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AHOTALIA

KBamidikamiitna po6ota Ha TeMy «Momynb aHamily TOHAJIBLHOCTI TEKCTY IS
BU3HAUCHHS €MOIIHHOTO 3a0apBieHHsA NyOdikamiii 3a TEMaTUYHUMHU pPYyOpHKaAMU
obcsirom B 67 CTOpIHOK 1 MICTUTH 12 imtoctpamiii, 2 Tabnuiy, 2 gogaTku Ta 34
BUKOPHUCTAHUX JIXKEPEIL.

Metoro poboTH € po3poOka Ta peamizallis IHTEJICKTYadbHOTO MOIYIS IS
ABTOMATU30BAHOI'O AaHali3y TOHAJIBHOCTI MyOJiKaliil, MO OXOIUII0e 0araTOMOBHHIA
nepekyia, TeMaTU4yHy Kiacudikaiio, Kiacudikaiilo 3a TOHAIBHICTIO, 1HBEPCIIO
pe3yJbTaTIB Ta Bi3yali3allio JaHUX.

MeTtonamu gochiKeHHS 00paHO METOIM IHTEJNEKTYaIbHOI'O aHaji3y TEKCTOBUX
JaHUX, 30KpeMa MoTMepeTHI0 00pOOKyY, MAIIMHAKMN TIepeKyIaa, MalmnHae HaBdaHHs (Naive
Bayes, SVM, Random Forest), rmu6oke naBganss (CNN), a TakoX JT€KCUYH1 CIIOBHUKOBI1
miaxoau. 3aCTOCOBAHO METOJM Kiacudikarii, METpHUYHOI OIIIHKM SIKOCTI (accuracy,
precision, recall, F1-score) Ta po3po6iieno web-inTepdetic s iHTEpaKTUBHOIT B3a€MOIii
3 KOPUCTYBa4yeM.

Y pesynbTaTi BUKOHAHHS POOOTH CTBOPEHO NporpamMHUil 3acid, 34aTHUN
aHaNI3yBaTU TOHAJIBHICTh HOBUHHUX MYyOIIKaIli, BpAXOBYIOUM TEMAaTUYHUN KOHTEKCT 1
MOXO/KeHHS Jpkepena. [IpoBeaeHo TecTyBaHHS MOAYJIS Ha pealbHUX MPUKIIAgax Meia,
10 MiATBEPAMIO €PEKTUBHICTh MOJIEI 3 TOYHICTIO Kiacuikailii JOCATTH TOYHOCTI J0
84% wna TpeHyBambHIA BUOIpHI Ta 78% Ha BamigamidHIA y CKIQJHUX YMOBax
iH(MOpMAIIIITHOTO CepeIoBHIIIA.

Kmouosi crmosa: AHAJII3 TOHAJIBHOCTI, HEWPOHHA MEPEXA,
MAIINHHE HABYAHHS, EMOIIMHE 3ABAPBJIEHHS, I'IBPUJIHA BIMTHA.



ANNOTATION

The qualification work on the topic “Module for text sentiment analysis to
determine emotional coloring of publications by thematic categories” is 67 pages long
and contains 12 illustrations, 2 tables, 2 appendixes, and 34 sources used.

The purpose of the work is to develop and implement an intelligent module for
automated analysis of the tone of publications, covering multilingual translation, thematic
classification, classification by tone, inversion of results, and data visualization.

The research methods chosen are methods of intelligent analysis of text data, in
particular pre-processing, machine translation, machine learning (Naive Bayes, SVM,
Random Forest), deep learning (CNN), as well as lexical dictionary approaches.
Classification methods and metric quality assessment (accuracy, precision, recall, F1-
score) were applied, and a web interface for interactive user interaction was developed.

As aresult of the work, a software tool was created that is capable of analyzing the
tone of news publications, taking into account the thematic context and origin of the
source. The module was tested on real media examples, which confirmed the
effectiveness of the model with a classification accuracy of up to 84% on the training
sample and 78% on the validation sample in complex information environment
conditions.

Keywords: TONE ANALYSIS, NEURAL NETWORK, MACHINE LEARNING,
EMOTIONAL TINT, HYBRID WARFARE.
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BCTVYII

VY cydacHoMy iHGOpMAIITHOMY TPOCTOPI €MOIIWHHWIA BIUIMB TEKCTIB BIJIrpae
KIIFOUOBY POJIb Y (OpMyBaHHI TPOMAJCHKOI AYMKH, OCOOJMBO B YMOBax TiOpUIHUX
koHQuTiKTIB. HOBHHHI MaTepiaiy, TOCTH Y COIIAIbLHUX Mepekax 1 KoMeHTapi Ha hopymax
4acTO MICTSTh €MOIINHO 3a0apBiICHUIl KOHTEHT, IO BIUIMBAE HA TICUXOJOTIYHUN CTaH
aynuTopii Ta ii MOBEAIHKOBI peakiii. ¥ 3B’S3Ky 3 IMM BUHHUKA€E MOTpeda y CTBOPEHHI
e(heKTUBHUX THCTPYMEHTIB JIJI1 aBTOMATU30BAaHOTO BU3HAYCHHS TOHAJIBHOCT1 TEKCTIB.

Oco0a1BOi akTyanbHOCTI HA0YBAa€E 3a/1aua aHa13y TOHAIBHOCTI Y KOHTEKCTI BIMHU
Pocii nmpotu Ykpainu, ne iHbopMaliifHi aTakd € HEBIJ €EMHUM IHCTPYMEHTOM BILIUBY.
BusBnennss HeraTuBHO a00 MaHIMYJSATUBHO 3a0apBIICHUX TOBIJOMIICHb JO3BOJISIE
CBOEYACHO pearyBaTu Ha Je3iHdopMalliifHi KamMraHii Ta 3MIIHIOBAaTH 1HGOpMAIliiiHy
oesnexy. Came Tomy po3poOka 3aco0iB 1HTEICKTYaJbHOT'O aHAN3y €MOIIHHOTO 3MICTY
myOJTiKaIii € HaI3BUYaifHO BaXKJIMBOIO.

[IpoOnema yCKIaJAHIOETHCS OAraTOMOBHICTIO CY4YacHOTO MEAIaKOHTEHTY, IO
noTpedye IMoIepeHbOr0 MepeKiaay TEKCTIB IS MoJabiioi yHi(hiIKOBaHOI 0OpOOKH.
Takox BaXXJIMBO BpaxOBYBaTU TEMaTUYHUN KOHTEKCT MyOJIiKaIlii, ajyke oJHa i Ta cama
JIEKCUKAa MOKE€ MaTH Pi3HE eMOIlIiHe HaBaHTaXKEHHs 3aJie’KHO Bia chepu BxkuBaHHs. Le
3YMOBJIIOE€ HEOOXIHICTh TOOYIOBU MOJYJIBHOTO PINIEHHS, IO MOEAHYE TMEPEKas,
TEMaTUYHY KJIACH(IKaLI0 Ta CIOBHUKOBUI aHai3.

TakuM 4KMHOM, aKTyaJlbHICTh AOCITIKEHHS O0OyMOBJIEHAa MOTPebo0 y moOyaoBi
KOMILJIEKCHOI CHCTEMH, 3[IaTHOT aHaII3yBaTU €MOIliifHe 3a0apBJICHHS TEKCTIB 3 PI3HUX
JDKepen, PI3HUMH MOBAaMH Ta 3 YpaxXyBaHHSIM KOHTEKCTY, JJII BUKOPUCTaHHA y cdepi
MelaaHaTITHKY, 1H(QOopMaIiiHOT Oe3NeKH Ta CyCIUTBHIUX KOMYHIKAITiH.

Metoro poboTn € po3poOka Ta peadizamis IHTEICKTYaJbHOTO MOy s
aBTOMAaTH30BAaHOI'0 aHaJli3y TOHAJBHOCTI MyOJIiKaIlii 32 TEeMaTUUHUMH PYOPUKAMHU, STKHUIM
MOETHY€ TIepeKIIal, 00poOKy TEKCTIB, MallIMHHE HABUYAHHS Ta Bi3yalli3allilo Pe3yJIbTaTiB.

3aBAaHHs JTOCIIKEHHS:

1. [IpoBectu aHami3 npeaMeTHOI 001acTi, 30KpeMa BIUIUBY TOHAJIBHOCTI TEKCTY Ha

COPUAHATTS 1HPOpMAIII].



2. locaiauTty Cy4yacHl MIJXOAM JO aHali3y TOHAJbHOCTI TEKCTIB Ta METOAH iX
peadizaiii.

3. Po3pobutu anropuT™Mu MOMEPENHBbOI OOpPOOKM Ta TEepeKIaay TEKCTIiB
myOmTikarii.

4. PeanizyBaru Kjacu(ikaiiiro TEKCTY 3a TOHAJIbHICTIO 3 BUKOPUCTAHHSIM MOJICIICH
MAaIIMHHOTO HABYaHHSI.

5. [ToOymyBaTu MOMLyJb IHTEpIIPETALlT pE3YJIbTATIB 32 TEeMAaTUYHUMU pyOpUKaMHU Ta
PO3paxyHKOM 1HJEKCY TOHAJIHHOCTI.

6. CtBoputu BeO-1HTEep(delc A1 BBEACHHS, aHall3y Ta peJaryBaHHsS TEKCTIB 1
CJIOBHHKIB.

[TpenMer mocaimKeHHS - MPOIEC aBTOMATHU30BAHOTO BH3HAYECHHS TOHAJIBHOCTI
TEKCTy ImyOJIiKaIliii 3a JOIOMOTI'00 METOIB MAIIMHHOTO HAaBYaHHSI.

OO0’ €eKT TOCTIKEHHS - TEKCTOBI JJaHI HOBUHHUX MyOJTiKaIriii, 310pani 3 BITKPUTUX
JDKeped, 1110 MICTSATh eMOIlIHHO 3a0apBiieHy 1H(OpMAaILiio.

Meroau  gociipkeHHS. Y poOOTI  BHKOPHUCTAHO  KOMIUIEKC  METOJIIB
IHTEJIEKTYyaJIbHOI'O aHali3y JaHUX, 30KpeMa MorepeaHio 0OpoOKy TEKCTIB, MATUHHUN
nepekiial, TeMaTHYHy Kiacu@ikailito Ta aHaji3 TOHAIBHOCTI. 3aCTOCOBAHO aJITOPUTMU
MamuHHoro HaB4yaHHs (Naive Bayes, SVM, Random Forest) Ta rimmbokoro HaBuaHHS
(CNN), a Takox CIOBHMKOBI MIJXOAX J0 BU3HAYEHHS €MOIIHHOrO 3a0apBiieHHs. [[s
peanizauii cUCTEMH BUKOPHUCTaHO BeO-1HTepdelic, akuil 3a0e3nedye IHTEPAKTUBHICTD,
THYYKICTh HAJIAIUTYBAaHb 1 BI3yaJl13allil0 Pe3yJIbTaTIB aHAIII3Y.

Pesynbratu qocikeHHs OyAyTh BUKOPUCTAaHI B MEXKaX MPOEKTY JACPKOFOIHKETHOT
HAyKOBOT POOOTH MOJIOAMX YUYEHUX (HOMEp JEpKpEeecTpallii — B MPoIleci peecTpaitii)
«HetipomepexkeBa cucTeMa MOHITOPHHTY 3arpo3 HalllOHAJIBbHIN Oe3neri ykpaiHu Ha
OCHOBI TOHAJIBHOCTI Ta Kiacu@ikaiii TEKCTOBOTO KOHTEHTY» (TEpMiH BHUKOHAHHS:
01.01.2025 p. —31.12.2027 p.).

AnpoOartisi  pe3ynbTaTiB gociikeHHs. OCHOBHI TEOPETUYHI TMOJIOKEHHS Ta
OPaKTUYHI Pe3yibTaTH JOCHIKEHHS OyJId ONPUIIIOJHEHI HAa HU3L1 MIKHAPOJHUX
KOoH(epeH1id. 30Kkpema, pe3yJbTaTH METOJIB BU3HAYEHHS TOHAJIBHOCTI TEKCTIB 3a

TEMaTUYHUMHU pyOpHUKamMu omyOIiKOBaHO Ta MPOIHIEKCOBaHO B 0a3i Scopus:
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1 AHAJII3 TIPEAMETHOI OBJIACTI TA IIOCTAHOBKA 3AJJAUI

1.1 BruiMB TOHAJIBHOCTI TEKCTY Ha eMOIIiiiHe 3a0apBieHHs myOmiKallii

ToHAJIBHICTh TEKCTYy € OJHUM 13 KJIIOUOBUX (DAaKTOpPIB, IO BHU3HAYAIOTHh MOTO
eMoIliliHe 3a0apBiIeHHs Ta BIUIMB Ha yuTada. BoHa BimoOpakae cy0’€KTHBHE CTaBICHHS
aBTOpa JI0 3MICTy IyOJIiKaIlii Ta MOXE ICTOTHO BIUTMBATH Ha CHPUUHATTS 1HOpMAIli,
(opMyBaHHs TPOMAJICHKOT TYMKH, a TAKOK Ha TOBEI1HKOBI peakilii ayquTopii. Y mudpoBy
€NoXy, KOJU BEJIMKHUI 00CSIr TEKCTOBOI 1H(opMalii MOLIMUPIOETHCA 4Yepe3 COLalIbHI
MepeXi, HOBUHHI MOPTAJIM Ta 1HII1 OHJIAHH-PECYPCH, aHAJII3 TOHAJIbHOCTI CTa€ BaXJIMBUM
THCTPYMEHTOM JIJIsl aBTOMAaTHU30BaHO1 0OpOOKM Ta IHTEepIIpeTalli TEKCTIB.

ToHanbHICTH TEKCTYy BH3HAYAETHCS SIK €MOIliifHE 3a0apBIICHHS, 110 MICTUTHCA Y
BHCIIOBITIOBAaHHSX. BoHa MOXe OyTH MO3UTUBHOIO, HETATUBHOIO 200 HEUTpaIbHOIO. JlesiKi
HAyKOB1 TIAXOIM BHUAUISIOTH TAKOXK 3MiIIaHI Ta HEWTpallbHO-3a0apBjIeHI KaTeropii.
[To3uTuBHA TOHATIBHICTH BKAa3y€ Ha MIATPUMKY a00 CXBaJICHHS, HETaTUBHA — HA KPUTHUKY
a0b0 HEBIOBOJICHHS, @ HEUTpaJibHa — Ha BIIICYTHICTh SICKPABO BHPAXKEHUX €MOIIMHUX
OILIHOK.

Emomnifine 3a0apBieHHS TEKCTy (OPMYEThCS Uepe3 BHKOPUCTAHHS TIEBHUX
JIEKCUYHUX KOHCTPYKIIIH, CTUITICTUYHUX MPUMOMIB, a TAKOK KOHTEKCTYaJIbHUX BIJITIHKIB,
AKI MOXYTh IIJICUIIOBAaTH a00 TIOM’SKIIyBaTW eMOoLiiHui BruMB. Hanpukman, y
nmyOJTiKaIisiX HOBUHHOTO XapakTepy eMOIliiiHe 3a0apBiIeHHsS TEKCTy MOxe (hopMmyBaru
CTaBJICHHSI ayJUTOpPIi JO COLIAJIbHO 3HAYYIIMX MOJIN, 10, Y CBOIO UEpry, BIUIMBAE Ha
CYCIIUTbHY TYMKY Ta TIOBEIIHKOBI peaKIiii.

JlocmikeHHsT y rajgy3l KOTHITUBHOI TICUXOJIOT1] Ta KOMYHIKAaTHBICTUKH CBITYaTh
po T€, 110 TOHAIBHICTh TEKCTYy Ma€e Oe3rnocepeiHii BIUIMB HAa eMOIIMHUN CTaH YhTaya,
oro aymku Ta moganbin maii. [lo3uTuBHO 3abapBiieHI TOBITOMIICHHS CIPUSIOTH
dbopMyBaHHIO JOBIPH, MIJBUIICHHIO JOSJIBHOCTI JI0 JKepesna iHdopmallli Ta MOXYTh
CTUMYIIIOBaTH TIPOAKTUBHY TIOBEMIHKY. HeratuBHa TOHAnIbHICTh, HABIAKH, MOXKE
BUKJIMKATH TPUBOXKHICTb, arpecito abo HeJI0BIpY, MOCWIIOIOYN EMOIIMHUN pe30HaHC Ta

MIPUBEPTAIOUH OLIbIIIE YBary.
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3okpeMa, B yMOBax 1H(POPMAIIITHOTO NepeHACUYEHHS Cy4acHOTO0 MEAianpocTopy,
eMOLIIHHO 3a0apBieHI TEKCTH MaloTh OUIbIY WMOBIPHICTE OyTH MNOMIYECHUMH,
NOIIMPEHUMU Ta AaKTUBHO OOroBoproBaHuMHU. lle mATBEpIKYIOTh YHUCIICHHI
JTOCHIHKEHHS, K1 BKa3yIOTh Ha KOPEJAIII0 MK €eMOIIIHHUM 3a0apBIICHHSIM KOHTEHTY Ta
HOT0 BIpaJIbHICTIO.

ToHaATBHICTh TEKCTY MOXKE 3HAYHO BApIiFOBATHCS 3aJIC)KHO BiJI THMY ITyOJIIKaIlii.
Hampuknana, y HOBHHHHUX CTaTTAX €MOIlIHE 3a0apBICHHS 4YacTo IPUXOBAHE 3a
(opManbHO-HEUTPATILHOIO MOBOIO, TOAl SIK y COLIAIbHUX Mepexax TEKCT MOXe OyTH
OUIbII EKCIPECHMBHUM Ta BIJIBEPTUM. AHaJI3 TOHAJIBHOCTI y TEKCTaX PEKIAMHOIO
XapakTepy CIpsIMOBAHWM Ha BUSBIICHHS MPUXOBAHOTO BIUIMBY HA CIIOKHMBAYiB, TOMI 5K Y
HAYKOBUX CTATTAX TOHAIBHICTH MEPEBAKHO HEUTpaIbHA, IO 3yMOBJICHO BUMOTAMH JI0
00’ €KTUBHOCTI.

Oco0MMBY CKIIQJIHICTh CTAHOBUTH aHaJi3 TOHAJIBHOCTI B TEKCTaxX, IO MICTITh
1pOHII0, capka3Mm abo OaraTo3Ha4yHICTh. Taki TEKCTH MOXYTb MICTUTH CyNEpEewINBI

EMOIIIHI CUTHAJIH, SIK1 CKJIaJHO 1HTEPNPETYyBaTH TPATUIIMHIMHU METOIaMH aHaJIi3y.

