOsieHnii came Uil JaHOi mpeaMeTHoi oOnacti. byno 3amponoHoBaHO
CKOMOIHYBATH 111 METOJIM MPHU aHaIII31 BEJIMKOI KUTBKOCTI TEKCTIB PI3HOT TEMATUKH Ta
HaIpaBJIEHOCTI. AHAI3YIOThCS CJIO0BA, 110 3YCTPIYAIOThCA Y IUX TEKCTax HalvacTile
Ta BiOMparoThes 3a bpendopaom. Yum Oiibilia BapiaTUBHICTh TEMATUKH TEKCTIB, TUM
OulbIla sIKICTh cioBHMKA. [Ipu aHamizi METOMAIB BHSBJICHHS KIIIOYOBHX CIIIB, OYJ0
BUKOPHUCTAHO 3 anroputMu: 2 cratuctuudi: mipa TF-IDF ta F-mipa ta ribpunnuii —
METOJ JIIHIBO-CTATUCTUYHUX IabnoHiB. [lpu pyduHoMy aHami3i pe3ynibTariB Oysio
BUSIBJIEHO, 1[0 F-Mipa mokaszana 3HauyHO Tipini  pesyibTatd 3a [F-IFD. 3nauno
CKJIQJIHIIIAM Yy peaizallii Ta OUIbIIl pecypco3aTpaTHUM B IJIaH1 BUKOHAHHSI € aJlTOPUTM
JIHTBO-CTATUCTUYHUX MIA0JIOHIB, TIPOTE caMme L€l aJIroOpuTM MOKa3aB HaMKpaluii
pe3ynbTar, mo O0yso0 nmokazaHo y 3 po3auti. ns giHanbHOro CTpyKTypyBaHHS 3HAaHb

icHye 2 HanmnommpeHimux metoau — Naive Bayes ta meton Porre.

[lepcnekTHBOO MOJANBININX AOCTIHKEHb € PO3pOOKa IMOBHOIIIHHOT CHUCTEMH
CTPYKTYPYBaHHS 3HaHb 3 BHKOPHUCTAHHSM IHTEJICKTYaJIbHOTO aHaIi3y TEKCTOBOI
iHopmarlii 3 BUKOPUCTAHHSM MOAM(PIKOBAHMX aJITOPUTMIB Ta CJIOBHHKIB 1l

pO3ropTaHHs Ha BeO-cepBepi.
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package model.entity;

import java.io.FileOutputStream;

import java.io.lOException;

import java.util. ArrayList;

import java.util. Arrays;

import java.util.Collections;

import java.util. Comparator;

import java.util.HashSet;

import java.util. Random;

import java.util.Set;

import java.util.logging.Level;

import java.util.logging.Logger;

import org.apache.poi.hssf.usermodel. HSSFCell;
import org.apache.poi.hssf.usermodel. HSSFRow;
import org.apache.poi.hssf.usermodel. HSSFSheet;
import org.apache.poi.hssf.usermodel. HSSFWorkbook;
import service.prepare. TextPrepare;

import service.util. WordComparator;

/**

*

* @author PRIEST
*/

public class Text {

private int id;

private String name;

private String preperedText;

private String lingMatkUp;

private int setOfTextsld,;

private int wordsAmount;

private ArrayList<Paragraph> paragraphs = new ArrayList<Paragraph>();
private ArrayList<Word> words = new ArrayList<Word>();

private Set<String> stopWordsBradford = new HashSet<String>();

/I private Set<String> stopWordsDict = new HashSet<String>();
private ArrayList<Word> stopWordsTotal = new ArrayList<Word>();

public void uniteWords(Word word){
for (Word stopWord: stopWordsTotal){
if(stopWord.getWord().equalsignoreCase(word.getWord())){
stopWord.setAmount(word.getAmount()+stopWord.getAmount());
System.out.printin("summ" + word.getWord());
} else{
stopWordsTotal.add(word);
System.out.printin("add" + word.getWord());
}

¥
¥

public void sortWords() {
Comparator<Word> wc = new WordComparator();
Collections.sort(words, wc);

public void getStopWordByDictToExcel(){
int total Amount = 0;
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for(Word word: words){
for(String dict: StopWordsList.getList())

if(word.getWord().equalslgnoreCase(dict)){
I/ System.out.printIn(dict + " " + word.getAmount());
total Amount+=word.getAmount();
break;
}
}
}
System.out.printin(this.wordsAmount + " " + total Amount);

}

public void processWordsStemming() {
ArrayList<Paragraph> paragraphs = this.getParagraphs();
for (Paragraph paragraph : paragraphs) {
paragraph.setParagraphString(TextPrepare.deletePunctuation(paragraph.getParagraphString()));
paragraph.setWords(TextPrepare.splitWords(paragraph.getParagraphString()));

}
for (Paragraph paragraph : paragraphs) {
ArrayList<String> strTest = new ArrayList<String>();

strTest.addAll(paragraph.getWords());
for (String str : strTest) {
String stemmedWord = TextPrepare.stemm(str);
//String stemmedWord = str;
paragraph.getStemmedText().add(stemmedWord);
Word word = this.findWord(stemmedWord);
if (word.hasForm(str)) {
word.incAmount();
}else {
word.addForm(str);
word.incAmount();
}
this.incWordsAmount();

}

public void deteleStopWords(){

¥
public void toExcel() {

try {
FileOutputStream fileOut = null;
if (this.name !="") {
fileOut = new FileOutputStream(name + " .xIs");
Telse {
Random rand = new Random();
fileOut = new FileOutputStream(Integer.toString(rand.nextint()) + ".xIs");
}

HSSFWorkbook workbook = new HSSFWorkbook();
HSSFSheet worksheet = workbook.createSheet(*'stat");
HSSFRow rowl = worksheet.createRow(0);

HSSFCell cell01 = rowl.createCell(0);
cell01.setCellValue("Word");

