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BCTVYII

AKTyasIbHiCTh TeMH. Yepes Te, 10 JI0U 3 KOKHUM POKOM BCe OuIbIIE 1
OinbIIe 3a0pyAHIOIOTh HABKOJHUIIHE CEPEIOBUINE AKTYyalIbHICTh MOIIYKY PIIICHb
MOKpAIIEHHS HOro cTaHy HEe BUKJIMKAE MUTaHb. [1i7 3ryOHMI BIUIMB MOTpAIsie BCe
JKHBE 1 BC1 pecypcH. [leranbHilie 3ynmMHUMOCH Ha BOJI1, OCKUIBKH BOHA € OJHUM 13
OCHOBHHX, JJISI TOTO TI00 KUTTS HAa HAIIIN TJIAaHETI HE 3aBEPIITIIOCH.

Jlist Toro, mo0 yTpUMyBaTH KOHTPOJIb HaJ CTaHOM BOJHHX PECYpCiB Ta
MOKpPAIIlyBaTH iX SIKICTh, IOTPIOHO 3HATH B IKOMY CTaHI BOHU 3HaXosThcs. 11[00 11e
peanizyBaTd, HEOOX1JHO MPOBECTU aHaJl3 IOCTYIHOI 1HPOpMallii, sIKa OIUCY€E CTaH
BOM 200 K Ma€ BIIHOUIECHHS J0 HbOTO.

Ha nanmit momeHT € Oarato iHdopmarii, sika IMOTEHIIHO MOXe OyTH
KOPHCHOIO Ta MICTUTU HEOOX1JIHI JaHl. AJie B 1€l K€ Yac BUHUKAE 1HIIE MUTaHHS,
K caMe€ TpoaHaji3yBaTh Ta KJIacu(PikyBaTh BCIO 110 1HGOPMAIIIIO, aJKe SKIIO
pOOHWTH IIe CTApUMH METOaMH, TOOTO BPYUHY, I1€ MOXKE 3aiHATH TyKe Oarato 4gacy,
1 Takuil aHami3 MOXE MICTUTH TOMUJIKUA uepe3 oacbkuil (akrtop. IlomioHi
TEXHOJIOT1i BXK€ ICHYIOTh, ajie JUIs 1HIIMUX 3aja4. 30KpeMa, HE Ma€ aJanTaiii J0
kjacu@ikamii 1HpopMallii aHIJIOMOBHUX JKEepe PO MACUBHU BOJ OaceiiHy piuKd
[TiBnennuii byr. OTxe, po3po0ka € akTyaabHOIO.

MerTa i 3apa4i jocaig:keHHs1. MeTOIO HOCIIIUKEHHS € MIIBUILEHHS TOYHOCTI
KJacuikamii TeKCTOBOT aHIJIOMOBHO1 1HQOpMALlii PO MacUBHU BOJ OacelHy pluku
[liBnennuii byr nuisixoM CTBOpEHHS BiJIMOBITHOI IHTENEKTYaIbHOI 1H(QOPMAITIHHOT
TEXHOJIOTTII.

Po3pobxka TexHosorii nepeadavac BUKOHAHHS HACTYITHUX 3a7a4:

— orJsif 1 BUOIp onTUMaIbHUX 1HPOPMAILIMHUX TEXHOJIOTIH;

— CTBOPEHHS JaTaceTy Ta BUOIp MOJENECH;

— BHOIp ONTUMAIBHOI MOJIENI, CTBOPEHHS 1HGOPMAItHOT TEXHOIOTIT Ta ii

3aCTOCYBaHHS JIJIs Kyiacudikallli JTaHuX.
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O0’ekTOM [IOCJTiIKEeHHS1 MaricTepchbkoi KBaniikaiiitHoi poboTu €
Kiacudikaiis TEKCTOBOI aHIJIOMOBHOI 1H(oOpMmaIlli mpo MacuBH Boj OacelHy
p. [liBnennuii byr.

IIpeameTom gocJizKeHHsI MaricTepcbkoi KpamidikalliifHol podoTH €
1HTeNIeKTyallbHa 1H(QopMaIliiHa TEXHOJOT1sA Kiacu@ikalii TeKCTOBOI aHTJIOMOBHOT
iHpopMarlii mpo macuBH BoJ Oaceliny p. [liBgennwuii byr.

Metoan fpociigkeHHsi. Y JIOCHIDKEHHSX  BUKOPUCTAHO  METOAM
PO3BIAYBaIBLHOTO aHANI3y JaHUX Ta METOJAM MAIIMHHOTO HAaBYaHHS IS MOOYAOBU
MoOJIeJICH Ta MeTOIu 00pOOJICHHS IPUPOTHOMOBHUX TEKCTIiB Ha Python.