1.2 Omsin 1 aHani3 iCHYIOYMX MIAXO/IB O BU3HAYEHHS €MOIIIITHOTO 3a0apBiIeHHS

TEKCTY

Y cydacHomy iH(opmMmaliitHoMy TpocTopi Ae3iHdopmallis Ta MaHITyJIsAIii
IPOMAJICHKOI0 TYMKOIO CTalOTh HEBIA'€MHOIO CKJIQJIOBOIO T1OpUIHMX BilH, 110 CYTTEBO
BIJIMBA€ HA TOJIITUYHI, COLIaJIbHI Ta BiIMChKOBI mporecu. OcoOnMBy poJjib y TaKuX
iHbopMaIIHHUX KOH(QUIIKTaX BIAIrPalOTh TEXHOJOTii OOpOOKM MPUPOTHOI MOBH,
MalmMHHOTO HaB4yaHHS [1-2] Ta aHamizy TOHAIBHOCTI TEKCTIB, SKI JO3BOJISIOTH
aBTOMATU30BaHO 17IeHTU(DIKYBATH Ta KiIacu(pikyBaTu Ae31HGOPMAIIiiHI TOTOKH.

Padalko et al. [3] y cBoeMy JOCIIPKEHH] aHaJI3yIOTh 3aCTOCYBAaHHS TIIMOOKOTO
HaBuaHHs Ta Mojened NLP, 3okpema XLNet, nna kimacudikarii ae3iHpopMariiiHux
MOBIJIOMJIEHb y TiOpuaHii BiiH1. [Jocmimxenus nemoHctpye BukopuctanHs Kullback-
Leibler Divergence q1st OIlIHKH 3MICTOBHOI Pi3HMII MK HOBUHHUMHM MaTepiajgaMu Ta iX

IMOBIpHUM Je31H(QOpMalIHHUM XapakTepoM. 3amporoHOBaH1 MIAXOAU CHpPSIMOBaHI Ha
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MOKpAIIeHHS] aBBTOMAaTU30BAHOI0 aHaI3y 1H(OpMAaLIITHUX aTaK y KOHTEKCT1 BliiHU Pocii
pOTH YKpaiHu.

Virtosu & Goian [4] A0CTIKYIOTb, SIK INTYYHUNA 1HTEJIEKT BUKOPUCTOBYETHCS IS
CTBOPEHHSI Ta PO3IMOBCIO/KEHHS JIe31iH(opMallii, 110 € YacTUHOI 1H(QOpMaILIfHUX aTak
Pocii mpotu Ykpainu. ABTopH po3riisiiatoTh KOHKpeTHI MeToau NLP Tta renepatuBHOTO
I, sixi 3aCTOCOBYIOTBHCS JJIs1 MAHIITYJIAIIT TPOMaJICHKOI0 JyMKOIO Uuepe3 COollialibHI MeIia
Ta HOBUHHI IJIaT(POPMHU.

Rodrigues [5] ananizye emoriiiny nosisipusaiiito y Twitter moso BiitHu Pocii mpotu
VYkpainu, BUKOpUCTOBYIOUM MeTou Sentiment Analysis. JlocaiaKeHHs 0XOILUTIOE TEPI0T
13 ceprHs 2022 no mrotoro 2023 poky Ta BHUSBISE 3HAYHI BIAMIHHOCTI y TOHAJIBHOCTI
nyOmikamii MK IPOPOCIMCHKUMU Ta MPOYKPATHCHKUMU KOPHUCTYBaYaMHU.

Darwish et al. [6] 3acTOCOBYIOTh METOJM MAIIMHHOTO HAaBYAHHS JIJIS1 BUSBIICHHS
¢delikoBHX HOBHH, MOB'sI3aHUX 13 KOH()IiKTOM MK Pocieto Ta Vkpainoro. Jlocmigauku
PO3IIISIaI0Th OCOOJIMBOCTI CTUIIIO Ta 3MICTY J1e31H(GOPMAIIITHIX MOBIIOMIIEHB, a TAKOX
MPOIOHYIOThH AITOPUTMIYHI MIIXOAU JIS IX BUSIBICHHS.

Moy & Gradon [7] mocaiiKyoTh BIUIMB IITYYHOTO 1HTEJIEKTY Ha 1H(OpMaIliiHi
BIHM, BKJIIOYAIOYM METOU 00poOku npupoaHoi MoBu (NLP) nis ananizy riOpuaHux
iH(popmartiiiHux arak. Boun HarosnomyoTe Ha 1Bo3HayHOCTI LI B iH(popMaliiitHii BiiiHI,
3a3HayYaryy, 10 HOro MOKHAa BUKOPUCTOBYBATH SIK JJisE OOpOTHOU 3 Ae31HPOopMAIlI€TO,
TaK 1 7181 11 HOIIUPEHHSI.

Alieva, Kloo & Carley [8] BUKOPUCTOBYIOTh KOMOIHAI[I0 MEPEIKEBOTO aHAIIZY Ta
NLP s BuBYeHHS! pociiickkoi mpomaranau B Twitter mig dac BTOoprHeHHs Pocii B
VYkpainy. AnHami3 mokasye, K MPOPOCIHCHKI aKayHTH KOOPAMHYIOTH 1HGOpMAIIiitH1
KaMITaHil Ta BIUIMBAIOTh HAa OHJIAWH-TUCKYPC.

Weigand [9] anamizye pociiiceki nae3iHdopmariiiini kammanii 'y 2022 pori,
BUKOPUCTOBYIOUM METOJIM aHai3y TEKCTY Ta 0OpOOKHU MPUPOAHOI MOBU. JlOCTIHKEHHS
BU3HAYA€ TOJOBHI TEMH, SIKI MPOCYBAIOThCA 4epe3 Je31H(popMalliifHi KaHald, Ta IXHIH
BIUIMB Ha TPOMAJICHKY TYMKY.

Strubytskyi & Shakhovska [10] mpomoHyrOTh MeTOIM aHali3y TOHAJIBHOCTI

TEKCTIB, 5IK1 JO3BOJIAIOTH BUSBIISITH IPUXOBAaHY MpONaraHay y HOBUHHHUX CTarTsAx. BoHu
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BUKOPHUCTOBYIOTH FOPUAHUI MiAX1]l, HOEIHYIOUH KJIACUYH]1 METOJIY aHali3y TOHAJIbHOCTI
Ta Cy4acHi MOJIeN TITHOOKOT0 HaBYaHHSI.

Padalko, Chomko & Chumachenko [11] mociimKyrTh, SIK BUAAJICHHS CTOI-CJIiB
BILJIUBA€ HA TOYHICTh BUSBJICHHS JIe31H(popMallii YKpaiHCHhKOIO MOBOIO. BOHU TOBOASTH,
0 peTesibHa TomnepeaHs o0poOka TEKCTIB MOXKE CYTTEBO IMOKPAIIUTH €()EKTHBHICTH
NLP-moxeneit y 60poTs0i 3 ge3iHpopMaIii€ro.

Suman et al. [12] BUKOpHUCTOBYIOThH T1OpUIAHUM TiAX1A TITUOOKOTO HABUYAHHS IS
kiacudikaiii Ta ananizy noctiB y Twitter (X) moo Bifinu Pocii npotu Ykpainu. Moaenb
aHaii3ye 3MIHY TOHAJIbHOCTI JOMMCIB MPOTSITOM Yacy Ta BUSBISE OCHOBHI TPEHIU Y
CYCHUIBHUX HACTPOSIX.

TakuM 4MHOM, BpaxoBYIOUM MacIITad Ta IHTEHCUBHICTD Ae31H(OpMalliiHUX aTak,
MOCTa€ HEOOXITHICTh CTBOPEHHS €(PEKTUBHOTO IHCTPYMEHTAPIIO I aBTOMATHUYHOTO
aHaJi3y TeKCTOBOI'O KOHTEHTY. METOI0 JaHOTO JOCIIIKEHHS € po3poOKa iIHTErpOBaHOTO
MIIX0y J0 aHa3y TOHAJIBHOCTI TEKCTIB, SIKMM 00'€JHYE aBTOMATH30BaHWN TEepeKIIal,
nonepeaHo oO0poOKy, TeMaTHYHy Kiacudikalliio Ta CIOBHUKOBUHN aHami3. Lled miaxin
Ma€e 3a0e3MeUnTH ONEPATUBHE Ta TOYHE BHSBJICHHS EMOIIIHHOTO 3a0apBJICHHS
1H(pOopMaIIiHUX MTOBIIOMIIEHb Y B1ICOTKOBOMY BHpaxkeHH1 Big —100% mo +100%, mio €
HAJ3BUYAMHO aKTyaJbHUM JUIsl MpOTHUll Ae31H(QOopMalIiHUM aTakaM y KOHTEKCTI

riopuaHoi BiiiHK Pocii npotu Ykpainu Ha MI>KHApOIHIM apeHl.

1.3 MeToau MalllMHHOTO HaBYaHHS JUIs KJIacu(]iKamli TEKCTY

Knacudikarisi TeKCTy € OIIHIE€I0 3 OCHOBHUX 3a/iad y cdepi 0OpoOKH MPUPOTHOT
moBu (Natural Language Processing, NLP). Bona momnsrae y BiJlHECEHHI TEKCTOBHX
JaHUX 0 OMAHIET a0 JEKUIBKOX IONEpPEIHhO BHM3HAYCHUX KaTEropid, TaKux sK
MO3UTHBHA, HEraTMBHa a00 HEWTpaJibHA TOHAIBHICTh. 3 PO3BUTKOM TEXHOJIOTIN
MalIMHHOT'O HaBUaHHS 3’ SBUJIOCS 0araTo MmiJXo/iB 0 aBTOMaTHU3aIlil IbOTr0 MPOIECY, 110
JTO3BOJISIFOTh JIOCSTTH BUCOKOI TOYHOCTI Ta €(EKTUBHOCTI Mijl Yac aHali3y BEIUKHX

00cAriB TEKCTOBOI 1H(OpMALIii.

13



VY npoMy miapo3aLIl po3MISAAOTECS OCHOBHI METOAM MAIIMHHOTO HaBYaHHS, 110
3aCTOCOBYIOThCS TS Kilacu(ikarlii TeKCTIB, BKIIOYAIOYH CTATUCTUYHI IT1IX0IH, KIIACHYH1
aQJITOPUTMHU MAIIMHHOTO HABYAHHS Ta CydacHI HeWpoHHI Mepexi. OcoOnuBy yBary
OPUIIJIEHO TIMOOKUM 3ropTKoBUM HeWpoHHUM MepexaMm (Convolutional Neural
Networks, CNN), ski JeMOHCTPYIOTh BHCOKY €(EKTUBHICTh y PO3B’SI3aHHI 3ajad
TEKCTOBOI Kiacugikarii.

ba3oBi miaxoau 10 kiacudikaiii TEKCTIB CIUPAIOTHCS HAa CTATUCTUYHI METOMIH, K1
BUKOPHCTOBYIOTh YaCTOTHI XapaKTepucTUku TepMiHiB. HaiinpocTimmumu 3 Hux € Bag-of-
Words (BoW) ta Term Frequency-Inverse Document Frequency (TF-IDF).

Mogens "mimka cniB" (BoW) — 1ie MeToj mepeTBOPEHHSI TEKCTYy Y BEKTOP
(bikCOBaHOT JOBKHHM, 1€ KOXKEH €JIEMEHT BIAMOBIIa€ KITHKOCTI BXOKCHh KOHKPETHOTO

cioBa. @opManbHO, TEKCT d TIpeICTaBIEHUH K BEKTOP:

x = (xq, X, e\ Xp), (1.1)

Jie X; — KUTbKICTh BXO/DKCHB i-TO CJIOBA 3 BU3HAYCHOT'O CIIOBHHUKA.
TF-IDF 3Baxkxye TepMiHM 3ajieKHO BIJ iX YaCTOTH Yy JOKYMEHTI Ta 3BOPOTHOI

YaCTOTH Y BChOMY KOPIYCi:

TF — IDF(t.d) = tf(t,d) x log (%) (1.2)

ne tf(t,d) —gacrora TepMiHa ¢ y JOKyMEHTI d;

N — 3arajibHa KUIBKICTh JOKYMEHTIB y KOPITYCI;

df(t) — KITbKICTh JJOKYMEHTIB, 1110 MICTATH TEPMIH £,

basyrounice Ha Teopemi baifeca, HaiBHui OalieciBchkuii kimacudikarop (Naive

Bayes) o6uuciroe HMOBIpHICTh HAJIEKHOCTI TEKCTY JI0 TIEBHOTO KJIacy:

P(x|y)P(y)

POylx) ===05— (1.3)
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ne P(y|x) — iMOBIpHICTB TOTO, IO JOKYMEHT HAJIECKHUTh KJIacy V;

P(x|y) — #iMOBipHICTb OTpUMATH O3HAKY X 32 YMOBH KJIacy y;

P(y) — anpiopHa WMOBIpHICTB KJIacy y;

P(x) — HOpMYBaJIbHUIA KOC(IIIEHT.

[TepeBaru: mBUAKICTh, €HEKTUBHICTH HA MAJTNX BHOIpKaXx.

Henoniku: mpurymieHHss Tpo HE3aJEXKHICTh O3HAK, SKE YaCcTO HE BUKOHYETHCS Y
pCaNbHUX TEKCTaX.

Meton onopuux BekTopiB (Support Vector Machine, SVM) miykae rinepruioniuny,
sIKa MaKCUMI3y€ BiJICTaHb MK Kiacamu. Hexalt x — BXiIHUM TEKCT, TOMI1 Kiacudikaris

BHUKOHYE€TBCA 3a IIPABUIIOM:

f(x) = sign(w'x + b), (1.4)

JIe W — BarOBUH BEKTOD;

b —3cyB.

3 PpO3BUTKOM [IHOOKOTO HAaBYaHHSA 3 SBWIKMCS OUIbII TMOTY>KHI METOAU
kiacudikari TeKCTy, 1Mo BPaXOBYIOTh KOHTEKCT Ta CEMaHTHYHI 3B’ SI3KH MK CIIOBAMH.

RNN 00p0o06sit0Th TEKCT SIK MOCTIA0OBHICTb, JI€ BUX1Jl TIOTOYHOTO KPOKY 3aJICKUTh

BiJl oniepeAHboro ctany. OCHOBHE PIBHSHHS BUIVISAIAE TaK:

ht = O-(Whht—l + ]/Vxxt + b), (15)

ne h; — npuxoBaHMii CTaH Ha KPOIl f;

X¢ — BX1IHUWA BEKTOP;

W, W, — Baru;

b —3cys.

[Tpob6nema RNN — 3aTyxaHHS Tpai€HTIB IIPU 0OPOOITl JOBTHX MOCITITOBHOCTEH.

3ropTKOBI HEWPOHHI MeEpexi, fAKI CIoYaTKy Oynmm po3poOsieHi aiisi 0O0poOKH
300pa’keHb, YCIIIIHO 3aCTOCOBYIOTHCS IS TEKCTOBOI Kiacudikaiii. BoHn MoxyTh
BUSIBIISITU JIOKAJIbHI 3aJI€KHOCT1 Y TEKCTI 3aB/ISIKA 3TOPTKOBUM (LIIBTPAM.

15



Hexait x — BXiAHUM TEKCT, TO/1 BUX1J 3rOPTKOBOTO 1IaApy:

hi = f(W*Xj.46—1 + D), (1.6)

ne f— HeniH1iHA (QyHKIIS;

W — 3TOPTKOBHUI (PUIBTP pO3MIPOM £,

b —3cyB.

3ropTkoBa Mepeka CKIATAETHCS 3 TPHOX OCHOBHHX €TalliB:

1. 3roptka (Convolution): BusiBieHHs JTOKaIbHUX O3HAK.

2. ITyminr (Pooling): 3MeHIIeHHS PO3MIPHOCTI.

Knacudikaris: BuxigHi 03HaKW 1OIAI0THCS 10 TIOBHO3B SI3HOTO II1apy.

CNN neMOHCTpYIOTh Kpallly MpoayKTHBHICTBH, HDK SVM Ta Naive Bayes, npu
poOOTi 3 BETUKMMH TEKCTOBHUMH HaOOpaMU 3aBISIKW 3aTHOCTI aBTOMarHYHO BUSBIISATH
3HAYYIL1 NaTePHH.

[TopiBHSIHHS MiAXOAIB MOKAa3ye, IO 3rOPTKOBI HEHPOHHI MEPEXi MalTh HU3KY
nepesar JUIs 3a/1a4 Kiiacu(ikaii TEKCTIB:

1. Bucoka eheKTUBHICTh Y BUSBICHHI JIOKAJIbHUX TIATCPHIB.

2. Kpama macmraboBanicTh mopiBHIHO 3 RNN.

3. llIBuakicTh HaBYAHHS Ta iH(EPEHCY.

3 omsiAy Ha 1l TiepeBaru, y Mojajblniil peanizaiii cucteMu Oyle BUKOPUCTaHA
apxitektypa CNN, OCKUIbKM BOHa OINTUMAJIBHO TOEIHYE TOYHICTh Kiacu@ikarrii,
MIBUAKICTH OOPOOKH Ta MOKIIUBICTH PO3LIUPEHHS ISl POOOTH 3 BEIMKUMU TEKCTOBUMU

KOpIycamu.

1.4 ITocranoBka 3amaui

VY cydacHOMy iH(pOpMAIIHHOMY CyCHIIBCTBI, 16 HOBHHH, KOMEHTAp1 Ta aHAIITUYH1
MaTepiaid TONIMPIOIOTECS 3 BEIUKOI IIBUAKICTIO, €MOIIHE 3a0apBIICHHS TEKCTY
CYTTE€BO BIUIMBAE Ha CHPUUHATTSA 1H(MOpMarii Ta (HOpMyBaHHS CYCHUIBHOT JIyMKH.

3Bakaroun Ha MacmTad riOpuaIHOI BiliHH, sika BeaeThes: Pociero npotu Ykpainu, aHanis
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TOHAJIBHOCTI MyOIiKalii Ha0yBae OCOOJMBOIO 3HAYEHHS K 1HCTPYMEHT BUSIBJICHHS
nesiadopmariii, iHGopMaIiitHOTo BIUTMBY Ta MPOIATaH/IH.

[TyGmikarii 3 emMoIiifHO 3a0apBICHUM 3MICTOM 3/1aTHI BUKJIMKATH CUJIBHI PEaKIIii y
YUTayiB, CTUMYJIIOBATH MOIIUPEHHS KOHTEHTY, (OopMyBaTu ab0 3MIHIOBATH CTaBJICHHS J10
NEBHUX TMOAIN, mepcoH uyu KpaiH. CaMme TOMy BaXKJIMBO MaTH IHCTPYMEHTH, K1
J03BOJISIIOTh ABTOMAaTUYHO BM3HAYaTH TOHAJIbHICTh TEKCTIB Y BEJIMKOMY MAaCHBI JIaHUX,
30Kpema y mejia.