HSSFCell cell02 = rowl.createCell(1);
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cell02.setCellValue("Amount™);
HSSFCell cell03 = rowl.createCell(2);
cell03.setCellValue("Percentage");

inti=1;
for (Word word : this.getWords()) {

HSSFRow row = worksheet.createRow(i++);
HSSFCell cell0 = row.createCell(0);
cell0.setCellValue(word.getWord());
HSSFCell celll = row.createCell(1);
celll.setCellValue(word.getAmount());
HSSFCell cell2 = row.createCell(2);

cell2.setCellValue(100 * (double) word.getAmount() / (double) this.getWordsAmount());

}

workbook.write(fileOut);
fileOut.flush();
fileOut.close();
} catch (IOException ex) {
Logger.getLogger(Text.class.getName()).log(Level. SEVERE, null, ex);

stopWordsBradfordtoExcel();
}

public void stopWordsBradfordtoExcel() {
try {

FileOutputStream fileOut = null;

if (this.name '="") {
fileOut = new FileOutputStream(name + "Brad.xIs");

}else {
Random rand = new Random();
fileOut = new FileOutputStream(Integer.toString(rand.nextint()) + "Brad.xIs");

}

HSSFWorkbook workbook = new HSSFWorkbook();
HSSFSheet worksheet2 = workbook.createSheet("Bradford");
HSSFRow row11 = worksheet2.createRow(0);

HSSFCell cell1l = rowl1.createCell(0);
cellll.setCellValue("Word");

HSSFCell cell12 = rowl1.createCell(1);
cell12.setCellValue("Amount");

HSSFCell cell13 = rowll.createCell(2);
cell13.setCellVValue("Percentage");

int i=0;

for (int j = 0; j < wordsAmount/3; j+=words.get(i).getAmount()) {

HSSFRow row?2 = worksheet2.createRow(i+1);

HSSFCell cell20 = row2.createCell(0);

cell20.setCellVValue(words.get(i).getWord());

HSSFCell cell21 = row2.createCell(1);

cell21.setCellVValue(words.get(i).getAmount());

HSSFCell cell22 = row2.createCell(2);
/I System.out.printin(words.get(i).getAmount() + " " + words.get(i).getWord());

cell22.setCellVValue(100 * (double) words.get(i).getAmount() / (double) this.getWordsAmount());
i++;

}

for (int j = wordsAmount/3; j < 2*wordsAmount/3; j+=words.get(i).getAmount()) {



HSSFRow row2 = worksheet2.createRow(i+1);
HSSFCell cell20 = row2.createCell(4);
cell20.setCellValue(words.get(i).getWord());
HSSFCell cell21 = row2.createCell(5);
cell21.setCellValue(words.get(i).getAmount());
HSSFCell cell22 = row2.createCell(6);
/I System.out.printin(words.get(i).getAmount() + " " + words.get(i).getWord());
cell22.setCellValue(100 * (double) words.get(i).getAmount() / (double) this.getWordsAmount());
i++;
}
for (int j = 2*wordsAmount/3; j < wordsAmount; j+=words.get(i).getAmount()) {
HSSFRow row2 = worksheet2.createRow(i+1);
HSSFCell cell20 = row2.createCell(8);
cell20.setCellValue(words.get(i).getWord());
HSSFCell cell21 = row2.createCell(9);
cell21.setCellValue(words.get(i).getAmount());
HSSFCell cell22 = row2.createCell(10);
/I System.out.printIn(words.get(i).getAmount() + " ™ + words.get(i).getWord());
cell22.setCellValue(100 * (double) words.get(i).getAmount() / (double) this.getWordsAmount());
i++;
}
workbook.write(fileOut);
fileOut.flush();
fileOut.close();
} catch (IOException ex) {
Logger.getLogger(Text.class.getName()).log(Level. SEVERE, null, ex);

}
public void printAllWords() {

for (Word word : words) {

word.printWord();

System.out.print(" " + Double.toString(100 * (double) word.getAmount() / (double) wordsAmount) + "%")
}

System.out.print("/nTotal: " + wordsAmount + " words");

}

public Word findWord(String stemmed) {
for (Word word : words) {
if (word.getWord().equalslgnoreCase(stemmed)) {
return word;
}

this.words.add(new Word(stemmed));
return findWord(stemmed);

¥

public void incWordsAmount() {
this.wordsAmount++;

¥

public void setWords(ArrayList<Word> words) {
this.words = words;

}

public ArrayList<Word> getWords() {
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return words;

¥

public int getld() {
return id;

¥

public String getName() {
return name;

¥

public String getPreperedText() {
return preperedText;

¥

public String getLingMatkUp() {
return lingMatkUp;

}

public int getSetOfTextsld() {
return setOfTextsld;

}

public int getWordsAmount() {
return wordsAmount;

¥

public ArrayList<Paragraph> getParagraphs() {
return paragraphs;

}

public void setld(int id) {
this.id = id;

}

public void setName(String name) {
this.name = name;

¥

public void setPrepered Text(String preperedText) {
this.preperedText = preperedText;

}

public void setLingMatkUp(String lingMatkUp) {
this.lingMatkUp = lingMatkUp;
}

public void setSetOfTextsld(int setOfTextsld) {
this.setOfTextsld = setOfTextsld;

¥

public void setWordsAmount(int wordsAmount) {
this.wordsAmount = wordsAmount;

¥

public void setParagraphs(ArrayList<Paragraph> paragraphs) {
this.paragraphs = paragraphs;



/*

* To change this license header, choose License Headers in Project Properties.
* To change this template file, choose Tools | Templates

*and open the template in the editor.