HoBu3Hna onep:xanux pe3yiabrartiB. HaykoBa HOBHU3HA MOJISTae y TOMY, 110
JicTana MnojaiblIvuid PO3BUTOK 1H(OpMaIliiiHa TEXHOIOTIS Kiacu(ikalii TEKCTOBOI
aHTJIOMOBHOI 1H(oOpMalii mpo MacuBu Boj Oaceiiny piuku [liBnennuit byr 3
BUKOPUCTAaHHSAM METO1B MalmHHOro HaB4yaHHs Ta NLP-TexHooriii, sika 103BoJise
N1JBUIIUTH TOYHICTh TAKOI KJIacH(IKallii y MOPIBHSAHHI 3 aHAJIOTAMH.

Ha ocHOBI TeopeTHYHNX pe3yJbTaTIiB pO3POOJICHO 1 pealli3oBaHO POrpaMHe
3a0€e3MeUeHHs IHTENEKTyalbHOI 1H(POPMAIIHOT TEXHOJIOT] KiIacu(iKallii TEKCTOBOI
aHTJIOMOBHOI 1H(popMaIlii mpo MacuBu Boj Oaceliny p. [liBnennnii byr. Pesynbratu
BIIPOBAHKEHO Y NIsUIbHICTH OacelinoBoi panu I[liBgenHoro byry ta y HaBuanbHUi
npolec Kapeapu CUCTEMHOTO aHaji3zy Ta iHpopMaliitHux TexHosoriii BHTY.

Amnpo0anisi pe3yabTaTiB MAaricTepcbkoi KpajiikamiiHoi podoTu.
Pe3ynpTatn po0OOTHM AomOBiIamuCh Ha BceykpaiHChbKIA HayKOBO-NPAKTUYHIN
1HTEepHET-KOH(epeHLii «Monoap B Haylli: TOCTIIKEHHS, TPOOJIEeMHU, TEPCIIEKTUBI
(Bigawuis, 2021-2022 pp.).

Ily0aikauisi pe3yjbTaTiB MaricrepcbKkoi KBajiikauinHoi podoTu.

OnyOmnikoBaHo Te3u Ha BceykpaiHChKi HayKOBO-TIPAKTUYHIA 1HTEPHET-

koH(pepentii «Monoas B Hayli: JOCHIIKCHHS, NPOOJIEMH, TEPCICKTUBI

(Binaums, 2021-2022 pp.) [1].



6

1 XAPAKTEPUCTUKA NPOBJEMU KJACU®DIKALIL AHIVIOMOBHOI
TH®OPMAIIIL IPO CTAH BOJJHUX PECYPCIB

1.1 Cytb npobaemn

Ha nmanmit MmomeHT mormryk HeoOXinHOI 1HpopMmarli yxe He € MpoOIeMolo,
amke 1H(popMalliliHi TEXHOJIOTIT SK HIKOJIM HA BUCOTI, alie KUTBKICTh 1H(OpMaIlii He
O3Hauae, 110 BCS BOHA JIOCTOBIPHA 1 aKTyallbHA, TOMY ISl TOTO, 11100 3HANTH MIOCh
JIACHO KOPUCHE, MOTPIOHO OMpaIltOBaTH BEJIMKI 00’ eMu AaHuX. I{e 3aB1aHHs MOKHA
peanizyBaTu JBOMa croco0amu, MepIIuid — 1€ 3pOOMTH 1€ BPY4YHY, IO HE €
ONTUMAJIbHUM BapiaHTOM, aJPK€ py4Ha mpars 1e — Ay»Ke JOBTUH Mpolec, 10 TOro kK
BOHA MICTUTh BHCOKHI pPIBEHb MOMMJIOK uepe3 JIOACHKUNM (akTop; APYruu —
aBTOMATU3yBaTU LM MpOLEC, M0 36KOHOMHUTh OaraTo 4yacy Ta IHIIUX pPEeCcypciB,
CTBOPHUBIIIN IHTEJEKTYyaIbHY 1HPOPMAILIIIHY CUCTEMY.

[lepenycim, cii aBTOMaTU3yBaTH Mpolec BUI0OyBaHHS 1H(opMalii 3 BeO-
pPECypCiB Ta PI3HUX TEKCTOBUX JOKYMEHTIB. JIJIs IbOTO ICHYIOTH criemiaasHi Python-
010J110TEeKU Ta TEXHOJIOTII.

