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AHOTALS

Kpanidikamiitna pobora Ha Temy «Monaynb BUsBICHHS (EHKOBHMX HOBUH Ha
OCHOBI KJIIOYOBHX CJiB» Ha 3M00yTTS OCBITHBROTO CTYIIEHS «OakajmaBp» 3a
cuemianbHicTiIO 122 «KoMmm’toTepHi Haykm» OCBITHBOI mporpamu «Komm’roTepHi
HayKW» BHKJIaZeHa Ha 66 cropiHkax 1 MicTuTh 21 umoctpariid, 1 Tabmuisg 1 28
BUKOPHUCTAHUX JIKEPETI.

Mertoro pobotu € po3podka KOMOIHOBAHOTO TIIXOAY /10 BUSBICHHS (PEHKOBUX
HOBUH, 1110 ntoeaHy€e Metonu BUTATY KiatodoBux ciiB (TF-IDF, RAKE, YAKE!, LDA,
LSA, TextRank) Ta airopuT™u MalllnHHOTO HABYaHHS 3 BAKOPUCTAHHSAM aHCaMOJIEBUX
kiacudikaropis (Voting, Stacking).

Metonu TOCiKEHHS BKIIIOUAIOTh: aHalll3 Cy4YacHUX MiAXO/IB A0 Kiacudikarii
TEKCTIB, MOOYIOBY 1H(POpMAIIHHOT MOJIEINI, TOMIEPEIHIO OOPOOKY TEKCTY (TOKEeH13allis,
JemMaru3allis, BUJAJICHHsS CTOM-CIIIB), BEKTOPU3AIliI0 TEKCTIB, BUTAT KIIOUYOBUX CIIB,
HaBuaHHs Moxener kimacudikamii (Random Forest, Logistic Regression, SVM) Ta
OIIIHKY TOYHOCTI Kjacuikarlii 3a JOIMOMOTO0 METPUK TOUHOCTI, MOBHOTHU Ta F1-mipu.

VY pesynapTaTi peayizoBaHO MNporpamMHuUi Moayab Ha MoBiI  Python 13
BuKopucTaHHsM O16mioTek scikit-learn, NLTK, pandas, matplotlib, mo mo3Bomsie
3aBaHTa)XyBaTu HOBUHH y (hopmari CSV, aBTOMaTHYHO BUTSITYBATH KIIFOYOB1 O3HAKH Ta
3MIACHIOBaTH Kilacu(ikalilo 3 TOUHICTIO moHan 92%. Pesynbratu BHUBOASTHCA Y
BUTIISA TpadikiB, TaOIUIIb 1 3BITIB, IO MIABHUIILYE 3pYYHICTh BUKOPUCTAHHS.

PesynbraTi qociikeHHs MOXKYTh OyTH 3aCTOCOBAHI B raiys3sax iHdopmariitHoi
0e3neKH, KYPHAIICTUKH, (PAKTYEKIHTy Ta PO3pPOOKH IHCTPYMEHTIB sl OOpOTHOM 3
ne3indopmarriero.

Kmouosi cnosa: BUSBJIEHHS @®EUKOBUX HOBUH, OBPOBKA
[IPUPOJHOI MOBU, KJIACU®DIKALIISA TEKCTY, TF-IDF, RAKE, YAKE!,
AHCAMBIJII KITACU®DIKATOPIB, FAKE NEWS DETECTION, NLP, MACHINE
LEARNING.



ANNOTATION

The qualification thesis titled "Module for Fake News Detection Based on
Keywords" for obtaining the Bachelor's degree in specialty 122 "Computer Science",
educational program "Computer Science", is presented on 66 pages and contains 21
illustrations, 1 table, and 28 references.

The purpose of the thesis is to develop a combined approach for fake news
detection that integrates keyword extraction methods (TF-IDF, RAKE, YAKE!, LDA,
LSA, TextRank) and machine learning algorithms using ensemble classifiers (Voting,
Stacking).

The research methods include: analysis of modern approaches to text
classification, construction of an information model, preprocessing of text
(tokenization, lemmatization, stop word removal), text vectorization, keyword
extraction, training of classification models (Random Forest, Logistic Regression,
SVM), and evaluation of classification accuracy using precision, recall, and F1-score
metrics.

As a result, a software module was implemented in Python using scikit-learn,
NLTK, pandas, matplotlib libraries, which enables loading news in CSV format,
automatic extraction of key features, and classification with an accuracy exceeding
92%. The results are displayed in the form of graphs, tables, and reports, which
enhances usability.

The research results can be applied in the fields of information security,
journalism, fact-checking, and development of tools for combating disinformation.

Keywords: FAKE NEWS DETECTION, NATURAL LANGUAGE
PROCESSING, TEXT CLASSIFICATION, TF-IDF, RAKE, YAKE!, ENSEMBLE
CLASSIFIERS, NLP, MACHINE LEARNING.
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BCTVII

VY cyuacHomy iH(popmalliiiHoMy cepenoBullll (GeHKoBl HOBUHU CTAIM OJIHIEIO 3
HAWOUTBIINX 3arpo3 MJid CyCHUIbCTBA, OCKUIBKM BOHM 3/aTHI MaHIMYTIOBaTU
IPOMaJICHKOIO TYMKOIO, MiIPUBATH JOBIPY 10 OPTaHiB BIAIU Ta COPUATH MOJITUIHUM
Kpu3aMm. 3 pO3BUTKOM HUGPOBUX TEXHOJIOTIH 1 colllaibHUX Melia (elKoBI HOBUHU
PO3MOBCIOMKYIOTHCS 3 BEJIMKOIO MIBUJIKICTIO, YaCTO JTOCATAa0u 3HaYHO1 aynuTopii. Le
CTBOPIOE CEPHO3HI BUKIMKU JIs 1H(OpMaIliifHOi Oe3neku, 0COOIMBO B KOHTEKCTI
MaHIMYJSALIA M1 4ac BUOOPUMX KaMIIaHId Ta MOJITUYHUX KpH3. 3Ba)KalOUW Ha IIe,
HEOOX1/THICTh CTBOPEHHSI aBTOMaTU30BAHUX CUCTEM JJIsl BUSIBJICHHS (DEMKOBUX HOBUH
CTa€ aKTyaJbHUM 3aBJIaHHSM JJisi 3a0e3MeueHHs JOCTOBIpHOCTI iHQopMmalii Ta
CTa01ILHOCTI COLIAIBHUX 1 MOJITUYHUX MPOIIECIB.

Busznauenns ta knacudikaiis (peKkoBUX HOBUH € CKIIAHOIO 3a7a4yero yepes ix
CXOXKICTh 3 pEaJbHUMH HOBMHAMH, II0 BKJIIOYAIOTh MAaHIMYNAil 3 QakTramu,
nepeOuIblieHHs a0o HemoBHI JaHl. g OopoTsOM 3 ne3iH(OopMali€r0 Ba)IJIHBO
BUKOPHCTOBYBaTH Cy4YacHI TEXHOJIOTii, Taki SK MAalllMHHE HaBYaHHS Ta OOpoOKa
IPUPOTHOI MOBH, SIKI JO3BOJSIOTH aBTOMATHU3yBaTH MPOIEC BUSBICHHA (HEHKOBHX
HOBHH Ha OCHOBI JICKCUYHUX, TPAMaTHYHUX T4 CEMAaHTUYHUX XapaKTEPUCTUK TEKCTIB.
BaxxnuBoro mpo0ieMoro € Takox po3poOka e(PEeKTUBHUX METOMAIB, sIKi O JTO3BOJISIIH
JOCSITTH BUCOKO1 TOYHOCTI KJIacH(ikallii HaBiTh y pa3l 3MIH B CTUJIICTUI Ta KOHTEKCTI
HOBHH.

Oco0nuBy yBary B JOCIIKEHHI CI1 IPUIUTUTH KOMOTHOBAHUM M1IXO0/1aM, 110
MOETHYIOTh KiJIbKa METOIB JIJIsl TOKPAILEHHS] TOYHOCTI Kiiacu(ikallii HOBUH, 30KpeMa
BUKOPUCTAHHS PI3HUX TEXHIK BUAOOYTKY KIIIOYOBHX CJIiB, BEKTOpH3allli TEKCTy Ta
ITOPUTMIB MAIIMHHOTO HaBUaHHs. [HTerpailisi TAaKUX METOIIB T03BOJIUTH CTBOPUTH
allaliITUBHY CHCTEMY, 31aTHY €(peKTUBHO pearyBaTd Ha HOB1 ¢popMu (HEeHKOBUX HOBUH.
Taki cuCTeMU MarOTh BEIMKHI IMOTEHINAN JIsi aBTOMATHU3aIlli MpoIecy MepeBIpKH
(aKTiB 1 3HWKEHHS BIUTUBY (PEHKOBHX HOBMH HA I'POMAJICHKY CBI1JIOMICTb.

Po3poOka edexkTBHMX METOMIB BHSBICHHS (EHKOBUX HOBHH HE JIUIIE

CIpUSATUME TMOKpaIlleHHIO 1H(OopMaIliifHOI Oe3neku, ajae W JOMOMOXKE CTBOPUTHU
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THCTPYMEHTH Il HABYAHHS TPOMAJISIH MEI1arpaMOTHOCTI, 1110 € BaXKJIMBUM KPOKOM Y
O00poTh0i 3 gAe3iHdopMalli€ro. 3aBaSKM BUKOPUCTAHHIO HOBITHIX TEXHOJOTIH ¥y
MOE/IHAHHI 3 aHAJITUYHUMH MiIX0JaMU MOKHA CTBOPUTH €(EKTUBHI CHUCTEMH, SIKI
OyAyTh AKTUBHO CHPHUATH TOKPALICHHIO 3arajibHOl CHUTyalii B i1H(opMaiiifHOMy
IPOCTOPi, 3a0€3MMeuyr0uH OB BUCOKY TOUYHICTh KacudiKailii HOBHH.

Meroro poOoTH € po3poOKa HOBOTO KOMOIHOBAHOTO IMIJIXOAY 1O BHUSIBIICHHS
(elKOBUX HOBHH Ha OCHOBI KITFOYOBHUX CIIiB.

3aBnaHHs TOCIIIKEHHS:

1. Amnani3 icHyIOYHMX METOAIB BHUABICHHS (PEMKOBMX HOBUH Ta OLIHKA IX
nepeBar 1 HeJIOJIKIB.

2. ®opwmamizalliss MaTeMaTUYHOI MOJEII JUIs BUSBICHHS (DeMKOBHX HOBUH Ha
OCHOBI KJTFOYOBHX CIIIB.

3. Po3poOka anroputmy 11si BUA0OYTKY KIIFOYOBUX CIIIB Ta iX Kiacugikarlii.

4. Peamizariss mporpaMHOTO MOIYJS IS BHUSBICHHS (DEMKOBUX HOBHUH 13
3aCTOCYBaHHSIM CyYaCHHX METO[IB MAallTMHHOTO HaBYaHHSI.

5. TectyBaHHs Ta OIlIHKA TOYHOCTI MOJIEJIl HA OCHOBI peaJIbHUX JaHUX.

6. OriHka epeKTUBHOCTI 3alpPONOHOBAHOTO PINICHHS Ta aHAJ3 MOXJIHBHUX
IUISIX1B HOTO BIIOCKOHAICHHS.

[IpenmeTt pobotu — 11e Tpoliec BUSBICHHS (EHKOBUX HOBHH Ha OCHOBI aHAII3y
TEKCTOBUX JIaHUX.

O06'exT poOOTH — MOMYJIb JIJIS aBTOMATH30BAaHOTO BUSABIICHHS ()eHKOBUX HOBUH,
KWW BUKOPHUCTOBYE METOY MAITMHHOTO HaBYaHHS Ta TEKCTOBOTO aHAJII3y.

Mertonu OCHIKEHHS BKJIIOYAIOTh aHaNI3 ICHYIOUUX MIIXOAIB J0 BUSBIICHHS
(dhelkoBUX HOBHH, 3aCTOCYBaHHS METOJIB MAIIMHHOTO HaB4YaHHs (30kpemMa Random
Forest), Bumo6yTok kiatodoBux ciiB 3a gonoMorow MmeroaiB TF-IDF, RAKE, Yake!, a
TaKO’XK BHKOPUCTAHHS JIATEHTHOTO ceMaHTu4yHoro aHamizy (LSA) Ta TemarmuHoro
MozemtoBanHs (LDA).

AnpoOariist pe3ynbrariB gociipkeHHs. OCHOBHI TEOPETWYHI Ta MpaKTUYHI
pe3ynbTaTH  JOCHIKEHHS Oyiau TMpeAcTaBieHl Ha MDKHAPOJHUX  HAyKOBHX

KOH()EpEeHIIIsX, MaTepiaJid SIKUX OMyOIIKOBAaHO Ta MPOIHAEKCOBAaHO B 0a3i Scopus:
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1 AHAJI3 IPEAMETHOI OBJIACTI TA ICHYIOUI PILIEHHS

1.1 BuznauenHs ¢peHKOBOCTI HOBHH Ta iX Kiacudikarris

BusnauenHss ¢elKoBOCTI HOBUH € CKIJIQJIHOKO 3aJ1ayeio, OCKIIbKH (HEHKOBI
HOBWHH YaCTO MAaCKyIOThCS I1i]] MPaBI1Bi, BUKOPUCTOBYIOUH MOIIOHU CTHIIh, MOBY Ta
CTPYKTypy. 3a3Buuail (eiikoBl HOBUHU MOXYTh MaTH €JIEMEHTH MepeOiIbIIeHHS,
MaHIMyatoBaHHs (akramMu ab0 HaBMHCHOTO BHUKPHUBJICHHS TOMINA, IO CHpUsE
nesindopmariii. OCKIIBKU TOCTOBIPHICTH JKEPET 1 TOYHICT 1H(OpMAIlli MOXKYTh OyTH
BaYKKO OI[IHUTH BPYUYHY, Ha JOTIOMOTY HMPUXOASATH Cy4acH1 TEXHOJIOT1T aHai3y TEKCTIB,
K1 JIO3BOJISIIOTH aBTOMATUYHO BUSBIATH (DEMKOBI HOBUHU HAa OCHOBI TIEBHHUX
XapaKTEPUCTUK TEKCTy. [[1s mbOro BUKOPHUCTOBYIOTHCS METOAM, IO BPAXOBYIOThH
JIEKCHYHI, TpaMaTU4Hi, a TAKOXK CEMaHTUYHI 0COOJMBOCTI TeKeTy [1].

OguuM 13 OCHOBHUX MIAXOMIB A0 Kiacuikailii HOBHUH € 3aCTOCYBaHHS
QITOPUTMIB MAIIMHHOTO HABYAaHHS, TaKUX sK Kiacudikaiis TeKcTiB. Bonu
JO3BOJISIFOTh aBTOMAaTHMYHO HABYATHCS Ha BEIMKUX HAOOpax MaHWX, 00 BU3HAYUTH
PI3HUIIIO MIX TPaBAUBUMHU Ta (EUKOBUMU HOBUHAMHU. OCHOBHUMHU OCOOIHMBOCTSIIMH,
Ha SK1 CIUPAOTHCS 111 METOMAM, € JICKCUIHUH aHaji3, BUJIOOYTOK KIFOUOBHUX CIIB, a
TaKOXK aHall3 CTUJIICTUYHUX XapaKTepUCTHK TekcTy. Hampukinazn, ¢elkoBl HOBHHH
4acTO MICTSITh KOHKPETH1 pa3u a00 TepMiHU, [0 MOPYIIYIOTh JIOTTYHY MOCIITOBHICTh
a00 eMoIIiitHO 3a0apBJiIcHi, 110 POOUTH iX OUTBIT MOMITHUMU ISl aITOPUTMIB [2].

MeToau MalllMHHOTO HaBYaHHS, 30KkpeMa Taki ik Random Forest, nonomaratots
KJacu(ikyBaTM HOBUHU IUISXOM BHU3HAUEHHS O3HAK, SIKI XapakTepH1 I (PeiKkoBUX
a00 peanbHUX HOBWH. /{11 BHUSIBICHHS (PEHKOBMX HOBHH BHUKOPHUCTOBYIOTHCS METOIU
BUI00yTKY KitouoBux ciiB, sik-oT TF-IDF, RAKE, Yake! Ta iHmii, siki J03BOJSIOTH
BUJIIISITH 3HAYYII TEPMIHHU, 11O € IHIUKaTopaMu (peikoBoCcTi. BoHM aHaMI3yIOTh TEKCT
1 BUSBJISIIOTH CJI0Ba 200 (pasu, siKi HalyacTiIIe 3yCTpiuaroThCsl B PEHKOBUX HOBUHAX.
OCKIZbKM 111 METOAM HaJaloTh BAXKJIMBY 1H(QOpMAILIIO HIOAO CTPYKTypU Ta BMICTY
HOBHWHH, X KOMOIHAIliS 3 aJTOPUTMAMH MAIlIMHHOTO HABYAHHS J03BOJISE TTOKPAIIUTH

TOUYHICTh KJacudikarii [3].
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Kpim Toro, BayK1MBUM aClieKTOM € BUKOPUCTAHHS TAKUX METO/IIB, K JIATEHTHUHN
cemanTnuHuil anamiz (LSA) ta narentHe posmnopinene 3o0paxkenHs (LDA), mio
JIO3BOJISIIOTH TJIMOIIE 3pO3YyMITH CEMaHTHUYHI 3B'A3KM MIXK CJIOBaMU B TeKCTi. BoHmM
JT03BOJISIFOTH BUSIBUTH JIATCHTHI TEMH Ta TPEHH, 110 MOXYTh OYyTH XapaKTePHUMH JJIsI
(elikoBUX HOBUH 1 TUM CaMUM MOKpamuTu kiacudikarito. L{i MeTonu n03BOMISIOTH
CTBOPUTH OUIBII TOYHI MPOTHO3U IIMOAO HAIIMHOCTI HOBHHU Ta MOXYTb OyTH
BOXJIMBUMHU 1HCTPYMEHTAMH IS TTONAJBIIIOTO BIOCKOHAJICHHS MOJCII BUSBICHHS
(delikoBuX HOBUH [4].

Cucrema BusiBlieHHsS (DEIKOBUX HOBUH, TOOYJOBaHA HA OCHOBI TaKUX IT1AXO/I1B,
JIO3BOJIsIE aBTOMATHU3YBAaTH MIPOILIEC aHAI3y Ta Kiacudikaliii HOBUH, 1110 3HAYHO 3HIKYE
notpely B JIIOACHPKOMY BTpPYYaHHI. 3aBJISKH IHTETpallii pi3HUX METOIIB MAIIMHHOIO
HaBYaHHS Ta 0OpOOKU MPUPOTHOI MOBH, TaKi CUCTEMH MOXYTh aJIaliTyBaTUCS JI0 3MiH
y CTUJIICTHUIIl Ta MOBHUX XapaKTEPUCTUKAX HOBHUH, 1110 3a0e31euye IXHIO €)eKTUBHICTD
1 TOYHICTB Yy 00poTHOi 3 delikoBoro iHDopmariero [5].

@DeilkoBl HOBUHHM MOXYTh MaTW pi3HI (QOpMH, BiJ €MOILIHHO 3a0apBiIeHUX
MOBIJIOMJICHB JTO MAHIMYJISALIHA (paKTaMH, 110 POOUTBH iX CKJIATHUMU JIJIS aBTOMATUYHOTO
BUSIBJIICHHS. BOHM 4acTO CIPUYMHAIOTH BEJUKI COLlaJIbHI Ta MOMITHYHI HACHIJIKH, 10
oOyMOBJIIOE€ TOTPeOy B CTBOPEHHI €(PEKTUBHUX CHUCTEM [JIsl iX aBTOMATUYHOI
kiacudikarii. OgHUM 13 BaKIMBUX KPOKIB Y pO3pOOII TAKUX CUCTEM € BUKOPUCTAHHS
MIJIXOA1B, 10 BKJIIOYAIOTh KOMOIHALIIO TPAIUIIMHUX METO/IB TEKCTOBOI 0OpOOKH Ta
HOBITHIX TEXHOJIOTIM MaIIMHHOTO HaByaHHA. L[I cucTeMHM IO3BOJSIOTH HE JIHIIC
BUJIIJISITA HAMOUIBII 3HAUYII JIEKCUYHI OAWHMII, a i aHaII3yBaTU KOHTEKCT, Y SIKOMY
BOHU 3'IBJIIIOTHCS, IO OCOOJMBO BXKJIMBO [JIi BHSBICHHS MAaHIMYJIALIN YH
nepeOiIbIIIEHHS B TEKCTAX.

[Tigxomau, siKi 3aCTOCOBYIOThCS 1Sl Kitacudikalli peikoBUX HOBHH, BKIIOYAIOTh
B ce0c TEeXHIKM, IO JIO3BOJSIOTH aHAJI3yBaTH JIEKCUYHI XapaKTEPUCTUKH Ta
CTWJIICTUYHI O3HAaKM TeKcTy. Hampuknaa, 3acTocyBaHHS TakuX METOMIB, SIK
TruncatedSVD nns naTeHTHOTO ceMaHTUYHOTO aHai3y abo Latent Dirichlet Allocation
(LDA), no3Bomsie 3'acyBaru, sIKi TeMH a00 TEPMIHHM HaiyacTilie 3yCTpi4aroThCs B

TEKCTax, 0 KIacu(DiKyThCs K (PeiikoBl. BUKkopucTaHHS IMX METOMAIB y MOEHAHHI 3
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aJIropuTMaMU MAIlIMHHOTO HaBYaHHS, TakuMH sk Random Forest, SVM a6o rimboki
HEHPOHHI Mepexi, JO3BOJSE JOCATTH BHUCOKOI TOYHOCTI B Kiacudikailli HOBUH Ta
MIHIMI3YBaTl BIUIMB JIIOJACHKOTO (haKTOpPy Ha TIPOIeC MEPEeBIPKH JOCTOBIPHOCTI
iHpopMmarii [6].

[le omHUM BaKJIMBUM aCIEKTOM € BUKOPUCTAHHS aJITOPUTMIB, IO JO3BOJSIOThH
MPaIflOBaTH 3 BETUKUMH 00CSTaMu IaHUX Y peajJbHOMY Yaci, 30KpemMa TeXHIK OHJIaiH-
HABYaHHS, SKI MOXYTh aJanTyBaTUCS JI0 3MIH y CTPYKTypl TEKCTIB Ta CTHIIICTHUII
MoBieHHs. lle mae 3mMory cBo€dacHO pearyBaTd Ha HOBI TEHJEHIlT y CTBOpPEHHI
(elikoBUX HOBHH Ta 3a0e3neuye e(heKTUBHICTb CUCTEMH Ha JOBIOCTPOKOBIM OCHOBI.
Jlo Takux METOJIB HaJleXkaTh PI3HI AJITOPUTMU JJII OHOBIIEHHA MOJENEH B PEKUMI
peaIbHOTO Yacy, 10 JO3BOJISIIOTH 30epiratu TOYHICTh Kiacudikallii HaBITh 3a 3MIHHUX
YMOB.

[HTerparis Takux MiJXoAiB J03BOJISE CTBOPUTU THYUKI Ta alaliTUBHI CUCTEMU
JUIsL BUSABIICHHS! (PEMIKOBUX HOBUH, SKI MO)XKHA 3aCTOCOBYBaTW B IIMPOKOMY CHEKTpI
chep, BKIIOUAIOYM OHJIAWH-MEJia, COIllalibHI MEPEXi, a TaKoXK JJIsi aBTOMAaTHu3allii
nporieciB nepeBipku ¢akTiB. CUCTEeMH Ha OCHOBI MAIIMHHOTO HAaBYAHHS MOXKYTh
€()EeKTHUBHO BUSIBJISITH HOBUHH, SIKI MICTSATh O3HAKM MaHIMYJSALIT UM Je31HpopMallii, 10
JT03BOJISIE 3HAYHO 3HU3UTHU BILTUB (hEMKOBOT 1H(OpMaLlli Ha CYCIUIBCTBO Ta IONOMOI'TH

KOpUCTyBauaM OTPUMYBATH JOCTOBIPHY 1H(POPMAIIIIO 3 IEpEeBIpeHUX xepen [7].

1.2 BB (eiikoBUX HOBUH Ha CyCIHUILCTBO Ta 1HGOPMAIliiHY O€3MeKy

@DeiikoBl HOBMHM MAalOTh BEJIMKHI BIUIMB Ha CYCIUJIBCTBO, OCKUIBKM BOHH
MOXKYTh BUKPUBIIATH PEabHICTh, MAHIMYTFOIOYH TPOMAJICHKOI0 JYMKOIO Ta CIIPHSIFOUN
MOJIITUYHUM 1 comaibHuM Kpu3aM. OcoOJIMBO BaXKIMBO II€ B YMOBax Cy4acHOTO
iH(opMaliifHOTO cepeoBuIla, e 0araTo JoAeH OTPUMYIOTh HOBUHHU Yepe3 COIlialibHI
MepEexi, K1 3HAUHOIO MIPOIO HE MiJJISTAI0Th KOHTPOJIIO Ta MEePEeBipIii. Y TaKUX yMOBaxX
(dhelKoBl HOBUHU MOXYTh MOITUPIOBATUCS MUTTEBO, HA0YBAIOUH IIIMPOKOTO PO3TOJIOCY.
B Vkpaini nommpenHss ¢elkoBUX HOBHH Ha0yJ0 OCOOJMBOTO 3HAUYCHHS uepes

1H(pOopMalliiiHy BiliHY, 110 MToyanacs 3 aHekciero Kpumy Ta 30poiiHUM KOHQIIKTOM Ha
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cxofii Kpainu. danpirBl HOBUHU BUKOPUCTOBYIOTHCS SIK IHCTPYMEHT MaHIMyJALIN He
JWIlIe Ha BHYTPIUIHBOMY PiBHI, aje # Ha MI>KHapOAHOMY, 1110 CTAHOBHUTDH 3arpo3y AJis
iH(dopMariitHoi 6e3neku aepxasu [8].

Ha momituyHoMy piBHI (heHKOBI HOBHHHM aKTHUBHO BHUKOPHCTOBYIOTHCS MJIsI
MaHIMyTIOBaHHS BUOOpuMMHU TporecamMud. B VYkpaiHi, sk 1 B I1HIIMX KpaiHax,
CIIOCTEPIra€eThCs MOMMPEHHS Je3iHopMalii mig yac Bubopuux kamraniii. Lle moxe
BKJTFOUATH SK (haJbIIMBI MTOBIIOMJICHHS TIPO KaHAHMIATIB, TaK 1 BUTAJaHl CKaHAAIA 91
MAaHIIMyJIOBaHHS €JEeKTOpAIbHUMH HacTpossMu. Hampukan, mija yac nmpe3ueHTChKIX
BuOOpiB 2019 poky Oyno 3adikcoBaHo Oararo (aiabIIMBUX HOBUH, 1110 CTOCYBAJIUCS SIK
KaH/JMJIATIB, TaK 1 MEBHUX MOJI1H, 1110 MaJl HAa METI 3MIHUTU CTaBJIeHHS BUOOPIIiB. Lle
MOKa3ye, K (PeKOB1 HOBUHU MOXYTh OyTH BUKOPUCTaHI JJI MIJPUBY I€MOKPATHYHHUX
IPOLIECIB, MOPYIICHHS BUOOpYOi CHPABEAJIMBOCTI 1 3HMKEHHS PIBHA JOBIPH [0
MOJITUYHOI cucTeMH [9].

®delfkoBl HOBMHU TaKOXX € 3HAYHOIO 3arpo30r0 s iHGopMalliiHoi Oe3IeKw,
OCKLUJTBKM BOHM MOXKYTh CTBOPIOBATH COIlialbHY HAMPYTy Ta CIPHUSATH MOTITHOICHHIO
KOH(UIIKTIB. 30KpeMa, Mij yac BIMHM Ha CXONl YKpainu, (pelKoBI HOBUHU AKTUBHO
BUKOPHCTOBYBAJIMCS JJISI CTBOPEHHS HEIOBIPH MK PI3HUMH TPyIaMH HAceJICHHS Ta
MNOMITUYHUMHU CUJIaMHU, a TaKOoX JJIS PO3MAIIOBAaHHS HEHABHUCTI Ta BOPOXKHEYI.
[Tommpenns HenmpaBAuBOi 1HPpOpPMAIlT PO AISUIHHICTH apMii, TYMaHITapHY CUTYAIIiI0
YU MOJITUYHY CUTYaLII0 MOXE MPU3BECTU A0 3arOCTPEHHS] BHYTPIIIHBOMOIITUYHOIL
CUTYyallli, TMOTIPIICHHS MDKETHIYHUX CTOCYHKIB Ta 3arpo3W HaIllOHAJIbHIN Oe3merri.
Taki 1H(poOpMaIlliiiHI araku CTajld BaXXJIMBOK CKJIQJIOBOIO TIOpUAHOI BiWHU, sKa
BEJICThCS HE JIMIIIE Ha oIl 0010, a i B iHGopMarliinomy npoctopi [10].