*/

package service.prepare;

import config.SplitterConfig;

import java.util. ArrayList;

import java.util.logging.Level;

import java.util.logging.Logger;

import model.entity.Paragraph;

import model.entity.Word;

import org.tartarus.snowball.SnowballStemmer;
import org.tartarus.snowball.ext.englishStemmer;

/**

*

* @author PRIEST

*/

public class TextPrepare {

public static ArrayList<Paragraph> uniteParagraphs(ArrayList<Paragraph> list) {
for (inti=0;i < list.size(); i++) {

¥

return list;
}

public static String deletePunctuation(String text) {
text = text.replaceAll(SplitterConfig.punctuationRegExp, "™);
text = text.replaceAlI("\V", " ");
text = text.replace All("\!", " I');
text = text.replaceAlI("\.", " .");
text = text.replaceAlI("\?", " ?");
return text;

¥

public static ArrayList<String> splitWords(String text) {
ArrayList<String> words = new ArrayL.ist<String>();
String[] strWords = text.split(" *);
boolean toLowerCase = true;
for (inti = 0; i < strWords.length; i++) {

if (strWords[i].equals(™.") || strwWords[i].equals("!") || strWords[i].equals("?")) {
toLowerCase = true;

} else if (toLowerCase) {
words.add(strWords[i].toLowerCase());
toLowerCase = false;

Telse {
words.add(strWords[i]);

}

}

return words;

¥

public static String stemm(String wordStr) {
String word = ""';

Class stemClass;
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try {
stemClass = Class.forName("org.tartarus.snowball.ext.englishStemmer");

SnowballStemmer stemmer = (SnowballStemmer) stemClass.newlInstance();
stemmer.setCurrent(wordStr);

stemmer.stem();

word = stemmer.getCurrent();

} catch (ClassNotFoundException ex) {
Logger.getLogger(TextPrepare.class.getName()).log(Level. SEVERE, null, ex);

} catch (InstantiationException ex) {
Logger.getLogger(TextPrepare.class.getName()).log(Level. SEVERE, null, ex);

} catch (lllegal AccessException ex) {
Logger.getLogger(TextPrepare.class.getName()).log(Level. SEVERE, null, ex);

return word;
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Big data

Big data is a term for data sets that are so large or complex that traditional data processing applications
are inadequate. Challenges include analysis, capture, data curation, search, sharing, storage, transfer,
visualization, querying, updating and information privacy. The term often refers simply to the use of predictive
analytics or certain other advanced methods to extract value from data, and seldom to a particular size of data
set. Accuracy in big data may lead to more confident decision making, and better decisions can result in greater
operational efficiency, cost reduction and reduced risk.

Analysis of data sets can find new correlations to "spot business trends, prevent diseases, combat crime
and so on" Scientists, business executives, practitioners of medicine, advertising and governments alike
regularly meet difficulties with large data sets in areas including Internet search, finance and business
informatics. Scientists encounter limitations in e-Science work, including meteorology, genomics,
connectomics, complex physics simulations, biology and environmental research.

Data sets are growing rapidly in part because they are increasingly gathered by cheap and numerous
information-sensing mobile devices, aerial (remote sensing), software logs, cameras, microphones, radio-
frequency identification (RFID) readers and wireless sensor networks. The world's technological per-capita
capacity to store information has roughly doubled every 40 months since the 1980s; as of 2012, every day 2.5
exabytes of data are created. One question for large enterprises is determining who should own big data
initiatives that affect the entire organization.

Relational database management systems and desktop statistics and visualization packages often have
difficulty handling big data. The work instead requires "massively parallel software running on tens, hundreds,
or even thousands of servers". What is considered "big data" varies depending on the capabilities of the users
and their tools, and expanding capabilities make big data a moving target. "For some organizations, facing
hundreds of gigabytes of data for the first time may trigger a need to reconsider data management options. For
others, it may take tens or hundreds of terabytes before data size becomes a significant consideration.”

Definition

Big data usually includes data sets with sizes beyond the ability of commonly used software tools to
capture, curate, manage, and process data within a tolerable elapsed time. Big data "size" is a constantly
moving target, as of 2012 ranging from a few dozen terabytes to many petabytes of data. Big data requires a
set of techniques and technologies with new forms of integration to reveal insights from datasets that are
diverse, complex, and of a massive scale.

In a 2001 research report and related lectures, META Group (now Gartner) analyst Doug Laney defined
data growth challenges and opportunities as being three-dimensional, i.e. increasing volume (amount of data),
velocity (speed of data in and out), and variety (range of data types and sources). Gartner, and now much of
the industry, continue to use this "3Vs" model for describing big data.

In 2012, Gartner updated its definition as follows: "Big data is high volume, high velocity, and/or high
variety information assets that require new forms of processing to enable enhanced decision making, insight
discovery and process optimization.” Gartner's definition of the 3Vs is still widely used, and in agreement with
a consensual definition that states that "Big Data represents the Information assets characterized by such a
High Volume, Velocity and Variety to require specific Technology and Analytical Methods for its
transformation into Value". Additionally, a new V "Veracity" is added by some organizations to describe fit,
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revisionism challenged by some industry authorities. The 3Vs have been expanded to other complementary
characteristics of big data:

Volume: big data doesn't sample; it just observes and tracks what happens
Velocity: big data is often available in real-time

Variety: big data draws from text, images, audio, video; plus it completes missing pieces through data
fusion

Machine Learning: big data often doesn't ask why and simply detects patterns
Digital footprint: big data is often a cost-free byproduct of digital interaction

The growing maturity of the concept more starkly delineates the difference between big data and
Business Intelligence:

Business Intelligence uses descriptive statistics with data with high information density to measure
things, detect trends, etc..

Big data uses inductive statistics and concepts from nonlinear system identification to infer laws
(regressions, nonlinear relationships, and causal effects) from large sets of data with low information density
to reveal relationships and dependencies, or to perform predictions of outcomes and behaviors.

In a popular tutorial article published in IEEE Access Journal, the authors classified existing definitions
of big data into three categories: Attribute Definition, Comparative Definition and Architectural Definition.
The authors also presented a big-data technology map that illustrates its key technological evolutions.

Characteristics
Big data can be described by the following characteristics:
Volume

The quantity of generated and stored data. The size of the data determines the value and potential insight-
and whether it can actually be considered big data or not.

Variety
The type and nature of the data. This helps people who analyze it to effectively use the resulting insight.
Velocity

In this context, the speed at which the data is generated and processed to meet the demands and
challenges that lie in the path of growth and development.

Variability

Inconsistency of the data set can hamper processes to handle and manage it.
Veracity

The quality of captured data can vary greatly, affecting accurate analysis.
Factory work and Cyber-physical systems may have a 6C system:
Connection (sensor and networks)

Cloud (computing and data on demand)

Cyber (model and memory)
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Content/context (meaning and correlation)
Community (sharing and collaboration)
Customization (personalization and value)

Data must be processed with advanced tools (analytics and algorithms) to reveal meaningful
information. For example, to manage a factory one must consider both visible and invisible issues with various
components. Information generation algorithms must detect and address invisible issues such as machine
degradation, component wear, etc. on the factory floor.