OkpeMy CKIAJIHICTh CTaHOBUTH PoOOTa 3 0OaraTOMOBHUMHM JIKEpPEJIaMH, aJ[Ke
3HaYHa YacTUHA iH(OopMallii, 110 BIUTMBAE HA IMIIK YKpaiHU, MyOIiKy€eThCs aHITIHCHKOIO
ad0 IHIIMMHU MOBaMH. Y 3B’A3Ky 3 ILMM BHHUKAE MOTpeda y MONEPEIHbOMY
aBTOMAaTU30BaHOMY TMEPEKJIaal TEKCTy Ta MOro ajanramii g0 MOAANbIIOi 00poOKu
YKPalHCHKOIO MOBOIO.

Kpim Toro, aHai3 TEKCTIB Ma€ BpaxOByBaTH HE JIMIIIE 3arajbHy TOHAJIBHICTD, a U
cnenu@iky TeMaTUYHUX pyOpHK, 10 AKUX HayexaTh myomikamii. Lle qo3Bonse mubie
OIIHUTH 1HGOPMAIIIMHUIA BIUIMB y KOHKPETHUX cdepax, Takux SK BiHCbKOBE
KEPIBHUIITBO, IMIJI)K KpaiHU 32 KOPJAOHOM, JISJIbHICTh JIEP>KaBHUX 1HCTUTYIIHN TOIIIO.

AKTYaJIbHICTh  JJAHOTO JOCIIDKCHHSI 3yMOBJIEHa TOTpebor0 y TMoOyIoBi
KOMIUIEKCHOTO MIJIX0AY, KU MOEJAHY€E CYy4acHI TEXHOJIOTIT MAIMHHOTO MEepeKamy,
METOJM MAIIMHHOIO HaBYaHHS, ITIMOOKI HEMPOHHI MEPEXKl, a TAKOXK THYUYK] CIIOBHUKOBI
MOy, 37aTHI aJaNTyBaTUCS 10 3MIH MOBHOTO CepefoBHUIa. Takuil miaxia Moxe OyTH
3aCTOCOBAaHUH y pi3HUX cepax — BiJ KYPHATICTUKH 10 KiOepOe3meKH.

Y Mexax gochmimkeHHs Oyao oO0paHO TiOpUIHWN TMiAXiA 10 BHU3HAYCHHS
eMOIIIITHOTO 3a0apBJiCHHS TEKCTIB, SIKUHA TOEJHYE TEpeBaru CIOBHUKOBHX METOJIB,
METOJ[IB KJIACMYHOTO MAIIMHHOTO HaBYaHHS Ta HEHpOMEpEeKeBUX apXITeKTyp. Takuit
BUOIp 3yMOBJICHHI MOTPe0OI0 y THYYKOMY Ta MacImITabOBaHOMY PIIlICHHI, 31aTHOMY
e(eKTHBHO 0OpOOIATH BEIUKI 00CITH OaraTOMOBHHMX TEKCTOBUX JIAHUX 13 BpaXyBaHHSIM
TEMaTUIHOTO KOHTEKCTY.

Bubip HeilponHux wmepex, 30kpema CNN, MOSCHIOETbCA iX BHCOKOIO
MPOAYKTUBHICTIO MpPU POOOTI 3 BEIUKUMH KOPIIyCAMH TEKCTIB, a TaKOX 3AaTHICTIO

ABTOMAaTUYHO BUSIBIIATH JIOKaJIbHI NaTepHU. J[0AaTKOBO BIPOBAKEHO aJITOPUTM 1HBEPCIT
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TOHAJIBHOCTI JJI1 KOHTEHTY 3 BOPOXKUX JHKEpel, 10 MIABUIIYE TOYHICTh 1HTEpIIpeTalii
€MOLIIHOTO 3MICTY.

Metoro pobotu € po3poOka Ta peaiizaiis IHTEIEKTYaJdbHOTO MOMYNS s
aBTOMAaTH30BAaHOTO aHaJli3y TOHAJBHOCTI MyOJiKaIlii 32 TEeMaTHYHUMU PyOpUKaMU, SIKUN
MOETHY € TIepeKIIal, 00poOKy TEKCTIB, MallIMHHE HABUYAHHS Ta Bi3yalli3allilo Pe3yJIbTaTiB.

3aBnaHHA J1OCIIKEHHS

1. [IpoBectu aHami3 npeaMeTHOI 001acTi, 30KpeMa BIUIUBY TOHAJIBHOCTI TEKCTY Ha
COPUUHATTS 1HPOpMAIIii.

2. Jlocniautu cydacHi MIAXOAW 1O aHalli3y TOHAJIBHOCTI TEKCTIB Ta METOAM iX
peaiizarii.

3. Po3pobutu anroputMu MOMEpPEAHbOI OOpOOKM Ta mMepeKiaay TEKCTIiB
myOTiKaIii.

4. PeanizyBaru Ki1acuQikaiiiro TEKCTy 32 TOHAIBHICTIO 3 BUKOPUCTAHHSAM MOJIENIEH
MAaIIMHHOTO HABYaHHSI.

5. IloOynyBaTu MOAY/Ib IHTEPIPETAILIil pe3y/IbTaTIB 32 TEMAaTUYHUMU PyOpUKaMU Ta
PO3paxyHKOM 1HJIEKCY TOHAIBHOCTI.

6. CtBoputu BeO-1HTEep(eic A BBEIACHHS, aHali3y Ta peJaryBaHHsS TEKCTIB 1

CJIOBHHKIB.
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2 AJITOPUTMIMHE 3ABE3ITEYEHHA MO VYIIA

2.1 Aaroputm 300py Ta MiATOTOBKH TEKCTOBUX JTAHUX

EdexTuBHICTh aHaIi3y TOHAJIBHOCTI TEKCTY 3HAYHOIO MIPOIO 3aJICKHUTh BT SKOCTI
BX1JHUX JaHUX, 1[0 BUKOPUCTOBYIOTHCSA JUIsl HABYAHHS Ta TECTYBaHHs Mojeneil. Tomy Ha
erari 300py ¥ TMIATOTOBKM TEKCTOBOi 1H(oOpmalii BaXIWBO 3a0e3meuuTd i
CTPYKTYpPOBaHICTb, PEJIEBAHTHICTh 1 YUCTOTY. Y LBbOMY MIAPO311 PO3MISHYTO KIIOYOBI
JpKepesna OTpUMaHHS TEKCTOBUX JaHUX, a TaKOX OCHOBHI €TamM iXHbOI OOpOOKH:
OYMILICHHS BiJI IIIyMIB, TOKEHI3alisl, PUIBTpaLis CTOI-CIIB, IEMaTU3allisd Ta HOpMaJli3alis.
HaBenena cxema (pucynok 2.1) 1 Qopmamizaiiisi KOXXKHOTO e€Tany JI€MOHCTPYIOTh

MOCIIIOBHICTh TIEPETBOPEHHS CUPUX TEKCTIB Y CTaHAAPTU30BaHy (opMy, MpUIATHY IS

ITO/TAJIBIIIOTO AHAITI3Y.

A - I

OTpemass Texcry NavManass ety

IBuganewa 2308 Cavaonia

Hopamanisaun rexcr)
i3 TeXCTY P . e

Toresizauin TexcTy BexTopuiayin Tescry

T o

Pucynok 2.1 — Cxema anroputmy 300py Ta MiATOTOBKU TEKCTOBUX JAHUX
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30ip 1 MIArOTOBKAa TEKCTOBUX [JI@HUX € BaXKJIUMBUM €TaloM Yy TIpoIiiect
aBTOMATH30BaHOI KiacHudikarmii TEKCTIB 3a TOHAIBHICTIO. SKICTh BUXITHUX JTaHUX
0e31mocepeIHhO BITUBAE HA TOYHICTH 1 MPOAYKTUBHICTH MOJIE MAIIMHHOTO HAaBYAHHS.
Ha mpomy erami BinOyBaeThcs 30MpaHHsA TEKCTOBOI 1HGOpMaIlii 3 pi3HUX JpKepen, ii
OYMIIICHHS BiJl 3aBUX €JIEMEHTIB, HOpMali3allis Ta MPUBEICHHS 10 CTaHIapTU30BaHOTO
BUurIsiy. OCHOBHA MeTa MiJITOTOBKU TEKCTY — 3a0€3MEeUUTH TOYHICTh aHaJl13y, 3MEHIITUTH
BILIUB IITYMY Ta TOJICTIIUTH MOIAJIbIIC HaBYaHHS MOJICITI.

AJroput™M 300py Ta MiITOTOBKK TEKCTOBUX JAHUX BKJIIOYAE KIJTbKa MOCIIIOBHUX
€TariB: BUJIAJICHHsI 3alBUX CUMBOJIIB, TOKEHI3allisl, yCYHEHHS CTOM-CJIIB, JIEMaTU3aIlis Ta
HOpMaJi3alis TeKCTy. KoxeH 3 eTamniB Biirpae BaXKJIMBY poJib ¥ (POPMYBaHHI SKICHOTO
BXIJTHOTO CHTHAJY JIJIsl MOJIEN1 Kiaacudikarii.

30ip TEKCTOBUX JaHUX 3IIACHIOETHCS 13 3OBHINIHIX JOKEpEN, SKI MICTSATh
iH(bOopMaIIiro, HEOOXITHY JJI aHaJi3y TOHaIbHOCTI. OCHOBHI JpKepera BKII0YatOTh:

— CorianbHI Mepexi — JJIS OTPUMaHHS HECTPYKTYPOBAHMX TEKCTOBUX JaHUX,
BIJIT'YKiB 1 KOMEHTAapIB.

— HoBunsni mopranu — 115 300py TEKCTIB 13 opMaIbHUM CTUJIEM, IO MICTSATh
pi3H1 TOHAJIBHI BIJITIHKH.

— dopymu Ta 610TH — AJIA aHAMI3y TEKCTIB 13 HE(hOPMAIIBLHUM CTHIJIEM, SIK1 YaCTO
BKJIFOYAIOTh €MOIIIHE 3a0apBIIeHHS.

— IlyGmiuni TexcToBl Kopmycu — Hampukian, Sentiment140, IMDB, SST-2, mo
MICTSITh BEJTUKI OOCSATH aHOTOBAHUX JIAHUX.

Koxken 310paHuii TeKCcT 30epiraerbcs y cTaHAapTU3oBaHOMY dopmari s
MOJIAJIBIIIOT OOPOOKH.

3i0paHl TEKCTH 4YacCTO MICTATh 3aiiBy 1H(pOpMalil0, Ka HE Ma€ 3HAYEHHS s
aHa i3y TOHaJbHOCTI. TOMY Ba)KJIUBO 3/IIMCHUTU TXHE OUUILIEHHS JIJISl 3MEHILIECHHS [IIyMYy
Ta MABUIICHHS €EKTUBHOCTI pOOOTH AJITOPUTMY.

OcHOBHI eTany BUAAJICHHS HETOTPIOHOTO KOHTEHTY:

1. Bunanenns HTML-teriB — ycyHEHHS pPO3MITKH 3 BE€O-CTOPIHOK

2. ®inprpalis cremniaIbHUX CUMBOJIIB — BUKIIOYCHHS CUMBOJIIB, SIK1 HE BINTHBAIOTh
Ha 3MICT.
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3. BupanieHHs rinepnocuiianb Ta eJIeKTPOHHUX aapec — BugaineHHss URL-aapec ta
e-mail-aapec.

4. dinprparis 1yO0Ip0BaHUX TEKCTIB — BUKJIFOUEHHS 1ICHTHYHUX a00 JTy’Ke CXOKUX
TEKCTIB Il yHUKHEHHS TTOBTOPIOBAHOI 1H(pOopMaIlii.

q)OpMaJII)HO ueﬁ CTall MOXXHa OIIMCAaTH TaK:

T = ¢(T), (2.1)

e T — mo4aTKOBMI TEKCT,

¢ — QYHKIIIS OYMIICHHS,

T — ounIIeHUI TEKCT.

TokeHi3al1ist — 11€ Mponec po3OUTTsI TEKCTY Ha OKpeMi CKJIaJloBi (ciioBa, (hpazu abo
pPEUCHHS), sIKI HA3WBAIOTHCSI TOKEHaAMHU. BOoHa € 000B’SI3KOBUM €TaroM, OCKUTBKU MOJIE1
MaIlIMHHOTO HaBYAHHS IIPAIIOIOTh CaMe 3 TOKEHI30BaHUMHU TEKCTaMHU.

dopMalIbHO TOKEHI3alliF0 MOJKHA OIMHMCATH K (PYHKIIIFO:

T: T - {wy,wy, ...,wy,}, (2.2)

ne 7' — BX1JHHM TEKCT,

T — (yHKIIIA TOKEH13alll1,

W; — OTpUMaHI1 TOKEHHU.

Cromn-cnoBa — 1€ CJIOBa, SIKI HE HECYTh CMHUCJIOBOTO HaBaHTAXKECHHA. BuiydeHHs
TaKUX CJIB JO3BOJISI€ 3MEHIIUTH PO3MIp TEKCTy Ta MiJBUIIUTH SKICTh PO3Mi3HABAHHS
KITFOYOBHX €JIEMEHTIB.

Hexait S — MHOXXHHA CTOTI-CJIIB, TOJI BUJTAJICHHS OTTUCYETHCS SIK:

T"={weT:w ¢S}, (2.3)

ne T — BUXIJTHUH TEKCT,
T — TekcT 0€3 CTOI-CIIIB.

21



Jlemaru3anisi Ta CTEMIHT — 11€ IPOLIECH IPUBEICHHS CJIIB JI0 iXHBO1 0a30B0Oi opMu.
Jlemaruzariiisi BUKOPUCTOBYE JIGKCHUHY 0asy Il OTPUMAaHHS MPAaBUIBLHOI CIIOBHUKOBOI
dopmu. CTeMiHT BUKOHY€E OOpi3aHHs CJI0Ba J0 HOT0 OCHOBU O€3 BpaxXyBaHHS I'PaMaTHKH.

Jnst aHamizy TOHAJIBHOCTI 3a3BUYail BUKOPUCTOBYETHCS JIeMaTH3allisl, OCKUIBKH
BOHA 3a0€e3Ieuy€e BUIY TOYHICTb.

dopmarnizarris:

A:w - lemma(w), (2.4)

ne A — GyHKIis Jiemaru3aiiii,

W — CJIOBO,

lemma(w) — 6a3oBa popma.

Hopwmamizariis 3a6e3redye cranaapTU3alliio TEKCTy Ta BKJIFOYA€E TaKl Onepartli:

1. [TepeTBOpeHHS TEKCTY B HUXKHINA PETICTP:

2. BunpaBiieHHsI TOBTOPIOBAHUX JIITEP:

3. O0poOKa CKOpOYEHb.

TakuM unHOM, eTan 300py Ta MiATOTOBKH TEKCTOBHUX JIAHUX € KPUTHYHO BOKIUBUM
TSl TOOYI0OBY HAaA1MHOI cucTeMH Kilacu(ikanii 3a TOHAIBHICTIO. 3aBJSKH 3aCTOCYBAHHIO
MPOLICYp OYMINEHHS, TOKEHI3amii, (iapTpallii cTon-ciiB, JemMaru3alii Ta HopMai3arii
JIOCSITAEThCS 3HAYHE MMIJIBUILIEHHS SIKOCT1 TEKCTOBHX naHuX. Lle, y cBoro yepry, crpusie
MOKPAIICHHIO PE3yAbTATIB aHai3y, 3MEHIIICHHIO MOXHOOK Kiacudikaiii Ta 3ade3neuye
cTabUIbHYy pOOOTY MOJENIe MAaIIMHHOTO HaBYaHHS B YMOBax peaJlbHUX, YacTo

3allyYMJICHUX OaHHX.

2.2 ANroput™m nepexiaaay TeKCTY IMyOiKaIii

B ymoBax moOamnizaiii Ta momupeHHsa iHdopMaiii pi3HUMH MOBaMHU BaKIMBUM
3aBIaHHSAM CHUCTEM aBTOMATHM30BaHOI Kiacudikamii TEKCTIB 3a TOHAJIBHICTIO €
MOJKJIMBICTh OOPOOKHM 0araToMOBHOI'O KOHTEHTY. TEKCTH 3 PI3HUX JIKEPENT MOXKYTh OyTH

MPECTaBIeHI KiThbKOMa MOBaMH, IO YCKJIQJHIOE IXHIO OOpOOKY €IWHOI0 MOJEIUTIO
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MAIIMHHOTO HaBYaHHs. /{7 BUpIMIEHHS 1i€i MPOOIeMHU BUKOPUCTOBYETHCS AITOPUTM
aBTOMAaTHU30BaHOTO TEpeKady, SKUil 3a0e3neuye MpPUBEIECHHS TEKCTY A0 YHI(iKOBaHOI
MOBH, Ha SIKI{ TIpaIfioe MOJIeshb Kiacugikariii.

[lepexnan TEKCTy € BaXJIMBMM €TaloM, IO J03BOJISIE 30€pEerTH CMHUCIOBE
HaBaHTA)KCHHS, BPaXOBYBaTH KOHTEKCT Ta 3a0€3MEUUTH TOYHICTh MOAAIbIIOI 00pOOKU
TEKCTOBUX JaHUX. Y JaHOMYy HIAPO3AUIL pO3IISIIAETBCA CTPYKTypa alrOpUTMY
nepekiaay, Moro OCHOBHI €Tali Ta BUKOPUCTAHHS CYYaCHUX METO/AIB MAIIMHHOTO
nepexiamy.

OcCHOBHaA M€Ta AJITOPUTMY MEPEKIaay TEKCTIB MOJISITa€ y IEPETBOPEHH1 TEKCTOBUX
JAaHUX, HaNMCaHUX pPI3HUMU MOBAMH, Yy LUIbOBY MOBY (YKpaiHCBKY), IO
BUKOPUCTOBYETbCA ISl TOAANblIoi kiacugikamii (pucyHok 2.2). 3aBASKH IIbOMY
3a0€3Meuy€eThCsl MOXKIIUBICTh 3aCTOCYBaHHS €IUHOT MOl Kiacudikailii TEKCTIB,

HE3AJIEKHO Bl TOYATKOBOT MOBH.

MoqaToK

QTPUMEHHS TEKCTY

OTPUMaHIA TeKCT
KpPaIHCEKOH COBOHZ

MNepeknag TEKCTY
YEPRIHCEEOD

KiHelUs

Pucynok 2.2 — Cxema anroputMmy mepekiaay TeKCTy IMyOJiKaiii
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ANTOPUTM TIepeKIIaly TEKCTY BKIIFOUA€E TaKi OCHOBHI €Tallu:

1. BusiBIEeHHSI MOBH TEKCTY

2. Bubip mexaHi3My niepexiamgy

3. BukoHaHHS niepexiagy

KokeH 13 IMX eTamiB BHKOHYETHCS TOCHIJIOBHO, 3a0€3MeUyrodYr TOYHICTh Ta
e(DEeKTUBHICTH TIEpeKIIay.

[lepuiuM eTanom € aBTOMaTM4YHE BU3HAYEHHSI MOBU TEKCTY, OCKUIBKH BXIJIHI JaH1
MOXYTh OyTH OaraTOMOBHUMH. J[7 1IbOTO BHUKOPUCTOBYIOTHCS CTAaTHCTHYHI Ta
HEeUpOMEPEKEB1 TiIXOIH.