Ha mnoGanpHOMY piBHI (PeiikoBI HOBUHM MAalOTh 3JaTHICTh BIUIMBATH Ha
MDKHApOJHI BIIHOCHHHU, CIHpUSIOYM Je3iHdopMalli, o NiApUBaE CTAOUIbHICTD
nepkaB. Kpainu, siki BUKOPUCTOBYIOTh (haIbIIIMBI HOBUHU K THCTPYMEHT 30BHINIHBOT
HOJIITUKY, MOXKYTh Yepe3 HUX MaHIIMYII0BAaTH CBITOBUMH MOMISAaMHU Ha KOH(IIKTH YU
€KOHOMI4H1 TTpo0sieMu. BaxkJIMBUM acrekToM Ii€i mpoOIeMu € He JIMIIe HalllOHaIbHA,
ane W MiKHaponHa Oe3rleka, OCKUIbKM HENpaBAMBl HOBUHU MOXYThb CIPHUMHSATH

€KOHOMIYH1 YM TOJITHUYHI CaHKIII{, MI>)KHAPOJIHI KPU3H Ta HABITh BOEHHI KOHQIIKTH.
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Ocph yomy OopoTh0a 3 (eWKOBUMH HOBHHAMH € BaXKJIMBOI YACTHMHOI HE TUIBKH
BHYTPIIIHBOI 1HPOpMaIiifHOT Oe3meKH, ane il mobdansHoi cTabinbHOCTI [11].

Jlns ehexTuBHOL MpOTHAIT (HEMKOBUM HOBHHAM HEOOX1aH1 KOMIUICKCHI ITiIXOH,
BKJIFOUAIOYM  PO3POOKY TEXHOJIOTIM aBTOMATUYHOTO BHSBJICHHS Je3iH(opMartii,
MIATPUMKY MEIiarpaMOTHOCTI cepel HaceJIeHHS Ta CTBOPCHHS 3aKOHOJABYHMX
1HIL1aTUB, 1110 PETYIIOI0Th AISUTBHICTH Mefia Ta iHdopMaiiiaux miatdopm. B Ykpaini,
30KpeMa, aKTUBHO pO3BUBAIOTHCA IIaTGOpMU Uid TEpeBipkH (PakTiB, Takl SK
StopFake, siki mokyiMkaHi 10NOMOTI'TH TPOMaJISiHaM MEPEBIPSATU JOCTOBIPHICTh HOBUH
Ta 3anodiraty nomupeHHio (¢(anpmuBoi 1H(popmamii. BogHoyac BaxiMBOWO € 1
00poTh0a 3 BUKOPUCTAHHSAM COLIAIBHUX MEPEXK JJIsSI PO3MOBCIOJKEHHS Je31H(pOpMaliii.
3a J0MOMOTOI0 aBTOMAaTHYHMX aJTOPUTMIB, SIKI aHANI3yIOTh TEKCTH HOBUH, MOXKHA
3MEHILIUTH MacIiTadu MOLMPEHHS (PEHKOBMX HOBUH Ta 30epertu 1H(GopMaliiiHy

Oe3rneKy Ha HaI[lOHAIBHOMY Ta MIXKHAPOIHOMY piBHsIX [12].

1.3 JocnimkeHHs ICHYIOUMX METOJIB BUSBIICHHS (DEeMKOBHUX HOBHMH HAa OCHOBI

KJIFOUOBHUX CJIIB

VY koHTEKCTI 00pOoTHOM 3 Ne31H(OPMALIIEI0 BaXKIUBY POJIb BIIITPAIOTh METOIU
aBTOMATHYHOTO BUSBJICHHS (PEeHKOBUX HOBHH, 30KpeMa MiIXOaH, Imo 0a3yloThCs Ha
aHaji3l kimouoBux ciiB. KimrodoBi ciioBa BijoOpa)karoTh OCHOBHI 3MICTOB1 aCHEKTH
TEKCTy Ta MOXYTh CIyryBaTd €(QEKTUBHUMH TMPEAUKTOPAMU TIPaBIUBOCTI
MOBITOMJICHHS. Y 1IbOMY MIIPO3ALUII PO3TISHYTO PE3YIbTaTH aKTyalIbHUX JIOCTIKEHb,
MPUCBIYEHUX TMOPIBHAHHIO €()EKTUBHOCTI METOAIB BUIIIEHHS KitouoBux ciiB (TF-
IDF, RAKE, YAKE!, KeyBERT, LSA, LDA, TextRank) mns 3agau kmacudikariii
(dhelkoBUX HOBMH. AHAJII3 OXOTUTIOE TOYHICTh, ITBUIKO/III0, PEJIEBAHTHICTh BUTATHY THX
CIIB Ta 3JaTHICTh J0 OOpOOKM KOPOTKMX TeKCTiB. Ha OCHOBI y3arajgbHEHHS
EMIIPUYHUX PE3yIbTaTiB CPOPMOBAHO TMOPIBHSIBHY TaONHIO, SKa JO3BOJISE
Bi3yaJi3yBaTH MepeBaru Ta HeI0MIKH KOKHOTO 3 METOI1B.

Lipianina-Honcharenko et al. mpoBenu KOMILJIEKCHY OLIHKY €()EKTHBHOCTI

METO/1B BUAUIEHHS KIIOUOBUX CIIB A7 Kiacu]ikaiii ¢eilKkoBUX HOBHH, Takux sik TF-
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IDF, RAKE, Yake!, KeyBERT, LSA, LDA ta TextRank. Haiixpaii pe3ynsraru 0ysio
orpumano Tipu BuxopuctaHHi Yake! Ta KeyBERT — Ttounicts kmacudikarrii
nepesumia 85% [13].

Mishchenko et al. ymockonamumu anroputm TF-IDF mns Bukopuctanss 3
HAIBHUM OalleCiBCHKUM Ki1acu]ikaropom. Y AOCTIIHKEHH] 3a3HaUEHO, 1110 PO3IIUPEHUN
TF-IDF 3a0e3neuuB TouHicTh 89% mnpu Kiacudikamii HOBUH, MEPEBUILYIOUU
cTaHAapTHUN Tiaxin Ha 4% [14].

Sriram nopiBHioBaB TF-IDF 13 Word2Vec ta Sentence Embeddings y 3amaui
BUsiBiIeHHs (peiikiB. Bukopucrannus TF-IDF 13 niniiinuM SVM 3a0e31neuuino TO4HICTb
86.3%, 1110 BUSBWJIOCH HAUBUIIMM Cepel YCIX PO3IISIHYTUX MeToiB [15].

Li & Qu po3migmanu 3acTOCYBaHHS KIIOYOBHMX CJIiB, 3I€HEPOBAaHUX 3a
nonomoroto TF-IDF, YAKE ta RAKE, nna BusiBieHHs (elkoBUX KammaHId Ha
kpayndaununry. TF-IDF 3a6e3neunB Recall na piBai 78%, a Yake! — HaitHmK4y
noxuoky y 9% [16].

Dubey et al. 3anpononyBanu ¢peliMBopk kiacudikaiii (HelKoBHUX HOBHH,
BukopuctoBytoun TF-IDF sk ocHoBHHII 3aci6 Bekropu3aiii. B excnepumeHTax
TOUHICTh Mojieneit 3 BukopuctanusMm TF-IDF csarana 91.3% npu Bukopucrtanai SVM
[17].

Farinha 3ocepenuBcs Ha 3actrocyBanHi RAKE 1 YAKE! mnsa ananizy Twitter-
noBigomsieHb. RAKE mnpogemMoHcTpyBaB Kpallly SIKICTb BUTATY KIIOUOBUX CIIB Y
KOPOTKHUX TeKcTax, Tofl sk YAKE! OyB 3HauHO mIBUAIIKM 3a iHII Metonu [ 18].

Landu et al. nporectyBanu RAKE 1 TF-IDF nHa HoBuHHUX crarTsix CeHerainy.
RAKE mnepesepmiuB TF-IDF 3a Tounictio (81% mnpotu 75%) Ta Kpaiioro
PEJIEBAaHTHICTIO BUTATHYTHX CiB [19].

Nadim et al. mpoBenu nopiBHsIbHY oLiHKY 1HCTpyMeHTIB RAKE, YAKE, TF-
IDF Tta graph-based moneneii. RAKE Tta YAKE mnoxasanu Haikpaily HIBHUIKOIO
(menmre 1 cex Ha JOKYMEHT) 3 KOHKYPEHTHOIO TOuHICTIO — moHa 80% [20].

Campos et al. npeacraBunu opuriHaibhuii onuc anroput™my YAKE!, sxuit
0a3yeThCsl Ha JIOKAJIBHUX O3HaKax JokyMmeHTa. Y mociimxkeHHi YAKE! BusiBuBcs Ha

60% wmBuammm 3a TF-IDF ta RAKE npu noniOHii TounocTi (~82%) [21].
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Jafari et al. amantyBamu TF-IDF ta YAKE! s pexoMenparii XemTeriB y

conmepexkax. YAKE! nmokasas HaitButny peneBantHicTh — (.78 3a MmeTpukoro NDCG,

nepesuiuBin TF-IDF Ha 12% [22].

Sx BugHO 3 Tabmui 1.1, HaWBUIY TOYHICTH IEMOHCTPYIOTh MOJIEIIi HA OCHOBI

TF-IDF (10 91%) ta KeyBERT (1m0 88%), ogHak ocTaHHINi 3HAYHO MOCTYIAETHCS B

HIBUKO/II1, 1110 0OMEXKY€E MOro BUKOPUCTAHHS B pEAIbHOMY Yaci.

Tabmuns 1.1 - [lopiBHsSIbHA TaOIMLIA METO/IIB BUSIBJICHHS (DEMKOBUX HOBUH Ha

OCHOBI KJIFOUOBUX CJIIB

Merton Cepenns HIBuakomis [lepeBaru Henoniku
TOYHICTh
(%)

TF-IDF 8691 Cepenns CralinpHICTB, MeHIa peneBaHTHICTh Y
IpOCTOTA peajtizalii | KOPOTKHX TeKCTax

RAKE 81-83 Bucoka Hobpa  sxicte y | IlorpeOye pYy4HOI
KOPOTKHX TEKCTaX ornrTuMizarii

YAKE! 82-85 Jyxe Brucoka JloxanpHi  o3Haku, | Hwkya  TouHicTh  Ha
IIBUJIKE BUKOHAHHS | BEJIMKUX KOpITycax

KeyBERT 85-88 Huspka CemaHTHYHA Bucoka oOuuciroBanbHa
PEJIEBaHTHICTh BapTICTh

TextRank ~80 Cepenns I'pacoBa Bpasnusicth bi (6]
1HTEepIIpeTalis napaMeTpiB BIKHA

LSA ~78 Cepenns Busasnenns CKJ1aggicTh
JATEHTHUX TEM HaJIalITyBaHHS

LDA ~80 Huspka TemarnuHa YyTnuBicTb 70 po3Mipy
y3arajbHEHICTh KOpITyCy

Metoqu YAKE! ta RAKE € HaliO11b111 epeKTUBHUMH AJI1 KOPOTKUX TEKCTIB,

30KpeMa y COIllaJbHUX MEpekax, 3aBIsSKH CBOIM MIBUAKOIII Ta HE3aJIEKHOCTI Bij

xoprrycy. TextRank, LSA ta LDA maroTh mepeBars y KOHTEKCTHOMY MOJICTTIOBaHHI,

OJHAK TOCTYIAIOThCS 3@ TOYHICTIO 1 € OUIbII PECypCOEMHUMH. 3Ba)KalOUM Ha

HaBEICHUM aHai3, BUOIp METOLy Mae 6a3yBaTHCh HA crienudiill 3a1a4l: A IIBUAKIX
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pillleHb y peXHuMi peasbHOro yacy AoiiibHo BukopuctoByBatu YAKE!, toni sk ams
toyHoro TemaruyHoro anamizy — TF-IDF abo KeyBERT 3 BiamoBigHOO

ONTUMI3ALIIEIO.

1.4 ITocTanoBKa 3a7a4l JTOCHIHKEHHS

AKTyanbHICTh TIpoOsieMd (DEMKOBUX HOBUH 3pOCTA€E yepe3 iXHIM HEeraTuBHHM
BIUIUB Ha 1H(OpMaIliifHE CYCIITLCTBO, MOMITUYHI IPOIECH, EKOHOMIKY Ta HalllOHATbHY
oe3neky. deifkoBl HOBUHU YaCTO MaHIMYIIOKTh TPOMAJICHKOIO JYMKOIO, TIIPUBAIOThH
JOBIPY A0 A€p>KaBHUX 1HCTUTYTIB, CTBOPIOIOTH KOH(IIKTH B CYCIUIBCTBI Ta CIIPUSIOTH
nomupeHHio ae3indopmaritii. OcoONMMBO BaXKIMBUM € BUSBICHHS Ta OJOKYyBaHHS
(GhelkoBUX HOBHUH y peaJbHOMY Yaci, OCKUIbKHU 11l HOBUHU MOXYTh MOIIUPIOBATHUCS 3
BHCOKOIO IIBHJIKICTIO Yepe3 COoIlialbHI MEpeXkl Ta 1HII1 OoHJaiH miatdopmu. CydacHi
iH(dopMarliiiHi TEXHOJOTii, 30KpeMa aHaji3 TEeKCTy 3a JOMOMOIOI0 aJlfOPUTMIB
MaITMHHOTO HABYaHHS, € BAXJIMBUMHU I1HCTPYMEHTaMH I OOpOTHOM 3 IIi€IO
npobnaeMoro. OJHAaK 1CHYIOUYl METOAM BUSIBIICHHS (DEMKOBHMX HOBHH CTHKAIOTHCA 3
TPYAHOIIAMHU Yepe3 TWHAMIYHI 3MIHM B CTWJIICTUYHHMX XapaKTEPUCTUKAX HOBHH,
BIJICYTHICTh €JMHUX CTAHJAPTIB JJI Kiacu]ikailii HOBUH Ta CKJIQJHICTh BUSIBJICHHS
KOHTEKCTYaJIbHUX MAHIMYJISIIIH.

[cayroui migxomu, Taki SK METOAWM MAIIMHHOTO HaBYaHHS Ta BHIO0YTOK
KJIFOYOBUX CIIIB, 3a0€3MeuyloTh NEBHY €(QEKTHUBHICTh y pPO3MI3HaBaHHI (PEHKOBUX
HOBUH. AJITOPUTMU MAIlTMHHOTO HaBYaHHSI, 30KpeMa Kiacudikaropu, Taki sk Random
Forest 1 Naive Bayes, BUKOPUCTOBYIOThCA i Kiacuikailii HOBUH Ha OCHOBI
TpeHyBaIbHUX NaHWX. OJHAK TOYHICTh ITUX METOAIB MOXe OyTH 3HAYHO 3HWIKEHA
4yepe3 BIJCYTHICTh JOCTAaTHBOI KITHKOCTI MAPKOBAHUX JAHUX JJI TPECHYBaHHSI, 8 TAKOX
yepe3 CKIIAJHICTh BUSBJICHHS HOBHMX MAaTepHIB (EHKOBUX HOBHUH, SIKI 3MIHIOIOTHCS 3
gacoMm. Kpim Toro, metoan BumoOyTKy kirodoBux ciiB, Taki sk TF-IDF, RAKE rta
Yake!, noOpe cripaBistoThCS 3 BUSIBJICHHSIM 3HAYYIIUX TEPMIHIB, aJI¢ BOHH HE 3aBXKIH

BPpaxXOBYIOTb KOHTEKCT HOBHHH, IO MOKC IIPHU3BOJUTH 10 ITIOMHUIIKOBUX macn@iKauiﬁ.
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VYpaxyBaHHs BCIX ITUX (aKTOpPiB OOYMOBIIOE HEOOXITHICTh YIOCKOHAJICHHS
ICHYIOUMX TIIIXOMIB Ta PO3POOKM HOBHX METOMIB, 3JaTHUX ITOE€THATH TIEpeBaru
JEKUTBKOX T1IXOMIB JUIs JOCSATHEHHS OUIbII BUCOKOI TOUHOCTI BUSBICHHS (DEHKOBUX
HOBHH. OJIHA 3 TAKUX CTpATEriil MoJsArae B iHTErpallii METOAIB BUIOOYTKY KIFOUOBHX
CJIB 13 Cy4aCHHMMH METOJaM{ MAIIMHHOTO HABYAHHS I OUTBIT TOYHOTO aHaJi3y
HOBUH. BripoBaiskeHHsI KOMOIHOBAHOTO MiXO1Y, SKUM BUKOPHUCTOBYE K1JIbKa METO/IIB
0OpOOKHU TEKCTIB, JO3BOJIHUTH HE JUIIIE MOKPAIIUTH TOYHICTh KiIacuikailii HOBUH, a i
3pOOUTH CUCTEMY OLIBII THYUYKOIO Ta aIalTUBHOIO J10 HOBUX (hOpM (hEHKOBUX HOBHH.

Meroro poOoTH € po3poOka HOBOTO KOMOIHOBAHOTO MIJXOAY 1O BUSIBIICHHS
(elKOBMX HOBHH HAa OCHOBI KJIFOUOBHUX CJIIB.

3aBmaHHs JTOCIIIKEHHS

1. Amnani3 icHyIOUHMX METOIB BHUABICHHS (PEMKOBMX HOBMH Ta OLIHKa iX
repeBar 1 HeJIOJIKIB.

2. ®opwmamizallisi MaTeMaTUYHOI MOJENII JUIs BUSBICHHS (DeHKOBHX HOBHH Ha
OCHOBI KJTFOYOBHUX CIIIB.

3. Po3poOka anroputmy 11st BUA0OYTKY KIIFOYOBUX CIIiB Ta iX Kiacugikarlii.

4. Peamizamiss mporpaMHOro MOAYJIS JJiA BUSBICHHS (DEMKOBUX HOBHUH 13
3aCTOCYBaHHSIM CyYaCHHUX METO[IB MAallTMHHOTO HaBYaHHSI.

5. TecTyBaHHs Ta OIlIHKA TOYHOCTI MOJIEJIl HA OCHOBI pEeaJIbHUX JaHUX.

6. OriHka epeKTUBHOCTI 3alpPONMOHOBAHOTO PINICHHS Ta aHAJ3 MOXJIHMBHUX

HIJIAX1B HOTO BAOCKOHAJICHHA.
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2 TIPOEKTYBAHHSI MOJIVJIS BUSABJIEHHS ®EMKOBUX HOBUH

2.1 [IpoexTyBaHHS apXiTEKTypyu MOAYJIS BUSIBICHHS (PeHKOBUX HOBUH

AKTyanbHICTh PO3BUTKY CHUCTEM JJII aBTOMAaTHMYHOTO BUSIBICHHS (DerKoBHX
HOBHH 3pOCTa€ yepe3 iXxHiil 3HaYHMIA BIUTUB Ha 1HGOpMaIliiiHe cepeioBUIIe, TOTITHYH]
Ta colliajabHi Tporecu. ToMmy po3poOka eheKTUBHMX METOJIB JJIsi aBTOMAaTHYHOI
kiacudikaiii HOBUH € BaXXJIWBOIO 3aJauyeto. 3aJjisi JOCSATHEHHS BHUCOKOI TOYHOCTI 1
e(eKTUBHOCTI MOl BHSIBICHHS (PEHKOBUX HOBHUH, MPOMOHYETHCS BUKOPHUCTAHHS
KOMOIHOBaHUX TIIXOdIB, IO BKJIIOYAIOTh MOIMEPEIHI0 00OPOOKY TEKCTIB, BHAOOYTOK
O3HAaK, MalllMHHE HaBYaHHS JUIs Kiacu@ikallii Ta OLIHKY pe3y/lbTariB. ApXITEKTypa
3alPOTIOHOBAHO1 CHCTEMH BHSIBICHHS (PEHKOBUX HOBHH IMOOYI0BaHA 3 BUKOPHUCTAHHSIM
PI3HOMaHITHUX METOAIB OOpPOOKM TEKCTy Ta MAIIMHHOTO HABYaHHS, IO JO3BOJISIE
MIJIBUIIUTH TOYHICTh Kiacudikaliii.

KoMmoHeHTH apXiTeKTypH CUCTEMHU:

- Kopucrysau: KoprctyBau € 1HILIaTOPOM BCIX OCHOBHHUX MPOLECIB CHCTEMH.
Horo pois momsrae B 3aBaHTaEHHI JaHUX Ta 3allycKy Ipolecy 00po6ku. OCHOBHI
GbyHKITIT KOpUCTyBada BKIIFOYAOTh:

1) uploadCSV() — 3aBantaxkennss CSV ¢aiiiB, 1110 MiCTITh TEKCTOBI JIaHi
JUISL TIOAQUTBIIIOT 0OPOOKH;

2) startProcessing() — iuimitoe 0OpoOKy AaHMX 1 TOAAJBIIAN aHaI3,
3aIyCKaro4YM BCl HACTYIHI €Tanu 00pOoOKH.

- Dataloader (3aBanTaxxyBau nanux): Kommonent Dataloader BiamoBinae 3a
3aBAHTAKCHHS TEKCTOBUX JAHUX, SKI MIJJIATal0Th MNojanblmiii oOpoOmi. Ilei
KOMIIOHEHT 3a0e31euy€e HeoOX1IHY MIATOTOBKY JaHUX J0 aHAIi3y:

1) loadData() — 3aBaHTa)Kye TEKCTOBI JIaHi i3 30BHILIHIX JHKEpeI1, 30KpeMa
3 CSV ¢aiinis;

2) cleanText() — BUKOHYETHCS OUMIIICHHS TEKCTY BiJl HeOaKaHUX CUMBOJTIB,
[0 MOXYTh CIIOTBOPIOBATH aHAJI3;

3) tokenize() — mepeTBOPIOE TEKCT HA OKPEMI TOKEHH (CI0Ba Y (Ppasu);

4) removeStopWords() — Buzaisie CTOmN-ClIoBa, IO HE HECYTh CYTTEBOI
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iHopMarii a1 kiaacudikairii Ta aHamizy.

- KeywordExtractor (Buninenns KJIFOUOBHX CITIB): KomnoneHnt
KeywordExtractor npu3HaueHHil 1Ji1 BUAUICHHS BaKJIUBHUX CJIiB a00 ¢pa3 13 TEKCTY,
110 JTO3BOJISIE CKOPOTUTH PO3MIip 00pOOITIOBAaHUX TAHUX 1 30CEPEIUTUCS HA HAHO1IBII
pENeBAaHTHUX YACTUHAX TEKCTY:

1) extractTFIDF() — meron ijs BUALICHHS HAWO1IbII BaKJIMBUX CIIIB Ha
OCHOBI 1X YaCTOTH B JOKyYMEHTI;

2) extractRAKE() — anroputm misi BUIUICHHS KIIOUOBHUX CJIIB, SIKHM
BUKOPHUCTOBYE CITIBBIHOIICHHS YaCTOTU Ta BAXKJIMBOCTI CJIIB Y TEKCTI;

3) extractTextRank() — meton, mo 3acrocoBye rpadoBuil miaxim as
aHa3y B3a€MO3B’SI3KIB CITIB 1 BUIJICHHS! HAHOUIBII 3HAUYIIMX KIIFOUOBUX CIIIB.

- Classifier (Knacudikarop): Classifier € mneHTpaabHUM KOMIOHEHTOM IS
kiacudikaii TEeKCTIB Ha OCHOBI BHAUICHUX O3HaK. lleli KOMIIOHEHT BIAMOBIIAE 3a
MEPETBOPEHHS TEKCTY B YMCIIOBI BEKTOPH Ta BUKOPUCTAHHSA iX JIJIsI HABYAHHS MOJIETIL:

1) vectorize() — mepeTBOprOE TEKCTOBI JaHi B YHCIOBY (Gopmy uis
MOAANBIIIOT0 aHATI3Y;

2) train() — HaBuae MOjEIb Ha OCHOBI BEKTOPHU30BAaHUX JaHMX, IO
MICTSITHh TEKCTOBI O3HAKHU;

3) compareResults() — mopiBHIOE pe3ysbTaTH PI3HUX MOACICH IS
BUOOPY HAOUIBIT €(PEKTUBHOI.

- Visualizer (Bizyamizarop): Komnonent Visualizer Binnosizae 3a Bizyani3alito
pe3ysbTariB Kiacudikailii Ta aHamizy. e 103Bosise€ oiHUTH €PEKTUBHICTh MOJIEIIEH 1
MOPIBHATH Pi3HI METOM KJlacHDiKaIlii:

1) plotAccuracy() — ctBoproe rpadik, 10 BijioOpakae TOUHICTh POOOTH
KOXKHOTO METOJTY;

2) highlightBestMethod() — miacBiuye wmeTom, SKWAH JIEMOHCTPYE
HaWKpal pe3yJbTaTu;

3) showAccuracyTable() — BuBOANUTH TAOIHUIIO TOYHOCTI JIJIsT KOYKHOTO
METO/IY, III0 BUKOPHUCTOBYETHCSI B CUCTEMI.

- ReportGenerator (I'eneparop 3BiTiB): ReportGenerator aBToMaTusye mnpoiec
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CTBOPEHHS MiJCYMKOBHMX 3BITIB, HaJal04M KOPUCTYBauyaM BaXXJIMBY 1H(OpMaIli0 Mpo
e(heKTHBHICTh KiacudikaIlii Ta TOYHICTh MOJENI:
1) generateMetrics() — CTBOpIOE OCHOBHI METPUKH TOYHOCTI,
e(EKTUBHOCTI Ta IHIINX BAXKIJIMBUX MapaMeTpiB,;
2) showFinalReport() — BHBOAWTH OCTATOYHHU 3BIT, IO MICTUTH
M1JICYMKH POOOTH CUCTEMH, TOUYHICTh MOJICJICH 1 peKOMEeHAI /11 ONTHUMI3allii.
Ha pucynky 2.1 300pakeH0 apXiTeKTypy CUCTEMH BUSBICHHS (PEHKOBUX HOBHH,
sIKa BKITIOYA€ KITFOUOBI KOMIIOHEHTH JIsl 0OpOOKH TEKCTOBUX JaHHX, BUIOOYTKY O3HAK,

HaBYaHHSI MOJIEJI1 Ta OI[IHKHU PE3yJbTaTiB.

® Kopucrysau

+uploadCSV()
+startProcessing()

e

Dataloader

+loadData()
+cleanText()
+tokenize()
+removeStopWords()

N

+2 KeywordExtractor

+extractTFIDF()
+extractRAKE()
+extractTextRank()

e

g

Classifier

+vectorize()
+train()

+compareResults()

e

il Visualizer

+plotAccuracy()
+highlightBestMethod()
+showAccuracy Table()

e

¢ ReportGenerator

+generateMetrics()

+showFinalReport()

Pucynok 2.1 - ApxiTekTypa CUCTEMHU BUSIBJICHHS (PeHKOBUX HOBUH
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B3aemomiss MK KOMIIOHEHTaMH OpraHi30oBaHa TaKWM YHWHOM, IO ITICHsS
3aBaHTaxxeHHs naHux Datal.oader mepenae ix mo TextPreprocessor mist monepeaHboi
o0poOku. Ilicns mporo nmani mepenaroThes g0 Feature Extractor, ge 3a gomoMororo
metoniB TF-IDF, RAKE, Yake!, LDA Ta iHmuX 3M1HCHIOETHCS BHIOOYTOK KITFOYOBUX
CJIIB Ta O3HAK.

Otpumani o3Haku nepenatroTbest B Classifier, skuii 3ailicHIOE KiTacU(IKaIliio
HOBMH 3a JOIIOMOT'OX0 MoJIeJIel MarmuHHoro HaBdanHs. [Ticis poro Evaluator ominioe
edekTUBHICTD Kiacudikarlii, a Visualizer Hagae rpadiuHe peACcTaBICHHS PE3YJIbTaTIB
JIJIS1 TIO/TAJIBIIIOTO aHaJ3Yy.

Le# miaxig 403BoJIA€ €PEKTUBHO KOMOIHYBATH METO/H, IM1IBUILYIOYH TOYHICTh
BUSBJICHHS (PEHKOBHUX HOBHH, a TaKOX 3a0e3Meuy€e aJanTUBHICTh CUCTEMH J0 HOBHX

TUMIB Ae31HdopMallii, 1o Moxe 3'IBISATUCS B 1H(POpMaLITHOMY ITPOCTOPI.

2.2 Metonu 00poOKH Ta MiATOTOBKH TEKCTOBHUX JaHUX

OOpobka Ta MIArOTOBKa TEKCTOBUX JTAHUX € KPUTHUYHUM €TaroM y 3ajadax
aHai3y TEKCTy, BKIIIOUAlOYM BHSBJICHHS (QeikoBuX HOBUH. [[1s edexkTuBHOrO
BUKOPUCTAHHS METO/AIB MAIIMHHOTO HaBYaHHS HEOOXIJHO MPOBECTU MOMEPEIHIO
00poOKy TEKCTOBHX JaHUX, 00 3HU3UTH CKJIAIHICTH 1 IIyM, a TAaKOXX 3a0€3TCUUTH
3py4dHHU# hopmaT I mogaasIioro anaizy. OCHOBHI eTanu i€l 0OpoOKH BKITIOYAIOTh
TOKEHI3all110, BUJIAJICHHSI CTOI-CIIIB, JIEMATH3alll10, 4 TAKOK BEKTOPU3AI[II0 TEKCTIB.

TokeHizaiisi € mporecoM po3OUTTA TEKCTy Ha OKpeMl OIMHUIIL (TOKEHH),
3a3BU4Yail ciaoBa abo (pa3u. TokeHizaiis MO03BOJISE MPEICTABUTH TEKCT Y BUIISI,
3py4HOMY JIJIs MOAAJBIIOr0 aHajizy. TOKeHi3alisi Moxke OyTH pealli3oBaHa uepes
mpocTe po30HUTTS 3a mpoOimamMu abo 3a OUTBII CKJIAJHUMH aJTOPUTMAMH, IO
BPaxOBYIOTh 3HAKH ITyHKTYaIlii.