Architecture

In 2000, Seisint Inc. (now LexisNexis Group) developed a C++-based distributed file-sharing
framework for data storage and query. The system stores and distributes structured, semi-structured, and
unstructured data across multiple servers. Users can build queries in a C++ dialect called ECL. ECL uses an
"apply schema on read" method to infer the structure of stored data when it is queried, instead of when it is
stored. In 2004, LexisNexis acquired Seisint Inc. and in 2008 acquired ChoicePoint, Inc. and their high-speed
parallel processing platform. The two platforms were merged into HPCC (or High-Performance Computing
Cluster) Systems and in 2011, HPCC was open-sourced under the Apache v2.0 License. Currently, HPCC and
Quantcast File System are the only publicly available platforms capable of analyzing multiple exabytes of data.

In 2004, Google published a paper on a process called MapReduce that uses a similar architecture. The
MapReduce concept provides a parallel processing model, and an associated implementation was released to
process huge amounts of data. With MapReduce, queries are split and distributed across parallel nodes and
processed in parallel (the Map step). The results are then gathered and delivered (the Reduce step). The
framework was very successful, so others wanted to replicate the algorithm. Therefore, an implementation of
the MapReduce framework was adopted by an Apache open-source project named Hadoop.

MIKE2.0 is an open approach to information management that acknowledges the need for revisions due
to big data implications identified in an article titled "Big Data Solution Offering". The methodology addresses
handling big data in terms of useful permutations of data sources, complexity in interrelationships, and
difficulty in deleting (or modifying) individual records.

Recent studies show that a multiple-layer architecture is one option to address the issues that big data
presents. A distributed parallel architecture distributes data across multiple servers; these parallel execution
environments can dramatically improve data processing speeds. This type of architecture inserts data into a
parallel DBMS, which implements the use of MapReduce and Hadoop frameworks. This type of framework
looks to make the processing power transparent to the end user by using a front-end application server.

Big Data Analytics for Manufacturing Applications can be based on a 5C architecture (connection,
conversion, cyber, cognition, and configuration).

The data lake allows an organization to shift its focus from centralized control to a shared model to
respond to the changing dynamics of information management. This enables quick segregation of data into the
data lake, thereby reducing the overhead time.

Technologies

A 2011 McKinsey Global Institute report characterizes the main components and ecosystem of big data
as follows:

Techniques for analyzing data, such as A/B testing, machine learning and natural language processing
Big Data technologies, like business intelligence, cloud computing and databases

Visualization, such as charts, graphs and other displays of the data
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Multidimensional big data can also be represented as tensors, which can be more efficiently handled by
tensor-based computation, such as multilinear subspace learning. Additional technologies being applied to big
data include massively parallel-processing (MPP) databases, search-based applications, data mining,
distributed file systems, distributed databases, cloud-based infrastructure (applications, storage and computing
resources) and the Internet.

Some but not all MPP relational databases have the ability to store and manage petabytes of data.
Implicit is the ability to load, monitor, back up, and optimize the use of the large data tables in the RDBMS.

DARPA's Topological Data Analysis program seeks the fundamental structure of massive data sets and
in 2008 the technology went public with the launch of a company called Ayasdi.

The practitioners of big data analytics processes are generally hostile to slower shared storage, preferring
direct-attached storage (DAS) in its various forms from solid state drive (Ssd) to high capacity SATA disk
buried inside parallel processing nodes. The perception of shared storage architectures—Storage area network
(SAN) and Network-attached storage (NAS) —is that they are relatively slow, complex, and expensive. These
qualities are not consistent with big data analytics systems that thrive on system performance, commodity
infrastructure, and low cost.

Real or near-real time information delivery is one of the defining characteristics of big data analytics.
Latency is therefore avoided whenever and wherever possible. Data in memory is good—data on spinning disk
at the other end of a FC SAN connection is not. The cost of a SAN at the scale needed for analytics applications
is very much higher than other storage techniques.

There are advantages as well as disadvantages to shared storage in big data analytics, but big data
analytics practitioners as of 2011 did not favour it.

Data mining

Data mining is an interdisciplinary subfield of computer science. It is the computational process of
discovering patterns in large data sets involving methods at the intersection of artificial intelligence, machine
learning, statistics, and database systems. The overall goal of the data mining process is to extract information
from a data set and transform it into an understandable structure for further use. Aside from the raw analysis
step, it involves database and data management aspects, data pre-processing, model and inference
considerations, interestingness metrics, complexity considerations, post-processing of discovered structures,
visualization, and online updating. Data mining is the analysis step of the "knowledge discovery in databases"
process, or KDD.

The term is a misnomer, because the goal is the extraction of patterns and knowledge from large amounts
of data, not the extraction (mining) of data itself. It also is a buzzword and is frequently applied to any form of
large-scale data or information processing (collection, extraction, warehousing, analysis, and statistics) as well
as any application of computer decision support system, including artificial intelligence, machine learning, and
business intelligence. The book Data mining: Practical machine learning tools and techniques with Java (which
covers mostly machine learning material) was originally to be named just Practical machine learning, and the
term data mining was only added for marketing reasons. Often the more general terms (large scale) data
analysis and analytics — or, when referring to actual methods, artificial intelligence and machine learning — are
more appropriate.

The actual data mining task is the automatic or semi-automatic analysis of large quantities of data to
extract previously unknown, interesting patterns such as groups of data records (cluster analysis), unusual
records (anomaly detection), and dependencies (association rule mining). This usually involves using database
techniques such as spatial indices. These patterns can then be seen as a kind of summary of the input data, and
may be used in further analysis or, for example, in machine learning and predictive analytics. For example, the
data mining step might identify multiple groups in the data, which can then be used to obtain more accurate
prediction results by a decision support system. Neither the data collection, data preparation, nor result
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interpretation and reporting is part of the data mining step, but do belong to the overall KDD process as
additional steps.