Hexait T = {w,,w,, ..., W,,} — TEKCT, IO CKIANA€TbCA 3 IOCIIIOBHOCTI CIIiB.
ANTOpPUTM BU3HAUYCHHS] MOBU TEKCTY 3aCHOBAHHI Ha aHaJIi31 YACTOTHUX XapaKTEPUCTHK 1
BUKOPHUCTAHHI MOJIeJieH, HaBYCHUX Ha OaraTOMOBHUX KOPITycax.

NIMOBIpHICTB TOTO, 110 TEKCT HAJICKUTh MIEBHIN MOBI L, pO3paXOBY€ThCS SIK:

P(LIT) = [Tiz, P(w;|L)P (L), (2.5)

ne P(L|T) — #iMOBipHICTB TOTO, 1110 TEKCT 1 HAJEKUTH MOBI L;

P(w;|L) — iiMOBIpHICTB ITOSBU CJIOBA W; Y TEKCTI Ha MOBi L;

P(L) — anpiopHa WMOBIpHICTH BUKOPHUCTAHHS MOBH L.

Jlnst peanizatiii anropuTMy Mepeksiary BUKOPUCTOBYIOTHCS 1Ba OCHOBHUX IMIXO/IU:

1. Craructnunuii mamuaaui nepexian (SMT — Statistical Machine Translation)
[ToGymoBa Momeni mepekiaay Ha OCHOBI CTaTUCTUYHUX BIMOBITHOCTEH MK CJIOBAMH Y
TEKCTax MapajeIbHUX KOPITYCiB.

2. Heitponnuit mammunuii nepeknan (NMT — Neural Machine Translation)
BuxopucTtanus rnOOKUX HEUPOHHHX MEPEXK, 30KpemMa TpaHC(HOPMEPHHUX apPXITEKTYp
(manpuknan, BERT, mBART, T5), mio BpaxoByHOTh KOHTEKCT Ta CHHTAKCHUYHI
3aJIEKHOCTI.

[lepexman 3AIACHIOETHCS NUIAXOM TOAA4Yi HOPMAaTi30BAaHOTO TEKCTY y MOJEIb

NMT. Hexait T — BxigHuit Tekct, M — Mojienb nepekiiany, Tomdi:
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T = M(T), (2.6)

ne T° — TeKCT UIITLOBOK MOBOIO.

Takum YUHOM, aJITOPUTM aBTOMATH30BAHOTO MIEPEKIIay TEKCTY BiJlirpa€e KIIIOYOBY
poJib y 3a0e31edeHH1 MOBHOI yHI(iKaIlii TaHUX JJIs TOJIbIIIOT TOHAIBHOT KiIacudikarii.
3acToCyBaHHS CydaCHUX TMIJIXOMiB, 30KpeMa HEWPOHHOTO MAIIMHHOTO TepeKiIany,
JI03BOJISIE HE JIMIIE 30epiraTd CEMaHTUKY BHUXITHOTO TEKCTY, ajieé M JocsIraT BHCOKOi
TOYHOCTI TIpU 0OpOOI Benukux o0csTiB OararomoBHOi iHGopMmarii. Ile mae 3mory
BUKOPUCTOBYBATU €IWHY MOJENb Kiacu]ikalii He3aJeKHO BiJl MOBU OpHTiHAIY, IIO

3HAYHO MiJIBUIIy€ MAacIITA00BaHICTh Ta YHIBEPCAIBHICTh CUCTEMHU aHaNi3y TEKCTIB.

2.3 Aaroputm kiacudikalii TEKCTy 32 TOHAIbHICTIO

AnroputM kinacudikarii Texcry (pucyHok 2.3) 3a TOHAJIBHICTIO € LEHTPaIbHUM
€JIEMEHTOM MOJYJII aBTOMATH30BAaHOTO aHaJI3y €MOIIIHOro 3a0apBJieHHS TEKCTOBUX
naHuX. Mloro oCHOBHe 3aBJaHHS NOJATAE y BH3HAYCHHI eMOLIHHOT IOMAPHOCTI TEKCTY
(MO3UTUBHOI, HEraTUBHOI YW HEWUTpaJIbHOi) Ha TMiACTaBl HOro BEKTOPHOTO
npeacTtaBieHHs. [l JOCSATHEHHS 1€ METM BUKOPHCTOBYIOTBCS PI3HOMAHITHI
ANITOPUTMH MAITUHHOTO Ta TJIMOOKOTO HABYAHHSI, BUOIP SKUX 3QJICKUTH Bij crienudiku
BXIJTHUX JIaHUX, BUMOT JI0 TOYHOCTI Kiiacudikailii Ta 009nCIOBaAIBHIX PECYPCIB.

VY cydacHUX cHCTeMax aHali3y TOHAIBHOCTI TEKCTIB 3aCTOCOBYIOTHCS TPH OCHOBHI
MIIXOAW: METOAU, 1o 0a3yloThCs Ha JIGKCHYHUX IIpaBWIAX, KIJIACHUYHI alrOpUTMU
MaITMHHOTO HaBYaHHS Ta IIIMOO0KI HeHpoHH1 Mepeki. KojkeH 13 uX MMiJIX0/1iB Mae sIK CBOi
nepeBaru, Tak 1 OOMEXEHHs, 110 BIUIMBAIOTh Ha €(EKTUBHICTh PO3B’SA3aHHA 3a7adl Y
KOHKPETHUX YMOBAaX.

Jlekcu4H1 METOJM aHaji3y TOHAJIBHOCTI TEKCTY I'PYHTYIOThCS Ha BUKOPHUCTAHHI
MONEPETHBO CKJIaJCHUX CIOBHHKIB, Y IKMX KOXXHOMY CJIOBY a00 (hpa3i BIIIIOBIJAE TIEBHE
eMolliiiHe 3Ha4eHHs (MO3UTUBHE, HeraruBHE abo HeutpanbHe). Ilpouec knacudikaiii
3MIACHIOETHCS NUISIXOM MIAPAXyHKY TOHAJIbHUX 1HJEKCIB, 1[0 JO03BOJISIE BU3HAYUTH

JIOMIHYIOY€E €MOIIiiTHe 3a0apBIICHHS TEKCTY.
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MoyaTtok

Bubip mogeni knacwdikauii

Mepenadya TEECTY ¥ MOZent
KNacHEikaLi

BW2HaYeHHR TOHANEHOCTI
TEKCTY

BWEEMEHHA Pe3yNETATY
KNACHDikaLLIT

KiHeus
Pucynok 2.3 — Cxema anroputmy kiacuikaiii TEKCTy 32 TOHAJIbHICTIO
Hexaii T = {w;, W, ..., W, } — TEKCT, IO CKIIQJA€ThCA 3 71 CIIiB, a S — HaOip CIIiB 3i

CJIOBHUKA, JIe KO)KHOMY CJIOBY W BIJIIOBiJIa€ TOHAJBLHUM KOe]iIieHT s(W). TOHATBHICTH

TEKCTY OOUUCITIOETHCA 32 (OPMYJIOH0:

S(T) = ?:1 s(wy), (2.7)

ne s(w;) — 3HaYeHHs TOHAIBLHOCTI I-TO CI0BA.
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MeToau MallMHHOTO HaBYaHHs 0a3ylOThbCsl HAa MOOYIOBI CTATUCTUYHUX MOJETEH,
SK1 HABYAIOTHCS HAa aHOTOBAaHMX TEKCTOBHX JAHUX, /1€ KOXKHOMY TEKCTy IOIEPEIHBO
IIPUCBOEHO BIAMOBIIHUM KjIac TOHAIBHOCTI. HaBuaHHS 3MIMCHIOETHCS IUISIXOM TIOIIYKY
3aKOHOMIPHOCTEHW y BEKTOPU30BAaHOMY TMPEJCTABICHHI TEKCTIB, IO JO3BOJISIE MOJENI
poOutu nependavyeHHs JIJIsi HOBUX JTaHUX.

OCHOBHI1 aITOPUTMHU KJIACHYHOTO MAIIMHHOTO HABYAHHSI:

— HaiBauii GalieciBchkuii kimacudikarop (Naive Bayes, NB) — anropurm, 1o
0a3yeThCs Ha 3aCTOCYBaHHI TeopeMu baiieca 3 pUITyIeHHIM He3aleKHOCTI 03HaK. Jliis
TEKCTOBOI KJacu@ikalii BiH JEMOHCTPYE BHUCOKY IIBUIKICTb Ta €(QEKTUBHICTh Ha
HEBEJIMKHUX 00csATax JaHHX.

— Meron onopuux BekTopiB (SVM) — anropurm, 1o CTBOPIOE TNEPIUIONINHY Y
MPOCTOP1 O3HAK, SIKA MAaKCUMI3ye BiJCTaHb MDK KiacamMu. SVM poOpe mnpaimoe y
BUIIAJIKaxX, KOJIM JIaHI MalOTh BUCOKY PO3MIPHICTb, II0 POOUTH MOr0 €(PEKTUBHHUM IS
TEKCTOBOT KIacudikarii.

— Jepesa pimiens Ta Random Forest — ancamOneBi MeToau, siki OyayroTh KijbKa
HE3aJIe)KHUX JIEpeB pIlIeHb Ta KOMOIHYIOTH iXHI mependadeHHs. BoHHM MOXyTb
MPALOBATH 3 BETUKUMHU 00CSITaMu TEKCTOBHUX JIaHUX, POTE CXWJIbHI 10 NIEpeHaBYaHHS,
SIKIIIO HE 3aCTOCOBYBATH CIICIiaIbHI METOIM peTy/Ispr3aliii.

[muOoKi HENPOHHI MEPEX1 € CydaCHUM MIAXOA0M J0 aHaTi3y TOHAIBHOCTI TEKCTIB,
OCKUIBKM BOHH 3/IaTHI BpPaxOBYBaTH CKJIaJHI HEJIHINHI 3aJIe)KHOCTI MIXK CIIOBaMH Ta
pO3MMi3HABaTU KOHTEKCT Y TEKCTi. 3aBIsSKHA OararomapoBiid CTPYKTypl Taki Mepexi
BUSIBJISIIOTH SIK JIOKAJIbHI, TaK 1 IMI0OAJIbHI 3B’ SI3KH Y TEKCTI.

Halinommpenimni apXiTeKTypHu NNIMOOKUX HEMPOHHUX MEPEK:

— LSTM (Long Short-Term Memory) — TUI peKypeHTHOT HEMPOHHOI MEpEXi, 110
30epirae iH(oOpMalil0 TPO MOMEPEHI CI0Ba y TEKCTI, IO JIO3BOJIIE BPAaXOBYBATH
JIOBIOTPHUBAJIL 3aJI€AKHOCTI.

— CNN (Convolutional Neural Networks) — 3ropTkoBi HEHpOHHI Mepexi, SKi
no0pe TpalioTh 13 KOPOTKMMHU TEKCTaMM, BHJIUIAIOYM KIIOYOBI O3HaKu. BoHu
edekTuBHI Ui KiIacu(ikanli BENIMKUX TEKCTOBUX KOPIYCIB 13 MIHIMAJIbHUMHU
00OUHNCITIOBAIbBHUMH BUTPATaMHU.
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— BERT (Bidirectional Encoder Representations from Transformers) —
TpaHc(hopMepHa MOZEIIb, 1110 aHAJI3y€E TEKCT y ABOX HaNpsIMKax (3711Ba HAaIlpaBo Ta ClpaBa
HAJIBO), 1110 I03BOJISIE OTPUMATH HAHOUIBII TOUHE YSABICHHS MPO KOHTEKCT.

Anroput™m Kiacudikamii TEKCTy 32 TOHAIBHICTIO € KIIOUOBUM KOMIIOHEHTOM
CUCTEMHU aHajli3y eMOIIHHOTO 3a0apBIEHHS, OCKUIBKM CaMe BiH BU3HAYa€ 3MICTOBHY
MOJIIPHICTh TEKCTOBHX IOB1IOMJIEHb. BUKOpHUCTaHHS PI3HUX IMTIXO/IB — BiJl JISKCHIHUX
METO/IIB JI0 CyYaCHHUX MNIMOOKUX HEUPOHHUX MEPEK — J03BOJISIE aJalITyBaTU CUCTEMY J10
PI3HHUX THIIB JaHUX Ta BUMOI JO TOYHOCTI. HallOuibIl MepcneKTUBHUMH y Cy4YaCHHUX
YMOBAax € MOjieJli Ha OCHOBI1 TpaHchopmepiB, 30kpema BERT, siki 3a0e3neuytoTh BUCOKY
TOYHICTD 332 PaXyHOK ypaxyBaHHs KOHTEKCTY Ta CKJIAJHHX 3aJIeKHOCTEH y TeKCTi. Takum
YUHOM, IIPaBWJIBHUI BUOIp aJIrOPUTMY Kiacudikalii Ta WOoro ajganrtaumis A0 cneuupiku

3a/1a4i € 3amopykoro e(heKTUBHOT pOOOTH BCi€l CHCTEMH.

2.4 MeTpuKH OIIHKM TOYHOCTI Ta ONTHUMI3aIlii Moaei

Or1iHKa MPOYKTUBHOCTI MOJIe1 Kiacuikallii TEKCTIB 3a TOHAIBHICTIO € KPUTHYHO
BOXJIMBUM eTanoM ii po3poOku. BukopucTaHHS BIAMOBIAHMX METPUK JI03BOJISIE
00’€KTUBHO BU3HAYUTH SKICTh POOOTH aJrOpPUTMY, MOPIBHATH pI3HI MOJEIl Ta
ONTHUMI3yBaTH rinepnapaMmeTpu JUisl TOCATHEHHSI MAKCUMaJIbHOT €()eKTUBHOCTI. Y LIbOMY
PO3/UI1 PO3MISAAAIOTHCS OCHOBHI METPUKHU OIIHKU KJIAaCU(PIKAIIHHUX MOJEINICH, a TaKoX
METO/M ONTHUMI3allil, 1[0 BAKOPUCTOBYIOTHCS JJIsI MIABUIIEHHS IXHbOI MPOAYKTUBHOCTI.

OckinpKy 3amada Kiacudikaiii TEKCTIB 3a TOHAJIBHICTIO € 0ararokiIacoBOIO
(Mo3UTHBHA, HETATHUBHA, HEUTpaTbHA TOHAIBHICTH), OCHOBHUMH METPUKAMU 11 OI[IHKH €
accuracy, precision, recall, F1-score.

TouyHicTh MOJENI BU3HAYA€ YACTKy MPABWIBHO KIACH(PIKOBAHMX TEKCTIB Cepell

3araJibHO1 KIJILKOCTI Mepe10adyeHb:

TP+TN
TP+TN+FP+FN'’

Accuracy = (2.8)

ne TP — KUTbKICTh MPaBUIILHO KIACU(pIKOBAHUX MMO3UTUBHUX MPUKIIAIIB;
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TN — KUIbKICTh PABUIIBHO KJIACU(PIKOBAHUX HETaTUBHUX MPUKIIA/IIB;

FP — kinbKicTh HEMPABWIBHO KJIACU(DIKOBAHUX TTO3UTUBHUX TIPUKIIA/IIB;

FN — KibKiCTh HEMPABUIBHO KJIACH(DIKOBAHUX HETAaTUBHUX MIPUKIIA/IIB.

[Ipote 11st HEPIBHOMIPHO PO3MOITICHUX JIAHUX accuracy Moxke OyTH HEIOCTaTHhO
1HGOPMATUBHOIO METPHUKOIO, OCKUIBKM MOJIeJhb MOXKE MaTh BHUCOKHUH BiJICOTOK
PaBUILHUX Tepe0aueHb 3aB/sIKU TIepeBa3i OJTHOTO KJIacy, IrHOPYIOYH 1HIII.

Precision BHM3Hauae, sika 4acTka mependadyeHuX MO3UTHBHUX KIJAaciB € J1HCHO

IIO3UTUBHUMMU:

TP
TP+FP'

Precision = (2.9)

Bucoke 3HaueHHs precision 03Ha4ae, M0 MOAEIb PiIKO POOUTh XUOHOMO3UTHUBHI
nepeadadeHHs, 10 0OCOOIMBO BaYKIJIMBO y BHITAIKaX, KOJIM IIOMIJIKOBE BiTHECCHHS TEKCTY
710 TIEBHOTO KJIaCy MOX€ MaTH HEraTUBHI HACIIJIKH.

Recall Bumiproe, CKUIBKM peaJbHUX MO3UTUBHHUX KJIAaciB MOJEIb 3MOIVa

MIPaBUIIBHO MEepeA0aYnTH:

TP

Recall = ——,
TP+FN

(2.10)

[{ss meTpuka € OCOOJMBO BaXKJIMBOK Y BHUMAJKaX, KOJW KPUTHUYHO HEOOXITHO
3HAWTH BC1 3pa3Ku MEBHOTO KJIaCy, HABITh SKIO MPHU IIbOMY BUHUKAIOTh XUOHOTIO3UTHBHI1
nepenoadeHHs.

Ockinpku  precision 1 recall 3HaxoAsThCs y KOMIIPOMICHUX BIIHOCHHAX,

BUKOPUCTOBY€EThCs F1-Mipa — rapMoHiiiHe cepeaHe UX ABOX METPHK:

Fl=2x PresicionXRecall (2.11)

Precision+Recall’
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Bucoke 3nauenHs Fl-score Bka3zye Ha OamaHc Mmix precision Ta recall, mo e
BAXJIMBUM JUIsl Kiacu(ikamiiHux 3aaad, 7€ OJHA METPUKAa MOXE OyTH HEIOCTaTHBO
pPEenpe3eHTaTUBHOIO.

3acTocyBaHHSI pEJIEBAHTHUX METPUK OIIHKKM € HEOOXIHOI YMOBOIO s
00’€KTMBHOTO aHaji3y SKOCTI KiacudikaiiiHoi Mojeni, ocoOIMBO B 3ajaadax
OararoksiacoBoi kiacuikariii, TaKMX K aHaJ13 TOHAILHOCTI TEKCTIB. METPHUKH TOYHOCTI,
MOBHOTH, TOYHOCTI TO3WUTHUBHOTO Kjacy (precision), a Takox iHTerpajibHa F1-mipa
JO3BOJISIIOTh BUSIBUTH CWJIBHI Ta CJIa0Ki CTOPOHM MOJEIl B YMOBax Pi3HOMAHITHOTO
po3noauty KjiaciB. BogHouac 11 METPUKU € OpIEHTUpPAMH JIsl TOAAIBIIOI ONTUMI3AIl]
MOJIeNl, 30KpeMa HUISIXOM HalalllTyBaHHs TilleprnapaMmeTpiB Ta BUOOPY BiAMOBIIHOTO
anroput™my. IlpaBunpHa I1HTEpHpeTallisi pe3yJIbTaTiB METPUK CIPHUSE MiABUILEHHIO

eexTHBHOCTI MoJieN Ta 11 ajganTallii 10 KOHKPETHUX MPUKIIATHAX 3a/1a4.