[Ilo6 cuctema Morna ¢GyHKIIOHYBaTH, JaHl 3 SIKUMH BOHa MpalfoBaTUME,
NOTPiIOHO 3a3Jajerifib OMmpaIloBaTH Ta 3BECTH N0 MoTpiOHOTO dopmary. s
BUPILIEHHS 1IbOTO 3aBAaHHS HEOOX1HO CTBOPUTH Hapcep, sIkuid OyJie BUKOHYBaTU
BUIIIEBKA3aHl MEPETBOPECHHS. TakoK HEOOXIAHO 3aJyYyUTH CIEIiaJbHO HABUCHHUX
€KCIIePTIB, /ISl TOTO 1100 3pOOUTH MPABUIILHY PO3MITKY.

Hactynaum kpokom € (GopMyBaHHsS JaTacery 13 BIANOBIIHUM HabOpoOM
BiiopMaTOBAaHUX JAaHMX JUIsl HaBYaHHS MOJEINI, $Ky IOTIM MOXHa Oy/e
3aCTOCYBAaTH B MOJAIBIIOMY JUIsl O3B’ sI3aHHS MTOCTABJICHOT 3a1a4i.

ITotim 3a momomororw TexHosorii NLP kmacudikyemo iHdopmaiiito, ane

nepes1 MM MOJIEITb TOTPIOHO aIanTyBaTH CHEIIAIbHO JI0 MOTPEd JaHOTO 3aBIaHHS.



7

1.2 Orasaa TexHodsorii NLP sk Meroxy BupilleHHsT mnpodaeMu

kiaacuikanii

Oo6poodka mpupoanoi mosu (3 auri.: Natural Language Processing (NLP))
JIO3BOJISIE MalllMHAM pO30MBaTH Ta IHTEPIpPETyBaTH JIOJACHKY MOBY. BoHa €
OCHOBOIO IHCTPYMEHTIB, SIKi BUKOPHUCTOBYIOTHCS KOXKHOTO JHS — IMOYMHAIOYH 3
porpaMHOro 3abe3neueHHs Ui TepeKiiaay, d4aT-00TiB, (iIbTpiB cramy Ta
MOIIYKOBUX CHCTEM 3aKIHUYIOUM MPOTpaMHUM 3a0e3MeUeHHSAM ISl BUIIPABJICHHS
rpaMaTUK{, TOJIOCOBUX IMOMIYHHMKIB Ta IHCTPYMEHTIB MOHITOPHUHTY COLIaJbHUX
MEpPEK.

NLP BHUKOpUCTOBYETBCS JUIsl pPO3YMIHHSI CTPYKTYPH Ta 3HAYEHHS JIFOJICHKOL
MOBH IIUISIXOM aHali3y pI3HUX acleKTiB, TaKWX SK CHUHTAKCUC, CEMaHTHKA,
nparMatuka Ta Mopdoioris. [IoTiM TeXHOJIOTisI MEepeTBOPIOE Il JIHTBICTUYHI
3HAHHS B aJITOPUTMU MAIIMHHOTO HABYAHHS, III0 MOXYTh BUPIITYBaTH KOHKPETHI
npoOseMu Ta BAKOHYBAaTH Oa)kaHi 3aBIaHHS.

Bizememo, Hanpukiaa, Gmail, B IKOMy €JIE€KTPOHHI JIUCTU aBTOMAaTUYHO
KJIacU(PIKyIOThCA SIK PEKJIAMHI , COIliaibH1 , OCHOBHI 200 CTIaM 3aB/sSKH 3aBJaHHIO
NLP, sike Ha3uBaeThCs BIUIYYCHHS KIIOYOBUX CIIB . «3YUTYIOUM» CJIOBA B TEMax 1
MOB’SI3yI0UM X 13 3a3/4alierilb BU3HAYCHUMU TETraMH, MAalllMHA aBTOMATHYHO
J3HAIOTHCS, Ky KaTEropito MPU3HAYATH SICKTPOHHUM JrcTam [2].