MaremaTi4HO 1Ie# mpoIiec MOXKHA OMUCATH K (PYHKITIFO:

Tokenize(T) = {ti,tq, ..., tn}, (2.1)
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ne T — BXIJTHUH TEKCT;

{ti, t1, ..., t,} — HAOIP TOKEHIB, III0 YTBOPIOIOTHCS B PE3yJbTaTI TOKEHI3AIIll.

Crom-cioBa — 1IIe CJoBa, sKI HE HeCyTh 3HauHOi 1HdoOpMallii 1 Yacro
3yCTpIYalOThCS B TEKCTaX, ajie He BIUTUBAIOTh HA pe3ynbTaru aHamizy. [lo Takux ciiB
3a3BUYal BIIHOCATHCS apTUKIIL, CIIOIYYHUKH, TPUUMEHHUKH TOIIO. Bumanenus cromn-
CIIIB 3HMXKYE IIIYM Y TEKCTOBHUX JaHHUX, 30€pirarouu JIUIIEC HAHOLIBIN 3HAYYIII CJIOBA
JUTst KacudiKarii 9M 1HIIUX 3aBIaHb.

MareMaTu4HO IMponcC BUAAJICHHA CTOII-CJIIB MO>KHA OITUCATH SIK:

RemoveStopWords(T) = T' where T' = g , (2.2)

Je S — MHOXKHHA CTOII-CIIIB;
T’ — TEeKCT MICIIs BUIAJIEHHS CTOI-CIIIB.
[IpuBeneHHs BCIX CIIB JO OJTHOTO PETiCTpy (3a3BUYail 1O HUKHBOTO) J103BOJISE
YHUKHYTH JyOJIIOBaHHS OJHUX 1 TUX CaMUX CIIIB 4epe3 Pi3HI BaplaHTHU HANUCAHHS
n n: :n n A 1 1 :
(manpukian, "Python" 1 "python"). Lle cnpourye nomanpmuii anami3 1 BEKTOPU3ALIIO
TEKCTY.

MaremaTuyHO LIe¥ NpoLEC MOKHA BUPA3UTH SIK:
LowerCase(T) = {lower(t) |t €T}, (2.3)

ne lower(t) — dyHKIIis, iKa IEPEBOJIUTH CJIOBO ¢ O HIXKHBOTO PETICTPY.

JlemaTu3artiss — 11e mpoIec MPUBEICHHS CIIIB J0 iX OCHOBHOI (hopMH (JIEMH ), 1O
JIO3BOJISIE 3MEHILIUTH KUIBKICTh BapiaHTIB OAHUX 1 TUX camux ciiB. Hampukian,
"running" Ta "ran" meperBoproroThcsa B "run". JlemaTw3aiiis J03BOJISE€ 3HUBHUTU
KUIBKICTh BIJIMIHKIB 1 (DOPM CITiB, IO MIABUIILYE €(HEKTHUBHICTh aHATI3Y.

MareMaTu4HO J'IeMaTI/ISaLIiIO MOKHa OITMCaTH iK:

Lemmatize(t) = lemma(t) , (2.4)
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ne lemma(t) — 11e 1eMa CJOBa .

Bekropu3zaiiisi TekcTy — 1€ MpolLEeC MEePEeTBOPEHHS TEKCTY B UHCIOBI
MPECTaBICHHS, AKI MOJKHA BUKOPUCTOBYBATH JJISl aHAJI3y 3 IOTIOMOTOI0 alrOPUTMIB
MaIMHHOTO HaByaHHs. Haiinmommpenimumu Metogamu Bektopusaiii € TF-IDF (Term
Frequency-Inverse Document Frequency) ta Bag of Words (BoW).

Meton BoW mnosnsirae B mpencTaBlieHHI TEKCTY SIK HA0Opy CIIiB, JIe KOXKHE CIIOBO
PO3TIISIIAETHCS HE3AJICKHO BiJI KOHTEKCTY, 1 BEKTOP MICTUTh JIUIIE 1H(POPMAIIIO MPO

KUIBKICTh TIOSIBA KOXKHOTO CJIOBA B TEKCTI. DOPMAJIBHO 11€ MOYKHA BUPA3UTH FIK:

BoW(T) = {count(t;) | t; €T}, (2.5)

ne count(t;) — 1€ KUIbKICTh TIOSIBH CJIOBA t; Y TE€KCT1 1.

OOpobOka Ta MIArOTOBKAa TEKCTOBUX JIAHUX € BAXKIMBUM €TarloM B 3ajadax
aBTOMATUYHOTO BUSBICHHS ()EWKOBHUX HOBHUH, OCKIIBKH JO3BOJIIE 3HU3UTH ITyM 1
30eperTu JuIe BaXIUBY 1HGOPMAIIIIO JJI MOAANBIIOro aHamizy. [IpuBeneHHs TEKCTY
10 €IUHOTO (popMaty, 30KpeMa 4epe3 TOKEHI3allilo, JieMaTu3allilo, BUJAAJICHHS CTOII-
CJIIB T BEKTOPHU3ALIil0, JO3BOJISIE€ 3HAUHO MOKPAIIUTH €(DEKTHUBHICTh MOAAJIBIINX €TaIIB
aHai3y, TaKUX SK BUSBIICHHS KJIIOUOBUX CIIIB, Kjacu(ikallis Ta OIiHKa pe3ysIbTariB.
TakuM 4MHOM, MpPaBUIIbHA TIATOTOBKA TEKCTOBHUX JAHWX € KPUTUYHO BAYKIUBOIO JJIS

YCHiHIHOFO BHUKOHAHHJ 3a1a49 BUABJICHHS (beﬁKOBHX HOBHH.

2.3 MeToau BUBOAY KIIFOUOBUX CIIIB

Buo0yTok KIIFOYOBHX CIIIB 3 TEKCTY € BaKJIMBUM €TAllOM y 3a/lauax TeKCTOBOI
kiacu@ikamii, 30KkpeMa TMpu BUABICHHI (eiikoBux HOBUH. KitouoBi cioBa
IPECTaBISIIOTh OCHOBHI TeMH a0o0 171e1 B TEKCTI 1 MOXYTh CIYTyBaTH Ba)KIIMBUMHU
O3HaKamu JJia kinacudikaiii. [cHye Kilbka MiAXOAiB A0 BUIOOYTKY KIIFOYOBHX CIIIB,
30kpema craructuuHi Meronu, Taki sik TF-IDF (Term Frequency-Inverse Document

Frequency), RAKE (Rapid Automatic Keyword Extraction), Yake! ta meronu nHa
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ocHOBI TrpadiB, Hanpukian TextRank. Koxen 3 mux mMeromiB mMae CBOi mepeBaru ta
OOME)KEHHS B 3aJICXKHOCTI BiJl KOHTEKCTY 3aJ]aul Ta THITy TEKCTOBUX JIaHUX.

TF-IDF (Term Frequency-Inverse Document Frequency) [23] — 1ie MeTon s
OLIIHKH Ba)XJIMBOCTI TEPMiHY B JOKYMEHTI CTOCOBHO BCi€i KOJEKIIil JOKYMEHTIB abo
koprrycy. Bin ckimagaethes 3 1Box ocHOBHHX yacTuH: TF (dacrora Tepmina) ta IDF
(3BOpOTHa 4YacToTa JOKYMEHTa), L0 pa3oM JOMOMararTh BUSBHUTH, HACKIIbKU
BXJIMBUI TIEBHUN TEPMIH y KOHKPETHOMY JOKYMEHTI, MOPIBHSHO 3 yCIM HabopoM
JIOKYMEHTIB.

YactoTta TepMmiHa TMOKa3ye, SIK YacTO MEBHUW TEPMIH 3yCTpIYAaeThCs B

KOHKPETHOMY JOKyMeHT1. @opmyna ais po3paxyHky TF Burisanae tak:

_fta)
TF(td) = -2 (2.6)

ne f(t,d) — KUIbKICTh TIOSIB TEPMiHA ¢ Y TOKYMEHTI d;

Y.k f(k,d) — 3aranpHa KiJIbKICTh BCIX TEPMIHIB y JJOKYMEHTI d.

Takum unHoMm, TF moka3ye 4acTKy NMEBHOIO TE€pMiHA Bij 3arajibHOi KIJIBKOCTI
TEPMIiHIB Y JOKYMEHTI.

3BOpPOTHA YaCTOTA IOKYMEHTa BKa3y€ Ha BAKIIUBICTh TEPMiHA Y BChOMY KOPITYCi
JIOKYMEHTIB. SIKIIO TEepMiH 3yCTpidaeTbcsi y OararboX MJOKYMEHTax, TO MOro

BOXJIMBICTh 3HIKYEThCs. Dopmyna ais IDF Burnsanae tak:

_ loglog (ID])
IDF(t,D) = (depiced)’ (2.7)
ne | D | — 3arasnbHa KUIBKICTh IOKYMEHTIB y KOPITYCI;
| {d € D:t € d} | — KiITBKICTh JOKYMEHTIB, SIKi MiCTSTh TEPMiH t.

Yum pifire 3ycTpidyaeThCs TEPMIH y JOKYMEHTaxX, TUM BuiuM Oyze foro IDF-
3HAYCHHS.

Ocrarouna ¢opmyna TF-IDF noeanye o6uaBa 11 moKa3HUKH:
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TF — IDF(t,d, D) = TF(t,d) - IDF(t, D) (2.8)

Ile o3Hayae, MO0 BaXJIMBICTh TEpPMiHA 3aJ€KUTh SK BIJ HOro 4acTOTH B
JIOKYMEHTI, TaK 1 BiJ] HOTO 3araJIbHOI OMHUPEHOCTI B KOPITYCi JOKYMEHTIB. TepMiH, 110
94acTO 3yCTPIYAETHCSA B OJHOMY JJOKYMEHTI, ajie piJIKo B iHIINX, MatuMe Bucoke TF-IDF
3HaYeHHs. HaBmaku, TepMiHM, 110 3yCTPidalOThes y 0araTbox JOKyMEHTax, MaTUMYTh
Hu3bke TF-IDF 3HaueHHs, HABITH SKIIO BOHW YacTO 3yCTPIYaIOThCS B KOHKPETHOMY
JTOKYMEHTI.

RAKE (Rapid Automatic Keyword Extraction) [24] — ue wmetom s
ABTOMAaTUYHOIO BUJTYYEHHS KJIFOYOBHX CJIIB 3 TEKCTY HA OCHOBI YaCTOTH TEPMIHIB Ta iX
CIIBBIJTHOIIICHHS 3 IHIIIUMH T€PMiHaMH B JOKyMeHTIi. BiH He moTrpelye nmonepeaHbporo
HaBYaHHS HA JaHUX a00 JIHIBICTUYHUX PECYPCIB (TAKUX SIK CIOBHHKHM a00 JIEKCHYHI
0a3u), 1Mo poOUTh HOro eHEKTUBHUM Ta MIBUIKUM [JISl BUSIBICHHS PEJICBAHTHHUX
KJTFOYOBHX CJIIB.

TekcT noaiigeTbest Ha (Pppas3y, MO CKIAAAIOTHCSA 3 OIHOIO ad0 AEKUIBKOX CIIB.
J171s1 IbOTO BUKOPUCTOBYIOTHCS PO3/1TIOB1 3HAKH (.,!?), CTOI-CJI0Ba (3arajibHi CJI0Ba, SKi
HE HECYTh KOHKPETHOIO CMHUCJIOBOTO HABAaHTAXKEHHs) Ta 1HIII CHMBOJIM, IO HE €
yacTUHOIW ¢pa3, SKi MOXYyTh OyTH KiIrouoBUMH cioBamu. [li dpasu MoxyTh
CKJIQJIaTUCS 3 OJJHOTO 200 KIJIBKOX CJIiB, IO CTOSATH MOPYH.

JIns KOoKHOTO TepMiHa B (Ppa3ax-kaHauJaTrax OOYMCIIOIOTHCS JIBa OCHOBHI
MOKA3HUKHU:

- Yacrora TepMmina f(t): KIIBKICTh OB TEPMiHA Y BCbOMY TEKCTI;

- Crymiap TepmiHa d(t): KIIBKICTH YCIX TEPMIHIB, 3 SAKMMU JAHUWH TEPMiH
3HaXOAUThCA B OfHIN (pasi. Lle MoxkHa po3misgaTu sIK cyMy KUTBKOCTI CIiB Y BCIX
¢dpa3zax, 110 MICTATh UEH TEPMIH.

OmiHKa BaXXJIMBOCTI TepMiHA OOYHCITIOETHCS HA OCHOBI BITHOIICHHS HOTO

CTYIICHA N0 4aCTOTH:

Score(t) = % (2.9)
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Ile moka3ye BIAHOIIEHHS MK KIJIBKICTIO TEPMIHIB, IO 3'ABISIOTHCS Pa3oM 3
JAHUM TEPMIHOM, 1 KUIBKICTIO MOTO MOSB y TEKCTi. YuM OijbIe CTyHiHb TepMiHA
BiJTHOCHO MOTO YaCTOTH, TUM BKJIUBIIIIE TI€ CIIOBO Tl (DOPMYBaHHS KIIFOUOBOI (ppasm.

s koxkHOI (pasu-KaHaugaTa OOYMCIIOEThCS ii 3arajbHa OLIHKAa SK CyMa

OIIIHOK BCIX TEPMIHiB, III0 BXOAATH y (pa3y:

Score(Phrase) = Y icphrase Score(t) (2.10)

TakuMm unHOM, (hpazu, O MICTATH BaXKIIMB1 TEPMIHU, OTPUMYIOTh BUCOK] OL[IHKH
1 PO3MIISLIAIOTHCS SIK MOTEHITIHHI KIIF0YOB1 (h)pa3u JJi TEKCTY.

YAKE! (Yet Another Keyword Extractor) [25]— 11e MeTox 111 aBTOMaTUYHOTO
BUJyYCHHS KJIIOYOBHX CIIIB 3 TEKCTY, SKHH 0a3yeTbcsl Ha CTaTUCTUIHUX
XapaKTepUCTUKAX TEPMIHIB y TEKCTI Oe3 HEOOXIJHOCTI HaBYaHHA Ha 30BHIIIHIX
KopITycax a0 BUKOPUCTaHHS JIHIBICTUUHUX pecypciB. OcHoBHa i1e1 YAKE! nonsirae
B TOMY, [0 BiH BUKOPHCTOBY€E KiJIbKa MOKAa3HUKIB JJI OIIHKH BaXJIMBOCTI KOXKHOTO
TEpMiHA B TEKCTI 3 ypaxyBaHHSM JIOKAJIHHOTO KOHTEKCTY, MO3HIII Ta MOIIMPEHOCTI
TEepMiHa.

Criodarky TEKCT po30UBa€EThCS HA TEPMiHU Ta (pa3u-KaHIUIATH 3a JOIIOMOTOI0
PO3IOBUX 3HAKIB, CTOM-CJIB, Ta IHIIUX CHUMBOJIB, 10 HE HaJEXaTh JO KIFOUOBUX
¢pas.

Po3paxoByeTbcs yacToTa TEpMiHA Y TEKCTI, TOOTO KIJIBKICTH pa3iB, KOJIU TEPMIH
3'SIBISIETHCS B TEKCTI. UMM yacTile TepMiH 3'SIBISIETHCS B JOKYMEHTI, TUM BHIIIA HOTO

4aCcTOTHA OL[IHKA:

TF(t) = f(t,d), (2.11)

ne f(t, d)— KinbKicTh MOSIB TEPMiHA ¢ Y TOKYMEHTI d.
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YAKE! BpaxoBye mo3uilito, Ha sIKii 3’ SABISIETBCA TEPMIH y TEKCTl. TepMiH, 110
3'ABIAETHCS OMIDKYE 7O TOYAaTKy TEKCTYy, MOXKE€ MaTd 1HIIYy Bary, HiX TOH, IIO
3'IBIAETHCA OIVKYE 10 KIHIIA.

YAKE! BpaxoBye, ui 3'IBISIETbCA TEPMIH y PI3HUX KOHTEKCTax (ppazax). SAxmio
TEPMIH 3yCTPIUa€ThCS JHUIIEC B OOMEXEHIN KUTBKOCTI KOHTEKCTIB, HOTO Ba)KJIMBICTh
3MEHIIIYEThCSI.

OIIHIOETHCS CHIBBIHOIIEHHS TEpMiHA 3 IHIIMMH TepMiHaMu Yy ¢pa3ax-
KaHIuaarax. SIKIIo TEepMIH 4YacTo 3 SBISEThCS 3 OJHUMU W TUMU K IHIIUMU
TE€pMIHAMH, 1OTO YHIKAJIbHICTh 3MEHIITY€ThCS.

[lincymkoBa Qopmyna aias OLIHKH KJIHOYOBOI (hpa3d BKIIOYAE 3BAXKEHE

BpaxyBaHHS YaCTOTH TEPMIiHA, MMO3HUIII1, MOITUPEHOCTI Ta YHIKAIBHOCTI:

Score(t) =W1-f(t,d) + W2 - Pos(t,d) + W3- Spread(t), (2.12)

ne f(t,d) — gacrora TepmiHa t;

Pos(t, d)— mo3wuiist TepMiHa ¢ B JOKYMEHTI;

Spread(t) — KiTbKiCTh KOHTEKCTIB, Y IKUX TEPMIH 3'BIISIETHCS;

W1,W?2,W3 — BaroBi Koe(]illleHTH IS HaJIAIITyBaHHS BIUIMBY KOKHOTO
KOMITOHEHTA.
LSA (Latent Semantic Analysis) [26] — 1e MeTon OOpOOKH TEKCTY, KUl

BUKOPHUCTOBYEThCSI IS BUSBICHHS NPUXOBAHMX CEMAHTHYHUX BIJIHOIIECHb MIX
TEpMIHAMU B TEKCTOBUX JoKymeHTax. OcHoOBHOIO MeToo LSA € 3MmeHmeHHs
PO3MIPHOCTI TPOCTOPY MOKYMEHTIB 1 CJiB, MO0 BHUABUTH B3a€EMO3B'S3KH MK
TEepMiHAMHU, 1110 HE € OUCBUIHIUMH HA TIOBEPXHEBOMY PiBHI.

TekcToBHiA KOpPIyC CITOYaTKy TICPETBOPIOETHCS Y MATPUIIO TEPMiHIB-
TOKyMeHTIB. KoyKeH psiIoK MaTpuili BiAMOBIAa€ IEBHOMY TEPMiHY, a KO)KEH CTOBITUYUK
— JIOKYMEHTY. 3HAu€HHsS B KOMIpKaxX MOXYTb OyTH KUIBKICTIO TNOSIB TEPMIHIB Yy
JOKyMEHTax a00 3BaXCHUMHU 3HaueHHsMU, Hanpukian, TF-IDF. Takum uyuHOM,

MOYAaTKOBE MPEACTABICHHS TEKCTY € BUCOKOPO3MIPHUM 1 pO3P1IKEHUM.
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dopmasibHO, HEXalh A — MaTpullsd TEPMiHIB-JJOKYMEHTIB PO3MIpOM mxn, Je
mmm — KIJIbKICTb TEPMiHIB, & N — KUIbKICTh JOKYMEHTIB.
LSA 3acrocoBye cunryiasipuuii poskiaa marpuil (SVD), mo6 3MeHIuTu

pO3MipHICTh ToYaTKOBOI MaTpulil. SVD poskiagae MaTpuiio 4 Ha TPU MaTPUIIL:

A=UzVT (2.13)

ne U — opToroHaiibHa MaTpHIls TEPMiHIB;

Y — JlaroHajgbHa MaTpUls CUHTYISIPHUX 3HA4€Hb, II0 MICTUTh PAHKOBAaHI
CUHTYJISIpHI 3HaYeHHS (B1]] HAHOUIBIIOTO 10 HATMEHIIIOTO);

VT — oproronansHa MaTpuIs JOKYMEHTIB.

CuHrynsipHi 3HAYEHHS B MaTPUIIl £ BU3HAYAIOTh BXKJIUBICTh KOXKHOTO 3 BEKTOPIB
y Ui VT, MeHmi cuHTynspHi 3Ha4€HHS MOKHA BiJIKUHYTH, 3MEHIIYIOYH PO3MIPHICTE
MPOCTOPY, 3aJTUIIUBIIN JTUIIE HAW3HAYHIII KOMIIOHEHTH.

[Ticns BukoHaHHst SVD, oOupatoThes uiine HalOUIbINI CUHTYIISPHI 3HAYEHHS Ta
BinosinHi iM komrnonenty B Marpuiax U i V7. Lle 103Bonsie 3MEHIIUTH PO3MIPHICTh
MAaTpPHIIi, 3aJTUIIUBIIY TITLKA OCHOBHI JJATEHTHI CEMAaHTHUYHI CTPYKTYPH TEKCTY.

TakuM YMHOM, MaTpuLd 3MEHIIEHOT PO3MIPHOCTI A€ MOXJIMBICTh aHAJI3yBaTH
JIOKYMEHTH 1 TEpMIHA B HOBOMY JIATEHTHOMY MPOCTOPI, € TEPMIHHU, IO MAIOTh CXOXKI1
KOHTEKCTH, OyIyTh OJTU3bKUMU OJIMH JIO OJTHOTO.

Y  3MeHIIEeHOMY TpOCTOpi JATEHTHUX 3MIHHMX TEPMIHHM, $KI 4acTo
3yCTPIYAIOThCSl B TOMIOHUX KOHTEKCTax, ajieé MOXYTh HE OyTH OYEBHUJIHMUMH Ha
MOBEPXHEBOMY PIBHi, CTalOTh OJMKYMMHU OJUH A0 ofaHOoro. lle momomarae BUSBUTH
MIPUXOBaHI CEMaHTUYHI BIIHOIIEHHS MK TEPMIHAMH Ta JIOKYMEHTAaMHU, 1110 J103BOJISIE
LSA edextuBHO mparoBatd B 3a7adaX TEMaTHYHOTO MOJCIIOBAHHS, IOIIYKY
1H(dopMmallii Ta kiaacudikaiii TEKCTIB.

LDA (Latent Dirichlet Allocation) [27] — 1€ CTaTUCTUYHUN METOJ
TEMaTUYHOTO MOJICTTFOBAHHSI, IKUl BUKOPUCTOBYETHLCS JJISI aBTOMAaTUYHOTO BUJTyYCHHSI
MPUXOBAHUX TEM 13 BEJIMKOI KOJIEKIlI TEKCTOBHX JOKyMeHTiB. OcHoBHa ifes LDA

MOJISITA€ B TOMY, 110 KOXKEH JOKYMEHT PO3IISAAETHCS SIK CyMIIIl JEKLTBKOX TEM, a KOKHA
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TeMa — K PO3MNOiT TEPMiHIB. METOIO aJITOPUTMY € BUSIBIICHHS IIMX TE€M 1 PO3MOI1LIT
TEPMIHIB Cepe/l HUX.

Temu B LDA BU3Ha4arOThCS K pO3MOIiIIN TepMiHiB. Lle Habopu cItiB, sIKi MalOTh
BHCOKY WMOBIPHICTh BHHUKHCHHS B MeXax MeBHOI TemMu. Hampwkmianm, SKmo tema
CTOCY€TbCSA TMOJITUKMA, TO HANOUIBII IMOBIPHUMH CJIOBAaMH B HiIM MOXYTh OyTH
«BUOOPHU», «IIPE3UIEHT, «ITAPIAMEHT» TOIIO.

KoxeH moKyMeHT y KOpIyci pO3IIsSAaeThes K CyMilll KiUTbKoX TeM. Hanpukmnan,
JIOKYMEHT PO €KOHOMIYHY TOJIITUKY MOKE OyTH CYMIIIIIIO JBOX TE€M: EKOHOMIKU Ta
MOJIITUKHU.

LDA mpumyckae, 1o po3nojaul TeM Y KOKHOMY JIOKYMEHTI Ma€ 3a3fajierijib
BU3HAUCHUU po3noaiia, Hampukian, Dirichlet-posnonin. Ile napamerpuszoBanmii
PO3MOALL, O J03BOJSE KOHTPOJIIOBATH, HACKUIBKM CHUJIBHO OJHA TeMa JOMIHY€E B

nokymeHTi. [TapameTp a\alphao Bu3Hauae 1€ po3Mnoain TeM i TOKYMEHTIB.

0, ~ Dirichlet(a) , (2.14)

ne 6,4 — BEKTOp PO3MOALTY TeM ISl JOKyMEHTa d;

0. — rinepnapameTp, 0 KOHTPOIIOE TYCTOTY TEM Y JOKYMEHTaX.

Ko’xHa Tema Takok Ma€ BJIaCHUM PO3MOJIIT TEPMIHIB, 110 TE€K MOACIIOETHCS 3a
nonomoroto Dirichlet-po3nonuty. [Tapamerp B Bu3Havae 1iei po3noAil TEPMIHIB st

KOXXHO1 TEMU.

¢ ~ Dirichlet(B) , (2.15)

1€ ¢j, — BEKTOP PO3MOILITY TEPMIHIB JIJIsl TEMU K;

[} — rimepnapameTp, 110 KOHTPOIIOE TYCTOTY TEPMIHIB Y TEMax.

JIJisi KO)KHOTO TepMiHAa B JOKYMEHTI CIIOYaTKy OOMpPAEThCsl TeéMa Ha OCHOBI
PO3MOALTY TEM IS ITbOTO JoKyMeHTa. [1oTiM TepMiH 00Mpa€EThCsI HA OCHOBI PO3IOALTY

TEPMiHIB 7151 0OpaHOT TEMH.
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Zgn ~ Multinomial(6,) (2.16)
Wan ~ Multinomial(qbzd’n) (2.17)

1€ Zg , — TEMa JJIs 1-I0 TEPMiHa B JOKYMEHTI d;

Wq n — CaM TEpMiH, 0OpaHHii BiINOBIAHO 10 TEMHU Zg p;

6, — po3monauT TeM AJI1 JOKyMEHTa d;

$24,, — PO3IMOLI TCPMiHIB 7151 OOPAHOT TEMH Zg 7,

OcHoBHe 3aBmaHHs LDA — 3HailTH po3MoAil TeM JJisl KOKHOTO JOKYMEHTA 1
PO3IOALT TEPMiHIB JUIs KOXKHOI TeMu. Lle 31iCHIOEThCS 32 JOMOMOTOF0 METO/IIB OLIIHKU
napameTpiB, Takux sk Meron ouikyBaHHsA-makcumizauii (EM) abo Meton
BapialiiiHOTO BUCHOBKY.

Monenb LDA onucyeThcsi HACTYITHOIO IMOBIPHICHOKO (DYHKITIETO:

P(a,B) = P(a) [Ti=1 P(B) [17=1 P(O)P(2n, §) (2.18)

JIe W — TEpMIHHU B JJOKyMEHTaX;

Z — TEMHU JIsl KOOKHOTO TEPMiHa;

60— po3moni TeM /I KO)KHOTO JIOKYMEHTA;

O— PO3MOALT TEPMIHIB JIJIsl KOKHOI TEMU;

o, p — rinepmapamerpu Dirichlet-po3nozimis.

TextRank [28] — e aniroputm aJist BUTy4YEHHS KJIIFOUOBUX CJIIB 1 aBTOMAaTHYHO1
noOyA0BH aHOTAIll TEKCTY, 3aCHOBAaHHM Ha MeTo/ax paHKyBaHHs rpadi. TextRank e
ananraniero anropurMmy PageRank, sikuii BUKOpUCTOBY€ETBCS B TOLIYKOBUX CHCTEMax
JUIs. paHKyBaHHS BeO-cTopiHOK. Y Bumnanaky TextRank, 3amicTe BeO-CTOPIHOK,
aJITOPUTM TIPAITIOE 3 CJIOBaMH 200 PEYEHHSIMU TEKCTY.

TekcT npeacraBiaeHuil y BUMIsal rpada, e BepIIuHU — 1€ CJioBa a00 peueHHH,
a pedpa BCTaHOBJIIOIOTHCS MK TUMU BEPIIIMHAMHU, sIKi € "OJIU3bKUMU" B KOHTEKCTI. JIJ1st
3aJ1a4 BIWJIyYCHHSI KITFOUOBHUX CJIIB BEPITMHAMU € OKPEMI CII0Ba, JUIs 3a7a4 cyMapu3artii

— I11JT1 PEUCHHS.
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J1ist BUITyYEHHS KJIFOYOBUX CIIIB:

- TepmiH BBaXXae€TbCs BEPIINHOIO Tpada;

- PeOpo 3'eanye nBa TepMiHU, SKIIO BOHM 3'SBIISIOTHCS B MEXaX OJHOIO BIKHA
CJTiB (3a3BUYail BIKHO Ma€ (pikCOBaHUU PO3Mip, Hampukiag 2 abo 3);

- Jlms KOKHOI BEPIIMHUA V;, Bary 3B'SI3KiB 3 IHIIUMH BEPIIMHAMH MOXXHA
OTHCaTH Yepe3 MaTPHUIlI0 MOAIOHOCTI, KA BPaXOBY€E YACTOTY 3YyCTpPidi CIIIB Pa3oM Y
BIKHI.

Jlns 3a1a4 cymapuzartii:

- Bepumnamu € 1l peueHHs;

- PeOpa 3'eAHYIOTH peUeHHSI Ha OCHOBI CEMAaHTHUYHOI CXOXOCTI, sIka MOXe OyTH
oOuucIieHa, HaAMpUKIAJ, 3a JOMOMOTOK KOCHMHYCHOI MOAIOHOCTI MK BEKTOPHUMHU
MIPEICTaBICHHSIMH PEUYCHbD.