2.5 Merox TOHANBLHOCTI TEKCTy [JIi BH3HAYCHHS EMOIIIMHOTO 3a0apBiCHHS

nyOTiKaIiii 3a TeMaTHYHUMHU PYOPUKaMU

Ha pucynky 2.4 mnpeacTaBieHO METOJ BHU3HAYEHHS €MOLIMHOro 3a0apBlieHHS
TEKCTOBUX IyOJIIKaIlii, IO peali3y€eTbCs Y KUIbKa MOCTHioBHUX eTamiB. Lleit anroputm
J03BOJISIE  AHAJII3YBAaTH KOHTEHT, OIMYyOJIKOBAaHMN PIZHUMH MOBAMH, aBTOMAaTUYHO
NEPEKIaAaloud HOro yKpaiHChKOIO Ta 3A1MCHIOIOYM TEMaTH4HY KJacu(ikaliio,
CIIOBHMKOBHI aHaji3 1 PO3PaxXyHOK IHJEKCY TOHAJIbHOCTI. Takwii mimxin 3ade3medye
YHIBEPCAJBHICTh 1 MAaCIITA0OBAHICTh CHCTEMH aHaji3y, JO3BOJISIIOUM aIaNTyBaTH ii 0
IIMPOKOTO CIEKTPY JKEPEI 1 TEMAaTHUYHUX PYOPUK.

Jlani npeacTaBiaeHO KPOKH 3alpONOHOBAHOTO METOY:

Kpoxk 1. ABTomMaTu3oBaHMil nepekiiall TEKCTY Ha YKPAiHCHKY MOBY.

1.1. Buznauenns MoBu opuriHaibHoro tekcty: Hexait T — BxigHuii Tekct. 3a
nonomororo gyHkiii f (peanizoBanoi, Hanpukiaz, 010morexoro langdetect) BusHauaeThCS

MOBa TEKCTY:

L=f(t) (2.12)
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ne L — mMoBHuit kox (Hanpukiafa, "en" st anrmicekoi, "uk" miis ykpaiHChKO1).

Axmo L = L,, (ne L,, — ykpaiHcbka MOBa), €Tarn nepekiiay MoKHa MPOIMyCTHTH.

Y

[ Bxiguumii texker T

2
Buznauenns moru (L = 1f(T)) ]

i CLALm ’
[ Po30UTTS TEKCTY Ha (PparMeHTH J [ TekeT BiKe YKpaiHCBKOKO

|

[Mepeknan ¢pparmentis (T _i*U=g(T i,L,L U)) J

|

[ O0'eiHanns nepeknaaeHux Gpparmentis (T~ U) J

/

\,

Y

{l’louepe;um 00pobka (HopMai3aLis, OUUILEeHHS, TOKEeHI3aLis) ]

A

Temaruuua knacudikauis (ML-mozens) ‘

Y

[ CJIOBHHKOBUI aHaIN3 (BH'jHaLICHHS{ MNO3HTHUBHHX, HCI'ATHBHHX 1 HCﬁTpaﬂbHMX Cﬂ].B) ‘

¥

t P, N, Q - miapaxyHOK KUIbKOCTI CIIiB J

¥

[ T=((P-N)/(P+N +Q)) * 100

I

(luepcis norpi6ua?)

l Tax

s ™

T final=(1 - Linv) * T+ 1 inv * (-T)

/

[Bi3yani3auia pe3yNbTaTiB

/

Pucynok 2.4 — Cxema MeTO/ly TOHAIBHOCTI TEKCTY JUIsl BU3HAUYECHHS €MOIIHOTO

3a0apBieHHs MyOmiKalii 3a TeMaTHYHUMU pyOpUKaMU
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1.2. Po36uTTs TekcTy Ha pparmenTu: ko L # Ly abo TEKCT Ma€ HaITO BETUKUAN

obcsr, T po3dbuBaeThest Ha n PparMeHTiB:

T = {T,Ty ..., Ty} (2.13)

[Tpu nboMy a1t KO>kHOTO T; Ma€ BUKOHYBATHUCS:

length(Ti) < Llimitr (214)

ne Ljymit — MakcumajbHa JOMycTHMa JOBXKHUHA (pparmeHTa (Hampukian, 5000
cumBOITiB). Po30uTTS mpoBOAMTHCS 3a ab3amamu abo0 peYeHHSMU IS 30€peKeHHS
KOHTEKCTY.

1.3. Tlepeknan koxxHOTO (hparmeHTa: s KoxkHOTO (pparmMeHTa T; 3aCTOCOBYETHCS

(GyHKLIS nepexiany g, sika NEPETBOPIOE TEKCT 3 MOBH L Ha IIIbOBY MOBY L,,:

TiU = g(Ti,L,LU), (215)

1.4. O6’ennanns nepexiaaeHux pparmMentis: [licis nepeknany BCix n pparMeHTIiB

OTpUMAaH1 YaCTUHU 30MPAIOTHCS B €JUHUI TEKCT:

TV = UL, TV (2.16)

Pe3ynerarom € yHI(IKOBaHMH TEKCT YKPaiHCHKOIO, TOTOBUM MJIA MOAQIBIIOL
00poOKHM Ta aHaI3Yy.

Kpok 2. Ilonepenus o0poOka, TeMaTu4Ha Kjiacuikaiis Ta CJIOBHUKOBUIA aHAMI3.
JleTanbHilie 1eil KpoK NpeACTaBICHUN y JocaikeHHs [29].

2.1. ITonrepeaus 06po6ka [30-31]:

—Hopmaniszanis Ta ounmienHs orpumanoro tekety TU Bin 3aiiBUX cUMBOJIIB

—ToxkeHi3alist TEKCTY 13 BUJAJICHHSAM CTOI-CITIB

2.2. TemarnyHa Kinacudikailis Ta CJIOBHUKOBUN aHAMTI3:
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TekcT kmacudikyeTbcs 3a TEMaTUYHUMH pyOpHKaMu 3a JonoMmororo ML-monenei,
10 BUJIAOTH PO3TOALT KMOBIPHOCTEH JJIST KOXKHOT KaTeropii.

ToxeHizairisi TEKCTY 13 BUAAJICHHSIM CTOI-CIIB

dopMyeThCsl CIIOBHUK JIJIsl BU3HAYEHOT pyOPUKH, KU CKIAAA€ThCS 3 TO3UTUBHUX

(Dpos), HeratuBHUX (D, g) Ta HeUTpanbHUX (Dy ey ) CITIB

J171s1 KOOKHOTO TOKeHa W BU3HAYAETHCS (DYHKITISI EMOI[IHHOTO 3HAUCHHS

+1, akmo w € Dpgg;
d(w) = —1,aKmo w € Dpegy; (2.17)
0,akmo w € D, . 200 iHIIIE.

Kpok 3. Po3paxyHOok 1HIEKCY TOHAJIBHOCTI Ta BIIOOpaKEHHS pE3yJIbTaTIB.
JleTanpHimIe e KpoK MpeACTaBICHUN Y JOCTIKeHHS [29].

3.1. OGuucnenns iHaekcy ToHanbHOCTI: Hexalt PN 1 Q — KUIbKICTh MO3UTHBHHUX,
HETaTUBHUX Ta HEUTPAILHUX CIiB BiAMOBITHO. [HIEKC ToHAIBHOCTI T po3paxoByeThCs 3a

dbopmyioro:

T = (i) x 100 (2.18)

P+N+0Q

3nauenHs T 3HaxoauThes y Mexax Big -100% mo +100%.
3.2. TuBepcis TOHATBHOCTI Ta Bi3yamizamis: SIKIO0 TEKCT MOXOIUTH 13 BOPOXKOTO

mkepena (0e3 3rajiok YKpainu), 3aCTOCOBY€EThCS IHBEPCISA:
Tfinal = (1 - Iinv) * T + Iipy * (=T), (2.19)

ne Iy, = 1 npu HeoOximHocTi iHBepcii, 1 0 iHakme. OcCTaTro4HU pe3ynbrar
Tfina: Pa30M 13 TEMATHYHOIO KIACH(IKAIIE0 BIIOOPAKAETLCS Yepe3 BeO-1HTEPDEIiC.

3anporoHOBaHU METO/J TOHAJIBHOCTI TEKCTY € KOMIUIEKCHUM pIIICHHSIM JIJIs
aBTOMATHU30BAHOTO BU3HAYCHHS EMOIIIITHOTO 3a0apBlieHHs MmyoOmikamii. Bin oxorutroe

e€Tanmy MOBHOI aJamnTailii, TMomepeaHb0i 00poOKH, TeMaruyHOl Kiacudikaii,
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CJIOBHUKOBOTO aHai3y Ta Bi3yali3allli pe3yibTaTiB. 3aBISKHA BKIIOUCHHIO MEXaHI3MY
1HBEpCii TOHATBLHOCTI JII BOPOXKUX JDKEPEIT AJITOPUTM BPAXOBYE KOHTEKCT TTOXOKCHHS
iHbOpMaIii, MO MIJBUILYE TOYHICTH IHTEpHpeTalii Ta OOIPYHTOBAHICTh OTPUMAHUX

pe3yJIbTaTIB.
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3 IIPOI'PAMHA PEAJIBALA MOAVIIA

3.1 [linroroBka Ta 00poOKa JaHUX

[TinroToBKka Ta 00poOKa maHWX € (yHIAMEHTAJIBHUMH MpOIeCaMyd B aHami3l
TOHAJIBHOCTI TEKCTY, OCKIJTbKA BOHM BU3HAYAIOTh SKICTh Ta JIOCTOBIPHICTH OTPUMAHHX
pe3yabTariB. Y 1bOMY PO3IUII BUKIAJIEHO METOMUKY 300py, OUUIIIeHHS, TpaHchopmariii
Ta HOpMaTi3allii TEeKCTOBUX JIaHHX, 310paHUX 3 IHTEPHET-MyOMKaIii, IS 1X MOAaIbIIOro
aHaJizy.

[TouarkoBuii etam mnepeadoadae 301p BEJIMKOI KITBKOCTI TEKCTOBHUX MarepiajiB 3
pI3HUX OHJIaWH-Kepen (pucyHok 3.1). BUKOpPHCTOBYIOUM TEXHIKM BeO-CKpAITiHTY,
3ACHIOETHCSI aBTOMATU30BaHUM 301p crarei, 6sioriB Ta popyMiB, siKi HoAablie Oya1yTh
CIyryBaTH MarepiajioM Jyuisi aHamizy. BaxiauBo 3a0e3neuuTH penpe3eHTATUBHICTH

310paHuX J1aHUX 32 TEMAaTUKaMU, CTUJIEM Ta EeMOLIMHUM 3a0apBIECHHSIM.

<html lang="uk">( sersll
p <head> == </head>
w» <body class="home" data-infinite-scroll>
r<;frﬂjg id="rcMain” style="display: none !important;": == </iframe>

id="page_content" class="container main-wrap" data-page="1" data-
page-max="5a">»
»<div clasz="main-column row m-8"> #lex

w <01

p <div class="col-1g-2 col-sm-12 prl@"> = </div>
w<div class="col-1g-18 col-sm-12">
»{div class="content-column”> [ lex
»¢div id="block_left_column_content” class="left-column sm-w-188"
data-ajax-url="https://www.unian.ua/politics/zelenskiy-pro-vizit-ba
ydena-ce-pokaznik-naskilki-ukrajina-vazhliva-12153216.himl">
w¢div class="infinity-item waypoint"™ data-url="https://www.unian.u
a/politics/zelenskiy-pro-vizit-baydena-ce-pokaznik-naskilki-ukrai
ina-vazhliva-12153216.html" data-title="3eneHcekwd npo BisWwT bGaiig
exa: Ue nowasuwk, Hackinowu Yxpaina sawrmwea — YHIAH" data-io-
article-url="https://www.unian.uva/politics/zelenskiy-pro-vizit-ba
ydena-ce-pokaznik-naskilki-ukrajina-vazhliva-12153216.html" data-
prev-url="https://www.unian.ua/politics">
»<div class="article "»
p <div class="top-bredcr "> =</ /div> [ flex
<hl>3eneHcexwid nigfue nigcymkw sycTpiui 3 GadgeHom</hl:
p ¢div class="article__info " e € S AV ( Flex
p<p class="article_ like-h2": == </p>
»<div class="article-text "
p <Figure class="photo block"» < </figure>
b 4p>=-</p>
pApF e dSpy

Pucynoxk 3.1 — Ilpuxnan qanux micius 300py

Hactynmaum kpokoM (pucyHOK 3.2) € OYMIINCHHS JaHWX BiJ HEPEICBaHTHUX
enemenTiB. lle Bximrouae BumanenHs HTML-teriB, peknamMHux OJOKIB, 3alBHX
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MCTAaJaHNX Ta BUIIPABJIICHHS ITOMUIIOK, SIK1 MOXYTb BIUIMHYTH Ha TOYHICTH aHaJ'IiBy.
ABTOMAaTHYHI MCTOANW OYHUIOCHHA CIIOJNYYarOTbCA 3 PYHYHUM IICPCIIIAAOM, I_I_[O6

320€3MeYNTH BUCOKY SIKICTh TEKCTOBOTO KOPITYCY.

ChOrofHiuHis Bi3nT 40 YKpainn npesnaeHTa Cnomywenux LWrans Avepuxu xo Bangena
NPOACMOMCTPYBIB, HACKINLEN YRDATHA CTIRXA Ta BAMAMES ANRK BCLOTO CBIATY
Npo e 3as8nb npe IMLEeT BON0OANMMD FENEHCHKNKE Y BOYIDMAOMY BIACOIREDMENM Choromitimin fene

VB CAMBONINMMM, 362-H A8HE NOBMOMACLITAOHO! BIVMM, 3 MM Y HAWHN Blnssil CTOAMLY HAWO! BIENLMOI

INTOM HALWOID NOTYWHOID COIINNKA - Npe3naesta CTnonyvexsnx LWrar

HE YHPAIHK, Hawmx BiAROCHH, yoici Esponn Ta rnolfantsHol AeMoKpaTi

LLe NOKAIHMK, HACKINBKK YKDATHA CTHRKD. | MACKINBIN YRDIIHA BAORAMOD Ans Calry. Jes'sTa piuviys
HANCTPAWHILUMX AHIB MaKAaHY, DIMHKUS NOMATHY POCIMCHXO! aFPeCi MPOTH HAWOI! QEPKABK, KOMAW

3ANMWANOCR 308CIM HEBAraTo HaCy A0 OXYNALL HAWOTo Kprmy, A 38pa3, Yepes 48 ATE POKIB NiCns Toro

Pucynok 3.2 — I[Ipukinan qaHuX MICIS OYUIIEHHS JIUIITHIX JaHUX

JIns HaByaHHS Ta MEPEBIPKH aJITOPUTMIB MOTPIOHO BUKOHATH AHOTAIlII0 TEKCTIB.
Kinacudikaris emoriinoro 3a0apsiieHHsI (pucyHok 3.3) 3M1MCHIOETBCS BpYy4YHY abo 3
BUKOPHUCTAHHSIM HAaIliBABTOMAaTHYHUX IHCTPYMEHTiB. B aHOTOBaHMX MaHWX KOXKHOMY

TEKCTy TMPHU3HAYAEThCA BIANOBIAHA MITKa — "MO3UTUBHUUK", "HeraTuBHUK" abo

"HEUTpaJIbHUN".
[

'Kopynuisa®, ‘3no4uenicTe’, 'bezzakonHA’, "Hebeznexka', 'HexomnetenTHicte', ‘Hepbanicts',
‘Migkyn', ‘3noexueanHA’, 'Mawinynauia’, 'Hecnpaeeanueicte', 'Hepoeipa’, 'badgyxicTts’,
"Arpecia’, 'Hacwnbcteo', ‘XabapHuuteo', ‘lNopywewHAa', ‘bezeignoeipaneHicTe’, '3Spaga’,
‘lUaxpaicTteo’, 'Ouckpuminauina’, "BeznopagHicTte’, 'IzonAuia’, 'Tuck’', "HezakoHHicTe',
‘HectabinenicTe’, '3arpoza’, 'Manika’, 'Kpuza', 'PyhHyeanHa’, "Kow¢nikt', ‘HeachicTe’,
‘Brpata’, 'Poszbpat’, 'Ckangan’, 'Henposopicts’

Pucynok 3.3 — I[Ipukiaj oJHOTO 13 HETaTUBHUX CJIOBHUKIB

ETam nmiaroroBku Ta 00poOKHM JaHUX € HAJ3BUYAHHO BAXITMBUM JIJIs 3a0€311eUCHHS
HAJIHHOCTI Ta TOYHOCTI MOJAJIBIIOTO aHall3y TOHAIBHOCTI. PeTenpHo 310paHi, ouuIeHi
Ta aHOTOBaHI TEKCTOBI JaHI (OPMYIOTh OCHOBY sl €(pEKTHBHOTO HABYAHHS Mojeiei
MAaITMHHOTO HaBYaHHS. BUKOpHCTaHHS aBTOMAaTH30BaHMX METOMIB 300py 1 OUYMINCHHS Y
MOETHAHHI 3 PYYHOIO TEPEBIPKOIO 3a0e3Meduy€e BUCOKY SIKICTh TEKCTOBOTO KOPIyCy, a
NpaBWIbHA aHOTAIlis TapaHTye aJcKBAaTHE MPEICTABICHHS CEMOIIIMHOTO 3a0apBICHHS.
TakuM YMHOM, TPAMOTHO PEATI30BAHHMM ITiITOTOBYMIN €Tal CTBOPIOE TIEPEIYMOBH IS

TOYHOTO 1 IOCTOBIPHOTO aHaJI13y TEKCTIB 3a IX TOHAJIBHICTIO.
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3.2 Po3pooka WEB-inTepdeiicy ns ananizy TOHaJIbHOCT1

Beb6-inTepdeiic [34] ciyxuth K miatdopma s AEMOHCTpaIlli Ta 3aCTOCYBaHHS
aJTOPUTMYy aHaji3zy TOHAIBHOCTI Tekcry. lledt inTepdeiic OyB CIpPOEKTOBAHUN ISt
HaJaHHS KOPHUCTYyBauaM IHTYITMBHO 3pO3yMLIOro 3aco0y B3aeMOJlli 3 CHUCTEMOIO, IO
BKJIFOYA€ MOXJIMBICTh aHaJI3y TEKCTYy CaWTIB HOBHUH, 1HBEPCii pPe3y/IbTaTiB aHa3y,
penaryBaHHs KJIIOYOBUX CIIiB Ta YIIPaBIiHHS CJIOBHUKAMH.