Texnonoria NLP mae 6araro nepeBar, HaliBaXKJIMBIIII 3 HUX:

— BukoHaHHs mMpokomMacmiTabHOro aHamizy: o0poOka MPUPOIHBOI
MOBHU JIa€ MOXKJIUBICTh CHUCTEMaM PO3YyMITH W aHai3yBaTH MPAKTUYHO OyIb-sIKi
00CSITM HECTPYKTYPOBAaHMX TEKCTOBUX JaHUX, TaKUX SK KOMEHTapi, TeiaedoHHI
PO3MOBH, Y¥ HOBHHH,

— ABTOMAaTH3aIlisl TPOLIECIB B PEKUMI PEATHHOTO Yacy: 1HCTPYMEHTH
00pOoOKHM TPUPOTHKOI BOHH € TIPAKTUYHO aBTOHOMHHUMH, TOOTO BOHH MOXKYTh JaTH
MO>KJIMBICTh MalllMHAM COPTYBaTH Ta MaplIpyTU3yBaTH 1H(OpMAIIO0 MPAKTHYHO

0e3 y4JacTi JIOJUHU — MIBUJIKO, €(DEKTUBHO, TOYHO Ta I11710/1000B0;


https://monkeylearn.com/blog/social-media-sentiment-analysis/
https://monkeylearn.com/blog/social-media-sentiment-analysis/
https://monkeylearn.com/blog/natural-language-understanding/
https://monkeylearn.com/blog/natural-language-understanding/
https://monkeylearn.com/blog/machine-learning-algorithms/
https://monkeylearn.com/keyword-extraction/

8

- Anpanrartis iHCTpyMeHTIiB NLP 10 koHKpeTHO1 3amadvi: aqropuTMu
0OpOoOKHM TPUPOJHROI MOBH MOYKHA 3aCTOCYBaTH J0 HEOOXIJTHMX MOTped Ta
KPUTEPIiB.

3 BUKOPHUCTAHHSM BEKTOpH3allli TEKCTY , iHcTpyMeHTH NLP neperBopioroTh
TEKCT JI0 TAKOT'O BUJTY, SIKMI MaIlliHa MO>Ke 3p03yMITH, JaJll AITOPUTMHA MAIlIMHHOTO
HaBYaHHS MOJAI0Th HABYAJIBHI JJaH1 Ta O4iKyBaH1 pe3yabTaTH (TErH), o0 HAaBUUTH
MaIllMHK CTBOPIOBATHU acoIliallii M) KOHKPETHHUM BXOJIOM 1 HOTO BiJMOBIIHUM
BUX0/10M. [Ticis IbOTO0 MalIMHU BUKOPUCTOBYIOTh METO/IU CTATUCTUYHOTO aHAJI3Y,
mo0 CTBOPUTH BIACHUM «0arax 3HAHB» 1 BU3HAYUTH, fAKI XapaKTEPUCTUKU
HaWKpalle Npe/ICTaBIsI0OTh TEKCTH, TIEPI HIXK POOUTH MPOTHO3M JJII HEBUIUMUX

naHux (HoBHX TekcTiB) (puc. 1.1) [2].

(a) Training
TAG >
i machine
learning
feature algorithm
—>
extractor ‘
features
text
(b) Prediction
feature classifier
extractor > model
features
text i
TAG

Pucynok 1.1 — Anroput™m po6oTH 3 Kiacudikaiiero TeKCTOBUX JaHUX
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OTxe, yuM OUIBINIE JAaHWUX HAACWIAIOTh 111 anroputvu NLP, Tum Oimbm
TOYHUMHU OyAYTh MOJIEJI aHaJlI3y TEKCTY.

OpnuM 13 HanmonyspHIimMKX 3aBaanb NLP € anani3 HacTpoiB (Imoka3aHo Ha
Jiarpami BUIIE) €, A€ MOJEIl MalllMHHOTO HAaBYAaHHS HAaBYAIOTHCS KiacH(iKyBaTH
TEKCT 3a MOJISIPHICTIO TyMOK (TTO3UTHUBHI, HETaTUBHI, HEUTpaJIbHI Ta OyAb-SAKI1 1HIII).

Opniero 3 HAUOUIBPIIMX TIEpeBar MOJEICH MAIIMHHOTO HAaBYaHHA € iX
3/IaTHICTh HABYATHCSl CAMOCTIMHO, 0€3 HEeOoOXI1THOCTI BU3HAYATH MpaBUja BPYUHY.
JIst 11bOTO MPOCTO MOTPIOCH HAOIP BIAMOBITHUX HABYAIBHUX JAHHUX 13 KUTbKOMA
OpUKJIaJaMu  JJs TeriB, SKI MOTPIOHO TMpoaHamizyBaTH. A 3a JOTOMOTOIO
PO3UIUPEHUX AITOPUTMIB TJIMOOKOTO HaBYAHHS € MOMJIMBICTH 00 €HATH KIJIbKa
3aBJaHb OOPOOKH MPUPOIHOT MOBH, SIK-OT aHAJII3 HACTPOIB, BUJILICHHS KIIOUOBHUX
CiB, Kacuikallis TeM, BUSBICHHS HaMIpiB TOIIIO, 1100 MPaIfoBaTH OJTHOYACHO IS
HAJITOYHUX PE3yJIbTaTIB.

butbmiicte 3aBnaHb OOpOOKM MNPUPOJHBOI MOBH BKIIOYAIOTH B cede
CUHTAaKCUYHUN 1 CEeMAaHTHUYHUNA aHalli3, 10 BUKOPUCTOBYETHCSA [JISi PO3OUTTS
JIFOJICEKOI MOBH Ha YaCTHHM, SIKI MaIlTiHA 3MOYKE 3UYUTATH.