KocunycHa omiOHicTh MK pEYSHHAMH S;1 S; BUSHAYAETHCS TaK:

Si'Sj

coSineg;irari = —
SlmllaTlty(Si,Sj) "SL"”SJ”

(2.19)

PedyenHs, 1mo MarTh BHUCOKHHM CTYNiHb MOMIOHOCTI, OTPUMYIOTh CHJIBHIIII
3B'SI3KU B Tpadi.
Anroputm TextRank iTepaTUBHO 00UYMCIIIOE Bary KOKHO1 BEPIIMHU (ciioBa ado

pPEUCHHS) 32 HACTYITHOIO (hopMyIioto, moaioHo0 10 hopmynu PageRank:

R(v;)=(1—d)+d¥ C) (2.20)

vj€ o) (our(v))))

ne R(v; )— paHr BeplIMHU V;;

d — xoedimienT 3aracanus (3suuaitno d=0.85);

In(v; ) — CyKyIHICTb BEPIIIKH, SIKI MAIOTh 3B'SI3KH 3 V;;
Out(vj) — KiJIbKICTh BUXiJTHUX pebep 3 BEPLIMHU V.

PaHr K0’XHOT BEpUIMHHI PO3PAXOBYETHCS ITEPATUBHO O JTOCITHEHHS 301KHOCTI.
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KirouoBi cioma: Ilicist Toro sik BeplIMHM (CJIOBA) OTPUMAIOTh PaH)KyBaHHS,
0OMparoThCS CI0BA 3 HAWBUIIUM PAHTOM SIK KITFOYOBI.
Cymapu3altis TekcTy: PedeHHs 3 HAWBUIIMMH paHTaMU OOHMPAIOTHCSA st

noOy/I0BU aHOTAIlll TEKCTY.

2.4 AucaMO1pb kiacugikaTopiB BUSBICHHS (EHKOBUX HOBUH

AHcaMOJIeBl METOAY MAIIMHHOI'O HABYAHHS 3aCHOBaHI Ha 17€i, 0 MOE€THAHHS
KUTBKOX MoOjIeiel (Ko)KHA 3 IKMX MOXe OyTH JIOCHUTh PI3HOIO 32 ITiIXOJIaMH) 4acTo Ja€
TOYHIIIUHI IPOTHO3, HI>K BUKOPUCTAHHS OKPEMO1 HalKpamioi Mojesi. Y il peams3anii
BUKOPUCTAHO JIBa OCHOBHMX aHcaMOneBux miaxoau: VotingClassifier (ronocyBaHHS)
ta StackingClassifier (ctekidr). OOuaBi METOIMKH JO3BOJISIOTH IMOETHATH KiTbKa
CWIbHUX Mojene — Hampukian, LogisticRegression, RandomForestClassifier,
Support Vector Machine (SVC) Tomo — B OAHY MeTaMojeib. 3aBISKH ITbOMY
OTPUMYEMO OUIBII CTIMKUI Ta TOYHUI pe3yJIbTaT.

Ha nouarky BizicopToBy€eMO pe3yiabTaTH (MONnepeHbo 00UuCieH] i 30epekeHi B
3MIHHIN results) 3a TOUHICTIO y crHajarodomMy Topsiky. bepemMo m’saTh Hailkpammx
Mojeliei 1 30epiraemo ix y cnucky top methods. KoHmenTpyemocs nuiine Ha THUX
Bektopax o3Hak (TF-IDF, RAKE, Yake!, LSA, LDA, TextRank), sxi moka3zamu
HaWBUII MMOKa3HUKU TOYHOCTI. [1i3HiIIe 11 METOIM CTaHyTh 0a3010 JIJIsi aHCAMOJIEBUX

MOJIEIbHUX KOMITO3HUIIIIL.

TopMethods = {m,ms,...,ms} 1ge¢ max(Accuracy(m;)) (2.21)

Jlist xoxHOTO 3 MOkimBHX MetomiB neperBopenHs Tekcty (TF-IDF, RAKE,
Yake!, LSA, LDA, TextRank) 3a3ganerins cTBOproEMO MaTpuIlio o3HaK. KoxeH psjaok
BIJIIOBIJIA€ JTOKYMEHTY (TEKCTy), a KOXEH CTOBIEllb — TEBHOMY arpuolyTy
(Hampukian, ciaoBy abo jareHTHOMY BuMipy Temu). Y Bumanky TF-IDF marpuis

OyIy€eThCS HAa OCHOBI YaCTOTH CJIIB, 3BAXKEHOT HA OOEPHEHY YacTOTy JOKYMEHTIB. JlJis
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RAKE, Yake! ta TextRank BHKOpHCTOBYIOTHCSI KJIFOUOBI CJIOBa SIK O3HAKU (depe3
CountVectorizer). LSA (Latent Semantic Analysis) ta LDA (Latent Dirichlet
Allocation) ¢popMyrOTh 3MIIIICHUH MPOCTIP O3HAK 31 3MEHIIIEHOIO KIJIBKICTIO BUMIpPIB
a00 TeMaTUYHUX PO3MOITIB:

RN X dTF-1DF ’ RN X ARAKE

XR.AKE € 9 (2 22)

XTFIDF €

ne N — KUIbKICTh JJOKYMEHTIB;
d — pO3MIpHICTh MPOCTOPY O3HAK MICJISI BIATOBIAHOTO METOLTY.

OTpI/IMaBHII/I TOI-5 MGTOI[iB, ML KOKHOI'O 3 HHX BHTAT'YEMO BiI[l'IOBiIIHy

MATPUINO O3HAK (HAMpHKIam, <XTF-IDF; XRAKE;--+) | CTBOPIOEMO 00’€KTH
kiacudikaropi. Y npuxiani BukopuctoByeThesi RandomForestClassifier 3 kiibKicTIO
nepeB n_estimators=100. Kokna mapa (MeTom, Mojenib) IOJAETHCS JIO CIHUCKY
classifiers, a marpuiii 03HaK — J10 criucky X _ensemble. Lle o3Hauae, 1110 KOXKEH METOJ
MaTUME BJIaCHI O3HAKU Ta BIACHY BUIAJKOBUI JIIC SIK MOJIEIIb.

Ockinbku VotingClassifier BuMarae ouH crijibHU HaOip O3HAK, Y MPUKIIAJL

oOpaHo Haikpamuii metof 13 top methods[0] (To6TO MeTon, KW JaB HAWBUIILY

TOYHICTB). Bi/IMOBITHO, B3SITO MAaTPHINIO O3HAK CaMe I[OTO METOAY K Xfinal, [inmsoBa

sminHa Jfinal — ne miTku Kiacy 3 xononku data['Label'].
. N xdfpal .
Maremaruano, Hexaii Xfnal € RY ™™ o posypamoro Marpunero o3nax, a

N , —_—
Yfinal €4{0,1,..., K —1}% BEKTOP MIiTOK (IIPUITyCTHMO, 3a1a4a Kiaacu(ikamii
Ha K KiaciB).

3a nonomororo ¢yHkii train_test split 3 616mioTexu scikit-learn ainrmo Xfinal

ta Yfinal ga TpenyBanbHy (Xtrain; Ytrain) { tectosy (Xtests Ytest) Bubipkn y npomopuii
80%:20%. 1le BaxxnBO, 100 MaTk 00’€KTUBHY OLIHKY MPOIYKTHUBHOCTI MOJIEJI Ha
«HOBHUX» (He OaueHUX I Yac HAaBYAHHS ) JaHUX.

OcnoBna iaes VotingClassifier monsrae B ToMy, 110 KOXHa MOJEIb-yYaCHUK

aHcamOIIf0 poOuTh BIACHUU MPOTHO3 Yi, 1 TOTIM BHKOPHUCTOBYETHCS IMPABUIIO
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roJ0CYBaHHs JI1 BU3HAUEHHs (IHANBHOTO pe3yabTary. Y pexumi voting="hard'

(biHaTBHUI IPOTHO3 BUXOAUTH Y€PE3 MAKOPUTAPHE TOJIOCYBAHHS:
Yfinal — mOde(yla Y2, .- ay.-"tf): (223)

ne M — 3arajibHa KIJIbKICTh MOJICJICH Y TOJI0CYBaHHI,
mode nmoBepTae HaYaCTIIIUH KJIac cepell yCiX MPOTHO31B.
CTBOpIOETHCS voting_clf = VotingClassifier(estimators=classifiers,

voting='hard') 1 Buxnmkaetscsi Meron fit(X train, y train), skl HaBYa€ KOXKHY 3

HallUX ITSITH MOZEJNEeW Ha OJHOMY 1 TOMY X HaOOpi O3HaK (Xtrain) . TTotim

BUKIMKaeTbesl  voting_clf.predict(X test), mo0 orpumarn (QiHAJIBHI MOPOTHO3U

Yensemble, Koxkna Momenb pOOMTH CBiifi BHECOK y TONOCYBaHHS, 1 pE3yJbTar
Y3TO/KY€ETHCS 3a OLTBIIICTIO.

J171st BUMIpIOBaHHSI TOUHOCTI OOYMCITIOEMO:

Arl-est
Z H(Qensemhle (:{:j) = ytest,j) 3
test ]:1 (2‘24)

Accuracy =

ne Ntest — kinbkicTs 3pa3KiB y TECTOBOMY HabODi;

Jensemble(Z7) __ MPOTHO3 aHCaMOJTIO ISl j-TO 3pa3Ka;

Ytest,j — jcTunna miTKa.

Pesynbrar BUBOnuTHCS uepes accuracy score(y_test, y pred ensemble). Takox
BUKOHY€EThCs classification report st OUTBII JETAJIBHOI CTAaTUCTHKUA (TOYHICTD,
noBHOTa, F1-Mipa Tol10) 32 KOXKHUM KJIACOM.

[Ticns orpumanHs ToYHOCTI aHcaMOto TosocyBaHHs (Accuracy(Ensemble Top
5)) 3anucyeThes 1€ 3HauYeHHs B cJIOBHUK results['Ensemble Top 5'], mo6 Hanxam matu
3MOT'Y MTOPIBHATH HOTO 3 THIIMMH MOJEJISIMU Ta 3 THIIMMU TUIIaMHU aHCaMOJTIB.

Crexinr (Stacking) — 11e OUIbII CKJIAHUM aHCaMOJIEBUI MIAX1JI, € MTPOTHO3U

0a30BUX MOJENEH CTalOTh BXIJTHMMU O3HaKamu g metamoneni (final estimator).

To6TO, CIIOYATKY KOXKHA 3 0a30BMX Mogmeneil (71,72 ..3MM) papyaerbes Ha
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BJIACHUX OCOOJMMBUX O3HAKax ad0 Ha CIUILHOMY Ha0Opl O3HAK, a MOTIM METaMOJEelb
(HampuWKIIam, JIOTICTHYHA PETpecis) HABYAETHhCS HA TependadeHHsSX IUX 0a30BHX
MOJIEJIEN.

BuxopucroByemo LabelEncoder, 1mo06 mepeTBOpUTH TEKCTOBI  MITKH
data['Label'] na minouucenshi (0, 1, 2, ...). Taka nepexogyBaHHs KOpHCHA IIPH MTOOY10B1
OUTBIIOCTI MOJENEH, 0COOIMBO KOJMU € HMOBIPHICTh, IO aJTOPUTMHU MOTPEOYIOTH
YHUCJIOBE yABJICHHS KiaciB. Bextop y=LabelEncoder(data['Label']).

JIns cTekiHry 3HOBY 3Bepraroch A0 top methods 1 Il KOXKHOTO METOMY
CTBOPIOIO BiAMOBIAHUN HaOip o3Hak X Ta moxmenb RandomForestClassifier. 11 mapu
3alUCYIOThCA B CITUCOK base estimators y ¢opmari (method name, estimator object).
OxpiM 11bOTO, BC1 MAaTPUIll O3HAK 30epiraroThcs y 3MiHHY vectorizers_stacking. Ines
MOJISITA€ B TOMY, 110 KOYKHA MOJIEJh MPAIFOBAaTHME 3 «CBOIMI» 03HAKAMHU i1 9ac Kpoc-
BaJiarii.

TyT, y xofi, ik 3aranbHUil Ha01p o3HaK 71 Metamozeni, 00pano TF-IDF. Inakme
KaKyYH, Xmeta = XTFIDF- CaMe Ha OCHOBI IIMX O3HAK pPO30MTO JJaH1 HA TPEHYBAJIbHY
Ta TECTOBY YaCTUHU g MeTa-piBHs. [IpoTe ciix po3ymitu, mo 6a30Bi Moaeni (s
CTEKIHTY) 3a3BHYail TeHEPYIOTh NPOMIXHI MTPOTrHO3U (JIOTITH, IMOBIPHOCTI UM KJIACH)

gepes Kpoc-BajIifallito, 1 B)Ke BOHH MOJAIOTHCS K O3HAKH JI0 METaMOIESIII.

3HOBY BUKOPHCTOBYIO train_test split 13 TUMH X mapaMmeTpamu, 100 Xmetas Y
po36uTH y cmiBBigHomeHHI 80% Ha TpenyBaHHs Ta 20% Ha TecT. Y Takui cmocid
30epiraeTbcst MOrOIKEHICTh METO/IIB OLIHKH SIKOCTI.

[1ix yac TpeHyBaHHS CTEKIHTY BiI0OYBa€ThCA TaKa MOCIIOBHICTb:

1. Jlns 6asoBoi momenmi "k (aek=1,...,M) BUKOHYETHCS KPOC-BaJTi IS,

~(train)
KoxHe «IofineHHs» fae nepeadaucHas Jk Ha Bajigauiinomy Qoi;

2. ITlotiM yci 1i nependadyeHHs 00’ €IHYIOThCSA y BEKTOp (200 MaTpHITIO, SKIIO
K1UJIbKA KJ1aciB) I METaMOJIEeIIi;

3. 3anexHo BiA mapamerpa passthrough, no meramozeni TakoX MOXYTh

X:rneta-.

JIOJTABaTUCSl OPUTIHAIBHI O3HAKH VY npuxnam passthrough=False, otrxe,

MCTaMOACIIb OTPUMYE€ JIMIIC Hepen6aquH;I 0a3oBHX MOJICTICH.
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dopmanbHO, METaMOJIENh PO3B’A3Y€ 3a1auy:
g = g(91,92,---,In), (2.25)
ne g — (yHKIis, Ky BUMMO Ha OCHOBI JIOTICTUYHOI perpecii abo 1HIIOTO
(biHaTBHOTO €CTUMATOpA.
OTtxe, nani NpeacTaBiIeHO 3alpOINIOHOBAHUN aJTOPUTM y BUIVISL IICEBIOKOIY

(pucyHoOK 2.2).

AnropuTm: Axcambneel metogw knacupikauii @edkoBMX HOBWH

Bxip:

- data: Habip TekcTOBMX HOBMH i3 miTkamw 'Label’

- results: cnoenwk iz TounicTw nonepeanix mogeneid

- vectorizers: cCnoBHMK 12 nonepefHe0 CTEOPEHMMW MAaTpULAMW 03Hak anA metonie (TF-IDF, RAKE, ...)
Buxip:

- accuracy_ensemble: ToyHicTe VotingClassifier
- accuracy_stack: TounicTe StackingClassifier
- OHOBNeHWA cnoBHKMK results iz HOEWMW TOYHOCTAMM aHcambnie

1. Bigbip i nipgroToExka mogeneii:
- BW3Ha4uTW Tom-5 meTopie eexTopuzaulil za TouwicTw = results
- [lnA KO¥HOro MeTomy: OTPMMATW MaTpuuw 03Hak, cTEOpuTW RandomForestClassifier

2. Nobypoea VotingClassifier:
- BuBpaTu 03HaKW HaWkpaworo meTopy anA X_final, ezaTw y_final iz data[ Label']
- Pozbutu ¥X_final ta y_final Ha TpewyeaneHwid 1 TecToBwi Habopu
- CTECPHMTH Ta Hae4uTW VotingClassifier Ha X_train
- OuinwTu ToyHicTe Ha X_test, zbepertw y results['Ensemble Top 5°]

3. NigroToeka AnA CTeKiHry:
- 3axkogyeaTtH MiTkW y 4epez LabelEncoder
- Cteoputw cnucok (method, RandomForestClassifier) anma koxdoro = Ton-5 meTopie

4. Nobypoea StackingClassifier:
- B2ATW X_meta Ha ocHoel TF-IDF, poz6MTw Ha X_train Ta X_test
- IniyianizyeaTtw StackingClassifier iz LogisticRegression Ak ¢inansHum knacupikaTopom
- Hae4uTtu cTekiHr, 3pobuTtu nporHoz, ouiHwTw TodHicTe

5. 30epexeHHA pezyneTaTie:
- Qlopatw accuracy_stack go results['StackingClassifier']
- NMoeepHyTW: accuracy_ensemble, accuracy_stack, results

Pucynok 2.2 - IlceBnokoa anropurmy
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Y upomMy aJropuTMi ONMCAHO JBa MIAXOAU aHCAMOJIEBOTO HAaBYaHHS ISl
kinacudikarii  QeiikoBux HoBUH: TonocyBaHHs (VotingClassifier) Ta cTekiHT
(StackingClassifier). Cnodarky 3-OMIK MONEPEAHbO MPOTECTOBAHUX METO/IB
Bektopu3anii Tekcty (TF-IDF, RAKE, YAKE, LSA, LDA, TextRank) obuparotbcs
1’ SITh Halle()eKTUBHIIIMX 32 TOYHICTIO. JIJIT KOXKHOTO 3 HUX CTBOPIOETHCS BiIMOBITHUN
HaOlp o3Hak 1 kiacudikarop RandomForestClassifier. [lotim  Oymayerbcs
VotingClassifier, sikuii paifroe Ha OCHOBI TOJIOCYBaHHS IIMX MOJIEJICH, HABYAETHCS Ha
TPEHYBaJIbHOMY Ha0Opi Ta OIIIHIOETHCA Ha TECTOBOMY, ITICJISI YOTO OOYHMCITIOETHCS
TOYHICTh aHCAMOIIO.

VY npyriii 4acTHWHI aJIrOpUTMy peajiz0BaHO CTEKIHI, y SIKOMy KO)KHa 0a3oBa
MoJieb (13 TOI-5) HAaBYAETHCS OKPEMO, a i MPOTHO3U MEePeNaloThcs MeTaMoen —
JIOTICTUYHIN perpecii. MiTku KkiaciB KoAyroThes 3a qonomororo LabelEncoder, a s
MeTa-piBHA BUKOPHUCTOBYEThCS criuibHUM HaOip o3Hak (TF-IDF). Ilicas naBuanHs
CTEKIHI-MOJIEJII BUKOHYETHCSI ITPOTHO3YBAHHS Ta OIIHKA TOYHOCTI. Y ¢iHam oOuIBI
tounocTi (Voting ta Stacking) 3anmucyroTbcsl y CIOBHUK pe3yJbTaTiB, IO JO3BOJISE
MOPIBHATH €(hEKTUBHICTH T1XO/IB.

[TincymoBytoun, peanizaiisi ancamOiaeBux MeToaiB Voting Ta Stacking y 3amaui
BUSIBJICHHSI ()EKOBUX HOBWH JIO3BOJIHIIA €(PEKTUBHO MOEIHATH PE3YJIbTATH JCKIITHKOX
MoJIeTIel Ha OCHOBI pi3HUX BeKTOpH3alliil Tekcty. VotingClassifier 3a6e3meuuB mpocry,
ajie HaJllHy arperariio pe3yabTaTiB HUITX0M roiocyBaHHs, To1 sk StackingClassifier
MIPOJICMOHCTPYBaB THYYKICTh 1 3/IaTHICTh QJaNTyBaTHUCS JO OCOOMMBOCTEH 0a30BHX
MOJIeJIei, BUKOPUCTOBYIOUM METAMOJIEb ISl OCTATOYHOTO pilleHHs. Takuil miaxina
CYTTEBO TIJBMINY€E TOYHICTh Kiacu@ikamii Ta JO3BOJISIE 3MEHIIUTH PHU3HUK
nepeoOyUueHHs, MO POOUTH HOTO MOIIIBPHUM MJisi MPAKTUYHOTO 3aCTOCYBaHHS B

CUCTEMaX aBTOMAaTUYHOTO BUSIBJIEHHS HEAOCTOBIPHOT iHGOpMAalIii.
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3 PEAJIIBALIIS MO YIS BUSABJIEHHS ®EMKOBUX HOBWH

3.1 Onuc cepenoBuIla NporpaMmyBaHHs

[Iporpamue cepenoBuiie, ske Oyl0 BUKOPUCTAHO JMJIA peatizalii JaHOTo
MIPOCKTY, HAJa€ KOPUCTYBa4deBI BCl HEOOXIMHI THCTPYMEHTH Il OOpOOKH BEITUKHX
TEKCTOBUX JaHUX, 30Kpema i 3a7ad BUsIBICHHsS (elkoBUX HOBUH. Bci omeparrii
o0poOKM, aHajizy Ta TECTyBaHHS Mojenel Oynu BUKOHaHI B cepepouinl Google
Colab. Ile xmapHe cepenoBuIle [103BOJIsA€ €()EKTHBHO TMpAIfOBaTH 3 BEIUKUMHU
o0cAraMy JaHMX Ta BUKOPUCTOBYBATH MOTYXHI OOYMCIIOBAJIbHI PECYpPCH, TaKl SIK
rpadiuni nporecopu (GPU) ta tenzopui npouecopu (TPU). Oxpim nporo, Google
Colab inTerpyerbcs 3 Google Drive, mo gae MOXIUBICTD 30epiraTi Ta OTPUMYBaTU
JIOCTYTI JI0 TaHUX 06€3 HEeO0OX1THOCTI BUKOPUCTAHHS JIOKAJIbHOTO CXOBHIIIA.

Jlns  peamizamii 3agadi  BHUSBICHHS (PEHKOBUX HOBUH OyllM BHKOPHUCTaHI
pi3HOMaHITHI Oi0mioreku Python, siki 703BOJISIIOTH BUKOHYBATH BCl HEOOXIAHI eTamu
00poOKHU Ta aHaII3y TEKCTOBUX JAaHUX. 30KpemMa, Oy 3aCTOCOBaHI Taki O10110TeKU:

- NLTK (Natural Language Toolkit) — e ogna 3 Halnomy sipHimmx 6i0J110TeK
uisi 0OpoOkM TpupoaHOoi MoBH. BoHa Hamae HaOip IHCTPYMEHTIB JUIsl TOKEHI3allli,
CTEMIHTY, JIeMaTHh3allii, a TaKOX JJis MPOBEACHHS YaCTUHHO-MOBHOIO aHaimizy. s
JaHO1 3a7]a4l BUKOPUCTOBYBAIUCH (PYHKINT JUIsI TOKEHI3allli TEKCTY, IO JT03BOJISIOTh
PO3AUIMTH BEJIMKUI TEKCT HA OKpeMi ClioBa ab0 pEeYEeHHS, 10 € BAXIUBUM IS
NOAANBIINX €TariB 00POOKH.

- Scikit-learn — 6i0mioTeka, MO MICTUTh HAOIp AJITOPUTMIB MAIIMHHOTO
HABYaHHSA, a TaKOXX IHCTPYMEHTH IJisi MONepeHboi OOpOOKH JaHUX (BEKTOpU3allis
TekcTy 3a gqonomororo TF-IDF a6o Bag of Words), moOyaoBu Mozeneit kinacudikariii,
a TaKO’XK OIIIHKY X epekTrBHOCTI. Y manomy mpoekTti Scikit-learn BukopucroByBaacs
JIJIS CTBOPEHHS Ta TECTYBaHHs MoJieiel Kiacudikarii.

- Pandas — 6i0mioTeka i MaHITy TFOBaHHS JJAHUMH, 1110 J03BOJISIE €(DEKTUBHO
MpaIfoBaTu 3 JaHuMu y BUTIsAA1 Ta0nuis (DataFrame). Bona Oyna Bukopuctana ass

3UUTYBaHHS TeKCTOBMX aaHux 3 CSV (aiiniB, ouuieHHs iX BiJ HENOTPIOHUX
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CUMBOJIIB, @ TaKOX JIJIsl OpraHizailii JaHUX Mepes iX BEKTOPU3AIEI0 Ta MOAATBIION
00poOKOIO.

- Matplotlib Ta Seaborn — 616mi0TeKH 117151 Bizyasizallli JaHUX, 1110 I03BOJISIOTh
CTBOpIOBATH Trpadiku, TICTOrpaMu, JiarpaMd Ta IHIIN Bi3yalbHI €JIEMEHTH, SKi
BUKOPUCTOBYIOTHCS JIUII TIOPIBHSHHS PE3yJIbTaTiB TECTYBaHHS MOJCIICH Ta OIIHKU
eeKTUBHOCTI Kiacudikaiii eMKoBUX HOBUH.

Jliist 3abe3nedeHHss KOpeKTHOI poboTu 3 0i6aioTekamMu Ta iX pecypcamu OyIio
3M1ACHEHO KIJIbKa BAXKJIMBUX KPOKIB HAJIAIITYBAaHHS CEPEOBUINA TPOTrpaMyBaHHS.

Ockinbku 610mi0Texka NLTK BHKOpHCTOBY€ MEBHI pecypcH AJis TOKEH13alll Ta
IHIIUX Olepaliif, BaXJIMBO 3a0€3MEYUTH iX HASBHICTh y cucTeMi. JlJis 1boro B
CEpellOBHUIIll BUKOHAHHSA OyJo TMependadeHo IMEepeBIPKY HASBHOCTI KaTaylory s
30epeKEeHHs IUX PECypCiB Ta iX CTBOPEHHS y pa3l BiAcyTHOCTI. JlomarkoBo Oyio
HAJAIITOBAHO IUISAX JI0 JAUPEKTOPii, J1e 30epiraroThCs Il PecypcH, IO TapaHTye ix
KOPEKTHY POOOTY IIPOTATOM BUKOHAHHS IIPOTPAMH.

Ileti eram, 1m0 BKIIIOYAE TMEPEBIPKY HASBHOCTI Ta CTBOPEHHS KaTajory s
pecypciB, TIOJSITaE B TOMY, IO IS 3a0e3mnedeHHs Oe3nepeOiifHoi poboTu 010m0TeKn
NLTK cTBOpro€ThCsl Karajior, SIKIIO BiH BIACYTHIM, 1 JOAA€ThCS HUIAX JO I[HOTO
KaTajory s 3a0e3neyeHHs JOCTYIy A0 BCIX HEOOX1IHUX PECYpPCIB.

Lle#t eramn rapanTye, 10 BCl HEOOXIIHI pecypcu OyyTh 30epekeH1 B MPABUIBLHO
HaJAIITOBAHOMY KaTajo3l, 1 CACTEMA HE 3ITKHEThCS 3 IOMUIIKAMH Yepe3 BIACYTHICTb
[[HOTO KaTaJIOTy B MPOIIECi BUKOHAHHSI.

Jlist Toro mo6 6i6miorexka NLTK 3Morna kopeKTHO mpattoBati 3 yciMa CBOIMU
pecypcaMu, HEOOXiTHO BKa3aTU MPABUJIBHUM NUISIX J0 JUPEKTOpIi, € Il pecypcu
30epiratrothcsi. Tomy B cuctemuomy nuisixy nltk.data.path momaerbest msix 10 1OTO
KaTaJjory.

[le#t eTam TakoX 3rajaHO B MOMEPEIHHOMY PO3/LUTI 2.4, 1€ TOKa3aHo, K J101aTH
nuisx 70 36epexennx pecypciB NLTK, mo0 3a0e3neunty iX 10CTyIHICTb.

Ile nanamryBanss qo3sossie 610moreni NLTK 3HaxoauTu HeoOxiaH1 (aitian Ha
BCIX €Tamax BHUKOHAaHHS O€3 BUHUKHEHHS IMOMUWJIOK, IOB'SI3aHUX 13 BIJICYTHICTIO

JOCTYIIY 10 PECYPCIB.
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OpnHuM 13 OCHOBHHX €TariB 00pOOKH TEKCTY € TOKEHI3allisl, JIJIsl SIKoi 010moTexa
NLTK BukopuctoBye pecypc punkt. J[ms Toro mo0 mei mpolec BHUKOHYBAaBCS
KOPEKTHO, HEOOX1JTHO 3aBAaHTAXKUTH BIJMOBIIHUI pecypc punkt, sKuii BiANOBITAE 3a
pO30UTTS TEKCTy Ha oKkpemi cioBa abo peueHHs.11[00 3abe3neunT KOpEKTHY pOOOTY
TOKEH13aIlii, TOCTaTHLO 3aBAHTAKUTH PECYPC

3aBaHTakeHHs pecypcy punkt € HEOOXiIHMM HJisi MPaBUIBLHOTO BUKOHAHHS
TOKEHI3aIlll TeKCTy, 110 € BXKJIUBUM €TallOM MpH MOJAIbIIOMY aHali3i Ta oOpooiii
JaHWX.