OcHoBHa (PyHKIIIOHAJIbHICTD BEO-1HTEPPEHCY T03BOJISIE KOPUCTYBa4aM BCTaBISATH
url-mocuiaHHs calTiB HOBUH JJis aHamizy. [licis momayi TEKCTy cucTeMa BUKOPUCTOBYE
AITOPUTM I BU3HAUEHHS €MOLIMHOro 3a0apBiieHHS, BiIOOpa)kalouu pe3yabTaTh B
¢dbopMi 3p0O3yMiIOTO 3BITY. 3BIT BKIIOYAE KiTHKICHI MIOKa3HUKH MPUCYTHOCTI TTO3UTUBHUX

Ta HETaTUBHHX CJIiB, @ TAKOXK 3arajlbHUM 1HACKC TOHAIBLHOCTI TEKCTY (PUCYHOK 3.4).

Py6puka: BincbKOBO-NONMITUYHE KEPIBHULTBO YKpaiHM BCiX
piBHIB

ToHanbHicTb: +30% (NO3UTUBHA)

TekcT cTaTTi:

Necs Nlewexko

BiH TakoX Haronocus, Lo 3apas icHye abcoNTHa BNEeBHEHICTb, WO HEMAE HIYOro, WO MOrNo 6 MOXUTHYTH
Halwy AeMOKPaTito.

CboropHilwHii Bi3UT go Ykpaium npeaugeHTa Cnonyyenux LLtatie AMepuku ko baigeHa
NPOAEMOHCTPYBAB, HACKINbKM YKpaiHa CTiliKa Ta BaXNMUBa AN BCbOTO CBITY.

MNpo ue 3as8uB Npe3ngeHT BonoguMup 3eneHcbKuii y Be4ipHboMY Bifeo3BepHeHHi. "CbOrofHillHii aeHb
6yB CMMBONIYHUM. 362-11 A€Hb NOBHOMACIITAOHOI BiliHW, @ MM Y HALWi# BiNbHIN CTONUL HALWOT BINEHOI
KpaiHW NPWIAMAEMO 3 Bi3UTOM HaLLIOrO MOTYXHOIO CO3HMKA - npe3ugexTa Cnonyyexux LLUTaTiB AMepuku

1 TOBOPUMO 3 HUM NPO MaubyTHE YKpaiHu, HalWwmnX BifHOCKH, yciei EBponu Ta rnobanbHoi geMokparii.

Pucynoxk 3.4 — Ilpukian pe3ynsraty aHai3y TeKCTy

@dyHKI11s 1HBEpCii (pUCyHOK 3.5) pe3ynbraTiB Oyiia BKIFOYEHA 711 KOPUCTYBaviB,
AK1 0a)Kar0Th aHATI3yBaTH MPOTHICKHUN eMOIIHHUN BIATIHOK TeKCTy. Lle Moxke OyTu
KOPHCHUM, HaIlpUKJIAJ, MPH aHaji3l TEKCTIB, IO MICTIATh capka3Mm abo IpoHito, e
OyKBaJIbHE 3HAYEHHsS CJIB MOXE BBOJIUTH B OMaHy. [HBepcis J03BOJISE IIBUAKO
NEPEenIIHYTH, SIK 3MIHUTBCS 3arajibHa OIIHKAa €MOLIMHOrO 3a0apBIICHHS, SKILIO

BpaxyBaTH 1l CTUJIICTUYHI (IrypHu.
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https://www.unian,ua/politics/zelenskiy-pro-vizit-baydena-ce-pokaznik-naskil ki-uk rajina-vazhilva-121:

Pucynok 3.5 — Ilone st BBeieHHS! TOCUIIAHHS Ta BUKOPUCTAHHS 1HBEPCii

OpauH 3 HAMBAXKIIMBILIKX ACMIEKTIB BEO-1HTEpPEiiCy — MOXKIIUBICTD pearyBaHHs
KJIFOYOBUX CJIIB JUIsl KOXKHOI pyOpuku (pucyHok 3.6). KopucTtyBaui MOXYTh 101aBaTu
HOBI CJIOBAa JI0 CJIOBHMKIB, BUJIyYaTH ICHYIOUl, IIO BIUIMBA€ Ha iX 3HAYUMICTh B
anroputMi asanizy. lle n03Bojsie aganTyBaTH CHCTEMY /10 KOHKPETHHX MOTpPeO
KOPHUCTYBaua Ta MiIBUIIUTH TOYHICTh BU3HAYEHHS TOHAIBHOCTI JIJIS CHEIU(PIUHUX TEM

a00 CTWJIIB HAITMCAHHS.

Pucynok 3.6 — [Ipuxnan penaryBaHHs KJIIOYOBHX CIIB

Kpim Toro, BeG-inTepdeiic BKIIIOUae MOMYJb YIPABIIHHS CIOBHHUKAMHU (PUCYHOK
3.7), skuii 103BOJISIE KOPUCTyBayaM TIEpErsiiaTH Ta OHOBIIOBAaTH 0a3y CIiB, HA OCHOBI
SKUX TPOBOAUTHCSA aHami3. Lle 0coOMMBO BaKIMBO JJisi BpaxXyBaHHS JIIHTBICTHYHUX
OHOBJICHb, COIIAJILHUX Ta KYJIBTYPHUX 3MiH, SKi MOXYTh BIUIMBATH HAa MOBY Ta ii

eMOI[ITHE HAaBAHTAKCHHS.
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Pucynok 3.7 — [Ipukian penaryBaHHs CIOBHUKY IMO3UTUBHUX CIIiB OJHIET 13 KaTeropii

Y upomy posniai Oyao po3mISIHYTO po3poOKy BeO-iHTepdeiicy s aHamizy
TOHAJIBHOCT1 TEKCTIB. 3ampornoHoBaHuii iHTepdeiic (pucyHok 3.8) Halae KOpUCTyBadyam
MOXJIMBICTh aHaJII3yBaTH TEKCTH CANTIB HOBUH, MEPENISAaT Pe3yabTaTH y 3py4YHOMY
dopmari, a TakoK peAaryBaTH KIIIOYOBiI CIIOBa 1 KepyBaTWh CIOBHHKaMH. BakmmBumu
GYHKIISIMUA € TakoK 1HBEPCisl TOHAJIBHOCTI, IO J03BOJISE OIIHUTH MOXJIMBI 3MIHH B
eMOIIIITHOMY 3a0apBJIEHHI TEKCTY, Ta MOYJIb YIPABIIIHHSA CJIOBHUKAMU, SIKHUA 3a0e31medye
THYYKICTh cucTeMu. OTpUMaHI pe3yibTaTi MIATBEPAXKYIOTh €(DEKTUBHICTH PO3POOIEHOrO

pIlIEHHS Y 3a7a4aX aBTOMATU30BaHOIO aHa13y TOHAJIBHOCTI TEKCTIB.

Pucynok 3.8 — 3aransHuii Bunisig web-inrepdeiicy
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3.3 TectyBaHHS €)EKTUBHOCTI METOLY

JIJ1st OIIHKM SIKOCTI 3alpOTIOHOBAHOTO METOAY aHali3y TOHAJIBHOCTI MyOiiKaIin
NPOBEJICHO TECTYBAHHS, SIKE BKIIOYA€ BHUMIPIOBAHHS OCHOBHUX METPUK TOYHOCTI
Kiacudikamii Ta EKCIepUMEHTaJIbHY IIepeBIpKY poOOTH BeO-101aTKy Ha MPHUKIIAII
peallbHUX HOBUHHUX cTared. Takui miaxia J03BOJSE HE JIMIIEC KUIBKICHO OIIHUTH
e(eKTUBHICTh HABYEHOT MOJIEN, a i IePEBIPUTH i 3MATHICTh KOPEKTHO 1HTEPIPETYBATH
3MICT MyOJTIKalliil y KOHTEKCTI peajgbHOro iHpopMaliiHoro cepenopuia. Jlan HaBeaeHo
pe3yapTatu Kiacudikauii TeMaTUYHUX PYyOpHK, a TAKOX YHMCIIOBI 3HAYEHHS 1HIEKCY
TOHAJIBHOCTI JJIs MPUKJIAIIB 13 PI3HUX MEIaJKEpes, 0 J03BOJISE 3pOOUTH BUCHOBKHU
PO CHJIbHI Ta CJIa0Ki CTOPOHU PEali30BAHOTO MiTXOTY.

Tabmumss 3.1 MICTUTP OCHOBHI METPUKH OIIIHKKA TOYHOCTI Kiacudikarii
TEMaTUYHUX PYOPUK MyOIiKalliii Ajis 1BOX HaOOpiB JaHuX: TpeHyBaibHOTO (Training) Ta
Bajigamiiaoro (Validation).

Tabnuns 3.1 — MeTpuKy OIIHKK TOYHOCTI Ki1acudikallli TeMaTUHIHUX PyOpHK

nyOmikarin
MeTpukH OLIHKA TOYHOCTI Training Validation
Accuracy 0.8 0.75
Precision 0.82 0.76
Recall 0.86 0.8
F1-score 0.84 0.78

Accuracy (Tounicte knacudikaiii): 80% Ha TpeHyBajibHOMY Habopi Ta 75% Ha
BaJIJIAllIITHOMY, IO CBITYUTH PO HE3HAYHE 3HMXKEHHSI TOYHOCTI Ha TECTOBUX JaHUX.

Precision (Tounicte mnepenOadeHHs kinacy): 82% Ha TpeHyBaHHI Ta 76% Ha
BaJifaIlii, Mo BKa3ye Ha XOPOIIy 37aTHICTh MOEl YHUKATH XWOHUX MO3UTHUBHUX
CIIPaIbOBYBaHb.

Recall (IToBrOTA): BUuii mokazHuk (86%) Ha TpeHYBaTLHOMY Ha0OP1 MOPIBHIHO
3 80% Ha BanigaIifHOMYy, 1110 O3HAYA€ TapHY 3aTHICTh MOJIEI1 3HAXOIUTH BC1 peJIeBaHTHI
PUKIIA]IH.
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F1-score (I'apmoniitne cepenne Precision 1 Recall): 84% na tpenyBanHi Ta 78% Ha
BaJTiIallli, 10 MiATBEPAXKY€E 30aJaHCOBAHICTh MOAEIII.

3aramom, MOJIIENh JIEMOHCTPYE XOpPOIIl PE3yIbTaTh 3 HEBEIHKUM 3HUKCHHSIM
MOKAa3HUKIB Ha TECTOBUX JIAHMX, 110 MOXKE BKa3yBaTH Ha JieTkuil overfitting.

Jnst  neMoHcTpaiii eQEeKTUBHOCTI 3alpONOHOBAHOTO  MIAXOAYy MPOBEIACHO
€KCIIEpUMEHTAJIbHY OIIIHKY po0OTH BeO-momaTky. ¥ Tabmuii A.l HaBeAeHO MPUKIAIH
aHa i3y TOHAJIBHOCTI PI3HUX HOBMHHHMX CTareil 13 YUCIOBHUM BiIOOPAKEHHSM 1HIEKCY
TOHAJIBHOCTI Ta TEMaTUYHOI Ki1acudikaiii.

AHai3 pe3yapTariB poOOTH CHUCTEMHU OLIHKM TOHAJIHHOCTI HOBHHHMX CTaTei
MOKa3aB, U0 B OUIBLIOCTI BMIAJKIB QJITOPUTM KOPEKTHO KIIaCH(PIKyBaB TOHAJIBHICTH
TEKCTiB. I3 13 po3misiHyTHX HOBUH (JUB. TOAaTOK A), CHCTeMa MPaBUILHO BU3HAYIIIA TOH
y 10 Bumagkax, mo crtaHoBUTh <~77% TouHocTi. 3okpema, 100% mpaBUIBHO
KJ1acu()iKOBaHMMHY BUSIBUIIUCS HEUTpabHI CTATTI (HAMPUKIIAJ, OTJISA]] YTOJU PO KOPUCHI1
xoranuuu Mixk CIIIA Ta Ykpainoro), a Takoxx sIBHO HEraTWBHI Marepialiv, Takl K CTarTi
CNN 1 Sky News npo koHITIKTHY 3ycTpiu 3eneHchkoro 3 Tpammom. BoaHouac, y aesikux
BUIIAJIKaX aJITOPUTM MIT IONYCTUTH MTOXUOKY Yepe3 3aroJIOBKH, 110 BBOIATH B OMaHy, a00
3MilllaHe 3a0apBJICHHA TEKCTY, LI0 MICTUTh OJIHOYACHO IIO3WTHMBHI Ta HEraTHBHI
€JIEMEHTH.

3Ha4YH1 BIIXWJICHHS B1Jl O4IKYBaHUX PE3YJBTATIB CIIOCTEPITAINCS Y TPHOX CTATTIX
(23%), ne cucrtema Moriia MOMUJIKOBO BU3HAUUTH TOHAJIBHICTh Yepe3 HEMOBHUM aHall3
koHTekcTy. Hanpukian, y ctarti Fox News npo 3yctpiu Ctapmepa 3 Tpammnom y bitomy
oMl TOH HacmpaBai OyB HEUTpaTbHO-TIO3UTHUBHUM, ajieé Yyepe3 BUKOPHUCTAHHS CIIOBA
"divide" (po3Koi) B 3aroJIOBKy CHUCTEMa MOIJIa BU3HAYUTH TOHAIBHICThH SIK HETATUBHY.
IToxibHa cuTyamis cmocTepiranacss 31 cTarTer0 Ipo mnepemoBuHH B Ep-Pismi, ne
BUKOPUCTaHHs cJiB '"peace plan" 1 '"cooperation" MOITIO BUKJIMKAaTH TTOMUIIKOBE
MO3UTUBHE TPAKTyBaHHS, X0ua peaIbHUM 3MICT CTaTTi OyB HANpy>KEHUM 1 MaB €JIEMEHTU
yasruMarymiB BiJ Pocii. Takox y Bumagky crarti Fox News npo te, mo Tpamn "He
BIpUTh, IO HAa3BaB 3€JEHCHKOTO JMKTAaTopoM", CHUCTEMa MOIIa XWOHO BU3HAYUTH
TOHAJIBHICTh SIK HETaTUBHY 4epe3 came cioBo "dictator", xoua marepian OyB IIBUALLIE

HEUTPAJILHUM.
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OTxe, MmonpH BHCOKY TOYHICTh Yy OUIBIIOCTI BHIAJKIB, CHCTEMa MOTpelye
BJIOCKOHAJICHHSI Y pOOOTI 31 3MilIaHUMHU a00 KOHTEKCTYyaJIbHO CKJIAJIHUMU TEKCTaMH,
O0COOJIMBO SIKIIIO 3aroJIOBOK BBOAWTH B OMaHy a00 MICTUTh DPI3K0 3a0apBieHi CIIOBa.
JlomaBaHHsI aNTOPUTMIB aHaJi3y TIMOIIOT0 KOHTEKCTY Ta BUSBICHHS TOHAJBHOCTI HE
JUIIEe 3a KJIIOYOBMMHU CJIOBaMM, a M 3a CTPYKTYpPOIO apryMEHTallli MO)XXe 3MEHIIUTH

MOXWOKY Ta MiJIBUIIUTH TOYHICTh Kiacudikaiii 3 =77% m0 >90%.
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BHUCHOBKHA

OTpumani pe3yJbTaTu MiJ] 4ac BUKOHAHHS KBali(iKaIiiHOT poOOTH T03BOJISIOTH
3pOOUTH TaKl BUCHOBKU:

1. [IpoBeneno aHamiz TpeAMETHOI OO0JacTi, IO 3acCBIAYMB 3HAYHUKA BIUIMB
TOHAJBLHOCTI TEKCTIB Ha €MOIlIiHE CHpUUHATTA 1Hopmallli, popMyBaHHS CYCHUIbHOL
JTYMKH Ta MOIIUPEHHS KOHTEeHTY. Oco0uBa yBara npuaiieHa pojii TOHAIbHOCTI B YMOBaxX
1H(popMaIliiiHO1 BIHU, 30KpeMa B KOHTEKCT1 MPOTUALT Ae31H(opmariii.

2. JlocmimKeHo CydacHi MiaX0Au 10 aHaJli3y TOHAIbHOCTI, BKITFOYHO 3 ISKCHYHUMU
METOJaMH, KJIACMYHMMH aJropuTMaMH MamuHHoro HaB4yaHHs (Naive Bayes, SVM,
Random Forest), a Takox apxitekrypamu riamookoro HaBuanas (CNN, LSTM, BERT).
Ha ocHOBI MOPIBHSUIBHOTO aHai3y OOTPYHTOBAHO MOIUTHHICTH BUKOpuCcTaHHS CNN sk
OaylaHCcy M1 TOYHICTIO, TPOIYKTUBHICTIO Ta IPOCTOTOIO peaizailii.

3. Po3pobiieHo anroputMu morepeaHboi 0OpoOKM Ta Mepekiaay TEKCTIB, Kl
BKJIFOUAIOTh aBTOMaTUYHE BU3HAYEHHSI MOBH, PO3OUTTS BEJTMKUX TEKCTIB HAa (PparMeHTH,
nepeksiaj Ha yKpaiHChKy MOBY (13 BukopucTaHHaM NMT), ouulieHHs, TOKEHI3allilo,
BUJIAJICHHS CTOM-CJIIB, JIEMATH3AIIII0 Ta HOpMaTi3ailito. AJIropuT™M J103BoJIsIE€ €(heKTUBHO
MpaIroBaTH 3 6araTOMOBHUMH TEKCTOBUMHU JKEpETIaMHu.

4. PeanizoBaHO MOAYJIb KJIacH(iKallii 32 TOHAJIBbHICTIO 3 BUKOpucTaHHAM CNN, 1110
nocar TogHocT! 80% Ha TpeHyBabHOMY Ta 75% Ha BaiiianiiiHOMy Habopi, precision —
82% / 76%, recall — 86% / 80%, F1-score — 84% / 78%, 1m0 CBIAYUTH PO BUCOKY
30a1aHCOBAHICTh MOJIEINI; CTBOPEHO MOJYJIb PO3PaXyYHKY 1HJIEKCY TOHAIBHOCTI Ta BeO-
1HTepdEeic 3 MOXKIMBICTIO 3aBAHTAKEHHS TEKCTIB, iX aHaJi3y, Bi3yali3allii pe3yJbTaTiB 1
penaryBaHHs CJIOBHHUKIB, TIPH IIbOMY CHUCTeMa Jocsiriia ~77% TOYHOCTI Ha peallbHUX
HOBUHHUX JIaHUX.

5. Po3po06iieHo MexaHi13M iHTepIIpeTallii pe3yabTaTiB 3a TEMAaTUUHUMU PyOprUKaMu,
a TaKOX 1HJIEKC TOHAJIBHOCTI TEKCTY, IKMM PO3pPaxOBYETHCS Y BIACOTKOBOMY Jiama3oH1
Bi1 —100% 10 +100%. Hns 13 peasibHUX HOBUH CHCTEMa MPpaBUIbHO Kiacudikysana 10

BUIIAJIKIB, 1110 CTAHOBUTH TOUHICTh ~77% y IPaKTUYHOMY 3aCTOCYBaHHI. Y C1 HEUTpaIbH1
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Tekctu Oynu kiacudikoBani npaBuwibHO (100%), HaWOUIBIII TPYIHOII BUHUKIH 3
TEKCTaMH 13 TTOJABIMHUM 3MiCTOM a00 capKa3MOM.