The related terms data dredging, data fishing, and data snooping refer to the use of data mining methods
to sample parts of a larger population data set that are (or may be) too small for reliable statistical inferences
to be made about the validity of any patterns discovered. These methods can, however, be used in creating new
hypotheses to test against the larger data populations.

Etymology

In the 1960s, statisticians used terms like "Data Fishing" or "Data Dredging" to refer to what they
considered the bad practice of analyzing data without an a-priori hypothesis. The term "Data Mining" appeared
around 1990 in the database community. For a short time in 1980s, a phrase "database mining"™, was used,
but since it was trademarked by HNC, a San Diego-based company, to pitch their Database Mining
Workstation; researchers consequently turned to "data mining". Other terms used include Data Archaeology,
Information Harvesting, Information Discovery, Knowledge Extraction, etc. Gregory Piatetsky-Shapiro coined
the term "Knowledge Discovery in Databases" for the first workshop on the same topic (KDD-1989) and this
term became more popular in Al and Machine Learning Community. However, the term data mining became
more popular in the business and press communities. Currently, Data Mining and Knowledge Discovery are
used interchangeably. Since about 2007, "Predictive Analytics" and since 2011, "Data Science" terms were
also used to describe this field.

In the Academic community, the major forums for research started in 1995 when the First International
Conference on Data Mining and Knowledge Discovery (KDD-95) was started in Montreal under AAAI
sponsorship. It was co-chaired by Usama Fayyad and Ramasamy Uthurusamy. A year later, in 1996, Usama
Fayyad launched the journal by Kluwer called Data Mining and Knowledge Discovery as its founding Editor-
in-Chief. Later he started the SIGKDDD Newsletter SIGKDD Explorations. The KDD International
conference became the primary highest quality conference in Data Mining with an acceptance rate of research
paper submissions below 18%. The Journal Data Mining and Knowledge Discovery is the primary research
journal of the field.

Background

The manual extraction of patterns from data has occurred for centuries. Early methods of identifying
patterns in data include Bayes' theorem (1700s) and regression analysis (1800s). The proliferation, ubiquity
and increasing power of computer technology has dramatically increased data collection, storage, and
manipulation ability. As data sets have grown in size and complexity, direct "hands-on™ data analysis has
increasingly been augmented with indirect, automated data processing, aided by other discoveries in computer
science, such as neural networks, cluster analysis, genetic algorithms (1950s), decision trees and decision rules
(1960s), and support vector machines (1990s). Data mining is the process of applying these methods with the
intention of uncovering hidden patterns in large data sets. It bridges the gap from applied statistics and artificial
intelligence (which usually provide the mathematical background) to database management by exploiting the
way data is stored and indexed in databases to execute the actual learning and discovery algorithms more
efficiently, allowing such methods to be applied to ever larger data sets.

Process

The Knowledge Discovery in Databases (KDD) process is commonly defined with the stages:
(1) Selection

(2) Pre-processing

(3) Transformation

(4) Data Mining
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(5) Interpretation/Evaluation.

It exists, however, in many variations on this theme, such as the Cross Industry Standard Process for
Data Mining (CRISP-DM) which defines six phases:

(1) Business Understanding

(2) Data Understanding

(3) Data Preparation

(4) Modeling

(5) Evaluation

(6) Deployment

or a simplified process such as (1) pre-processing, (2) data mining, and (3) results validation.

Polls conducted in 2002, 2004, 2007 and 2014 show that the CRISP-DM methodology is the leading
methodology used by data miners. The only other data mining standard named in these polls was SEMMA.
However, 3—4 times as many people reported using CRISP-DM. Several teams of researchers have published
reviews of data mining process models, and Azevedo and Santos conducted a comparison of CRISP-DM and
SEMMA in 2008.

Pre-processing

Before data mining algorithms can be used, a target data set must be assembled. As data mining can
only uncover patterns actually present in the data, the target data set must be large enough to contain these
patterns while remaining concise enough to be mined within an acceptable time limit. A common source for
data is a data mart or data warehouse. Pre-processing is essential to analyze the multivariate data sets before
data mining. The target set is then cleaned. Data cleaning removes the observations containing noise and those
with missing data.

Data mining
Data mining involves six common classes of tasks:

Anomaly detection (Outlier/change/deviation detection) — The identification of unusual data records,
that might be interesting or data errors that require further investigation.

Association rule learning (Dependency modelling) — Searches for relationships between variables. For
example, a supermarket might gather data on customer purchasing habits. Using association rule learning, the
supermarket can determine which products are frequently bought together and use this information for
marketing purposes. This is sometimes referred to as market basket analysis.

Clustering — is the task of discovering groups and structures in the data that are in some way or another
"similar”, without using known structures in the data.

Classification — is the task of generalizing known structure to apply to new data. For example, an e-mail
program might attempt to classify an e-mail as "legitimate™ or as "spam".

Regression — attempts to find a function which models the data with the least error.

Summarization — providing a more compact representation of the data set, including visualization and
report generation.

Sentiment analysis using product review data
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Sentiment analysis

Sentiment analysis or opinion mining is one of the major tasks of NLP (Natural Language Processing).
Sentiment analysis has gain much attention in recent years. In this paper, we aim to tackle the problem of
sentiment polarity categorization, which is one of the fundamental problems of sentiment analysis. A general
process for sentiment polarity categorization is proposed with detailed process descriptions. Data used in this
study are online product reviews collected from Amazon.com. Experiments for both sentence-level
categorization and review-level categorization are performed with promising outcomes. At last, we also give
insight into our future work on sentiment analysis.

Keywords
Sentiment analysis; Sentiment polarity categorization; Natural language processing; Product reviews
Introduction

Sentiment is an attitude, thought, or judgment prompted by feeling. Sentiment analysis, which is also
known as opinion mining, studies people’s sentiments towards certain entities. Internet is a resourceful place
with respect to sentiment information. From a user’s perspective, people are able to post their own content
through various social media, such as forums, micro-blogs, or online social networking sites. From a
researcher’s perspective, many social media sites release their application programming interfaces (APIs),
prompting data collection and analysis by researchers and developers. For instance, Twitter currently has three
different versions of APIs available, namely the REST API, the Search API, and the Streaming API. With the
REST API, developers are able to gather status data and user information; the Search API allows developers
to query specific Twitter content, whereas the Streaming API is able to collect Twitter content in realtime.
Moreover, developers can mix those APIs to create their own applications. Hence, sentiment analysis seems
having a strong fundament with the support of massive online data.