Ji1st 3a0e3ne4eHHs KOPeKTHOI 00pOOKHU YKPaiHCHKUX TEKCTIB OYJI0 BUKOPUCTAHO

BJIACHUM (paiiy 31 CIIHUCKOM CTOM-CiB (pucyHok 3.1):

with open('/content/drive/MyDrive/source/stopwords ua.txt’, 'r', encoding="utf-8"') as f:

ukrainian_stop words = set(f.read().splitlines())

Pucynok 3.1 — 3unTyBaHHS YKpPaiHCHKUX CTOM-CIIIB 13 (haitiy

Lleli crucoK BUKOPHUCTOBYETHCS ISl (piiabTpalli CiiB, 110 HE HECYTh 3HAYHOL
1H(DopMarlii i MOXKyTh HETaTUBHO BIUIMBATH HA €(DEKTUBHICTh aHai3y. 3aBaHTAKEHHS
Ta BUKOPUCTAHHS TaKOTO CIIMCKY J1a€ 3MOTY MOKPAIIUTH TOYHICTh MOJIEIIEH.

Bynu po3misiHyTI KJIIOYOBI €Tanmy HaNAIITyBaHHS CEpPEeloBUINA Uil poOOTH 3
616miorexoro NLTK, 1m0 € OoCHOBOWO JIsi MoAaibinoi 0OpOoOKM TEKCTOBHX JaHUX.
30kpema, Oylio JAETaJbHO OMMCAHO MPOIEC NEPEBIPKA HAABHOCTI Ta CTBOPEHHS
Karasory nis 30epexkenns pecypciB NLTK, nanamryBanHsS nuisixy 0 MX pecypciB
Ta 3aBaHTaXEHHs] HEOOX1THOTO pecypcy punkt 1 TOKeH13alii TEKCTiB.

Ili eTanu € KPUTHYHO BAXKJIMBUMH JJIs 3a0€3MEUeHHS KOPEKTHOI PoOOTH 3
TEKCTOBUMHM JaHUMHU. HasiBHICTh NMpaBUJIBHO HAJAIITOBAHOTO CEPEOBUINA TapaHTye
oe3mnepeOiitHy poboty Oi0miorekn NLTK, mo mo3Bossie 3miiicHIOBaTH €(PEKTUBHY
00poOKy TEKCTIB Ha PI3HMX €Talax aHajidy, TAaKUX SIK TOKEHI3allisi, BEeKTOpH3aIlis,
Kiacuikamis Ta eKCTpakiis KIIYOBUX CJIB. 3a0e3Me4eHHs JOCTymy OO0 BCIX

HEOOX1JTHUX PECYpCiB Ta HaJaIITyBaHHS CEpPEAOBUIIA J03BOJISIE YHUKHYTH MTOMMIIOK,
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HOB'SI3aHUX 3 BIJICYTHICTIO PECYPCIB UM HENIPABUIBHUMHU HUIAXaMHU J0 HUX, 1110 3HAYHO
HiABUIILYE €PEKTUBHICTH OOPOOKHU TaHUX.

Taxkum unHOM, HanmamTyBaHHs cepenoBuina s podbotu 3 NLTK € BaxiauBum
KPOKOM JTsI TOJANBIIIOTO YCIIIIHOTO BUKOHAHHSA 33]1a4 00OpOOKH TEKCTIB, 30KpeMa JJis
BUSBIICHHS (DEWKOBUX HOBMH, IO MIABHINYE TOYHICTh 1 HAAIMHICTH Mojenen

MAallTMHHOT'O HaBYaHH:I.

3.2 IligroroBKa Ta 00pOOKa TEKCTOBUX JAHUX

[TinroroBka Ta 00poOKa JaHWX € OCHOBHMMH €TallaMu B IPOIIECi MOOYyI0BU
e(eKTHBHUX MOJEJCH MAaIIMHHOTO HaBYaHHS, 30KpeMa IS 3ajadi BUSBICHHS
delikoBux HOBUH. Lli eranmu q03BONISIIOTH MIATOTYBaTH JaHl ISl TOJAJIBIIOTO
BUKOPUCTAHHS B MOJCJISIX, SIK1 3M1MCHIOIOTH KJIacu(iKaIlito TEKCTIB. Y JTaHOMY PO3Aii
OIMKCAHO, SIK JlaHI 0OpPOOJSIOTHCS Ta MiJITOTOBIIOIOTHCSA JUIsl TECTYBaHHS Ha OCHOBI
HAJaHOTO KOMAY, BKIIOYAIOYM €Tanmy 3aBaHTAKCHHS, OUYMIIEHHS, TOKEHI3aIlii,
BEKTOpHU3aIlli, a TAKOX MOy HAa HAaBYaJIbHY Ta TECTOBY BUOIPKHU.

[Iporiec 0OpoOKM AAaHMX TMOYMHAETHCS 3 3aBAHTAXKEHHS TEKCTOBUX JAHUX Yy
nporpamy. lle HeoOXiHMI eTarl, OCKUIbKH TEKCTOBI JaH1 3a3BUYail 30€piratoThCs y
daiinax pizHux ¢opmartis, Takux sk CSV, JSON rtomo. YV nanomy BUNAIKy st
3aBaHTaXCHHSI TAaHUX BUKOPUCTOBYEThCS O10m10TeKa Pandas, 1110 g103Bo1si€ €(heKTUBHO
MpaloBaTu 3 Ta0IUIsIMH 1aHuXx y popmarti DataFrame.

VY pamkax JaHOTO JOCHIJKEHHS OyJI0 MPOBENCHO PO3BIAKOBHM aHa3 JaHUX
(Exploratory Data Analysis, EDA) TexcToBOro Habopy, 110 MICTUTh MOBIJOMJICHHS
YKpPAiHChKOI0O MOBOIO 3 BIJANOBIZHUMHU MiTKaMu (eilkoBocTi. Meroro aHamizy €
BUSIBJICHHSI CTPYKTYPHHX XapakKTEPUCTHK, OCOOJMBOCTEH pO3MONALTY TEKCTIB,
CEMaHTHUYHUX 3aKOHOMIPHOCTEM Ta MiJArOTOBKa OCHOBHU I TMOAAJIBINOI MOOYI0BU
MoJIeTIel MaIlIMHHOTO HAaBYaHHSI.

Ha6ip manux Oyno 3aBanTakeHo y dopmati CSV, ne mpucyTHI Ba OCHOBHUX
croBmii: Text — TekcT moBimomieHHs, Ta Label — miTka, o BKa3dye Ha HOTO

ictuHHICTH (3Ha4eHHS “Fake” abo “True”). Ycworo B maraceri — 73 721 3amwuc, npote
42



nuiie 8 043 3 HUX MalOTh BKa3aHy MITKY KJIacy, a 6 3alMCIB MICTSTh BIJICYTH1 3HaYCHHS
B TTOJTI TEKCTY.

Jlnis 3a0e3medeHHs] KOPEKTHOCTI aHaii3y Oysio MPOBENCHO OYMINEHHS JaHUX:
BUJAJICHO PSAKK 3 TMPOMYyUICHMMH 3HAUEHHSMHU Ta JyOmikaramu. Y pe3yabrari
sanmumuinocs 7 804 yHikaabHI MOBHICTIO 3alIOBHEHI 3amucH. st KO)KHOTO 3amucy 0yJ1o
OOUYHMCIICHO TI0IaTKOBY METPUKY — JTOBKHUHY TEKCTY B CHMBOJIAX.

Ha pucynky 3.2 300paxeHO KIUIBKICTh TEKCTIB y KOKHOMY KIaci.
Crnocrepiraerbcsi He3Ha4HA TepeBara 3aruciB, MO MaroTh MITKy "True" (4 668), y
nopiBHsHHI 3 "Fake" (3 375). Lle cB1qunTh Npo MomipHy He30alaHCOBaHICTh KJIACIB,

sKa MOXe OyTH BpaxOBaHa ITiJl YaC MOZAEIIFOBaHHS.

Po3nopin knacies (Fake vs True)
4000}
3000}

2000

KinbkicTb

1000

True
Fake |

Knac

Pucynoxk 3.2 - Po3noain kinbkocTi 3anuciB y kinacax "True" ta "Fake".

Ha pucynky 3.3 mpeacTtaBieHO TicTorpaMmy JOBXKHHH TEKCTiB. Bona
JIEMOHCTPYE, 0 OUTBIIICTh MOB1IOMIIEHh MatOTh 10BKUHY BiJl 500 10 1500 cumBoIiB,
110 BKa3y€ Ha HapaTHUBHUH, a HE KOPOTKUM (popmar (HampuKiiam, 3arojioBKiB).

PucyHok 3.4 AeMOHCTpPye CepelHIO JOBXKUHY TEKCTIB 3aJ€KHO BiJ MITKHU.
[ToBimomieHnHs 3 ki1acom “True” B cepeaubomy JoBI, Hixk “Fake”, 1110 Moke cBIquuTH

po OiIbIry 1HOOPMATUBHICTE a00 MIHMPIE BUKPUTTS TEMHU y TIOCTOBIPHUX JIKEpeTax.
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Po3nomin noBXWHW TEKCTIB
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KinbkicTb
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Nl0BXMHa TEKCTY (cumBonm)

Pucynok 3.3 - T'icrorpama 10BXUHU TEKCTIB y CUMBOJIAX.

CepenHﬂ JNOBXWHa TEKCTY MO Kjacax

1000
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4001

CepefnHs 0oBXUHa

2001

Fake |
True |

Knac

Pucynok 3.4 - CepenHst 10BXKHHA TEKCTY 3aJIEKHO B1J] KJacy.

JUist KO)KHOTO 3 KJaciB OyJo NPOBEAEHO MiJPaxXyHOK HaWYacTIIUX CIIIB
(ynirpamu). BpaxoByroum, 1m0 B YKpaiHCBHKI MOBI TEpeBaKarOTh (yHKIIIOHATBHI
cioBa (MPUMMEHHUKH, CIOIYYHUKHA TOIIO), A0 TOm-20 HAWMOMIMPEHINX CIiB

99 €6 9% e 9% (¢ 29 €69

yBiMnum: “"a”, “y”, “B”, “mo”, “3”.

Ha pucynky 3.5 ta pucyHky 3.6 300paskeH0 rpadikv 4acTOTH HAUTIOMIHPEHIIINX
CJIB Yy KOXKHOMY Kiaci. BuaHo, 1o Habip QyHKI[IOHAIBHUX CJIB € TOAIOHUM, OAHAK
YaCTOTHICTh JICSIKUX BIIMIHHA MK Kitacamu. Lle BiikpuBae MOXIIMBICTD J1s1 TOOYIOBU

JTUCKPUMIHATUBHUX O3HAK MPU BEKTOPHU3allii TEKCTIB.
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Ha#vacTiwi cnoea B True TekcTax

8000
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YacToTa
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o . hy
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Pucynok 3.5 - YacToTHicTh HalmonyspHimux ciiB y "True" Tekcrax

HarvacTiwi cnosa B Fake TekcTax
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Pucynok 3.6 - HacrotHicTh HaltnonyaspHimux ciiB y "Fake" Tekcrax

JIist Kpaloro ysiBI€HHsI JISKCHYHOTO TOJIsl KOJKHOTO 3 KJIAaciB OyJI0 3reHEpOBaHO
WordCloud myst “True” Ta “Fake” moBimomiens (pucynku 3.7 ta 3.8). Y Bigyanizailisx
BUTHO TTOBTOPEHHS 3arajlbHUX TEPMiHIB, OJHAK MOYKHA TIOMITUTH aKI[EHTH Ha TIEBHUX
eMOIIMHUX a00 MOJITUYHUX CITOBaX y PEeHKOBUX TEKCTaX.