6. CtBOpeHo (yHKIioHaNbHUN BeO-1HTEp(eiic, sikuii 3a0e3nedye: 3aBaHTAKEHHS
Ta aHaii3 HOBMHHUX myOmikamii 3a URL-mocumanHsM; Bisyanizailito pe3ysbTaTiB 3
PO3MOAUIOM TO3UTUBHUX, HETAaTUBHUX 1 HEUTPAJbHUX CJiB; pPy4YHE peraryBaHHS
KJIFOYOBHUX CJIIB JIJIsI KOXKHOI PYOpHKH; 1HBEPCIIO pe3yJIbTaTiB aHaJi3y JUIsl BUIAJIKIB,
OB’ SI3aHMX 13 BOPOKMMH JDKEPEIaMH; KEPYBaHHS CIIOBHHKaMU (10/1aBaHHsI/BUIATICHHS
TEPMIHIB).

7. PeanmizoBaHuii mporpaMHui MOJIyJib € KOMIUIEKCHMM, MaclITaOOBaHHM Ta
aJanTUBHUM PIILICHHSIM JJIs1 aBTOMaTU30BaHOTO aHaII13y TOHAIBHOCTI TeKCTiB. [lomanbiiie
BJIOCKOHAJICHHS MOJKJIMBE IIUISIXOM BIPOBAKEHHS KOHTEKCTHO-O00I3HAHUX MOJCIeH
(manpuxnan, BERT a6o mBART), 1110 7103BOIMTH MiIBUIIUTHA TOYHICTH KJIacH(piKaIlii 10
piBHS >90% HaBITh y BHUMAJKaX CKIATHUX KOHTEKCTIB a00 3MIIIAHOTO €MOIIHHOTO

3a0apBIICHHS.
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Homarok A

OTpumaHni pe3ynbraTu

Tabmurs A.1 - OniHka TOHATEHOCTI HOBUHHHX CTaTel, OTPUMaHUX 32 IOTIOMOTOI0 Be0-I0/IaTKy

HoBunne mxepeno Tematuana pyOpuka Innexc
TOHAJIBHOCTI

Fox News. (2025, February 27). UK’s Starmer | BiliCbKOBO-IIOJTHYHE 0%
meets Trump at White House amid divide | kepiBHHIITBO YKpaiHu (neiTpanbHa)
between U.S. and Europe over Ukraine peace
deal. [16]
Fox News. (2025, February 27). 6 times judges | BiiicbkoBo-ToiTH4HE -10%
blocked Trump executive orders [17] KEepiBHUITBO  YKpaiHU  BCIX

PIiBHIB
Fox News. (2025, February 27). U.S., Russian | BiiicbkoBo-momiTHIHE +10%
officials propose peace plan, lay groundwork | kepiBuumTBOo  VKpaiHH  BCiX
for cooperation in Riyadh. [18] piBHIB
BBC News (2025 February 28) Trump | Mixuapoauuii imimx Ykpaiau B | +30%
commends Zelensky ahead of White House | CIIIA, Kanani Ta
talks [19] BenukoOpuranii  (aHriichka

MOBAa)
CNN News (2025 February 28) What we do and | Mixuapoauuit imimk Ykpaiau B | +20%
don’t know about Trump’s ‘very big deal’ on | CILA, Kanani Ta
Ukraine’s mineral resources [20] BemukoOpuranii  (aHruiliceka

MOBa)
CNN News (2025 February 28) Trump, Vance | Mixxuapoauuii imimk Ykpainu B | -20%
castigate Zelensky in tense Oval Office meeting | CIIIA, Kanani Ta
[21] BenukoOpuranii  (aHrmidiceka

MOBa)
Fox News (2025 February 28) Trump, | Mixkuapoauuii iMmimk Ykpaiau B | +20%
Zelenskyy to meet for key deal as NATO allies, | CIIIA, Kanani Ta
Russia wait, watch [22] BenukoOpuranii  (aHriiiceka

MOBa)
Fox News (2025 February 28) Why Zelenskyy | Mixxuapoauuii iMmimk Ykpaiau B | 0%
keeps pushing for Ukraine NATO membership | CIIA, Kananmi Ta | (HeHTpasabpHa)
even though Trump says it's not happening [23] | BenukoOpuranii  (aHrJidichka

MOBA)
Sky News (2025 February 28) Donald Trump | Mixknapoauuii imimk Ykpainu B | -10%
tells Volodymyr Zelenskyy 'you're gambling | CIIA, Kanani Ta
with World War Three' in fiery Oval Office | BenukoOpuranii  (aHriiiicbka
meeting [24] MOBa)
BBC News (2025 February 28) What we know | Misxkuapoauii imipx Yipainu B | 0%
about US-Ukraine minerals deal [25] CIIA, Kanami Ta | (HeHTpasIbpHa)

BenukoOpuranii  (aHrmiiicbka

MOBa)
BBC News (2025 February 26) Zelensky to | Mixkxuapoauuii imimk Vipaiau B | -10%
meet Trump in Washington to sign minerals | CIIIA, Kanani Ta
deal [26] BenukoOpuranii  (aHrmificbka

MOBa)
Fox News (2025 February 28) Trump says 'l | Mixuapoauuii imimx Ykpaiau B | +30%
can't believe | said that' when asked if he still | CIIIA, Kanani Ta
thinks Zelenskyy is a dictator [27] BenukoOpuranii  (aHrmiiicbka

MOBa)
Ykpaincbka mpaBma (2025 February 28) Kadbmin | 36potiHi cum YKpainu +20%

JIO3BOJIUB IIMBUILHUM, [0 OYyJIM B TOJIOHI,
OTPHUMATH BiJICTPOYKY BiJ MoOimizartii [28]
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Method of Determining the Text Sentiment by
Thematic Rubrics

Anatoliy Sachenko’, Taras Lendiuk’, Khrystyna Lipianina-Honcharenko', Maciej
Dobrowolski’, Gena Boguta’ and Leonid Bytsyura’

' West Ukrainian National University, Lvivska str., 11, Ternopil, 46000, Ukraine
? Kazimierz Pulaski University of Technology and Humanities in Radom, Department of Informatics, Jocek
Maiczewski str., 29, Radom, 26 600, Poland

Abstract

A method for determining the text sentiment of by thematic rubrics is propased. It is based
on a complex approach that integrates natural language processing, machine learning and
linguistic analysis for automatic classification of text data. To implement the method, a
generalized dient-server architecture of the text sentiment for analysis system was
developed and a set of data was collected from a wide range of article texts from the Internet
sites of Ukraine, which ensure the representativeness of various styles, genres and topics.
The high efficiency of the system in terms of classification of texts by rubrics was
experimentally confirmed with a correspondence of 92%.

Keywords
text sentiment, thematic rubrics, natural language processing, machine learning, linguistic
analysis, automatic classification, text data

1. Introduction

Currently, we are witnessing many information wars being waged on the world stage,
with a special emphasis on the war in Ukraine. Russia uses information operations as a
key element of its hybrid war against Ukraine and directs significant resources to the
creation and dissemination of disinformation, the purpose of which is to influence
public opinion, undermine trust in the Ukrainian state, its institutions and leaders, as
well as to distort the real state of affairs in the international community

In the context of increasing information attacks from Russia, the importance of an
accurate and objective analysis of the text sentiment of related to various aspects of
the war and its impact on various spheres of life becomes extremely relevant.
Automated analysis of the emotional coloring of texts can help detect attempts to
manipulate public opinion, assess the general mood in society regarding certain events
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or policies, and identify changes in the information space that may indicate new
directions of information attacks or disinformation campaigns.

The proposed method integrates advanced technologies of natural language
processing (NLP), machine learning and linguistic analysis, which allows not only to
automate the process of determining the emotional coloring of texts, but also to
ensure high accuracy and objectivity of the obtained results. The application of such a
complex approach in the conditions of information warfare opens up new
opportunities for monitoring the information space, identifying and analyzing
information operations, as well as for developing effective strategies for countering
disinformation. Given the high dynamics of the information space and the constant
change in the tactics and strategies of information warfare, the development and
implementation of innovative text analysis methods that allow for prompt monitoring
and analysis of attempts at manipulation and disinformation is extremely important.

Further materials are presented according to the following structure. In Chapter 2
the analysis of recent related works is fulfilled and in Chapter 3, the proposed method
is described. Chapter 4 is dedicated to implementation and case studies, and Chapter 5
summarizes the received outcomes.

2. Related Work

The study of text tonality, which involves the integration of natural language
processing (NLP), machine learning, and linguistic analysis, occupies an important
place in modern scientific research. In [1], the analysis tool for text sentiment was
developed based on the fusion of machine learning algorithms, demonstrating the
effectiveness of combining different methods to more accurately determine the
emotional coloring of texts. Authors [2] emphasized the importance of using TF-IDF
and machine learning methods for sentiment analysis of Twitter data, confirming the
importance of these techniques in the field of big data processing. In [3], the impact of
the lexical richness of the training corpus on the performance of machine learning in
analysis tasks was highlighted, emphasizing the need for a careful approach to data
selection and processing. Authors [4] presented an innovative approach to the
classification of hierarchical comments using BERT and a specialized naive Bayes
classifier, opening up new opportunities for advanced text analysis. In [5], a deep
learning-based approach to sentiment analysis is proposed for ranking online products
using a set of probabilistic linguistic terms, which demonstrates the potential of using
these technologies for commercial purposes. Authors [6] developed a technique for
analyzing the sentiment of data from Twitter using NLP and machine learning, which
emphasizes the importance of an integrated approach to information processing. The
authors [7] demonstrate how sentiment analysis on Twitter can be improved using NLP
and machine learning methods for emotion categorization and trend visualization. In
(8], the advantages of integrating linguistic analysis for the study of human language
are revealed, which opens up new opportunities for accurate thematic categorization.
Research [9] focuses on the analysis of online product reviews using advanced deep
learning and machine learning techniques [23, 24] to improve data classification and
extract detailed emotion information [21].
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Compared to the analogue [10], which focuses on the sentiment analysis of Twitter
data, this work is distinguished by a deep integration of natural language processing
(NLP) techniques, machine learning and linguistic analysis. In addition, a distinctive
feature of the proposed approach is the development of specialized algorithms for
accurate determination of sentiment taking into account contextual semantics and
lexical diversity within specific thematic headings. This allows not only to more
accurately classify the emotional coloring of texts, but also to detect subtle nuances in
emotional expressions, which makes the proposed approach more adaptable to the
complexities of natural language and provides a higher accuracy of analysis compared
to existing methods.

3. Proposed Method

The proposed method for determining the sentiment of text by thematic headings is a
comprehensive approach that integrates natural language processing (NLP), machine
learning, and linguistic analysis for automatic classification of text data. The method
allows to evaluate the emotional color of the text (positive, neutral or negative) and to
express it quantitatively in the form of an expanded percentage scale in the range from
-100% to +100%. Let us present this method as a set of the following stages and
structurally (Fig. 1):
Stage 1. Text pre-processing [11]:
1.1.Removal of extra characters, text normalization;
1.2. Detection and removal of stop words;
1.3.Tokenization of text [11].
Stage 2. Classification of the text by thematic headings [12]:
2.1.The use of machine learning methods to determine the thematic rubric
of the text [13];
2.2.Training models on a predefined set of texts with a clear thematic
affiliation.
Stage 3. Creation and use of dictionaries for each thematic rubric [14]:
3.1.Development of dictionaries with key words and phrases specific to each
rubric;
3.2.Determination of the emotional coloring of keywords (positive, negative,
neutral).
Stage 4. Sentiment analysis [15]:
4.1.Using sentiment computation methods such as dictionary-based
estimation or deep learning models;
4.2.Calculation of the sentiment index T for the text based on the formula:

P—N

T=P+N+Q

*x100%

where P is the number of positive words, N is the number of negative words, Q is
the number of neutral words.
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Stage 5. Inversion of tonality. In the case when the text belongs to a hostile
source and does not contain a direct mention of Ukraine, tonality inversion is

used.
Stage 6. Displaying the results. Development of an interface for visualizing the

tonality of the text with the possibility of viewing a detailed analysis by thematic

headings.
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Figure 1: Structure of the method of determining the tonality of the text by thematic rubrics

4. Implementation and Case Study

The generalized dient-server architecture of the text tonality analysis system is
presented in Fig. 2. The client initiates the interaction by sending a request to the
server, which in turn processes the received information. After processing, the server
sends the necessary information back to the client. This process is cyclic, so after
transferring information, the client can initiate interaction with the server again. The
diagram shows a typical request-response model that is fundamental to a client-server
architecture, where the server acts as a provider of resources and services and the
client acts as a consumer of those resources and services.
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Figure 2: Generalized client-server architecture of the text tonality analysis system

To implement the proposed method, a set of data was collected from a wide range
of texts of articles from Internet sites of Ukraine, which ensure the representativeness
of various styles, genres and topics. The sample covers a variety of emotional contexts
to test the algorithm's ability to accurately classify emotional nuances. The analysis of
the text will be assigned to one of the following thematic headings, which were
determined by experts from the security service of state bodies:

Military and political leadership of Ukraine at all levels;

Law enforcement agencies of Ukraine;

Armed Forces of Ukraine;

Socio-political situation in the regions of Ukraine (attitudes towards mobilization,
socio-economic stability, etc.);

Pro-Russian religious organizations on the territory of Ukraine;

Pro-Russian movements, formation of the concept of "Russian peace"”;
International image of Ukraine in the EU (English, German, Polish, Romanian,
French, Hungarian, Ukrainian, Russian languages);

International image of Ukraine in the USA, Canada and Great Britain (English
language);

International image of Ukraine in African countries (English, French, Arabic
languages);

International image of Ukraine in Asian countries (Chinese, Russian, Turkish,
Arabic, Georgian, Kazakh, Farsi, Kyrgyz, Tajik, Uzbek, Japanese, Korean
languages);

Ukraine in the information space of the Russian Federation;

Ukraine in the information space of the Republic of Belarus;
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¢ Socio-economic, political, military situation in the Russian Federation (attitudes
towards the top management, mobilization, deterioration of the economic
situation, etc.).

The main functionality of the web interface (Fig. 3) [15] allows users to insert url links
of news sites for analysis. After submitting the text, the system uses an algorithm to
determine the emotional color, displaying the results in the form of an understandable
report. The report includes quantitative indicators of the presence of positive and
negative words, as well as an overall text tone index.

As a result of the analysis of the tonality of the text [16], the rubric "Military and
political leadership of Ukraine at all levels" was determined, where a positive tone of
+80% was indicated. This reflects a high level of positive emotional coloring of the text
of the article. Details are given about military aspects, including the acquisition or use
of military equipment (the F-16 and Bayraktar are mentioned), and an optimistic
attitude towards events related to the war in Ukraine is reflected.

& rdnr url

reTps | wvew. 0352 10 Yem £/373870AMRINS MO0 CENMA0 ¢S £ 16 u-porsomu. pleics 2004
Irvaersaon
ety

Py6puKa: BiHCbKOBO-NONITHYHE KePIBHULYTBO YKpaiHM BCiX
piBHiB

ToHanbHicTb: +80% (no3uTuBHA)

Teuzr cravrel

Sevrmyeay) F-i0

W e et sgea il g fegva

T I

FO0FCUMTEER WnTiaama Bateplante 6o3 OTPssanes Nonepeines?® 3roms M3IST 00 30 peian

Mareptani 3 nEagedue CToOM", THUTeencsned waTREIAA", *TIAETREpOARSE CRaURDOeNT®

Figure 3: Example of text analysis result

The Iinversion function (Fig. 4) of the results was included for users who wish to
analyze the opposite emotional tone of the text. This can be useful, for example, when
analyzing texts containing sarcasm or irony, where the literal meaning of the words
can be misleading. The inversion allows you to quickly see how the overall assessment
of emotional coloring will change if these stylistic figures are taken into account.

Entec url

https://tsn un/ato/specstuzhbi-rftashtuvati-masshtabnu-kampaniyu-poshinyuyut-fegklvid-imeni-sirsk
Inversion

Anel
Agoly

Figure 4: Field for entering a link and using inversion
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One of the most important aspects of the web interface (Fig. 5a) is the ability to edit
keywords for each heading. Users can add new words to dictionaries, remove existing
ones, which affects their significance in the analysis algorithm. This allows you to adapt
the system to the specific needs of the user and increase the accuracy of determining
the tonality for specific topics or writing styles.

In addition, the web interface includes a dictionary management module (Fig. 5c),
which allows users to view and update the database of words on the basis of which the
analysis is performed. This is especially important to take into account linguistic
updates, social and cultural changes that can affect language and its emotional load.

Select Setecr
I600AKE CHAK YEDSIHN v NpasooxopomKi oprase YKpainK v
Sobect Solecy
Keywords v Dictionary ad
Entay word Select
Pesitive v
nt
Add Enter word

npocropl Yxpainu
Remove

Add

Remowe

: "Apmin -
show all
L : "“0Ofoposa”

.
RitAcannaas Cnynfia® [

:"DYilcawony onepayty” I M3akne

i : "bolicea roToowicTa® + "LApasenMsIT.
a - key words b - dictionary of emotions
Figure 5: Example of editing keywords and dictionary

A comparative analysis was conducted to assess the effectiveness of the system for
determining the tonality of texts (100 news stories) by comparing the automated
results of the system with experts’' assessments. The analysis took into account such
parameters as the assignment of the text to the appropriate rubric by the system and
experts, the comparison of the tonality of the texts determined by both the system and
experts, and the correspondence of these assessments. Using the URL as a unique
identifier for each text ensured accurate tracking of results. In addition to the
quantitative evaluations, the experts provided additional notes for a deeper
understanding of the reasons for the discrepancies between the expert evaluations
and the results of the system, which will contribute to the further improvement of its
accuracy and reliability.
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Based on the results of filling out Table 1, statistical indicators were calculated,
namely the simple percentage of matches between the system and experts.

Table1
Evaluation of System Efficiency
Statistical indicator value
indicator
Correspondence of 92%
rubrics
Average tonality  15%
deviation

The obtained results (see Table 1) indicate a fairly high efficiency of the system in
terms of classification of texts by headings with a correspondence of 92%. This means
that in most cases the system correctly identifies the thematic category of the text,
which indicates its reliability in determining the context of news, However, the average
tonality deviation of 15% is quite significant and may indicate some shortcomings in
the work of the algorithms of the system for evaluating the emotional coloring of the
text. This may be due to the incompleteness of the dictionaries used for sentiment
analysis. However, dictionaries can be constantly updated, which is a significant
advantage of the system, since the language is constantly evolving, and the context
and use of the vocabulary can change. The ability to supplement dictionaries by users
allows the system to adapt more quickly to novelties in the language and changes in
the use of terms, especially in the field of news, where it is important to take into
account not only the lexical meaning of words, but also their connotative influence.