However, those types of online data have several flaws that potentially hinder the process of sentiment
analysis. The first flaw is that since people can freely post their own content, the quality of their opinions
cannot be guaranteed. For example, instead of sharing topic-related opinions, online spammers post spam on
forums. Some spam are meaningless at all, while others have irrelevant opinions also known as fake opinions.
The second flaw is that ground truth of such online data is not always available. A ground truth is more like a
tag of a certain opinion, indicating whether the opinion is positive, negative, or neutral. The Stanford Sentiment
140 Tweet Corpus is one of the datasets that has ground truth and is also public available. The corpus contains
1.6 million machine-tagged Twitter messages. Each message is tagged based on the emoticons (©as positive,

©as negative) discovered inside the message.

Data used in this paper is a set of product reviews collected from Amazon, between February and April,
2014. The aforementioned flaws have been somewhat overcome in the following two ways: First, each product
review receives inspections before it can be posted a. Second, each review must have a rating on it that can be
used as the ground truth. The rating is based on a star-scaled system, where the highest rating has 5 stars and
the lowest rating has only 1 star (Figure 1).

This paper tackles a fundamental problem of sentiment analysis, namely sentiment polarity
categorization. Figure 2 is a flowchart that depicts our proposed process for categorization as well as the outline
of this paper. Our contributions mainly fall into Phase 2 and 3. In Phase 2: 1) An algorithm is proposed and
implemented for negation phrases identification; 2) A mathematical approach is proposed for sentiment score
computation; 3) A feature vector generation method is presented for sentiment polarity categorization. In Phase
3: 1) Two sentiment polarity categorization experiments are respectively performed based on sentence level
and review level; 2) Performance of three classification models are evaluated and compared based on their
experimental results.
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The rest of this paper is organized as follows: In section ‘Background and literature review’, we provide
a brief review towards some related work on sentiment analysis. Software package and classification models
used in this study are presented in section ‘Methods’. Our detailed approaches for sentiment analysis are
proposed in section ‘Background and literature review’. Experimental results are presented in section ‘Results
and discussion’. Discussion and future work is presented in section ‘Review-level categorization’. Section
‘Conclusion’ concludes the paper.

Background and literature review

One fundamental problem in sentiment analysis is categorization of sentiment polarity. Given a piece
of written text, the problem is to categorize the text into one specific sentiment polarity, positive or negative
(or neutral). Based on the scope of the text, there are three levels of sentiment polarity categorization, namely
the document level, the sentence level, and the entity and aspect level. The document level concerns whether
a document, as a whole, expresses negative or positive sentiment, while the sentence level deals with each
sentence’s sentiment categorization; The entity and aspect level then targets on what exactly people like or
dislike from their opinions.

Research design and methdology
Data collection

Data used in this paper is a set of product reviews collected from amazon.com. From February to April
2014, we collected, in total, over 5.1 millions of product reviewsb in which the products belong to 4 major
categories: beauty, book, electronic, and home (Figure 3(a)). Those online reviews were posted by over 3.2
millions of reviewers (customers) towards 20,062 products. Each review includes the following information:
1) reviewer ID; 2) product ID; 3) rating; 4) time of the review; 5) helpfulness; 6) review text. Every rating is
based on a 5-star scale(Figure 3(b)), resulting all the ratings to be ranged from 1-star to 5-star with no existence
of a half-star or a quarter-star.

Sentiment sentences extraction and POS tagging

It is suggested by Pang and Lee that all objective content should be removed for sentiment analysis.
Instead of removing objective content, in our study, all subjective content was extracted for future analysis.
The subjective content consists of all sentiment sentences. A sentiment sentence is the one that contains, at
least, one positive or negative word. All of the sentences were firstly tokenized into separated English words.

Every word of a sentence has its syntactic role that defines how the word is used. The syntactic roles are
also known as the parts of speech. There are 8 parts of speech in English: the verb, the noun, the pronoun, the
adjective, the adverb, the preposition, the conjunction, and the interjection. In natural language processing,
part-of-speech (POS) taggers have been developed to classify words based on their parts of speech. For
sentiment analysis, a POS tagger is very useful because of the following two reasons: 1) Words like nouns and
pronouns usually do not contain any sentiment. It is able to filter out such words with the help of a POS tagger;
2) A POS tagger can also be used to distinguish words that can be used in different parts of speech. For instance,
as a verb, “enhanced" may conduct different amount of sentiment as being of an adjective. The POS tagger
used for this research is a max-entropy POS tagger developed for the Penn Treebank Project. The tagger is
able to provide 46 different tags indicating that it can identify more detailed syntactic roles than only 8. As an
example, Table 1 is a list of all tags for verbs that has been included in the POS tagger.

Each sentence was then tagged using the POS tagger. Given the enormous amount of sentences, a Python
program that is able to run in parallel was written in order to improve the speed of tagging. As a result, there
are over 25 million adjectives, over 22 million adverbs, and over 56 million verbs tagged out of all the
sentiment sentences, because adjectives, adverbs, and verbs are words that mainly convey sentiment.

Negation phrases identification
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Words such as adjectives and verbs are able to convey opposite sentiment with the help of negative
prefixes. For instance, consider the following sentence that was found in an electronic device’s review: “The
built in speaker also has its uses but so far nothing revolutionary." The word, “revolutionary" is a positive word
according to the list. However, the phrase “nothing revolutionary" gives more or less negative feelings.
Therefore, itis crucial to identify such phrases. In this work, there are two types of phrases have been identified,
namely negation-of-adjective (NOA) and negation-of-verb (NOV).

Most common negative prefixes such as not, no, or nothing are treated as adverbs by the POS tagger.
Hence, we propose Algorithm 1 for the phrases identification. The algorithm was able to identify 21,586
different phrases with total occurrence of over 0.68 million, each of which has a negative prefix. Table 2 lists
top 5 NOA and NOV phrases based on occurrence, respectively.