ioro M 5
BOHU
o6

WordCloud ans True TeKCTiB WordCloud ans Fake TekcTis

Tam uepes
cwa
a TaKD)K
i V' o

30Kpema

AT

Y

AAHUMU

6arato

3a

~~~~~~~

11 nia hIaC rpyni facebook @

BCGAZ 235
RO NG SaHe Ak ml::l an

Pucynok 3.7 - WordCloud anst "True" Pucynok 3.8 - WordCloud nnst "Fake"
HOBHH HOBHH
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AHaJi3 1okaszaB, 1m0 (PEMKOBI TEKCTH BIIPI3HAIOTHCS BiJl JIOCTOBIPHUX SK 3a
JIOBKMHOI0, TaK 1 3a JIGKCMYHMMHU XapakTepuctukamu. Crocrepiraerbcsi IMeBHA
TekcToBa ekoHowmiss y “Fake” momimomieHHsx. YacTOTHMI Ta Bi3yallbHMM aHali3
JIEKCEM JaB 3MOTY BUSBUTH TOTEHIIIHHO 1H(OPMATHBHI O3HAKU IS TOAAJIBIIO]
kinacudikarii. Ilompu goMiHyBaHHS CTON-CIIB, BIAMIHHOCTI B KOHTEKCTaX €
MOMITHUMH.

[Ticns mpoBeAeHHST PO3BIIKOBOTO aHaJi3y OyJIO 3MIHCHEHO MOBHY IOMEPEIHIO
00poOKy TEKCTIB, SKa BKJIOYaja HOPMaIi3allil0, OYMILICHHS Ta JEMMAaTH3aIlio.
30Kpema, BCl TEKCTH OylIO MPUBEAEHO [0 HUKHBOIO PETICTPY, OYMILEHO BiJ
MYHKTYallHUX 3HAKIB, a TAKOX BUJAJIEHO YKPAiHChKI CTOMN-CIIOBa — (PYHKI[IOHAJIbHI
CJIOBa, SIKI HE HECYTh 3HAYHOTO CMHCJIOBOTO HaBaHTa)XeHHS (B, Ha, 70, 1 TOIIO).
3aBASKM 1bOMY 3HAUYHO 3MEHIIMBCS CIOBHUKOBUM 3amac (BEKTOpP O3HAK), WIO
JTIO3BOJIMJIO YHUKHYTH TIEPEHACUYCHHS MO/ HEMOTPiOHOI0 1H(popMarliieto. OcTaHHIM
eTarioM OyJ0 3aCTOCYBaHHSI JieMMaTHu3allli — TMEepeTBOPEHHS CIiB J0 iX 0a30BoOi
(cI0BHUKOBO1) (hOpMH, IO CHPHUASIO 3BEACHHIO CXOXKHX MOp(dOonoriyHuX ¢GopM 10
€IMHOTO TIPE/ICTaBlIeHH (HAPUKIaa: BiiiHA, BIHHOIO, BIHHU — BiifHA).

3 METOI Kpauioro BpaxyBaHHS KOHTEKCTHOI 1H(popmailii Oys0 moOyaoBaHO n-
rpaMHi Mojeli: yHirpamu (Okpemi ciioBa), Oirpamu (Iapu CIiB) Ta TpUrpamu (Tpu
cioBa nocniik). Ha npuxmani 1000 BumagkoBUx TEKCTIB Oyl0 BUSBICEHO HAW4YaCTIII
n-rpaMHi KOHCTpykKuli (auB. pucyHku 3.9). Hampukinan, cepen yHIrpam JOMIHYIOTb
3arajbHl TEPMiHH, TOJ1 SK OIrpaMH Ta TPUTPaAMU BUSABIAIOTH OLIBIN 1HGOPMATHUBHI
bpa3u, xapakTepHl IJs KYPHAIICTCHKUX TEKCTIB a00 (elkoBUX mNoBigoMieHb. Lle
JIO3BOJISIE BUKOPHCTOBYBATU Taki TOCTIOBHOCTI SIK €(EKTUBHI O3HAKH ISl
MaiiOyTHHOTO Ki1acu(]iKaliitHOro MOAEITIOBAHHS.

Pucynku 3.9 nemoHcTpyrotrh Tom-10 yHirpam, Oirpam Ta Tpurpam, ski
HalJacTiIe 3ycTpivaroTbes y BUOipIi. Sk BUAHO, n-rpaMHa MOJIENb 3HAYHO 30aradye
pEnpe3eHTallil0 TeKCTIB Ta JO03BOJISIE€ BUSBIATH IIAOJOHH, MpUTaMaHHI (HEUKOBUM

MMOB1IOMJICHHSIM.
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Pucynok 3.9 - Ton-10 yHirpawm, Oirpam Ta Tpurpam

Otxe, B pesynbrari moBHoro EDA Tta momepenHboi 0OpoOKH TEKCTIB OyIio
BUSIBJICHO KJIFOUOBI JIEKCHYHI Ta CTPYKTYpHI OCOOIMBOCTI (heHKOBHX 1 JOCTOBIPHHUX
HOBHH, a TakoX c(hopMOBaHO iHGOpMATHBHI n-TpamMHi o3HakH. Lle cTBOproe HamiiiHy
OCHOBY 1Jisi TOOYIOBM MOjelied MAaIlIMHHOTO HaBYaHHS 3 METOI0 aBTOMATHYHOI

kiacudikarii peHKoBUX OBITOMIICHb.
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3.3 Ouinka eeKTUBHOCTI BUSBIEHHS ()eHKOBUX HOBUH

TectyBaHHs Ta oOIlliHKAa €()EKTUBHOCTI € HEBII'€EMHOI0 YAaCTHUHOIO MPOIIECY
pO3pOoOKH OyIb-SKOT MOJIEI MAITMHHOTO HABYaHHS, 30KpeMa JIs 3a7ad Kiacudikamii
TEKCTOBHX JaHUX, TaKUX SK BUSABICHHS (eiikoBux HOBUH. OliHKa €(pEeKTHBHOCTI
MOJIEJI1 JIO3BOJISIE€ HE TUILKU MIEPEBIPUTH TOUHICTH ii pOOOTH, ajie i BUBHAYUTH CTYIIIHb
il 3MaTHOCTI 0 y3araJdbHEHHS Ha HOBI JaHi, 0 € KPUTHYHO BAKIUBUM TSI peaTbHUX
3aCTOCYHKIB.

Anani3 knacu@ikaiiHoro 3BiTy I MOz, o0 BUKOpucTtoBye Mmeron TF-IDF
(pucynok 3.10), BKa3ye Ha BUCOKHI pIBEHb €(PEKTUBHOCTI MOAEN JJIsl Kiaacugikaiii
HoBuH sik "Fake" a6o "True". 3aranpHa TO4HICTH (accuracy) mojmeni ctaHoBUThH .89
a60 89%, 110 CBIQUHUTH MPO 3HAYHY KUIBKICTh MPABWIBHUX IMepeadaueHb cepel] yCix
TECTOBUX 3pa3KkiB. 3aranbHuil nokaszHuk fl-score mis kiacy "Fake" cranoButs 0.86,
10 BKa3ye Ha Xopolny eheKTUBHICTh Mojielll B Kiacudikainii ¢helkoBuX HOBUH. JlJis
kiacy "True" 3nauenns fl-score nopiBHtoe 0.91, 1m0 € qy’k€ BUCOKUM PE3YIBTATOM 1
CBITYUTH TPO BUCOKY €(EKTHBHICTh y Kiacudikailii MpaBIMBUX HOBHH. Makpo-
cepenne 3HadeHHs f1-score a1t ABOX Ki1aciB cTaHOBUTH (.88, 110 CBIAYUTH TIPO 100pe
30amaHCcOBaHy poOOTy MOJIEN, X0ua 3 JESKOI0 MepeBaro0 B kiacugikaiii mpaBauBuX
HOBHUH. 3BaxkeHe cepenHe 3HadeHHsa fl-score mopiBHioe (.89, mo MmMATBEpIKYE
BHUCOKHUH piBeHb €()eKTUBHOCTI MOJIEJII B 3arajibHOMY, 30KpeMa 3aBJISIKHU MepeBasi Kiacy
"True" B TECTOBOMY Ha0Op1, OCKUIBKHU KIJTbKICTh TPABAMBUX HOBUH 3HAYHO TIEPEBUIILYE

KUIBKICTD (DEMKOBHUX.

Accuracy (TF-IDF): ©.889372280919826
Classification Report (TF-IDF):

precision recall fl-score support

Fake 0.92 0.81 0.86 686

True 0.87 0.95 8.91 923
accuracy 0.89 16069
macro avg 0.90 0.88 0.88 1669
weighted avg 0.89 0.89 0.89 1609

Pucynoxk 3.10 - 3BiT npo kiacugikamniro peiKoBUX Ta MpaBIWBUX HOBHUH 13

Bukopuctandsm TF-IDF
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AHai3 kiacudikaiiHoro 3BiTy A Mojeni, mo BukopuctoBye Mmetoq RAKE
(pucynok 3.11), Bkazye Ha JOCUTbh HU3bKY €(PEKTHBHICTH MoOAEMi A Kiacudikarii
HOBUH siK "Fake" abo "True". 3aranpHa TOUHICTH (accuracy) Mozeni cTaHoBUTH (.58
a60 58%, 110 CBITYUTH PO HU3BKUH BiJICOTOK MPABUIIBHUX MepeadaueHb cepes yCix
TECTOBHX 3pa3KiB. 3aranbHuil nmokasHuk fl-score mans knacy "Fake" cranosuts 0.01,
10 BKa3y€ Ha Jay>Ke€ HU3bKY €(PEKTUBHICTb MOAENII B Kiacudikarii (feKOBUX HOBHH.
Mopnens Maiixke He Knacudikye (eiikoBi HOBUHH, 110 BUMAra€ 3HaAYHUX IMOKpAIllEHb
JUISL TIABUIIECHHS YyTIMBOCTI JI0 1Iboro kiacy. [[ms kmacy "True" 3nauenns fl-score
nopiBHtoe 0.73, 1m0 € JOCHTh BHUCOKHM pE3ylIbTaTOM 1 CBIAYUTH MPO XOPOIILY
e(eKTUBHICTh MOJENI y Kiacu(ikalii npaBauBUX HOBHH. Moneinb 100pe kinacugikye
MpaBAMBI HOBUHM, aji¢ BUMArae 3HaAYHUX MOKPAIICHb JIJIS MiABUIIEHHS TOYHOCTI JJIs
deiikoBux HOBUH. Makpo-cepenne 3HadeHHs fl-score ajisi ABOX KiaciB CTaHOBUTH
0.37, 1m0 BKa3dye Ha 3HAYHy AMCHPONOPIII0 B €(PEKTUBHOCTI MOJAENI MK JIBOMa
kiacamu. lle cBimUUTH PO HEOOXITHICTH BAOCKOHAJIEHHS MOJMAEI JUIsl TOCATHEHHS
O11bII 30aIaHCOBAaHUX PE3YNIbTATIB. 3BaAXKEHE cepefHe 3HaueHHs fl-score qopiBHIOE
0.43, mo miaATBepIKy€ HU3BKHUM PiBEHb €(PEKTUBHOCTI MOJEII B 3arajlbHOMY, Yepe3
3HauHy nepeBary kiacy "True" B TecToBOMYy HAOOpP1, OCKUIbKU KUIBKICTh MPABAUBUX

HOBUH 3HAYHO MEPEBULLYE KUIbKICTh (DEUKOBUX.

Accuracy (RAKE): ©.5767557489123679
Classification Report (RAKE):
precision recall fl-score support

Fake 1.00 .01 0.01 686
True 0.58 1.00 0.73 923

accuracy 0.58 1609
macro avg 0.79 0.50 0.37 1609
weighted avg 0.76 0.58 .43 1609

Pucynok 3.11 - 3BiT npo knacudikariito HpeKoBUX Ta MpaBIUBUX HOBUH 13

BukopuctanisiM RAKE

AHani3z kimacudikamifHoro 3BITY JJISI MOJENI, 10 BUKOPUCTOBYE MeTon Yake!
(pucyHok 3.12), BKazye Ha JOCHTb XOPOIUIMH piBEHb €(PEKTUBHOCTI MOIAEN s
kinacudikarii HoBuH sk "Fake" abo "True". 3arampHa TOYHICTH (accuracy) momeni

cranoButh 0.77 abo 77%, MmO CBIAYUTH OPO 3HAYHY KUIBKICTH MPABUIBHHUX
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nependaveHp cepel] yCiX TeCTOBUX 3pa3KiB. 3araibHu moka3HUK fl-score mms kiacy
"Fake" cranoButh 0.73, mo BKa3zye Ha A00Opui piBeHb €(PEKTUBHOCTI MOJENI B
kinacudikamii ¢edkoBUX HOBUH. Monenb Mae Jeski TPyIHOINI Ipu Kiacudikarii
(deiikoBUX HOBHUH, OCKIIBKM 3HAa4eHHA recall mms mporo xiacy € TpOXd MEHIIUM —
0.74. Jna wmacy "True" 3nauenns fl-score mopiBHoe 0.79, mo € xopomum
pPe3yNbTaToOM 1 CBIAYMTH PO JIOCTATHHO BUCOKY €(PEKTUBHICTh MOJIENl y Kiacudikarii
MpaBAMBUX HOBUH. Makpo-cepenne 3HadeHHs fl-score i1 MBOX KJIaciB CTAaHOBHUTH
0.76, 1m0 CBITYUTH Mpo 100pe 30amaHcoBaHy poOOTY MOEINI, 3 JESIKOI IepeBaroi B
kiacudikaiii npaBauBUX HOBHH. lle BKka3dye Ha Te, 1O MOJAENb 3/aTHA J100pe
KkiacudikyBaTi oOMJIBa KJlacH, ajie JAemio ePeKTUBHIIIE mpaioe 3 kiacom "True".
3BakeHe cepenne 3HaueHHs f1-score qopiBHioe (.77, 10 MATBEPKY€ BUCOKUHN PIBEHD
€()EeKTUBHOCTI MOJIENI B 3arajJbHOMY, 3aBJIIKM BUIIIOMY MpeCTaBIeHHIO Kiacy "True"

B TECTOBOMY Ha0Opi.

Accuracy (Yakel): ©.7656929770043506
Classification Report (Yake!):
precision recall fl-score  support

Fake .72 0.74 8.73 686
True 0.80 0.79 .79 923

accuracy e.77 1689
macro avg 0.76 8.76 0.76 1609
weighted avg 0.77 0.77 0.77 1609

Pucynok 3.12 - 3Bit npo kiacudikaiiiro peiikoBiX Ta MpaBAUBUX HOBUH 13

BUKOpHCTaHHSIM Yake!

AmHani3 kinacugikaiifHoro 3BiTy JJI MOJEII, 10 BUKOpUCTOBy€e meTon LSA
(pucyHok 3.13), BKa3zye Ha BUCOKHI piBeHb €(PEKTUBHOCTI MOAEINI JJIsl Kiacugikalii
HoBuH siK "Fake" a6o "True". 3aranpHa TOUHICTH (accuracy) momeni ctaHoBuThH (.84
a60 84%, 110 CBIJUUTH MPO 3HAYHY KUIBKICTh MPaBUIBHUX NepeadadeHb cepel ycix
TECTOBHUX 3pa3kiB. 3aranbHuil nmoka3Huk fl-score nis kiacy "Fake" cranoButs 0.79,
110 BKa3ye Ha 1o0puit piBeHb e(HEKTUBHOCTI MOJIel B Kiacudikarii (eKoBUX HOBHH.
s xnacy "True" 3naduenHs fl-score gopiBaioe 0.87, 110 € BUCOKHM pPE3ylIbTATOM 1

CBIYUTH IMPO XOPOUIy €(PEeKTUBHICTH MojAemi y kiacu@ikamii MpaBAUBUX HOBHUH.
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Makpo-cepenne 3HaueHHs f1-score st 1BOX KiaciB cTaHOBUTH (.83, 110 CBITYUTH PO
no0pe 30amaHcoBaHy poOOTy MoOmemi, 3 TOMIPHOIO IepeBaro0 B Kiacudikarrii
MpaBIMBUX HOBUH. 3BakeHe cepeaHe 3HaueHHs fl-score popiBHioe (.84, 110
HiATBEPDKY€E 3arajdbHUM BUCOKUI piBEHb €PEKTUBHOCTI Mojemi. Lle 3ymMoBiIeHo THM,
[0 MOJECNIb IEMOHCTPYE M00p1 pe3yabTatu K s (HEHKOBHUX, TakK 1 JJIA MPaBIUBHUX
HOBUH.

[le#t pe3ynbTaT CBITYUTH MPO XOPOIITY 3AaTHICTH MOACII Kilacu(ikyBaTu oOuaBa
KJIaCH 3 BHCOKOIO TOYHICTIO, X0ua ii e(eKTHBHICTh JCIIO Kpamia sl Kiacudikarii

IIpaBAWBHUX HOBHH.

Accuracy (LSA): ©.8377874456183965
Classification Report (LSA):

precision recall fl-score support

Fake 0.86 0.74 0.79 686

True 0.82 0.91 .87 923
accuracy 0.84 1609
macro avg ©.84 0.82 0.83 1609
weighted avg 0.84 0.84 0.84 1609

Pucynok 3.13 - 3BiT npo kiacudikamito GeikoBUX Ta MpaBAUBUX HOBUH 13

BUKOpUCTaHHSIM LSA

AHani3 knacu@pikamiifHoro 3BITY UIsl MOZAEINI, 0 BUKOpUCTOBye mMeton LDA
(pucyHok 3.14), nmokasye HasBHICTh AesSKUX MpoOieM y kimacudikamii kiacy "Fake",
X04a 3arajbHa TOYHICTh KJacudikalli € 3aJ0BIJIbHOI0. 3arajibHa TOUYHICTh (accuracy)
Mozieni ctaHoBUTH 0.68 a60 68%, 10 CBIAYMTH PO MOMIPHY KUIBKICTh MPAaBHIIBHUX
nependadueHb cepen ycix TectoBux 3paskiB. Jlnmsa kmacy "Fake" 3mauenns fl-score
ctaHoBUTh (.61, 1110 BKa3zye Ha cepeHid piBeHb €(heKTUBHOCTI MOJIei B Kitacudikarii
delikoBux HOBUH. TOUHICTH 1bOTO Ki1acy ckiagae 0.64, a moHora — (.59, 10 BKazye
Ha npoOsiemu 3 kiacudikairiero GelKoBUX HOBHH, 30KpeMa 3 TOYHICTIO 1 Yy TJIUBICTIO
1o 1poro kiacy. s kimacy "True" Moaenb 1eMOHCTpye OUIbI BUCOKI MTOKAa3HUKH, 3
fl-score 0.73, mo CBITYUTH MPO AOOPY €PEKTUBHICTh y Kiacudikailii mpaBIuBUX
HOBUH. TOUYHICTH IJiA 1IbOTO KJacy ctaHoBUTh (.71, a moBHOoTa — (.76, 110 TakoX

CBIAYUTH MpPO J00pY 3AaTHICTh MOAENI KiacugikyBaTd MpaBAKWBI HOBUHU. Makpo-
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cepenHe 3HadeHHs fl-score MIst ABOX KiaciB cTaHOBUTH (.67, 110 BKa3ye HA TIOMIpHY
30aJ1aHCOBAHICTh 3AATHOCTI MOJENi Kiacu(iKyBaTH 00uaABa KiacH. 3BAXKEHE CEPETHE
3HaueHHs fl-score nopiBHIOE (.68, 110 MIATBEPKYE 3arajJbHUM piBeHb €()eKTUBHOCTI
MOJIETIi, aJie TAKOXK BKa3ye Ha HEOOX1THICTh MOMIMIICHHS 9y TIMBOCTI 110 Kiacy "Fake"
JUTSI TIOKPAIIEHHS i1 TOYHOCTI.

Lleit pe3ynbrar CBIAYUTH MPO TE, IO MOJETb H00pe Kiacu(iKye MpaBIuBi
HOBHUHH, aje MoTpedye yAOCKOHAJIEHHS AJs MOKpaIleHHS e(eKTHBHOCTI Ha Kiaci

"Fake".

Accuracy (LDA): ©.6842759477936606
Classification Report (LDA):

precision recall f1-score support

Fake 0.64 0.59 0.61 686

True 0.71 0.76 0.73 923
accuracy ©.68 1609
macro avg 0.68 0.67 0.67 1669
weighted avg 9.68 9.68 0.68 1689

Pucynok 3.14 - 3BiT npo kiacudikaiito GpeikoBrX Ta MpaBAUBUX HOBUH 13

BuKopuctanHsaM LDA

AHami3 Ki1acu(pikamifHOro 3BITY MJI4 MOJENI, [0 BUKOPUCTOBYE METOA
TextRank (pucynox 3.15), Bkadye Ha BHCOKUU piBEHb €()EKTUBHOCTI MO IJIs
kiacudikarii HoBuH sk "Fake" abo "True". 3aranpHa TOYHICTH (accuracy) mopeni
ctaHoBuTh 0.76 abo 76%, 1o CBIIYUTH MPO 3HAYHY KUIBKICTh MPABUIBHHUX
nepeadadeHb cepell yCixX TeCTOBUX 3pa3KiB. 3arajbHMM MoKa3HUK fl-score mist Kiacy
"Fake" cranoButh (.72, mo BKa3ye Ha a00puil piBeHb €(EKTHUBHOCTI MOMAEIl B
kiacudikanii geiikoBux HoBUH. [ knacy "True" 3nauenns fl-score nopisHtoe .78,
0 € XOPOIIMM pPEe3ylIbTaTOM 1 CBIIYUTH PO BHUCOKY €(MEKTHBHICTH MOACHI Y
kiacudikali npaBIuBUX HOBUH. Makpo-cepenne 3HaueHHs f1-score 1jis 1BOX KJ1aciB
ctaHoBUTh (.75, 10 CBIAYMUTHL MPO A00pe 30amaHCOBaAHYy poOOTY MO, 3 JACSKOIO
nepeBaroro B kiacu(ikailli mpaBIuBUX HOBUH. 3Ba)KEHE cepenHe 3HaueHHs fl-score

nopiBHOe (.76, 1110 TATBEPIKYE 3aralbHUN PiBEHb €(DEKTUBHOCTI MOJIEIII.
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[le¥t pesynbrar CBIAYUTH MPO 3AATHICTH MOAENl J00pe KiacupiKyBaTH SIK
¢eiikoBi, Tak 1 MpaBAKWBI HOBUHH, 3 OUIBII BUCOKUMH pE3yabTaTaMu JJis MPaBIUBUX

HOBHH.

Accuracy (TextRank): ©.7551274083281542
Classification Report (TextRank):

precision recall fl-score support

Fake e.70 ©.75 .72 686

True ©.80 0.76 e.78 923
accuracy e.76 1609
macro avg ©.75 ©.75 ©.75 1609
weighted avg ©.76 0.76 ©.76 1609

Pucynok 3.15 - 3Bit npo kiacudikaiiio GeikoBUX Ta MpaBAUBUX HOBHH 13

BukopuctanusaM TextRank

[TpoBenemo mopiBHSUIbHMNA aHAal3 €()eKTUBHOCTI PI3HUX METO/IB KiIacu(ikarii
HouH, Takux sk TF-IDF, RAKE, Yake!, LSA, LDA ta TextRank. Pucynok 3.16
[OKa3y€ TOYHICTh KOXKHOTO METOIY, BUMIPSIHY 3a JIOIIOMOIOIO accuracy score, Ha
OCHOBI TECTOBOTO Ha0Opy JIaHUX.

Lo Comparison of Accuracy Across Different Methods

Accuracy Score

TF-IDF RAKE Yake! LSA LDA TextRank

Pucynok 3.16 - [lopiBHsUTbHUI aHAaII3 TOYHOCTI METO/IIB BUOOPY KITFOUOBUX

ciiB U1 Kiacudikaiiii ¢peiikoBUX Ta MpaBAUBUX HOBUH
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3rimiHo 3 npeacraBieHuMu pesynbratamu, TF-IDF  nemoncTpye HaBuIry
TouHIicTh — 0.89, 1110 € HalKpaIMM MOKa3HUKOM cepell ycix MetoiB. Lle cBiquuTh nmpo
te, mo TF-IDF nalikpaiie BUKOHY€ 3aBaaHHs Kiacudikallli HOBUH, a TOYHICTb IIbOTO
METOAY € HaWBUIIOI cepell yciX. Takuil BUCOKUH pIBEHb TOYHOCTI MOXe OyTH
pesyabsTarom Toro, mo TF-IDF nqo0pe omiaroe BaXXITUBICTh KOXKHOTO CJIOBA B KOHTEKCTI
TEKCTY, 10 0COOJIMBO KOPUCHO ISl Kiacuikailii HOBUH Ha 0a3i TEKCTY.

Metonu RAKE, Yake!, LSA, LDA ta TextRank mokazanu pi3Hi pe3yabrarTu:

- RAKE — Ttounicts 0.58, 1110 BKazye Ha HaHUKIYy €(EeKTHUBHICTh Cepe] yCiX
METOIIB;

- Yake! — tounicts 0.77, mo € 70OpUM pe3yabTaTOM, aje 3HAYHO HIKYUM 32
TF-IDF;

- LSA — tounicts 0.84, 1110 € 10OpUM pE3yJIbTaTOM, X04a BCE 1€ MOCTYNAETHCA
TF-IDF;

- LDA — tounicts 0.68, 1110 BKa3zye Ha cepeHii piBeHb €(hDeKTUBHOCTI;

- TextRank — Tounicts (.76, 110 TAKOX € XOPOIIIUM PE3YyJIBTaTOM, aJie BCE OHO
Bizcrae Bix TF-IDF.

3aranmom, TF-IDF € HaiiOuibm e(QexkTUBHUM METOJOM Ccepel  yciX
MIPE/ICTABIIEHUX, OCKUIbKHY 3a0e3Meuy€e HalBUIIy TOYHICTh JIJIsl Kjacu(ikallii HOBUH Ha
OCHOBI IXHBOTO TEKCTY, OCKUIbKM BIH 3a0e3meuye HalKpalie BUSBICHHS Ba)KJIMBHX
TEPMIHIB 1 KOPEKTHO BU3HAYa€ 3HAYEHHS KOKHOTO CJIOBA B KOHTEKCTI. [HIINI MeTomu,
taki sk RAKE, Yake!, LSA, LDA, i TextRank, MaroTh Je110 MEHIIy TOUHICTh, OJTHAK
BOHU BCE€ OAHO 3a0€3MeuylOTh BUCOKY €(PEKTHUBHICTh 1 MOXYTh OyTH KOPUCHHUMH B
cnenupIYHUX BUMAIKAX, /1€ BAXKJIMBO BUAUIATH BaXJIMBI Ppa3u ab0 KOHTEKCTyasbHI
TE€MH, a HE OKPEMIi TePMIHHU.

Takum 4MHOM, SIKIIO OCHOBHA METa — JIOCSATHEHHS MaKCHMaJIbHOI TOYHOCTI
kiacuikarii HOBUH, pekoMeHayeThcsi BukopuctoByBatu TF-IDF. Onnak ans Gimbim
CKJIQJHUX 3a/1ad, /1€ BaXJIMBa CEMaHTHKa a00 KOHTEKCTYyalibH1 3B'I3KM MK CIOBaMH,
MOXKYTh OyTH 3aCTOCOBaHI i iHII MeToau, Taki sk TextRank uu LDA.

3riHO 3 MOPIBHSUIBHUM aHAII30M Ha OCHOBI Aiarpam# (auB. pucyHok 3.16), TF-

IDF BusBnsieThcs Haille(EKTUBHINIMM METOJAOM Kiacudikaiii HOBHH cepel YcCiX
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npeacTaBieHux. BiH 1eMOHCTpy€e HaWBUIIY TOUYHICTE — (.89, 110 € 3HaYHO BUIIUM,
HIX y iHmUX MetomiB, Takux sk RAKE, Yake!, LSA, LDA ta TextRank, sixi moka3zanm
touHicTh Bia 0.58 10 0.84. I{e cBiguuth npo Te, mo TF-IDF Hal611b111 TOUHO BUKOHYE
3aBIaHHs Kiacu(ikallii HOBHH, 30KpeMa 3aB/IsIKM 3AaTHOCTI OIIHIOBATH BaXKJIUBICThH
KOYKHOTO CJIOBA B KOHTEKCT1 TEKCTY.

TF-IDF mnpamtoe nuisixoM HaJaHHS Bard KOXKHOMY CJIOBY B JIOKYMEHTI, IIIO
n03BOJIsIE €(DEKTUBHO BIAPI3HATH BAXKIWBI TEPMIHM Bia 3aranbHuX. el miaxin
171IeajbHO TIAXOAUTH JUIS 3ajad, € OCHOBHUM 3aBJaHHSIM € MPaBUJIbLHE BHUSIBICHHS
BaYKJIMBUX TEPMIHIB 1 TOUHA KJIacU(DiKallisl Ha OCHOBI TEKCTy. Y MOPIBHSIHHI 3 1HILIUMU
meronamu, Takumu sk RAKE Ta Yake!, siki opieHTOBaHI Ha BHUJUICHHS KIIFOUOBHUX
dpa3, abo LSA, LDA Tta TextRank, mo 0a3ytoTbcsi HA CEMaHTUYHUX 3B'sA3Kax abo
nateHTHUX Temax, TF-IDF € Hait01y1b111 CTa017IbHUM 1 TOYHUM JIJIS I[HOTO TUITY 3aBAaHb.

OTxe, AKIT0 MeTa — AOCSATHEHHS MaKCUMaIbHO1 TOYHOCTI KitacudikaIlii HOBUH,
ocoomiBo B KoHTekcTi TekcTy, TF-IDF € kpamum BuOGopom. OpHak i OUIbII
CKJIQJIHUX 3aJ/1a4, JIe BAXKJIMBA CEMaHTHKa a00 KOHTEKCTyasbHI 3B'I3KM MIXK CJIOBaMH,

MOXXYTh OyTH 3aCTOCOBaHi ¥ iHII MeTonu, Taki Ak TextRank uu LDA.

3.4 AucamOnpb s kmacudikariii (pelKoBUX Ta MPaBIUBUX HOBUH

VY nporeci gocnikeHHs Oyna po3poodiieHa CTEeKIHT-MoIeb Kiiacudikaliii HOBUH
Ha (¢elikoBl Ta mpaBauBi [29], moOynoBaHa HA OCHOBI I’SITM HAWTOYHIIIUX METOIIB
BekTopu3anii Texkcry: TF-IDF, RAKE, YAKE, LDA Ta TextRank. Jlyis xoxxHOTO 3
MeTO/1B OyJI0 CTBOPEHO OKPEMUI BEKTOP O3HAK, a 0a30BUM Ki1acu(iKaTOPOM BUCTYIIaB
Random Forest. Ik meTa-Monenpr BUKOPUCTOBYBaJlacs JIOTICTUYHA perpecis, sika
HaBYaJIacs Ha MPOTHO3ax 0A30BUX MOJENIeH y MPOIeCi KpOoC-Baliaalli.

3arajibHa TOYHICTh POOOTH CTEKIHT-MojeNl ckiana 89.56%, 1mo € HaWBUIIMM
MOKAa3HUKOM CepeJll YCIX paHilie MpoTecToBaHMX Mojenei. lle cBiguuth mpo
e(eKTHBHICTh BUKOPUCTAHHS aHCAMOJIEBOTO MiAXOAY MPHU HASBHOCTI PI3HOMAHITHHUX
Jokepen o3Hak. [l moBHOI oriHku Oyno moOymoBaHo classification report, 1o

OXOIUTIOE precision, recall Ta f1-score mmst koxkHOTO Kiacy (pucyHok 3.17).
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2 Accuracy (StackingClassifier): ©.8955873213175886
Classification Report:

precision recall Ffl-score support

Fake .91 ©.84 .87 686

True 2.89 .94 2.91 923
accuracy .90 1609
macro avg e.9%e ©.89 .89 1609
weighted avg e.%e e.9%e .89 169

Pucynok 3.17 — Metpuku AkocTi Kinacudikariii st CTEeKiHT-MOoIei

SIx BuaHO 3 pucyHka 3.18, Monenb mokaszajna BUCOKY TOYHICTH PO3Mi3HABAHHS
(eiikoBux HOBUH — precision ctaHoBuB (.91, 110 o3Havae, 1110 OUIBIIICTh HOBUH, SIKi
kinacudikoBani sk "Fake", gificno € Takumu. BogHouac recall my1s mporo kiacy ckiaB
0.84, 110 cBIAYUTH MPO TE, IO JesIKl (PEHKOBI HOBUHM 3aJUIIAIOTHCS HE BUSBICHUMH.

Haromicte mis knacy "True" Moaens BUsiBUIIa BUCOKY MOBHOTY (recall = 0.94),
TOOTO TMepeBaXKHY OUIBIIICTh MPABAUBUX HOBHH OYyJIO NPAaBWIBHO KJACH(]iIKOBaHO.
Boanouac TouHICTb AJ1s IHOTO KJ1acy Oyia aeiio Hk4dor — 0.89, 1o Moxke BKazyBaTH
HA HasSBHICTh MEBHOI KIJHKOCTI ()EHKOBUX HOBHUH, IOMMJIKOBO BIJHECEHUX JIO
MPaBIUBHX.

Jlns rubmmoro aHamizy Oyna moOymoBaHa TaONUII 3 JeCATbMa IPUKIIAIaAMH
HeMpaBWIbHUX Kiacudikaiiii. BoHa 103BoMsE€ OMIHUTH KOHTEKCT, Y SAKOMY MOJEIb

nomuJsiaacs (quB. pucyHok 3.18).

Mepwi 1© noMmunkoBux Knacubikauiili aHcambnio:
Text True Label N\

17 BHacnigok pakeTHoOL aTakum no XapkoeBy Bxe Bigomo. . . Fake
20 [Opy»XuWHa O4HOro MOMepJiIoro Ccyxoro 4Yonoeika npuiw. . . Fake
43 ATaka Icnamcbkol pgepxasBu — XopacadH Ha MOCKOBCb. .. True
60 MiHicTp iHdpacTpykTypum OnexkcaHgp Kyb6paxkos npos.. . Fake
62 3eneHCcbKU NMokas3ae Hacnigku HidYHoI aTaku P® np... Fake
7@ "Bin (3eneHcbkuil) ByeB y BCcix kpaiHax, ane He 3... Fake
76 MNpunuHiTe diHaHcysaTu Kunesi!B Amepuyi s'asueca... Fake
84 [(Monbcekl BllicbkoBl 3Ha/M, wWo pociiiceka pakeTa, ... True
9@ 3SaxigHi kpaiHuW HaBMMCHO MPUXOBYKWTb geTani ximi... Fake
96 Monbwa roTyeTbca A0 pociicbkoro BTOprHeHHA. Bn. .. Fake

Predicted Label

17 True
2e True
43 Fake
=1=] True
62 True
70 True
76 True
84 Fake
=1 True
96 True

Pucynok 3.18 — [Ipuknaan noMuiIKoBoi kinacugikalili CTeKIHM-MOACILUTIO
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Sk BugHO 3 pucyHKy 3.19, Monmenb dacTille NPUMYCKAETHCA MOMMIIOK Y
kiacudikaiii GeMKoBUX HOBHH, sIKI MoAaH1 B o]iliiiHOMY a00 HEUTpaJbHOMY CTHIII.
Hanpuknan, HOBMHM  TpO  pakeTHI  ydapu, [HMTaTH  TOCAgOBIIB  abo
30BHINIHBOMIONIITUYHI 3asBH, Xo4a W € (EWKOBUMH 3a IIO3HAYKOK B J1aTaceTi,
KJIACU(DIKYIOThCS SIK MPABIUBI Yepe3 BUKOPUCTAHHS (POPMaTIbHO-KOPEKTHOT MOBH.

JIJ1st KiJTbKICHOT OI[IHKM IMTOMIJIOK Oyra moOyoBaHa TicTorpama, 1o Bitoopaxae
KUIBKICTh HEMPaBUJIBHUX Kiacupikaiiid mo KoXKHOMY Kiacy (AuB. puCYHOK 3.19).
Pe3ynbraTi cBig4arh Opo Te, M0 NOMUJIOK y Kiacudikauii (perKoBUX HOBUH 3HAYHO

OlsblIe, HIXK Yy Kiacuikalli mpaBauBUX.

KinbKkicTb noMunok aHcamMbnio 3a KnacaMmm

140 4

120 4

100 4

80 4

60

KinbKICTb NOMWIOK

40

20 1

T T
Fake True
True Label

Pucynok 3.19 — KigpkicTh TOMUIIOK KJIacH(iKallii 3a KJacaMmu

Ile cBimUUTH MPO MEBHY CXUIIBHICTH MOJIEI JI0 MO3UTHBHOI KiacudiKarlii, 1Mo €
TUTIOBUM JUIsl 3aja4d, Y SKUX CTPYKTypa MOBHU (hEeHKOBUX HOBHUH IMITy€e (opMalbHI
O3HAaKH MPaBIUBUX MMOB1IOMJIEHb. Taka MoBeaiHKa MOEN1 MOXKe OyTH BUIIPaBAaHOIO 3
TOYKH 30Py MiHIMIi3aIli1 TOMIJIOK IPYTOTO POy, TPOTE BOJHOYAC BUMAra€ MOAAIBIIOTO
MOCUJICHHSI 3JaTHOCTI MOJIEJI1 PO3Ii3HABATH MAHIMYASTUBHUNA KOHTEKCT.

OxkpiM OIIIHKM TOYHOCTI Ha TECTOBIM BUOIpI, Oyla0 peanizoBaHO (YHKIIIO

PYYHOTO BBEJICHHSI HOBHHHM I TiepeBipku. KopucTtyBad mae 3MOTy BBECTH TEKCT Y
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BIJIMOBIHE MOJIE, IMICJISl Y0r0 MOJIEb IPOBOIUTH 00POOKY, BEKTOPU3AIliI0 Ta BUBOJIUTH
HMOBIPHOCTI BigHECCHHsI HOBHHM 110 KiaciB "Fake" 1 "True" (quB. momarox b).

VY XoAl eKCIIEpUMEHTIB 3 PYUYHOIO MEPEBIPKOI0 HOBUH OYJIO MPOaHA30BaHO
noHax 10 mpukimamiB. Y BUIMAagKax OYEBUIHUX (PEHKOBUX ITOBIIOMJICHH MOJICIb
JIEMOHCTpYyBajia BUCOKY BreBHEHICTh (ToHanm 90%) y kmacudikamii. Bognouac npu
HasSBHOCTI HEOJHO3HAUYHMX a00 MaJIO3HAYyIIMX IIOB1IOMJIEHb, HMOBIPHOCTI
po3noaisIHCs OUTBI 30aaHcoBaHoO, 1HOMI HabmKaoduch 10 50/50.

[Ipuknaau BBEIEGHHS TEKCTIB KOPUCTyBaueM 1 BIJANOBIIHI pe3yJbTaTH
kiacugikanii mogano B 1oaarky b (pucynku b.1-b.4). Bonu uttoctpytoTs iHTEpdEiic
B3a€EMOJIii 3 KOPUCTYBa4eM, a TaKOX JEMOHCTPYIOTh MOKJIMBOCTI CHCTEMH IIOJ0
WMOBIPHICHOT OILIIHKHU JOBIpH 10 HOBUHH.

3o0kpema, HOBHHA Npo HacTyn P® y KBITHI, X04a il BUITISAA€ TPUBOXKHOIO, Oyia
KJacu(ikoBaHa sIK MpaBIvBa 3 BUCOKOI WMOBIpHICTIO (moHam 97%). AHanorigto,
MOBIJJOMJICHHS TTPO HIOMTO 1HOTIAHETHE BTOPTHEHHS — OYI10 Kacu(piKoBaHO K ek
3 BUCOKHM CTYNEHEM BIEBHEHOCTI, IO CBIAYUTH MPO CTaOLIbHY pPoOOTYy Mojeni 3
KpalHIMH MPUKIIAJIAMU.

OxpeMi HOBHMHHM, AKI MICTUJIM HEUTpaslbHY I1H(OpMaIil0 (HAIpUKIaA, PO
MOrofay, IIHY KaBH, €KOHOMIKY), BUKJIMKAIu 30aJJaHCOBaHy pEakililo Mojaenl —
HMOBIpHICTB (helKOBOCTI cTaHOBUIa MprOInu3HO 40—60%, 1110 MOXKHA 1HTEPIPETYBATH
K "HEBU3HAUYCHICTB'" a00 MoTpedy J0aTKOBOTO BepHU(DIKaIlIfHOTO IKepena.

Ha ocHoOBI ycixX pe3yabrariB MOXKHA 3pOOUTH BUCHOBOK, IIIO CTEKIHT-MOJIENb €
e(eKTUBHUM TNIAXOIOM JUIsl 3aj1ad BusBIeHHsS Jne3iHdopmanii [30], 30kpema B
yKpaiHChbKOMY iH(pOpMaliiiHOMy TpocTopi. [i MOXKIMBICTH NOEAHYBAaTH HepeBaru
pPI3HMX TIAXOMAIB J0 BHUJIJICHHS KJIIOYOBHX CJIIB 3HAYHO MIJBHUIIYE SIKICTh
nepen0adyeHHs.

[Ipu 1mpOMy mOmANBINE BIOCKOHAJICHHS MOJEHI MOXe OyTH TIOB’Si3aHE 3
BUKOpucTaHHsIM TpancopmepiB (Hanpukian, BERT a6o RoBERTa nnst ykpaincekoi
MOBH), aJalTaIli€l0 BEKTOPHUX O3HAK JI0 TEMaTMYHOTO KOHTEKCTy (context-aware
embeddings), a TakoX pO3MIMPEHHSM HABYAJIbHOI BHUOIPKM 3a PaxXyHOK HOBHX

JIlaTaceTiB, 110 BioOpaxarTh CydyacHi TEHACHIIT B Meia.
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Takum yrHOM, OOYAOBaHUN aHCAMOJb (30KpeMa CTEKIHT-MOJIEb 3 TOYHICTIO
90%) mepeBepIMB pe3ylbTaTl OKpeMHUX Kiacudikaropis, e HaWKpalmui 3 HUX (Ha
ocHoBl TF-IDF) mokazyBaB 89% TtouHOCTi. Xouya mepeBara 3[Ja€ThCS HE3HAUYHOIO
(mpubmm3HO 1 BimCOTKA), BOHA MIATBEPIKYE 3arajbHy TEHACHIIIO TMOKpPAIIECHHS
3aBISKA Y3TOPKEHOMY TMOE€HAHHIO PI3HUX METOAIB BEKTOpU3alii Ta Mojesen
kinacudikamii. Y pe3ynprari BAalocs HaAllHIINIE pO3Mi3HABaTU CKJIagHI abo
«MacKoOBaHI» (eHKOBI HOBUHH, 10 BKa3y€ Ha JOIIBHICTh 3aCTOCYBAaHHS aHCAMOJIEBHX

MIIXO0AIB y pealbHuX 1HOOPMaIIMHUX CHCTEMAaX.
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BMCHOBKHA

VY paMkax mOoCIiIKeHHS OyJi0 YCIIIIHO peaTi30BaHO BCi MOCTABJICH] 3aBIaHHS,
10 JTO3BOJIUJIO CTBOPUTHU €(PEKTHBHY CUCTEMY aBTOMATUYHOIO BUSBJICHHS (HEHKOBHUX
HOBUH HA OCHOBI KJTIOYOBHX CJIIB 13 BUKOPHUCTAHHAM CYYaCHUX METOJIB MAIIMHHOTO
HapuaHHs. OCHOBHI Pe3yJIbTaTH MOKHA T1JICYMYBaTH HACTYITHUM YHHOM:

1.BukoHaHO oI CydacHUX IIAXOAIB JO AaBTOMATMYHOI Kiacuikarii
¢eiikoBUX HOBHH. PO3MIsSHYTO mepeBarm Ta HENONIKH MOMYISIPHUX METOMIIB
BekTopuzaniii Tekcry: TF-IDF, RAKE, YAKE!, LSA, LDA, TextRank, KeyBERT.
[IpoBeneno orsin nmonan 10 mocmimxens, siki nmokazanu, mo TF-IDF ta KeyBERT €
HantouHimmMu (10 91% 1 88% BiamoBinHO), a YAKE! Ta RAKE — wnalmBuammmu
Ta €()eKTUBHUMH JIJIT KOPOTKUX TEKCTIB.

2. IToOGynoBano hopmaabHI MaTEMaTUYH1 BUPA3H JIJIsi OCHOBHHUX €TariB 00pOOKHU
TEeKCTYy: TOKEHI3aIlli, BUJAJICHHS CTOI-CiiB, jemartusarlii, Bekrtopusarii (TF-IDF,
RAKE, YAKE!, LSA, LDA, TextRank), a Ttakox g1 aHcaMOJeBUX METOMIB
knacugikanii — VotingClassifier ta StackingClassifier. @opMynu 4iTKO ONUCYIOTh
npouiec oouncienns TF, IDF, cemantnunnx poskianiB (SVD, Dirichlet), ronocyBanss
Ta CTEKIHTY.

3. PeanizoBano yHiBepcainbHuii momynb KeywordExtractor, sikuii miarpumye
ITICTh MiAX0/11B BUAOOYTKY KIIFOUOBHX CJIIB, BKIIOYHO 3 KOHTEKCTHO-3aIe)KHUMU (LSA,
LDA, TextRank). AnropuT™m iHTErpyeTbcs B 3arajbHy apXITEKTypy CHCTEMH, LIO
JIO3BOJISIE OOMpaTH ONTHUMAaJIbHI o3Haku I kimacudikaiii. ITokazano, mo TF-IDF,
YAKE! 1 LSA Maroth HaiiBully kinacugikaiiiiHy NpuaaTHICTh IPHU aHai31 CepeHixX 1
JIOBTHX TEKCTIB.

4. Po3po0reHo MOBHOLIHHUN porpaMHuii Moayib y cepenoBuili Google Colab.
Cucrema niaTpumye oOpoOKy YKpaiHCbKOMOBHHUX TEKCTIB, BKIIOUAIOUM TOKEHI3allllo,
OYMIICHHS, JIeMaTH3allifo, MOOYJOBY n-rpaM, BEKTOpH3aIlil0 Ta Kiacudikaliio 3a
nonomoroto  RandomForest.  ApxitekTypa BikiIwouae wmoxyii:  Dataloader,

KeywordExtractor, Classifier, Visualizer, ReportGenerator.
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5. IIpoTecToBaHo 1IiCTh MOJIEIEH BEKTOpHU3AIlli y TTOEAHAHHI 3 Kilacu(pikaropom
Random Forest. HaiiBunry Tounicts mokasana mojaens Ha ocHOBI TF-IDF — 89%, toni
1k RAKE — naiiripmmii pesynasrar — 58%. YAKE!, LSA, LDA ta TextRank nocsiru
TOYHOCTI B niana3oni 68—84%. [ToOymoBaHo Bi3yaizarlii po3MmoauTy KJaciB, CepeaHbol
JOBKWHH TEKCTIB, HAMYACTIINX CIIIB Ta N-TPaM.

6. 3ampornoHoBaHa CTEKIHI-MOJeNb, sKa noeanye o3naku Big TF-IDF, RAKE,
YAKE!, LDA Ta TextRank y pamkax Random Forest + Logistic Regression, nocsria
HaWBUIIO1 3arajibHOi TOUYHOCTI — 89.56%, fl-score mis kmacy "Fake" — 0.86, mis
"True" — 0.91. [lepeBara cTekiHry HajJ HaKpaIIow OKPEMOIO MOJEIUII0 CTaHOBUIIA
npu6iu3Ho 1%, ogHaK BiH JO3BOJUB Kpallle BUSABISITH CKJIaJHI BUNAAKU (HEUKOBHUX
HOBHUH. Mojienb ¢TablIbHO PO3ITi3HAE KpailHl BUMAAKU, Ma€ 1HTepdeic 1l pydHOro
BBEJICHHS, OI[IHKM JOBIPM Ta NOMWIKOBUX Kiacudikamiii. OCHOBHUM HampsMOM
nojaneioro po3Butky € iHTerpamis TtpancopmepiB (BERT, RoBERTa), mio

3a0e3neyaTh KOHTEKCTHO-UYTJIIMBY 0OPOOKY YKPaiHCHKUX TEKCTIB.
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Honarox A

Kon peamizartii

# ImnopT BibnioTek

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import nltk

from sklearn.model_selection import train_test_split

from sklearn.ensemble import RandomForestClassifier, VotingClassifier, StackingClassifier
from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy_score, classification_report

from sklearn.feature_extraction.text import TfidfVectorizer, CountVectorizer
from sklearn.decomposition import TruncatedSVD, LatentDirichletAllocation
from sklearn.preprocessing import LabelEncoder

from nltk.tokenize import RegexpTokenizer

import networkx as nx

import yake

from rake_nltk import Rake

from multi_rake import Rake as MultiRake

from keybert import KeyBERT

# 3aBaHTaxeHHs Ta 0bpobka AaHWx
data = pd.read_csv(‘combined_dataset.csv')
tokenizer = RegexpTokenizer(r'\w+')
with open('stopwords_ua.txt', 'r', encoding="utf-8') as f:
ukrainian_stop_words = set(f.read().splitlines())
data['processed_text'] = data[' Text'].fillna(").astype(str).apply(
lambda x: ' ‘join([word.lower() for word in tokenizer.tokenize(x) if word.lower() not in
ukrainian_stop_words])

)

# lMigrotToBKa METOK
le = LabelEncoder()
y = le.fit_transform(data['Label])

# MeToam BUAINEHHS KIHOYOBWX CMiB | BeKTopu3aLis
vectorizers = {}
results = {}

# TF-IDF

tfidf = TfidfVectorizer(max_features=5000)
X_{fidf = tfidf.fit_transform(data['processed_text])
vectorizers['TF-IDF'] = X_tfidf

# RAKE
multi_rake = MultiRake(language_code="uk’)
data['rake_keywords'] = data[)processed_text].apply(lambda x: " ‘join(kw[0] for kw in

multi_rake.apply(x)]))
vectorizers['RAKE'"] = CountVectorizer(max_features=5000).fit_transform(data['rake_keywords'])
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# YAKE

yake_extractor = yake.KeywordExtractor(lan="uk', n=1, top=10)

data['yake_keywords'] = data[)processed_text].apply(lambda x: ' ‘join(kw[0] for kw in
yake_extractor.extract_keywords(x)]))

vectorizers['Yake!'] = CountVectorizer(max_features=5000).fit_transform(data['yake_keywords")

#LSA
Isa = TruncatedSVD(n_components=100)
vectorizers['LSA'] = Isa.fit_transform(X_tfidf)

# LDA

bow = CountVectorizer(max_features=5000).fit_transform(data['processed_text))
Ida = LatentDirichletAllocation(n_components=10, random_state=42)
vectorizers['LDA'] = Ida.fit_transform(bow)

# TextRank
def textrank_keywords(text):

words = tokenizer.tokenize(text.lower())

graph = nx.Graph()

for i in range(len(words)):

for jin range(i + 1, len(words)):
graph.add_edge(wordsi], words[j])

scores = nx.pagerank(graph)

return ' '.join(sorted(scores, key=scores.get, reverse=True)[:10])
data['textrank_keywords'] = data['processed_text'].apply(textrank_keywords)
vectorizers['TextRank'] = CountVectorizer(max_features=5000).fit_transform(data['textrank_keywords'])

# Knacudpikauis RandomForest ans koxHoro metoay
for method, X in vectorizers.items():
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)
clf = RandomForestClassifier(n_estimators=100, random_state=42)
clf.fit(X_train, y_train)
y_pred = clf.predict(X_test)
acc = accuracy_score(y_test, y_pred)
print(f"Accuracy ({method}):", acc)
resultsmethod] = acc

# Ancambnesa mogenb VotingClassifier
top_methods = sorted(results.items(), key=lambda x: x[1], reverse=True)[:5]
X_ensemble = vectorizers[top_methods[0][0]]
X_train, X_test, y_train, y_test = train_test_split(X_ensemble, y, test_size=0.2, random_state=42)
voting_clf = VotingClassifier(estimators=[
(name, RandomForestClassifier(n_estimators=100, random_state=42)) for name, _ in top_methods
], voting="hard’)
voting_clf.fit(X_train, y_train)
results|'Ensemble Top 51 = accuracy_score(y_test, voting_clf.predict(X_test))

# Ancambnesa mogenb StackingClassifier
stacking_clf = StackingClassifier(
estimators=[(name, RandomForestClassifier(n_estimators=100, random_state=42)) for name, _ in
top_methods],
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final_estimator=LogisticRegression(max_iter=1000),
cV=3

stacking_clf.fit(X_train, y_train)
results['StackingClassifier'] = accuracy_score(y_test, stacking_clf.predict(X_test))

# OyHKUis ans nepeabadeHHs
def predict_news(text, model=stacking_clf, vectorizer=tfidf, label_encoder=le):
tokens = tokenizer.tokenize(text.lower())