Thus, the system demonstrates a high accuracy in the classification of thematic
headings, but needs improvement in determining tonality. Constant addition and
updating of dictionaries, with the possibility of making changes from users, is an
important process for increasing the accuracy of the analysis of the emotional coloring
of texts.

5. Conclusion

A method for determining the text sentiment by thematic rubrics is proposed based on
an integrated approach that integrates natural language processing, machine learning
and linguistic analysis for automatic classification of text data. This allows you to assess
the emotional color of the text (positive, neutral or negative) and express it
quantitatively in the form of a percentage scale from -100% to +100%.

The text sentiment analysis system implemented based on the method has a high
accuracy (92%) of classification of thematic headings. This means that in most cases
the system correctly identifies the thematic category of the text, which indicates its
reliability in determining the context of news.

However, the average sentiment deviation of 15% is quite significant and may
indicate some shortcomings in the work of the algorithms of the system for evaluating
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the emotional coloring of the text. This may be due to the incompleteness of the
dictionaries used for sentiment analysis.

In the future, authors are going to explore the methods [17-20] for improving the

quality and performance of text sentiment analysis.
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Abstract-The modern development of speech synthesis
technologies and convolutional neural networks (CNN) creates
new  opportunities and challenges in the field of voice
recognition. One of the key tasks is to ensure the security and
suthenticity of audio Information, especially in the context of
information warfare and disinformation campaigns. In this
context, the ability to recognize and identify gencrated voices
becomes particularly important. This study sims to develop an
intelligent method for recognizing real and  generated
Ukrainian-language  voices  using  convolutional  ncural
networks, The proposed method s based on the careful
collection and preparation of data, the development and
training of a CNN mode, and its validation on test samples.
Special attention is paid 1o ensuring the balance of the dataset,
which is crucial for preventing model bias and improving ity
ubility to generalize to unknown data. The model shows high
performance in detecting real and generated voices, making this
approach useful for local applications, particularly in Ukraine.

Keywords-voice recognition, generated voices, convelutional
neural networks, Ukrainian language

INTRODUCTION

Modern  development  of  speech  synthesis  and
convolutional neural networks (CNN) technologies creates
new opportunitics and challenges in the ficld of voice
recognition. On the one hand, these technologies contribute to
mmproving the quality of synthesized audio recordings. which
can be used in a wide range of applications - from virtual
assistants to the genemtion of voice content. On the other
hand, increasing the realism of generated voices poscs new
challenges for researchers working to ensure the safety and
authenticity of audio information.

In particular, in the context of information warfare and
disinformation campaigns, the ability to recogmze und
wdentify  generated voices becomes cspecially relevant
Russia's war of aggression against Ukraine has highlighted the
need for relisble tools to detect fake audio materials that can
be wsed to munipulaste public opinion, spread false
miormation, and undermine trust in official sources.

The purpose of this study is to develop an intelligent
method for recogmzing real and generated Ukrainian voices
using convolutional neural networks. The proposed method is
based on carcful data collection and preparation. devclopment
and traming of the CNN model, as well as its validation on
test samples.

Particular attention 1s paid to ensunng the balance of the
datasct. which is key to preventing model bias and
increasing its ability to generalize to unknown data.

This work 1s divided as follows. Section 2 deals with the
analysis of related works, section 3 presents an intelligent
method for recogmzing real and generated Ukraimian-
speaking voices. Section 4 presents the implementation of the
method. Chapter 5 presents the conclusions to the study.

RELATED WORKS

The modem development of speech synthesis and decp
leaming technologies  creates new  opportunitics  and
challenges in the ficld of voice recognition. Synthesized
voices arc becoming more and more realistic. which increases
the importance of effective methods for their detection and
identification. In particular, the ability to distinguish real
voices from synthetic ones is critical for ensuring information
security, especially i the context of disinformation
campaigns and fake news.

Rescarch [1] presents a FoR dataset containing more than
198,000 utterances from modern speech synthesizers and real
language. It also describes the use of this datasct to train decp
leamning models that have achieved 99.96% sccuracy in
detecting synthetic language.

The study [2] describes the methods of synthetic language
detection using decp ncural nctworks, in particular the
analysis of frequency characteristics of the language for
training classifiers. The authors achieved high accuracy using
dynamic acoustic features.

Research [3] analyzes the rehability of voice recognition
systems using decp lcaming algonthms and convolutional
neural networks to improve voice identification accuracy and
security.

Rescarch [4] proposes a solution to detect fake voice
recordings  created with Deep Voice and  Imutation
technologies using convolutional nearal networks for high-
accuracy audio classification.

The study [5] examines the ability of two-dimensional
convolutional ncural networks to generalize and detect false
speech, achieving high performance even on new synthetic
language systems.
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Rescarch (6] presents a methodology for detecting cough

sounds using neural networks, where high accuracy was
achicved in the classification of cough sounds, which can be
applicd to the dingnosis of discases.

Rescarch [7] analyzes the use of convolutional neural
networks for remote language recognition in a large
vocabulary. The authors achieved a significant improvement
in the accuracy of voice recognition in noisy environments.

The study [8] presents an ensemble of convolutional
neural networks for audio classification. Using this approach,
the suthors achieved high accurscy in the classification of
various types of audio signals.

Rescarch [9] analyzes the use of convolutional neural
networks for voice emotion recognition. The authors have
achieved high accuracy m determining emotional states,
which makes this technology useful for many applications.

Below is a comparative Table 1, which contains the mam
characteristics and features of four studics related to the
recognition of real and generated voices using convolutional
neural networks.

TABLE L COMPARISON OF CLOSEST ANALOGUES
#of Used
1 A ¥ Peculiarities of the study lungunge

FoR  dataset  containing  over|
i 0996 |128.000  mterances ‘r”"""-' Aoep) Englich,
] i)
language detoction.
Mcthods of detecting  syntheti
Imgmge un'ng decp  neural
12] 99.63% of fn English
chamacteristics of speech fonnmnm
classifien.

Detection of fake voice recardings|
created wsing Decp Voice and) 3
fish,
Imitation  (ochiologiex.  Uking] 3050
convolutiom! neural setworks :ll"mw

audio classification.

Therefore, this study differs from analogues (see Table 1)
i the field of recogmition of real and generated voices using
convelutional neural networks i that it focuses on Ukrainian-
speaking voices, using modem text-to-speech technol
create genersted recordings. The developed model
high accuracy in detecting real and generated voices duc to the
relevance and diversity of the dataset. which includes both real
and generated Ukraiman voices. This makes this work unique
and uscful for local apphications, providing new opportunitics
So‘l;athc development of specch recognition technologies in

ine.

METHODS AND MATHERIALS

Below is a detailed description of the mtelligent method
for izing real and genersted Ukrainian  voioes,
developed using convolutional neural networks. The method
ts presented in the form of siep-by-step instructions, cach step
of which describes # scparate aspect of the process and
structure (Fig. 1),

Stage 1. Dats collection. To develop and train a voice
classification modcl. two main sources of data must be
identified. An appropriate number of records was selected for
cach source. ensuring sufficient representativencss and
diversity within the dataset. This allows for a balanced data

sct, which is important to avoid biasing the model and improve
its ability to gencralize to unknown data.

1.1 Set of real Ukraiman-speaking voices. A dataset that
contains recordings of real voices collected from open
sources.

12 Set of gencrated Ukminian voices. Created dataset
including gencrated voices created using modern text-to-
speech technologies.

12.1. Downloading and cleaning the news dataset
Downloading data from news sources can be described as a
sclection function [ that sclects a subset of texts T from the
entire population of available texts N:

D(TY=N.

Cleaning texts from irelevant elements such as links and
advertising blocks can be expressed as a cleamng function €
that transforms cach text t€7 into a clean text £

L= VeeT,

where ¢’ contamns no unwanted clements,

1.2.2. Audio generation. The text-to-audio conversion
process can be descnibed using a synthesis function S, which
converts plain text ¢’ to audio a:

Sit)=a,

where § uscs speech synthesis algorithms to create natural-
sounding audio recordings.

123, Save audio. Suving asudio recordings can be
represented as a save function R that maps cach zudio
recording a to a file system for later usc:

Ra)=audio file.

This mathematical approach allows formalizing the
process of data prepamtion for sudio generation and ensures
clanty and consistency n data manipulation, cnsuring that
cach stage can be accurately reproduced and analyzed in
scientific rescarch.

Stage 2. Data transformation. A spectrogram is obtuined
from cach audio file, using the short-time Fourier transform
[10], which 1s described by the following formmnla:

S0, 0) = [ x(t)w(r - t)e~12lrdy,
where:
e x(7)-signal in time,
e w(r—t)is & window function focusing the analysis
around time ¢,
|- frequency,

® S(f,t) is the complex amplitude value in frequency f
and time £.

Stage 3 Preparation of traming. All spectrograms must be
scaled to the samc size using a bilincar interpolation
procedure that preserves key propertics of the data during
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resizing. This process can be expressed by the following
mathematical formula [10]:
¥ K

S'tu,v) = Z;

S(¢.f) - interp(u, v.t,f),

where:

*  S(t,f)- original spectrogrum values,

® S'(u,v) is the new value in the pixel of the resulting
spectrogram.(u, v),

e interp is a bilincar interpolation function that takes
nto account the weight of neighboring pixels.
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Stage 4. Distribution of data. The next step is to divide the
data into training and test sets in the proportion of 8% to
20%, respectively. In the traming sct, cach spectrogram is
labeled as a representation of a real or generated voice. This
distribution allows to provide an adequate amount of data for
cffective training and validation of the model, reducing the
posstbility of its retraining.

Stage 5. Model development. For classification, a
convolutional neural network [11] will be developed, which
includes several convolutional layers designed to detect
textural and structural festures in  spectrograms. The
dimensions of the iput layer of the network will correspond
to the dimensions of the spectrograms. As an activation
function in convolutional layers, ReLU is used, which is
described as follows:

RellU(x) = max(0,x).

Stage 6. Model compilation and traming. The next step 1s
to compile the model using the Adam optimazer [12], which
cffectively minimizes the loss function. For this task, binary
cross-cntropy is used, designed to work with two classes,
which is described as follows:

c
L) =~ ) vlog(),

lal

where:

ey truc class label,

® ¥ predicted probability for the class,

e C — number of classes (in this case. real or

generated). € = 2

Stage 7. Evaluation of the model. The model 1s tested on
a scparate test sample. which contams an equal number of
rcal and generated sudio recordings. The securicy of the

model (accuracy [13]) is calculated using the following
formula:

3 _ TP+IN
CEuTacyY = TP ¥ TN + FP + EN'
where:
e TP (True Positives) — the number of correctly

identified gencrated votes.
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e TN (Truc Negatives) — the number of comectly
identificd real voices.

e FP (False Positives) — number of generated votes
falsely identified as real,

e FN (False Negatives) — number of real votes falsely
identified as generated.

In addition. indicators such as sensitivity and specificity
can also be calculated, which are important for assessing the
balance between the detection of real and generated voices:

Sensitivity = TP /TP 4 EN,
Specificity = TN /TN + FP.

Stage 8: Output of results. In the final step. the model s
used to determine whether cach audio recording is gencrated
or real. Using the processed spectrograms as input, the model
classifies the audio recordings and outputs results that are
displayed through the user interface or stored for further
analysts. This process allows us to evaluate the model's
ability to accurately distinguish between real and gencrated
voices, which is cantical for its practical application in arcas
where the accuracy of audio authentication is key.

REALIZATION

Two main sources of data were used to implement the
proposed method [14]. The first is a text dataset used to
generate text-to-speech (TTS) generated audio that simulates
human speech with different intonations and accents. The
second source is the common_veice 161 andio dataset from
the Mozlla Foundation, which includes audio recordings of
real people exhibiting a wide range of vocal characteristics.

The collected datasets were subjected to  thorough
processing in order to create a single consolidsted data set.
The first stage of processing consisted in the standardization
of audio file formats, which were unified to the WAV format
with the same sampling rate and bit depth parameters. Each
sudio file has been lnbeled to indicate its origin: "generated"
or "real”.

The final stage of data preparation mnvolved balancing the
data set to ensure equal representation of generated and real
records. This step is critical to prevent bias in the mode! and
mprove its sbility to gencralize 10 new. unknown data. By
using carcfully sclected and prepared data, the dataset has
become a valid tool for effective training and testing of decp
leamning algorithms aimed at audio recognition.

To ensure the clarity of the data preparation process and
its impact on the training of the neural network. a visualization
was developed that displays the relationship between the
generated and real audio recordings in the traming set. As
shown in Fig. 2, the visualization includes two types of audio:
generated using TTS technologies and real audio obtained
from Mozilla's common voice 16 1 datasct, The presented
visualization illustrates the quantitative distribution of sudio
recording classification results. Two columns are shown: the
first column in orange represents the number of audio tracks
that were correctly 1dentified as gencrated ("true™) and has
approximately 11,146 units. The second column m green
shows the number of audio recordings that were falsely
classificd as not generated ("false”), showing a similar number
of about 10,015 units. This mapping allows you to evaluste

the balance of the data sct and the classification efficiency of
the model.

The process of ing sudio data for machine leaming
begins by downloading the necessary libranes, such as
Librosa and SciPy, which provide tools for reading. analyzing
and visuahizing sudio data. Each sudio file is converted to a
spectrogram using a short-time Fourier transform (STFT),
which allows visualization of the frequency changes of the
sound over time, followed by normalization of the
spectrogram  dimensions 1o [28x128 pixels via  bilincar
interpolation  to  standardize the input data. These
spectrograms, used as input to a convolutional neural network,
allow the model to analyze patterns in audio signals, greatly
increasing the accurscy of recogmizing audio as real or
generated, which 1s key to successful model traming and
validation.

° 2000 <o c00d 2000 10000

Fig. 2. Distrib of clasufs

results of gy f andio di

To recognize real and generated Ukraimian voices, a deep
neural network was created using the TensorFlow library and
the Kerus APL The architecture of the model includes several
key components: a segquence of convolutional layers
(Conv2D), which serve to detect the main patterns in
spectrograms, maxmum pooling layers (MaxPooling2D),
which reduce the dimensionality of the original data for more
cfficient processing, and fully connected layers (Densc),
which allow networks to study nonlincar dependencics
between pattems. Dropout layers are integrated between core
layers to prevent overtraining, and activation of all hidden
layers 1s done using ReLU. The final layer of the model uses
a sigmoidal activation function to determine the probabality
that the sudio belongs to the category of the generated records.

The model was compiled using the Adam optimizer,
which is optimal for a wide range of deep leaming probiems
duc to its ability to adapt the leaming rate based on the
computed gradients. Binary cross-entropy is used as the loss
function, which 15 the stundard for binary classification.

To train the audio classification model, the total dataset
was divided into training and validstion samples in an 80,20
ratio, which provided a d training base and sufficient
data to test the model's performance. Training was carned out
for 10 epochs, which allowed the model to effectively adapt
to the task of recognizing generated and real audio without the
nisk of significant oventraining.

After completing the traiming process of the model, its
cffectivencss was evaluated on a separate test and validation
sample. Using the error matrix shown in Fig. 3, a quantitative
analysis of the classification results was performed.
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According to the matrix. the model correctly identified 11,130
real audio recordings and 9.964 gencrated audio recordings,
while getting it wrong only 16 times for real and 51 times for
generated audio recordings.

4000

Pradictad label

Fig. 3. Eoor matnix for evaluating the classification of audio recondmgs by
the model

At the final cvaluation stage, the model demonstrates
impressive performance indicators, where the classification
accuracy reaches a value of 0.9968. This means that the model
successfully identified 99.68% of cases comectly on the
validation and test samples. effectively distinguishing
between real and generated audio recordings.

A. Case Study: An Analysis of Practical Model Validation
on Audio from TikTok and YouTube Shorts

At the final stage of practical testing of the model's ability
to distinguish between real and generated voices, three audio
recordings from the TikTok and YouTube Shorts platforms
were analyzed. The test results presented 1n Fig 4 illustrate
the high sccuracy of the model in determining natural human
speech and its interaction with background noise.

Precictum for Gen and Real Labels
0 ek

llﬂ

n-th-uu

Fig 4. Vismbization of model predctions for audso recordings from
TikTok and YouTube Shorts

Real tt
https:/figshare.com/articles/software/sudio_database/254519
23 and Tt with sudio
https://www.tiktok.com/{@kDstadkaa/video/ 73 706959563728
02822%s_from webapp=14&sender device=pe clips showed
high pr ediction sccuracy spproaching 1.0, confirming the
cﬂccmcncs-a of the model in recognizing real voices,
mcluding those with background noise. At the same time, the

Film Gen recording
hitps//www.tiktok.com/{@ vladasoloviova/video/ 7371392969
301101829, wath a score of about (.07, tumed out to be
identified as generated, since the score is close to 0, which
indicates a positive accuracy of identifying a gencrated voice
on a given clip.

The following model showed a high ability to recognize
real voices, as demonstrated by the results for the real tt and
tt with audio samples with accuracies of 0.998353 and
0.859620, respectively. This testifies to the reliability of the
model m recognizing natural human speech, and cven in the
presence of additional sound effects it performs quite well
The result for the film gen sample with an indicator of
0.074357 mndicates a significant accuracy of the model in
classifying the generated voice in the clip provided for the test.
This result can be interpreted as the imperfection of voice
detection with background noise such as music, which i1s an
indication of the need for further improvement.

CONCLUSIONS

This study presented a new approach to recognizing real
and gencrated Ukrainian voices using convolutional ncural
networks (CNN). The main stages of development and
implementation of the method included data collection, their
transformation and preparation, model development, its
training and cvaluation. The use of mathematical
formalizations made it possible to clearly outline cach step of
the process, which contributed to obtaining high-quality
results.

The resulis of the expenments demonstrate that the
developed NN model achieves high accuracy in voice
recognition. Using the Adam optimizer and the binary cross-

y loss function ecnsured cfficient model training.
Validation of the model on a separate test sample showed a
classification accuracy of 99.68%, which indicates a high
ability of the model 1o distinguish between real and generated
audio recordings.

Analysis of audio from the TikTok platform confirmed the
cffectivencss of the model in real conditions. The model
successfully recognized natural human speech cven in the
presence of background noise. However, some challenges
remain, cspecially regarding the recognition of modern
synthesized voices that can mimic real human speech.

Thus. the proposed approach has significant potential for
use in vanous ficlds where the accuracy of audio
authentication is key. Further rescarch wall be aimed at
studying the use of gencrated votes for fake research, which is
especially relevant in the context of Russia's aggression
against Ukrame. This will mmprove tools for combating
disinformation and provide more reliable methods of
authenticating audio matenials in the difficult conditions of
information warfare
(https://www.youtube.com/shorts’z6 XLirGr7PQ).
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