Sentiment score computation for sentiment tokens

A sentiment token is a word or a phrase that conveys sentiment. Given those sentiment words proposed
in [27], a word token consists of a positive (negative) word and its part-of-speech tag. In total, we selected
11,478 word tokens with each of them that occurs at least 30 times throughout the dataset. For phrase tokens,
3,023 phrases were selected of the 21,586 identified sentiment phrases, which each of the 3,023 phrases also
has an occurrence that is no less than 30. Given a token t, the formula for t’s sentiment score (SS) computation
is given as:

Occurrenceil(t)ist’s number of occurrence in i-star reviews, where i=1,...,5. According to Figure
3, our dataset is not balanced indicating that different number of reviews were collected for each star level.
Since 5-star reviews take a majority amount through the entire dataset, we hereby introduce a ratio, y 5.i ,
which is defined as:

In equation 3, the numerator is the number of 5-star reviews and the denominator is the number of i-star
reviews, where i=1,...,5. Therefore, if the dataset were balanced, y 5,i would be set to 1 for every i.
Consequently, every sentiment score should fall into the interval of [1,5]. For positive word tokens, we expect
that the median of their sentiment scores should exceed 3, which is the point of being neutral according to
Figure 1. For negative word tokens, it is to expect that the median should be less than 3.

As a result, the sentiment score information for positive word tokens is showing in Figure 4(a). The
histogram chart describes the distribution of scores while the box-plot chart shows that the median is above 3.
Similarly, the box-plot chart in Figure 4(b) shows that the median of sentiment scores for negative word tokens
is lower than 3. In fact, both the mean and the median of positive word tokens do exceed 3, and both values
are lower than 3, for negative word tokens (Table 3).

The ground truth labels

The process of sentiment polarity categorization is twofold: sentence-level categorization and review-
level categorization. Given a sentence, the goal of sentence-level categorization is to classify it as positive or
negative in terms of the sentiment that it conveys. Training data for this categorization process require ground
truth tags, indicating the positiveness or negativeness of a given sentence. However, ground truth tagging
becomes a really challenging problem, due to the amount of data that we have. Since manually tagging each
sentence is infeasible, a machine tagging approach is then adopted as a solution. The approach implements a
bag-of-word model that simply counts the appearance of positive or negative (word) tokens for every sentence.
If there are more positive tokens than negative ones, the sentence will be tagged as positive, and vice versa.
This approach is similar to the one used for tagging the Sentiment 140 Tweet Corpus. Training data for review-
level categorization already have ground truth tags, which are the star-scaled ratings.

Feature vector formation

Sentiment tokens and sentiment scores are information extracted from the original dataset. They are also
known as features, which will be used for sentiment categorization. In order to train the classifiers, each entry
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of training data needs to be transformed to a vector that contains those features, namely a feature vector. For
the sentence-level (review-level) categorization, a feature vector is formed based on a sentence (review). One
challenge is to control each vector’s dimensionality. The challenge is actually twofold: Firstly, a vector should
not contain an abundant amount (thousands or hundreds) of features or values of a feature, because of the curse
of dimensionality; secondly, every vector should have the same number of dimensions, in order to fit the
classifiers. This challenge particularly applies to sentiment tokens: On one hand, there are 11,478 word tokens
as well as 3,023 phrase tokens; On the other hand, vectors cannot be formed by simply including the tokens
appeared in a sentence (or a review), because different sentences (or reviews) tend to have different amount of
tokens, leading to the consequence that the generated vectors are in different dimensions.

Since we only concern each sentiment token’s appearance inside a sentence or a review,to overcome the
challenge, two binary strings are used to represent each token’s appearance. One string with 11,478 bits is used
for word tokens, while the other one with a bit-length of 3,023 is applied for phrase tokens. For instance, if the
ith word (phrase) token appears, the word (phrase) string’s ith bit will be flipped from “0" to “1". Finally,
instead of directly saving the flipped strings into a feature vector, a hash value of each string is computed using
Python’s built-in hash function and is saved. Hence, a sentence-level feature vector totally has four elements:
two hash values computed based on the flipped binary strings, an averaged sentiment score, and a ground truth
label. Comparatively, one more element is exclusively included in review-level vectors. Given a review, if
there are m positive sentences and n negative sentences, the value of the element is computed as: —1xm+1xn.

Results and discussion
Evaluation methods
Performance of each classification model is estimated base on its averaged F1-score

where P i is the precision of the ith class, R i is the recall of the ith class, and n is the number of classes.
Piand R i are evaluated using 10-fold cross validation. A 10-fold cross validation is applied as follows: A
dataset is partitioned into 10 equal size subsets, each of which consists of 10 positive class vectors and 10
negative class vectors. Of the 10 subsets, a single subset is retained as the validation data for testing the
classification model, and the remaining 9 subsets are used as training data. The cross-validation process is then
repeated 10 times, with each of the 10 subsets used exactly once as the validation data. The 10 results from the
folds are then averaged to produce a single estimation. Since training data are labeled under two classes
(positive and negative) for the sentence-level categorization, ROC (Receiver Operating Characteristic) curves
are also plotted for a better performance comparison.

Sentence-level categorization
Sentence-level categorization
Result on manually-labeled sentences

200 feature vectors are formed based on the 200 manually-labeled sentences. As a result, the
classification models show the same level of performance based on their F1-scores, where the three scores all
take a same value of 0.85. With the help of the ROC curves (Figure 5), it is clear to see that all three models
performed quite well for testing data that have high posterior probability. (A posterior probability of a testing
data point, A, is estimated by the classification model as the probability that A will be classified as positive,
denoted as P(+]A).) As the probability getting lower, the Naive Bayesain classifier outperforms the SVM
classifier, with a larger area under curve. In general, the Random Forest model performs the best.