tokens = [word for word in tokens if word not in ukrainian_stop_words]
X_input = vectorizer.transform([' '.join(tokens)])
proba = model.predict_proba(X_input)[0]
labels = label_encoder.inverse_transform([0, 1])
print("[Lu]] VmoBipHocTi knacudikadii:")
for i, label in enumerate(labels):
print(f" {label}: {proba[i]*100:.2f}%")
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Jomarok b

Pe3ynpraTn excriepuMeHTy

b

¥ & BBeaeHWii TekcT: lle ekcTpeHe MoBiAoMieHHs: iHonnaHeTAHW Bucagunucb y UeHTpi Kuesa
Il MmoBipHocTi knacudikaui
Fake: 76.16%

True: 23.90%

(

[4e] 1 user_input = input("BsegiTb HoBMHY Ana nepesipku: ")
2 predict_news(user_input)
3

Sy Bseaito HosuHy ana nepesipku: | pd roTye wacTyn y ksiTHi. [lobpe ykomnnekTosaHi pesepsu roTywTbcA Ha nonirowax sxe 6insbwe micaus,

| Beepenuii TekeT: | po roTye HacTyn y keiTHi. [loBpe ykomnnekToEaHi pesepBM roTywTbCA Ha moniroHax

1l AmoeipHocTi knacudikay
Fake: 2.55%
True: 97.45%

[42] 1 user_input = input("BsegiTb HoBMHY Ans nepesipku: ")
2 predict_news(user_input)

5% BeeniTb HOBMHY ANA nepesipku: MeperoBOPHMK NYTiHa UbOFo TUXHA Noife y BaWAHFTOH Ha 3ycTpiy 3 BiTKoddom,

& | BBegeHur TekcT:
MeperoBopHUK MyTiHa UbOro TWkHA noife y BawuHrToH Ha 3ycTpiy 3 BiTkoddom,

Il MmosipHocTi knacudikay
Fake: 84.93%
True: 15.07%

[43] 1 user_input = input("BsBeagiTb HoBuMHY Ana nepesipku: ")
2 predict_news(user_input)
=34

2~ BeeaiTs HOBMHY Ana nepesipkm: Xaxamei kagpu 3 Xapkosa. ABa BAYYaHHA MO LMBiNbHWMM MignpueMcTBaM 4epes MacoBaHy aTaky BnJIA p sHOuL.

= | BBejeHuid TekeT:
Xaxnuei kagpu 3 Xapkoea. [lBa BAyYaHHS Mo UMBiNbHUM nignpuemcTBam 4Yepes MacoBaHy aTaky BrjlA po BHoGi.

Il MmoBipHocTi knacupikay
Fake: 2.26%
True: 97.74%

Pucynok b.1 - IIporao3yBaHHsS HOBUH 3 BUKOPUCTAHHSIM MAIIMHHOTO HABYaHHS JJIs
BUSIBJICHHS (PEHKOBUX HOBUH

M ) 1 user_input = input(“Beseaite WoBMMy AnR nepesipku: ")
2 predict_news(user_input)
3> BBeaiTs HOBMMY ANA Nepesipku: CewaTopM CUA NOrPOXyWTE 3aNPOBSAMTH MMTA y 500X NMpoTH KpaiW, AKL 3aKyNoBYWTs POCificeKY HadTy, ras i ypaw, AKWO MOCKBA BiAMOBMTECA Bid MUPHHX NEPEMOBHH,
&1 BeepewMid TexcT:
CeHaTopu CUA NOTPOXyWTs SANPOBAAMTH MHTa y 500K NPOTH KPaiM, AKL 3aKYNOBYWTb POCiHCBKY HaQTY, ras i ypaW, AKWO MOCKEA BIAMOBMTECA BiA MHPHKX MEPEMOBMH,
l FmosipHocTi knacwpikauii:
Fake: 98.35%
True: 1.65%
(5] 1 user_input = input(“BeeaiTe HoBMMY AnA nepesipkn: ")

2 predict_news(user_input)

3% Beenite HoBMMy AnA nepesipku: CewaTop-gemokpaT Kopi Bywep 25 roaws (1) swcTynas npoTH nonitaku Tpamna.

& Bsenewui TexcT:
CenaTop-pemokpaT Kopi Bywep 25 roaws (1) BMcTynas npoT noniTwkw Tpamna.

fl MmosipHocTi knacwbiauii:
Fake: 53.21%
True: 46.79%

[46] 1 user_input = input(“BseaiTe HoBMMy AnA nepesipkm: ")
2 predict_news (user_input)

3% BseaiTo woBMMY ANA nepesipku: Yepes siliHy B Ykpaiwi nonWT Wa iananenux npauiswukis spic Wa 1061%.

& BBepenHid TexkcT:
Yepes BilWy B YKpaiWi NonuT Wa BiARanesux npauisHukis spic Wa 1061%.

fal MmosipHocTi knacwbixauii:
Fake: 96.87%
True: 3.13%

[a7] 1 user_input = input("BeeaiTs HOBMMY AAR nepesipku: ")
2 predict_news(user_input)

BeeaiTe WoBMHy AnA nepesipku: Kasa 67€ uiWosi pexopaW: BapTicTe 3epew 3pocna y BaprocTi B 3,5 pasw

& Bsemenwi TexcT:

Kasa 6’¢ uiwosi pexopaw: sapTicTe 3epew 3pocna y sapTocTi B 3,5 pasw

tl AmosipwocTi knacwpixauii:
Fake: 47.19%
True: 52.81%

Pucynok b.2 - Knacudixkaiis HOBHH 32 JOOMOTOI0 MallIMHHOTO HABYAHHS IS
BUSIBJICHHS (PEMKOBUX Ta peanbHUX MOBIIOMIIEHb
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; [48] 1 user_input = input("BBegiTb HOBMHY AnA nepesipku: ")

—_—

2 predict_news(user_input)

~ BBegiTb HosMHY AnA nepesipku: YkpaiHeub nignanue ceoro poboTogasud B Moabwi, - nonbcbka noniuias

—_—

[+

= | BBepeHwWiA TekcT:
Ykpaikeub nignanus csoro poboTogasua 8 Monbwi, - nonbcbka noniuia

Il WmoeipHocTi knacudikauii:
Fake: 61.03%
True: 38.97%

’ o 1 user_input = input(“BeegiTe HOBMHY AnA nepeeipkwu: ")

2 predict_news(user_input)
3

S5~ BBeAiTb HOBUHY ANA NepesBipkn: Yxe 3 5 KkBiTHA B YkpaiHi moxnuei 3amoposku, cHir Ta noxonogaHHA

—

= | BBegeHWiA TekcT:
Yxe 2 5 kBiTHA B YKpaiHi moxnuei 3amopo3ku, cHir Ta noxonopaHHA

Il WmoeipHocTi knacmdikauii:

Fake: 31.73%
True: 68.27%

Pucynok b.3 - BusinenHs (helikoBUX HOBMH Ha OCHOBI MAILIMHHOTO HABYaHHS:
[Tporuo3yBaHHs NpaBAUBOCTI MOBIAOMIICHb

[58] 1 user_input = input("BseniTb HOBMHy Ans nepesipku: ")

)

o

)

i

2 predict_news(user_input)
BaeaiTb HoBMHY AnA nepesipku: WTy4HWiA iHTenekT = y ¢okyeci IT-iHgyeTpii Ykpaiwu

»  bBBejeHUHd TekcT:
WrysHuid inTenexT — y gokyci IT-imaycTpii Ykpainwm

Ll VimosipHocTi knacubikauii:

Fake: 95.83%
True: 4.97%

1 user_input = input("BeesiTs HOBWMHY AnA nepesipku: ")
2 predict_news(user_input)

BseaiTb HoBMHy Ans nepesipku: pd BAapuna no eiiicokosomy rocniTamw y Xapkosi, — Mewwtab (https://t.me/GeneralStaffZsu/225e1)

« BeeaeHuil TekcT:
pd snapuna no eiicokosomy rocnitanw y Xapkoei, — lenwtab (https://t.me/GenerslStaffZSu/22501)

Wl WmosiprocTi knacwpixauii
Fake: 1.8%%
True: 98.11%

1 user_input = input("Bseaitb HoBuHy ana nepesipku: ")
2 predict_news(user_input)
BeeaiTe HOBMHY ANA Nepesipku: Ha JaHy XBUAWMKY 27 MOCTPaxganWx BHacnifoxk aTtaku GM/IA Ha Xapkie, - Tepexos

& | Beepenui TekcT:
Ha paWy xBuawHy 27 nocTpaxaanwx sHacnimok atakw GMJA Wa Xapkie, - Tepexos

ul FmosipmocTi knackpikauii:
Fake: 3.55%
True: 96.45%

[54] 1 user_input = input("BseaiTs HOBMHY ANA Nepesipku: ")

2 predict_news (user_input)

BeeaiTe HoBWMHY AnA nepesipkW: Ha ONX - 3HailgeTbcA Bce: XTock Ha JHinponeTpoBuwHi (https://t.me/+MvxTglQ4e2lhZmUy) svpiune npojaTH pajAHCHKMW TaHWk T-1@ 3a 7,3 minsioHa

= Beejenwid TekcT:
Ha ONIX - 3HaiipeTbcA Bce: XxToch Wa AuinponeTposuuHi (https://t.me/+MvxTglQ4e21hZmUy) Bupiwne NpoAaTH pagaHcbKWii Tauk T-18 3a 7,3 minsiiowa

Il AmosiprocTi knacwpikauii:
Fake: 11.01%
True: 88.99%

Pucynok b.4 - MonentoBaHHs MPaBIUBOCTI HOBUH 3 BUKOPUCTAHHSIM MAIlTUHHOTO
HAaBYAHHSA
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Abstract

This article presents an approath to the analysis of legal dncuments !h:n integrates amﬂcial
intelligence (Al) technologies to of data and
assessment to legal nomn With a focus on the y of analysis, the study d st haw the
application of ad hine | ag algorithms and natural language processing can
significantly enhance the quality of legal text processing. The n:suhs show the Al algorithms' average
weighted accuracy in analyzing Al devel tes and categ at 0.91, with

the highest accuracy in the "Specific Targm category (1 o) and Al Development Strategy” (0.99),
indicating a high potential for Al application in legal analytics. These findings underscore the need
for further research to optimize Alalgorithms aimed at improving analysis accuracy in complex legal
domains.

Keywords
Artificial intelligence, Legal analysis of d N 1§ P ing. Machine learning

1. Introduction

Today, it is practically impossible to imagine our lives without using artificial intelligence (AI)
in the modern world. In his blog, Bill Gates concluded that the widespread use of neural
networks will be possible by 2030, with Al tools being used everywhere in the USA in just 1.5
years, and in African countries — in 3 years. The co-founder of the technology corporation
emphasizes that preparations are still underway for a technological boom [1]. Developed and
developing countries have already approved national programs and Al development plans,
which indicates an awareness of the role of new technologies in the development and
functioning of states and, in perspective, the formation of a humane digitized environment.
Moreover, most governments declare their leadership in technology development (namely by
attracting significant investments in research and focusing on the development of technologies
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int the field of national defense). It is projected that by 2030, the economic benefits of using Al
will be greatest in China and North America, which will constitute 70% of the global economic
impact of AT [2].

Al is one of the key technologies of the new stage of economic development (known as
“Industrial Internet of Things" or "Industry 4.0"), and the formation of a new society ("Super
Smart Society or Society 5.07).

The implementation of Al technologies influences a country's competitive potential,
especially regarding national security and defense, industrial and social development. A
country’s approved development strategy, serving as the foundation of a defined policy course
regarding the regulation and introduction of new technologies, is a means to minimize the
threats and challenges associated with the development of these technologies.

The integral map of concepts for the development of new technologies is diverse and
distinet. Despite the similarity of general tasks, principles, and methods, these strategies must
each time be adapted to unique conditions, leading to different paths toward the more or less
similar general goals of the international community.

Therefere, a hot problem is the analysis of Al development strategies (of developed and
developing countries) regarding key aspects of development and legal implementation at the
national level.

Considering the above and the relevance of the research, this article presents a new eyelical
approach to the analysis of legal documents, based on the application of advanced AI
algorithms. The aim of the study is to develop a comprehensive method that will automate the
processes of analysis, classification, and assessment of compliance of legal documents with
established norms and standards. It is demonstrated how the application of this approach can
oplimize the processes of working with legal texts, improve the accuracy of their analysis, and
contribute to effective decision-making in the legal sphere. The study also emphasizes the
importance of regulation and standardization in the use of Al technologies in jurisprudence,
considering potential threats to data confidentiality and security.

The structure of this work is organized in such a way that it initially presents a review of
existing Al research and technologies used in the legal field, and then describes in detail the
developed eyclical approach and its implementation through a series of stages of legal document
analysis. The conclusions emphasize the significance of the oblained results and the prospects
for further research in this area.

2. Related Work

The advancement and expansion of Al over the years have been fostered by a continuous search
in algorithms, machine learning methods, and integrating statistical analysis into
understanding the world at large [3].

The field of science and technology, particularly in AT inventiveness and creativity, had
earlier been subjected to human intervention. However, with the recent development in Al and
the era of «big data», machines can now invent devices and processes autonomously [4]. This
has led to an endless application of artificial intelligence in several sectors and industries such
as healtheare, real estate, entertainment, logistics and transport, banking and financial services,
travel, retail and e-commerce, manufacturing and food technology [5]. The field of
jurisprudence is no exceplion too of using AL The topic of technology in the legal sphere is

quite extensive, which creates the need to investigate all relevant events and processes that
currently have the greatest impact on the legal system and social relations [6] Legal technology
encompasses the use of various technological tools and innovations to improve legal practice,
enhance legal processes, and facilitate better access to justice. These technologies aim to
improve efficiency, accuracy, and accessibility in the legal field [7]. The majority of the
resources in this field are presented in text forms, such as judgment documents, conlracts, and
legal opinions. Therefore, most Legal Al tasks are based on Natural Language Processing (NLP)
technologies. Many tasks in the legal domain require the expertise of legal practitioners and a
thorough understanding of various legal documents. Almost all models are better at case
analyzing than knowledge understanding, which proves that knowledge modelling is still
challenging for existing methods. How to model legal knowledge to LQA is essential as legal
knowledge is the foundation of LQA [8].

The use of Al in jurisprudence opens new horizons for litigation, legal analysis, and the
administration of justice. Research in this field shows that Al can help reduce search time,
improve quality, and effectively extract relevant information from expanding textual sources,
such as decisions of Brazilian eourts [9].

In the context of the Indian judicial system, Al is used for data storage and retrieval, multi-
party litigation systems, online dispute resolution platforms, and even predicting court
decisions [10].

The need for regulation of Al technologies in jurisprudence is critical for standardizing
policy and assessing data privacy threats [11]. Al can also be implemented in justice as a
psychological phenomenon, integrating legal and psychological aspects to establish the limits
of its application in law enforcement activities and court proceedings [12]. The emergence of
Al-related crimes poses global challenges to jurisprudence, prompling potential improvements
in legislation to respond to these new types of eriminal activity [13].

Research in the field of document analysis with eyelical processing, information extraction,
machine learning, and NLP demonstrates a wide range of applications and methodalogies. The
study [14] considers the analysis of citations using NLP and ML techniques to assess the impact
of citations in scientific assessment.

In [15], different approaches to keyword extraction and synonym generation are explored,
highlighting the benefits of the extreme learning model. In [16), the application of NLP and ML
to patient reviews is analyzed, [17) focuses on text elassification in multi-turn corpora, and [18]
investigates deep leamning for document analysis. These studies highlight the significant
potential of NLP and ML in diverse applications, (rom analyzing reviews to classifying texts.

Below is a comparative Table 1 of approaches and quantitalive assessments of the closest
analogues among scientific articles.

Compared to the closest studies [24-26), this study demonstrates higher accuracy (0.91) in
the analysis and classification of legal documents due to the integration of advanced machine
learning and natural language processing algorithms.

Therefore, this study not only ensures high accuracy of analysis but also shows better
adaptation to various aspects of legal documents, making it a more efficient and reliable tool
for legal analysis and strategic policy evaluation.
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Table 1
Comparative Analysis of Closest Analogues

Study Approach

Quantitative Assessment

[24] Use of Al-based software to improve No specific numerical values given, but a
speed and aceuracy of analysis significant  increase in speed and
accuracy noted
[25]  Implementation of deep learning for text  Classification accuracy: 087,
classification in legal document review  performance across multiple document
classes
[26]  Integration of Al and machine leaming Prediction accuracy: 0.89, improvement

for document analysis and accuracy

in document analysis accuracy

prediction

3. Approach to the analysis of documents with cyclic processing

The approach to analyzing documents and extracting relevant information can be considered a
sequence of operations that ineludes text analysis, pattern recognition, and data categorization.
The objective is to transform unstructured textual data (decuments) into a structured format
(table) based on predefined categories. This includes several steps:

1. Text Preprocessing [19). Before analyzing documents, it is necessary to convert them from
raw text data into a format that is easily processed. This process includes [20]

* Tokenization: the division of text into words or phrases.
s  Normalization: converting text to a uniform case, removing punctuation.
* Stemming or Lemmatization: reducing words to their base or root form.

These steps simplify the text and facilitate the detection of patterns. Formally, for a set of
documents D = {d;,d,, ..., d,,}, each document d; is subjected to preprocessing to obtain the
processed documentd;.

2. Feature Extraction [21]. The process of identifying text attributes that may indicate its
relation to predefined categories. Mathematically, this is deseribed as: transforming the text
data dj into a feature vectorx; € R,,, where each dimension corresponds to a separate feature.
This step converts the text into a form suitable for machine learning analysis.

3. Classification [22, 27, 28]. The use of document features to classify it into predefined
categories using machine learning models. The classification function f: B" — {12, ...k} maps
the feature vector x; to a label ¥, that corresponds to the category. Choosing an adequate
model and its parameters is crucial for ensuring accuracy.

4. Information Storage. The classified information is stored in a structured format. This can
be represented by a matrix M € R™¥, where each row corresponds to a document, and each
column corresponds to a category. The element My is filled based on the classification results
of document i for category j.

This approach integrates scientific text processing methods and mathematical principles of
classification to automate the process of extracting information from textual documents,
ensuring efficient and accurate data processing. We will illustrate this approach with Figure 1,

which depicts an algorithm with several steps, beginning with the definition of the table
structure (*Step 1: Define Structure”), moving to the listing of documents for analysis ("Step 2:
List Documents”), processing each document to extract information corresponding to each
category ("Step 3: Process Documents”), filling the table with extracted information ("Step 4:
Populate Table”), exporting the table to an Excel file (*Step 5: Export to Excel”), and providing
access or a method for downloading or accessing the Exeel file ("Step 6: Access Excel File™).
Steps 3 and 4 indicate a focus on detail: Step 3 involves the cyelical processing of each document
to extract information, and Step 4 involves the cyclical creation of new rows in the table with
the extracted information.
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Figure 1: Document Analysis with Cyclical Processing.
4. Implementation

To implement the proposed method (see section 3) for analyzing Al development strategies,
NLP and machine leaming methods [23] were used, specifically Python libraries such as NLTK
for text preprocessing, Seikit-learn for feature extraction and classification, and Pandas for
structuring and storing data in tabular format.

For achieving specific goals, data were used that were collected from official state websites,
governments, and international organizations (namely the full text of concepts, development
strategies approved at state and international levels).
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Based on the analysis of AT development strategies in ten different countries and regions, a
systematic table was formed that reflects the key aspects of each strategy.

This approach allows for the assessment and comparison of the presence of Al development
strategies, special legal regulation (both rigid and fexible approaches), the definition of specific
goals at the national level, the definition of the concept of AL as well as the presence of high-
level and practical guidelines from principles to Al implementation.

Therefore, to analyze this issue, experts in jurisprudence have proposed the structure in
Table 2.

Table 2
Structure of the results
Ne Parameler Description
1 Counltry The name of the country or region for which the Al strategy
was analyzed is indicated
2 Al Development Reflects whether a country or region has an afficially

Strategy formulated Al development strategy
3 Legally Binding Indicates the presence of legally binding regulations aimed at
4 Regulation regulating Al
Non-Binding Shows whether there are non-mandatory guidelines or
5 Guidelines recommendations for regulating Al
Indicates whether there is a focus on speeific national goals in
Specific Targets the context of Al
6 Al Definition Shows whether there is a clear definition of Al in the
documents
7 High-Level Indicates the presence of high-level guidelines from

Guidanee

8 Practical Guidance

international erganizations
Shows whether there are practical guidelines for the
implementation of Al principles

Based on the proposed approach, Table 3 with the AI results for 10 documents was formed,
and simultaneously, 5 experts in jurisprudence were also asked to form a corresponding table

(Table 4).

To assess the effectiveness of Al in analyzing Al development strategies in different
countries, a comparison was made between the results of data processed by Al (see Table 3) and
the resulls of expert evaluations (Table 4).

In the study of effectiveness, the method of direct comparison of results oblained by Al with

experl ratings across a range of key parameters was applied.

The accuracy of the Al was determined based on the percentage of agreement between the
Al-generated data and the verified expert data.
The overall effectiveness of the Al analysis was measured as the average accuracy across all
categories, which allowed for an assessment of its ability to adequately understand and interpret
strategic documents in the field of AT development.

Table 3
Al processing results
Coun Al Legally Non- Specific Al High-Level  Practic
Iy Development Binding Binding Targets  Definition  Guidance al
Strategy Regulatio  Guidelines Guidan
n ce
EU Yes Yes Yes Yes Yes Yes Yes
Brazil  Assumed Yes  Assumed  Assumed Yes Assumed Assumed  Assum
No Yes Yes Yes ed Yes
Finla Yes Not Yes Yes Not Yes Yes
nd specified specified
India Yes Not Yes Yes Not Yes Yes
specified specified
Japan Yes Yes Yes Yes Yes Yes Yes
UsA Yes Not Yes Yes Not Yes Yes
specified specified
China Yes Yes Yes Yes Yes Yes Yes
Ukrai Yes Not Not Not Mot Not
ne specified  specified  specified  specified specifie
d
Queb Yes Not Yes Not Not Yes Yes
e specified specified  specified
Calu Yes Not Not Yes Not Yes Nat
mbia specified  specified specified specifie
d

The following criteria were defined within the method for evaluation:

e A full match between the results oblained by AT and expert data was scored as 1 point,

indicating identical information and high accuracy of Al analysis.

* A partial match, where AT used the "Assumed” marker to assess parameters that were
acknowledged as correct by experts, was assigned a score of 0.9 points. This reflects a
high level of consistency in results, albeit with some degree of uncerlainty in

interpretation.

* A complete mismatch, where the information provided by Al did not correspond to
expert assessments, received 0 points, indicating a complete divergence in inferences.

This differentiated evaluation system provides a deeper understanding of Al's effectiveness

in analyzing and interpreting complex strategic documents.

Particular attention is paid to Al's ability to make adequate inferences in conditions of
uncertainty, which is a key aspect in assessing its potential as an analytical tool in a wide range

of applications.

These results indicate a significant potential for Al in analytical research aimed at
developing and improving strategies in the field of AL and they also define directions for further
enhancement of data processing and analysis algorithms.
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Table 4
The results of the work of 5 experts

Country Al Legally MNon- Specific Al High- Practical
Developmen  Binding Binding Targets  Definition Level Guidance
t Regulatio  Guidelines Guidan
Strategy n ce
F17 Ve Ve Ve Yes Ve Ve Ve
Brazil Yes Not Assumed Yes Assumed Yes  Assumed
specified Yes Yes Yes
Finland Yes Not Yes Yes Nat Yes Yes
specified specified
India Yes Not Yes Yes Not Yes Yes
specified specified
Japan Yes Yes Yes Yes Yes Yes Yes
USA Yes Yes Yes Yes Not Yes Yes
specified
China Yes Yes Yes Yes Yes Yes Yes
Ukraine Yes Not Assumed Not Yes Yes Yes
specified Yes specifie
d
Canada Yes Mot Yes Not Not Yes Yes
specified specifie  specified
d
Columbi Yes Nat Not Yes Nat Yes Naot
a specified  speeified specified specified

The analysis of Table 5, which demonstrates a comparison of results obtained by Al with
expert evaluations, revealed a high overall accuracy of Al in identifying Al development
strategies by countries and eategories. The average weighted aceuracy across categories is 0.91,
which indicates the effectiveness of Al in understanding and analyzing complex data. Al
showed the highest accuracy in the "Specific Targets” category with a score of 1.0 and "Al
Development Strategy” with an overall accuracy of 0.99. However, in categories such as "Legally
Binding Regulation”. "Non-Binding Guidelines”, Al Definition”, "High-Level Guidance”, and
"Practical Guidance”. a somewhat lower accuracy is observed (ranging from 0.89 o 0.8), which
may suggest the need for further improvement of Al algorithms for better identification and
interpretation of these aspects.

The highest aceuracy by country is observed for the EU, Finland, India, Japan, China, and
Quebee, where Al achieved full correspondence (1.0) with expert evaluations. However, in the
case of Ukraine, the accuracy is only 0.43, which indicates significant discrepancies between Al
and expert evaluations in certain categories. This could indicate a need for further refinement
of AT algorithms to ensure more accurate analysis in cases with complex information or
insufficient data.

Thus, the implementation of the proposed approach confirms the high efficiency of using AT
in the analysis of Al development strategies in various countries and regions, as reflected in
Table 4. The averall Al analysis accuracy of 0.91 demonstrates its high potential as an analytical

tool for assessing complex strategic documents. Particularly important is the fact that Al shows
high aceuracy not only in defining the general goals of development strategies but alse in
understanding the legal aspects of Al regulation and practical guidelines for their
implementation. Despite some challenges associated with the analysis of specific categories,
such as "Legally Binding Regulation® and "Practical Guidance,” where accuracy was lower, the
results underline the significant potential for further refinement of Al algorithms to improve
analysis accuracy.

Table 5
Comparison of the obtained results
Country Al Legally Non- Speci Al Egh- Practicl  Aecurac
Develop Binding Binding fic  Definit Level Guidance vhy
ment Regulation Guideline Targ ion Guida country
Strategy ] ets nce
EU 1 1 1 1 1 1 1 1
Brazil 0.9 09 1 1 1 0.9 1 0.96
Finland 1 1 1 1 1 1 1 1
India 1 1 1 1 1 1 1 1
Japan 1 1 1 1 1 1 1 1
USA 1 0 1 1 1 1 1 0.86
China 1 1 1 1 1 1 1 1
Ukraine 1 1 0 1 0 i} 0 0.43
Quebec 1 1 1 1 1 1 1 1
Columbia 1 1 1 1 1 1 0 0.86
Accuracy 0.99 o589 [[% 1 0.9 0.89 o8 091
by
category

5. Conclusions

The results of the current research demonstrate the significant potential of applying Al in the
process of analyzing legal documents, confirming the effectiveness of the proposed cyelical
approach. The overall data processing accuracy using Al was 091, indicating high reliability
and precision of the obtained results. Particularly impressive results were achieved in the
categories "Specific Targets” and "Al Development Strategy.” where the accuracy was 1.0 and
0.99, respectively, evidencing Al's ability to precisely identify key elements of Al development
strategies.

Based on the comparison conducted with expert evaluations (where the overall accuracy of
the Al analysis was 0.91), we confirmed the high efficiency of Al in analyzing Al development
strategies at the international level The lowest accuracy by countries was recorded for Ukraine
(0.43), which highlights the importance of adapting analysis approaches to the specifics of each
particular legal system, in this case, the Ukrainian language.

These conclusions demonstrate the significant potential for applying Al in analytical
research in the legal field, as well as indicating directions for further improvement of legal
document processing and analysis technologies. Ensuring high aceuracy in analysis is key to

76



enhancing the efficiency of legal processes and developing effective strategies for regulating
and using Al at both national and international levels.

Based on the conducted analysis, future scientific research should focus on developing
improved algorithms to inerease the aceuracy of classification and analysis of legal documents,
particularly in categories like "Legally Binding Regulation” and "Practical Guidance,” where
accuracy was found to be lower. Another important direction is the development of methods
for the effective processing and analysis of Ukrainian legal texts, which contain a large amount
of unstructured information, in order to ensure a deeper understanding of the context.
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data
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Abstract

In today's world, where information spreads with unprecedented speed, disinformation poses a serious
challenge to public trust and information security. The fllscale invasion of Weraine by Ruessia in 2022
activated the wse of disinformation as a toal of hybrid warlare, highlighting the need for effective
methods of identification and control. This article focuses on evaluating the effectiveness of various
maching leamning methads for detecting disindermation in Ukrainian text data, wsing a dataset that
includes news hesdlines collected during the conflict. The study encompasses the analysis of logistic
regression, support vector machines (5VM), random forest, gradient boosting, KNN, decision trees,
XG:Hoost, and AdaBoast Model evaluation was performed using standard metrics: precision, recall, F1.
score, overall accuracy, and confesion matrix. The results indicate significant potential for us
maching learning in the fight against disinformaton, panticelarly the randem forest
demenstrated the highest effectiveness. The sudy emphasizes the importance of adapting and
optinizing classifiers for the specific task of disinformation analysis, paving the way for furth er research
in this feld.

Keywords
Disinfermation, machine learming, classification, text data.

1. Introduction

In the modern information space, a vast amount of data is generated daily, a significant portion
of which i news content. In the context of increasing globalization and accessibility of
information technologies, information spreads rapidly through the network, making it a powerful
vool for influencdng public opinion. Howewer, this also paves the way for the mass dissemination
of disinformation, which can have significant consequences for society, politics, and international
relations. Navigating this flow of information and distinguishing reliable data from false has
become an increasingly important sk

The war that began with Russia's full-scale invasion of Ukraine in February 2022 is a striking
example of the wse of disinformation as a weapon in hybrid warare. This has created a need for
the development of effective tools for analyzing and classifying informational content, with the
goal of identifying and counteracting disinformation.

In this context, machine bearning and natural language processing methods play a key role in
the detection and analysis of fake news. The application of these technologies allows for the
autormation of the disinformation detection process, providing fast and efficient processing of
large volumes of data At the same time, the development of effective machine learming models
for information classification requires a deep understanding of data specifics, preprocessing
methids, and model optimization.

This article is devated to the analysis of a dataset containing news headlines collected during
the Russo-Ukrainian conflict, aimed at identifying disinformation. It considers the application of
warious machine learning methods, including logistic regression, support vector machines [SVM),
random forest, gradient boosting, ENN, decision trees, XGBoost, and AdaBoost for the
classification of text data The concluding section is dedicated to evaluating the effectiveness of
these models using standard evaluation metrics, including precision, recall, Fl-score, overall
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accuracy, and the confusion matrix, which allows determining the maost effective methods for
combating disinformation in the context of information warfare,

2. Related Work

In contemporary research in the fisld of information security and media content analysss, the
importance of detecting and analyzing disinformation, especially anti-vaceine content on social
media platforms such as Twitter, has gained particular relevance. In [1], language-neutral models
are developed for detecting such content on a large scale, using multifaceted representations of
messages in networks. Meanwhile, [2] focuses on the challenges associated with pre-training
graph neural networks for context-oriented detection of fake news, pointing out strategic and
resgpurce constraints. In [3], a comparative analysis of supervised and unsupervised machine
learning algorithms for detecting fake news is d d, d ing their per
efficiency, and robusmess.

Research covering the analysis of disinformation and public opinion an the Russo-Ukrainian
War employs a variety of methodol luding sentiment anak creation and analysis of
datasets, and studies of the impact of war on language choice. One study models and clusters
sentiment wends of different countries regarding the war [4], while another offers a detailed
dataset of tweets related to the crisis [5]. The discourse on Twitter about the war is also analyzed,
with a particular focus on language and the geographscal origin of tweets [6] Another study
focuses on the challenges of labeling sensitive content and its psychological impact on annotators
[7] It is alse examined how the war affects the language choice of Ukrainians on Twitter,
analyzing ch in L Br owver time [1]. A separate study provides insights inta
the activity on subreddits related to the conflict, analyzing post volumes, comments, and the level
of engagement [V]. Research [10] demonstrates that the application of the BERT madel for ke
news detection achieves an accuracy of 79.88% and an area under the ROC curve of 087,
highlighting its potential in combating disinformation on social networks.

As d by the afor d analysis, research in the field of disinformation detection,
particularly fake news, is a significant direction in the contest of information security and media
content analysis. The need for the development and application of advanced technological
solutions for effective fake news detection & particularly compelling. However, there iz a
noticeable lack of research focused on the analysis of disinformation in the Ukrainian linguage,
which pozes a chalk to the seien il by to expand the linguistic spectrum of research
i this field. Considering this, the sim of this study is w develop intelligent methods for detecting
diginformation, specifically fake news, with an emphasis on Ukrainian-language content This will

b the lewel of infi ion security and ensure the integrity of the news space in the
conditions of the moderm information Society.

3. Research methodology

3.1 Dataset Description

For data collection and processing, the dataset (Ukrainian language) [11] was used, which
containg approximately 10,700 news headlines about the Russo-Ukrainian War, collected from
February 24 to December 11, 2022, covering the period from the beginning of the full-scale
invasion

The dataset for the analysis of disinf; ion in the Uk media space congists of twa
main fles: "data_set 4.csv” (Table 1) and “news datacsv™ (Table 2), each containing news
headlines clazsified as true ("True") or false ("False®). The “data_get_#.csv” file records 8,237 true
and 2,498 false news items, while "news_datacav® contains a significantly barger number of true
news items — 48,006, compared to 2,024 false, reflecting a wide range of informational content
collected for the study of the dissemination of disinformation during the Russo-Ukrainkan War.

Both datasets (see Table 1,Z) are used for the analysis of disinformation in the Ukrainian
media space and include data that were collected from official and unodfficial sources with the
purpose of studying the spread of fake news in the context of the Russe-Ukrainian War.

Table 1
Structure of data_set_d.cav
Field Diescriptian Data Type
Teat MNews Headline Texat
Label Label that marks the news ai  Boalean
true ["True") or false |“Fakse")
Lirik Link to the mews source Text
{awailable anly in this file)
Table 2
Structure of news_data.csy
Figld Description Data Type
Text Mews Headline Text
Label Classifieation of the news as  Boalean

true |*True") or false (“False®)

The graphs (Fig.1] of label distribution show that in both datasets, the number of troe
messages predominates over the false enes. For example, in the first dataset, the ratio of rue
messages to Blse is high, which indicates a focus on reliable information
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Figure 1: Lahel Distribution

The axalysis of the most frequently used words (Fig.2) in the first datazet revealed words that
appear hundreds of times. This allows identifying key topics of discussions or news, for example,
the word “Ukraine” may occur most fe ly, empl the ged fical or political focus
of the collected data.
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Figure 2: Top 20 Words



Moxt texts [Fig.3) in the first dataset have a length of 100 to 500 characters. Such information
helps o understand the average volume of messages, which may indicate a prevalence of shart
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Figure 3: Distribution of Text Lengths

Analysis of the presented datasets covering headlines of news about the Russian-Ukrainian
whar demaonstrates a significant advantage of credible information compared to falge, emphasizing
the focus on quality content. Considering that the dataget "news_datacsv” contains substantially
maore records compared to "data_set_4.csv”, it is logical o use the former for training machine
learning models as it provides a broader range of information and a greater number of examples
for training. Meanwhile, the smaller dataset "data_set_4.c5v" can serve as an excellent set for
resting and evaluating the effectiveness of models on a smaller bur specific data sample. This will
allow assessing the model’s ability 1o generalize learning on new, previously unknown data,
emphasizing its practical value in real-world disinformation analysis conditions.

3.2 Description of used classifiers

In modern data analysis, especially in the context of detecting misinformation, the use of
machine learning algorithms for classifying textual data becomes a key tool for developers and
analysts. The diversity of classification methods [12], such as begistic regression, support vector

h [5VM]), random forest, gradient boosting, k-nearest neighbors (KNN), decision tree,
XGBoost, and AdaBoost, provides a wide range of approaches for data analysis and classification.
Each of these algorithms has its unigue advantages and limitations, making them mare or less
suitable for specific types of data and analytical tasks. The main goal is to select the optimal
classifier that best fits the specificity of the task and the data we are working with.

Logistic regression [13] & a classification method used to predict the probability of vwao
posaible outcomes based on one or more independent variables It transforms the linear
combination al input data into probability using the logistic function. The advantages of logistic
regression include simplicity in interpreting results, but it may be limited when analyzing
complex relationships between variables and requires an assumption of linearity in relationships.
Mathematically, bogistic regression models the probability P{¥=1] as a function of X, where ¥is
the dependent variable, and X i the set of independent variables. The probability is described by
the equation:

P =1) = (1)

where e is the base of the namwral logarithm, §, & the constant term [intercept), and .. 8,
are the coefficients of the independent variables. This equation allows us to estimate the
probability that an observation belongs to class 1, depending on the values of the independent
variahles.

Suppart Yector Machine (SVM) algorithm [14] finds a hyperplane in a multidimensional space
that best separates different data clagses, maximizing the distance between the closest data
points (support vectors) of different classes. The advantages of SWM include high sccuracy in
classification tasks, especially on relatively small datasets, and flexibility through the use of
various kernel functions. Howewer, its drawbacks inclede high computational resource

requirements for large datasets and complexity in interpreting the model Mathematically, SVM
seeks 1o solve the optimization problem: mlrljml:.ei 11w |1F subject to the constraints that
yylw-ap+ by = Toalll, [
where w is the weight vector of the hyperplane, b is the bias, x; are the feature vectors, and
¥; are the class labels.

The Randomm Forest algorithm [15] creates an ensemble of decision trees, training each tree
an randomly selected subsets of the training dataset and feares, which ensures high acouracy
and model universality. The advantages of Random Forest include its ability to efficiently handle
large datasets with high feature dimengionality and its lower tendency to overfit compared
individual decision rees. However, its drawhbacks include relatively high computational resource
requirements and the complexity of interpreting the model due to the large number of trees. The
mathematical interpretation of Random Forest is based on the principle of "wisdom of the
crowd,” where the final model decision is determined by voting among the trees for classification
rasks or averaging the outputs for regression tasks. More precizely, for classification:

¥ = mode{ya,yz, .yl (3
and for regression:
¥=2E8 0 (4)
where y; is the prediction of each tree, and ¥ is the final prediction of the ensemble

Gradient Boosting [16] is an ensemble machine learning method that improves predictions by
sequentially training weak moedels, typically decision trees, te minimize a boss function It is
characterized by high prediction accuracy and flexibility in parameter tuning bat it can be prone
o overfitting if not properly configured and requires more time and com putational resources for
rraining compared o other algorithms. Mathematically, Gradient Boosting performs optimization
by adaptively reducing the difference between actual and predicted values using gradient
descent, where the model update in the m-th iteration is defined as:

Fia () = Finoa (2] + i (1), (s
where Fgoy (1) is the prediction at the previous step, by (x) is the weak classifier, and @y, is
the learning rate.

The k-Nearest Meighbors (KNN) algorithm [17) classifies objects based on the nearest training
examples in the feature space, where "k indicates the number of neighbors congidered o
determine the class of a new object. The advantages of KNN include ease of implementation and
its ahbility to effectively work with multi-class datasets. However, it requires significant
computational resources to store training data and determine neighbors in large datasets, and it
% sensitive to irrelevant features and data scaling. Mathematically, the classification of an abject
% in the KNN algorithm i determined by the majority vote of its neighbors, where sach neighbor
is weighted according to the inverse distance to x, typically using Evclidean distance:

dixx) = (Eftaley — x) (&)

where x is the point for classification, x; i a point from the training dataset, and j varies from
1 to m, the number of features. The class of x i determined based on the most frequent cdlass
arnong the k nearest neighbars.

The Decision Tree algorithm [ 18] builds a predictive model in the form of a tree-like structure
by partitioning the dataset into smaller subsets while simultanecusly developing the associsted
decigion tree The advantages of decision trees include sage of interpretation, the ability to handle
both numerical and categorical data, and no requirement for data normalization. However,
decision trees are prone to overfiting, especially with deep trees, and can be unstable, meaning
small changes in data can result in significantly different decision trees. Mathematically, decizion
trees use the concept of ion gain or red in uncertainty (entropy) to select the
attribute that best splits the dataset into subsets according vo the wrget variable. The information
gain for anribute A is cabeulated as:

|

16T, A) = Entrapy(T} - E“m“mmmmmm. M
where T is the training set, Values(4) is the set of all possible values of atribute A T, is the

subset of T for which anribute A has the value v, and Entrop(T) & the entrogy of the raining
el T.
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NGBoost (eXtreme Gradient Boosting) [19] is a highly efficient implementation of the gradient
boosting algorithm, which optimizes both linear models and decision wees. The algorithm stands
out for its high execution speed, ability w effidently scabe to large datasers, and built-in support
for regularization, helping to mitigate overfitting However, XGBoost can be challenging to tumne
due to the large number of hyperparameters and requires more time for raining compared to
simpler models. Mathematically, XGBoost minimizes losses wsing gradient descent, where the
abjective function incledes both the logs function Land a penalty for model complesity 0, adding

regularization:
Obj = i Ly ) + Ee 20/ ). (#)
where y; are the true labels, §); are the predicted labels, f, are the functions representing
individual trees, and 20f}) includes terms for regularization, such as the number of leaves and
the sum of squares of node weights, thereby reducing the risk of overfitting.

AdaBoost [Adaptive Boosting) [20] is a machine learning algorithm that combines multiple
weak classifiers to create a strong classifier, using an iterative approach to correct the ervers of
previous classifiers by assigning greater weight to observations that are harder to classify. The
advantage of AdaBoost is its ability wo improve prediction accuracy, ease of implementation, and
automatic correction of underperforming classifiers. However, it can be prone to overfitting in
the presence of outliers or highly noksy data and requires careful tuning of the number of
iterations. Mathematically, AdaBoost adapts the weights of training observations, w;, by
increasing the weights of incorrectly classified observations. At each iteration step r, a classifier
hy i selected po minimize the weighted sum of ervors. The final classifier is determined as a
woeighted sum of these dassifiers.

H(x) = sign(Ef-, achy(x)), )]
where @, & the weight assigned o classifier by, which depends on its accuracy.

Conclugions drawn from the deseription of the used classifiers underscore the importance of
adapting the model to the specificity of the dataset and the analytical task The effectiveness of
each method depends on the size and quality of the data, the complexity of relationships in the
dataset, as well as specific requirements for accuracy and interpretation of regults. [nthe context
of disinformation analysis, the choice between the simplicity of interpreting logistic regression
and the high accuracy but complexity of tuning XGBoost or SVM may determine the success or
failure in identifying fake news. Thus, careful selection and tuning of classifiers are eritically
important for developing effective toals to combat disinformation in the context of the Russian-
Ukrainkan war.

3.3 Evaluation metrics

For evaluating the effectiveness of models in dassification tasks, key metrics such as precigion,
recall, Fl-soore, accuracy, and confusion matrix are utilized [21]. These metrics allow for a deeper
analysis of the model's performance, identifying potential weaknesses, and optinizing the model
far better results.

Precigion & defined & the ratio of the number of tree pogitive results to the total number of
results classified as positive by the model. Mathematically, it is represented as:

T
P = (o)
where TP — true pesitives, and FP — false positives.

Recall measures the model's ability to identily all actual positive cases in the dataset It is
defined as the ratio of the number of correctly identified positive results to the sum of correctly
identified pasitive results and instances that are actually positive but were missed by the model.
The formula for caleulation is:

"
R= TFeFN [11)
where FN — false negatives.

The F1 Score is the harmonic mean between predsion and recall, providing a balance betwesn
these two metrics. This is partscularly useful in sinuations where clags imbalances may cause
biases in one metric over the other. F1 i defined as:

Fl=2. 010 (1m

Accuracy measures the percentage of cases corvectly classified by the model and is defined by

the formula: —
»
= TPaTNaFFaF " 03
where TH — true negatives.
The Confusion Matrix provides a lization of classification results by repr ing the
counts of TP, TH, FP, and FN in the form of a matrix. This allows us ot only o determine the

accuracy of the moded but also to understand the types of errors made by the model.

3.4 Model training

The training procedure (Figure 4) on the training dataset iz a fundamental step in the
development of effective machine learning algorithms for rext data classification. In this contest,
the use of datasets “news datacev” and “data_set 4.cav” for training and testing models,
respectively, provides a valuable foundation for misinformation analysis. The initialization of the
procedure begins with the import and preprocessing of data, including the removal of records
sithout textual content, ensuring data cleanliness for subsequent processing Siges.
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Figure 4: Model Training Process

Text vectorization using TF-1DF [Term Frequency-Inverse Document Frequency) is a key step
inn data preparation, as it transforms testual dara into a numerical format, making them suitable
for processing by machine learning models. This method ders not only the freg of
words in the text but also their uniqueness through the inverse frequency of documents, allowing
the model to bemer identify important features in the pext.

After preparing the vectorized training and testing data, the nest stage involves training
different models on the training dataset. This process requires the application of machine
learning algorithms to the training dataset to form a model capable of effectively classifying text
baszed on learned features. Each model adjusts its parameters to minimize errors on the training
get while simultaneously ensuring the ability to generalize wo new data.

Evaluation of the effectiveness of each trained model on the test dataset is crucial for
determining its suitability and efficiency in clagsification tasks. The use of evaluation metrics such
as acouracy, recall, Fl-score, and everall accuracy allows for deep analysis and comparison of
model performance. The evaluation results can be visualized for better understanding of model
effectiveness, and the best-performing model can be selected for further wse or saved for future
analysis.

Thus, the model training procedure on the training dataset using preprocessed and
wectorized text data is fundamental for developing reliable machine learning tools capable of
effectively clazsifying and analyzing text for misinformation
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4. Research results

Further, we will discuss the implementation and evaluation of the effectiveness of various
miachine learning models in the task of classifying miinformation data in the Ukrainian media
apace, contextalized in the contexy ol Bussia’s full-scale intervention By analyzing a wide range
of algorithims, we aim to ideatify the most effective methods for accurate detection and
differentiation of misinformation incidents. This analysis i3 based on a comprehensive
comparizson of overall dassification accuracy as well ag specific metrics such ag precision, recall,
and F1-gscore for each clage. The implementation was done in the Python programming language
utilizing libraries for text analysis.

The logistic regression model showed (Figure 5) an overall classification accuracy of BA.4%
on the test sample of 10,735 examples, demonstrating high effectiveness in identifying true
walues with an Fl-score of 0092 for the "Trus” class Howewver, the model was less accurate in
identifying the "False” class, with a prediction accuracy of 0096 and a low recall score of 0.44,
indicating a significant number of flse negatives, as reflected in the confugion matrix with 1,407

misclassified examples.
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Figure 5: LogisticRegression Results

The SVM model demonstrated (Figure 6) high overall dassification accuracy of 93.6% lor the
vest sample, indicating its effectiveness in distinguishing between the "True” and "False” clasges.
Specific accuracy and recall metrics for the “False® class were 097 and 075, respectively,
demanstrating the model's ability to identify negative cases well, albeit with some errors. A the
game time, high metrics for the *True® class with precisson of 0093 and recall of 0.99 indicate
minimal false negative classifications, confirmed by a low number of errors in the confugion
matriz (618 for *False® and 68 for “True®).
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Figure 6: 5VM Results

The Random Forest model demonstrated (Figure 7] high accuracy in classification with an
overall accuracy of 95.3% on the test dataset, indicating the model's high effectiveness in
recognizing both classes. For the “False® class, the model showed high accuracy (0.98) and a
relatively high recall of 0.81, indicating the model's ability w0 effectively identify negative cases
with a maderate number of errors. Conversely, extremely high accuracy (0.95) and almost perfect

recall (100) for the "True® class highlight the minimal number of false negative resuls,
eorroborated by the low number of errors in the confusion matris
Corfrior Mgin ko rengars kol

=
B
Fodel: rarsdon_forest o = = -
srecinios  recall fl-acore  weppert —
False (X .EL 888 ) =
Trus .05 1.8 8.4 #1857 .
4 W - n e
T (X X 843 1H -
wabphted wop X 088 845 10H

Loceracyt 955114192175 12800

Figure 7: RandomForestClazsifier Results

The Gradient Boosting model achisved (Figure 8) an overall classification accuracy of B7.3%
an the test dataset, indicating the model's good ability to distinguish between the *True® and
“False” classes. The model's precision for the "False® class was high (0.94), but the recall was anly
0.48, indicating a significant number of type 1 ervors, where negative cases are often misclassifed
ag positive. Conversely, for the "True® class, the model showed impressive classification ability
with a precigion of 0.86 and & recall of 0.99, demonstrating its high effactiveness in identilying
trus pogitive cases with minimal errors.
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Figure B: Gradient Boosting Resulis

The KNN (K-Nearest Neighbors) model demonstrated (Figure 9) an overall classification
accuracy of B7.6% on the test datases, highlighting its ability 1o effectively classify data. Although
the model showed high precision (0.91) for the *False® class, the recall was only 0.51, indicating
difficulties in identifying all negative cases. Conversely, for the “True® class, the model exhibited
excellent precizion [0.87) and a high recall (0.99), indicating its ability o identify positive cases
with high confidence, albeit with some false pogitive errors, as gm the confusion matrix.
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Figure 9: KNN Results
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The Decigion Tree model achieved [Figure 10) a high level of classification accuracy, 91.4%,
on the test dataset, confirming its effectivensss in classifying data into “True® and *False® classes.
For the "False” class, the model showed relatively high precizion (0081) and recall [083),
indicating a balanced ability to identify negative cases with a relatively small sumber of ervors.
Mearwhile, for the *True® class, the model provided impressive precision [0.95) and recall (0.94],
demonstrating its strong capabilities in identifying positive cases with minimal false negatives,
ag reflected in the confusion matrix.
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Figure 1i: DecisionTreeCkassifier Results

The XGBoast model demonstrated (Figure 11) an overall acouracy of B9.2% on the test dataser,
indicating its ability to efectively classify the given dataset. The precision and recall metrics for
the "False” dass were 089 and 0.61, respectively, indicating the model's higher ability o
correctly identify negative cases, albeit with some errors. Meanwhile, for the “True® class, the
muodel showed high precision and recall (both 0.89 and 0.98), demonstrating excellent ability o

accurately identify positive cages with minimal ervors, as reflected in its high F1-score.
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Figure 11: XGBoost Results

The AdaBaast model exhibited (Figure 12) an overall classification accuracy of B6.9% on the
rest dataset, indicating its effectiveness in recognizing data, albeit with some limitations. For the
“Falze® class, the model achieved a precision of BB with a recall of 050, indicating a relatively
bovwr ability to identify all negative cases. On the other hand, high precision (0.87) and recall (0096)
for the "True® class underscore the model's strong ability to detect positive cases, albeit with few
errers, as reflected in the confusion matrix.
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Figure 12: AdaBoostClassifier Results

Therefore, analyzing the results of applying various machine learning models to classify
disinformation data in the Ulkrainian media space after the onset of Russia’s full-scale invasion, it
can be noted that the Random Forest model proved to be the most effective with an accurascy of
95 3%, highlighting its ability to accurately detect and differentiate disinformation incidents. At
the same time, models such as AdaBoost and logistic regression showed lower overall accuracy,
wihich may indicate their limitations in identifying subtle cages of disinformation or more
subjective aspects of information operations. This underscores the importance of chooging the
appropriate model for the task of analyzing disinformation, where Random Forest may be mare
suitable for deep understanding and detecting complex patverns of disinformation in the contesxt
of infermation warfare.

5. Conclusion

The analysis of the effectiveness of various machine leaming models applied to the sk of
classifying news headlines for misinformation in the Ukrainian media space demonstrates
significant variations in accuracy, recall, and Fl-score among the modele The considered
algorithms, including logistic regression, VM, random forest, gradient boasting, KNN, decision
wree, XGBoost, and AdaBoost, showed different levels of performance in addressing the tashk

The random forest model emerged &= the most effective, schieving an overall accuracy of
95 3%, indicating its high capability to recognize and distinguish true and false messages. This is
supported by high precigion scores for bath the “False® class (098] and the *True® class (0.95],
as well as significant recall scores for both classes [0B1 for "Falee™ and 1.00 for “True®),
demonstrating its effectiveness in minimizing both false pogitives and false negatives.

These results underscore the importance of choosing the appropriate model for a specific
misinformation analysis sk The model choice not anly affects the overall cdlassification acouracy
but also the model's ability to minimize false positives or false negatives, which is crucial for
developing effective tools to combat misinformation. Particularly, the random forest model,
which demonstrated the best performance, can be recommended as the optimal chobee for similar
rasks, providing a high level of accuracy and the ability to effectively distinguish between true
and false messages.

Further seientific research in the field of identification and analysis of misinformation in the
Ukrainian media space requires deeper development and improvement of machine learming
algorithms, with a particular focus on enhancing their ability to recognize subtle and complex
forms of miinformation. The results of our study show that the random forest model, with an
accuracy of 95.3%, proved w be the most effective, but there is potential for improvement,
especially in accurately distinguishing between true and false messages. In the future,
researchers may focus on developing hybrid models that combine the advantages of multiphe
algorithms, including deep learning and neural networks, to ensure greater adaptability and
accuracy in different informational contexts. Additionally, an important direction will be the
development of methods that allow models o berter understand the semantic context and
emotional tone of texts, which can significantly improve their ability o identify hidden
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misinformation. Implementing such approaches will require not only technological innovations
but also a deeper understanding of lnguistic nuances and culwral-historical contexts on which
misinformation is based.
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