Result on machine-labeled sentences

2-million feature vectors (1 million with positive labels and 1 million with negative labels) are generated
from 2-million machine-labeled sentences, known as the complete set. Four subsets are obtained from the
complete set, with subset A contains 200 vectors, subset B contains 2,000 vectors, subset C contains 20,000
vectors, and subset D contains 200,000 vectors, respectively. The amount of vectors with positive labels equals
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the amount of vectors with negative labels for every subset. Performance of the classification models is then
evaluated based on five different vector sets (four subsets and one complete set, Figure 6)

While the models are getting more training data, their F1 scores are all increasing. The SVM model
takes the most significant enhancement from 0.61 to 0.94 as its training data increased from 180 to 1.8 million.
The model outperforms the Naive Bayesain model and becomes the 2nd best classifier, on subset C and the
full set. The Random Forest model again performs the best for datasets on all scopes. Figure 7 shows the ROC
curves plotted based on the result of the full set.

Review-level categorization

3-million feature vectors are formed for the categorization. Vectors generated from reviews that have at
least 4-star ratings are labeled as positive, while vectors labeled as negative are generated from 1-star and 2-
star reviews. 3-star reviews are used to prepare neutral class vectors. As a result, this complete set of vectors
are uniformly labeled into three classes, positive, neutral, and negative. In addition, three subsets are obtained
from the complete set, with subset A contains 300 vectors, subset B contains 3,000 vectors, subset C contains
30,000 vectors, and subset D contains 300,000 vectors, respectively.

Figure 8 shows the F1 scores obtained on different sizes of vector sets. It can be clearly observed that
both the SVM model and the Naive Bayesain model are identical in terms of their performances. Both models
are generally superior than the Random Forest model on all vector sets. However, neither of the models can
reach the same level of performance when they are used for sentence-level categorization, due to their relative
low performances on neutral class.

The experimental result is promising, both in terms of the sentence-level categorization and the review-
level categorization. It was observed that the averaged sentiment score is a strong feature by itself, since it is
able to achieve an F1 score over 0.8 for the sentence-level categorization with the complete set. For the review-
level categorization with the complete set, the feature is capable of producing an F1 score that is over 0.73.
However, there are still couple of limitations to this study. The first one is that the review-level categorization
becomes difficult if we want to classify reviews to their specific star-scaled ratings. In other words, F1 scores
obtained from such experiments are fairly low, with values lower than 0.5. The second limitation is that since
our sentiment analysis scheme proposed in this study relies on the occurrence of sentiment tokens, the scheme
may not work well for those reviews that purely contain implicit sentiments. An implicit sentiment is usually
conveyed through some neutral words, making judgement of its sentiment polarity difficult. For example,
sentence like “Item as described.", which frequently appears in positive reviews, consists of only neutral words.

With those limitations in mind, our future work is to focus on solving those issues. Specifically, more
features will be extracted and grouped into feature vectors to improve review-level categorizations. For the
issue of implicit sentiment analysis, our next step is to be able to detect the existence of such sentiment within
the scope of a particular product. More future work includes testing our categorization scheme using other
datasets.

Conclusion

Sentiment analysis or opinion mining is a field of study that analyzes people’s sentiments, attitudes, or
emotions towards certain entities. This paper tackles a fundamental problem of sentiment analysis, sentiment
polarity categorization. Online product reviews from Amazon.com are selected as data used for this study. A
sentiment polarity categorization process (Figure 2) has been proposed along with detailed descriptions of each
step. Experiments for both sentence-level categorization and review-level categorization have been performed.

Methods

Software used for this study is scikit-learn, an open source machine learning software package in Python.
The classification models selected for categorization are: Naive Bayesian, Random Forest, and Support Vector
Machine
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Naive Bayesian classifier

The Naive Bayesian classifier works as follows: Suppose that there exist a set of training data, D, in
which each tuple is represented by an n-dimensional feature vector, X=x 1,x 2,..,X n , indicating n
measurements made on the tuple from n attributes or features. Assume that there are m classes, C 1,C 2,...,C
m . Given a tuple X, the classifier will predict that X belongs to C i if and only if: P(C i [ X)>P(C j |X), where
i,j€[1,m]an d i#j. P(C i [X) is computed as:

Random forest

The random forest classifier was chosen due to its superior performance over a single decision tree with
respect to accuracy. It is essentially an ensemble method based on bagging. The classifier works as follows:
Given D, the classifier firstly creates k bootstrap samples of D, with each of the samples denotingasDi.A D
i has the same number of tuples as D that are sampled with replacement from D. By sampling with replacement,
it means that some of the original tuples of D may not be included in D i , whereas others may occur more than
once. The classifier then constructs a decision tree based on each D i . As a result, a “forest" that consists of k
decision trees is formed. To classify an unknown tuple, X, each tree returns its class prediction counting as
one vote. The final decision of X’s class is assigned to the one that has the most votes.

The decision tree algorithm implemented in scikit-learn is CART (Classification and Regression Trees).
CART uses Gini index for its tree induction. For D, the Gini index is computed as:

Support vector machine

Support vector machine (SVM) is a method for the classification of both linear and nonlinear data. If
the data is linearly separable, the SVM searches for the linear optimal separating hyperplane (the linear kernel),
which is a decision boundary that separates data of one class from another. Mathematically, a separating
hyperplane can be written as: W-X+b=0, where W is a weight vector and W=w 1,w2,...,w n. X is a training
tuple. b is a scalar. In order to optimize the hyperplane, the problem essentially transforms to the minimization
of [IWII, which is eventually computed as: Y i=Inaiyixi) i=Inaiyixi, where a i are numeric parameters, and y i
are labels based on support vectors, X i . That is: if y i =1 then Y i=1nwixi>1) i=1nwixi>1; if y i =1 then
Yi=lnwixi>—1Y i=1nwixi>—1.

the SVM uses nonlinear mapping to transform the data into a higher dimension. It then solve the problem
by finding a linear hyperplane. Functions to perform such transformations are called kernel functions. The
kernel function selected for our experiment is the Gaussian Radial Basis Function (RBF):

K(Xi,Xj)=e—yIXi-Xjll2/2
K(Xi,Xj)=e—yIIXi—Xjll2/2

where X i are support vectors, X j are testing tuples, and v is a free parameter that uses the default value
from scikit-learn in our experiment. Figure 9 shows a classification example of SVM based on the linear kernel
and the RBF kernel.

If the data is linearly inseparable,