CHUHTaKCUYHUI aHAIli3 BU3HAYA€ CHHTAKCUYHY CTPYKTYPY TEKCTY Ta 3B’ SI3KH
3aJIEKHOCTI MK CJIOBaMHM, TPEJICTABIICHI Ha Jiarpami, sika Ha3MBAETHCS JIEPEBOM
CUHTAKCUYHOTO aHaJli3y.

CemanTnuHuii aHaii3 GOKYCY€TbCS Ha BUSBJICHHI 3HaueHHs MOBH. OJIHaK,
OCKiJTbKM MOBa OaraTo3HadHa Ta HEOJHO3HAYHA, CEMaHTHKA BBAKAETHCS OJIHIEIO 3
Harckiamgaimux oomacreit NLP.

CeMaHTHUHI 3aBAaHHS aHAII3YIOTh CTPYKTYPY PEU€Hb, B3aEMOJIIIO CIIB 1
MOB’s13aHI 3 HUMH TOHSTTS, HAMaral4uch BIJKPUTH 3HAYECHHS CJIIB, a TaKOXK
3pO3yMITH TEMY TEKCTY.

Jlami po3depemo Jesiki 3 OCHOBHHX MiA3aBJaHb SK CEMaHTHYHOI'O, TaK 1
CUHTAaKCUYHOTO aHaJli3y.

TokeHizamiss € BaXJMBOIO 3a/1ayei0o B OOpOOIll MPUPOTHOI MOBH, SKa
BUKOPUCTOBYETHCS JIs1 PO3OUTTS psAJiKa CJIIB HA CEMAHTHUYHO KOPHUCHI OJMHUILIL, SIKI

HA3WBAIOTKCS JiekceMamu [2].


https://monkeylearn.com/blog/semantic-analysis/
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TokeHni3zarisi peueHb poO3/aUIs€e PEUEHHS B TEKCTI, @ TOKEHI3allisl CJIIB PO3ALIIE
ClIOBa B pedYeHHI. SIK mpaBUJIO, JIGKCEMU CJIIB BIJOKPEMIIOIOTHCS MpoOijgaMu, a
JeKceMu peueHb — 3HakamMu. OHaK BH MOXET€ BHKOHATH BHCOKOPIBHEBY
TOKEHI13aIli10 I OUTBII CKIIAJHUX CTPYKTYP, AK-OT CJIOBA, Kl 4aCTO UIyTh pa3om,
iHakmre Bimomi sik cronmydenns (nanpuxiazn, Hero-Hopk ). Tpunuumn gii mponecy

TOKEHi3allii po3riIstHyTO Ha pucyHKy 1.2. [3].

101 1037 17453 14726 19379 12758 2006 2293 102
3) substitute tokens with their ids

[CLS] a visually stunning rum ##ination on love [SEP]
Tokenization

DistilBertTokenizer . 2) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

1) Break words into tokens

Tokenize

“a visually stunning rumination on love”

Pucynok 1.2 — Ilpouec TokeH13anii

BigmiuaHHS 4YacTMHM MOBHU — III€ OJIMH 3 €TamiB OOpPOOKH TEKCTy, SKUU
3aKJIIOYAETHCS B MPU3HAYEHHS KOXKHIM JIGKCEM1 B TEKCTI HaJIEKHOI MITKA YaCTUHU
MOBH, TOOTO CHHTaKCUYHOI (PYHKIIT cTOBa(IMEHHUKOM, J11ECTIOBOM, IPUKMETHUKOM,
MPUCITIBHUKOM TOIIIO. )

Hopmanizariiis — nporiec 3BeIeHHS MOIIOHUX JIEKCEM JI0 KaHOHIYHOT OopMH.
HAIPUKJIIA, SKIO0 BBAKaTUMEMO, 110 Shop Ta shop mMaroTh ogHaKOBE 3HAYECHHS, TO
MOXEMO HOpMaJi3yBaTH TEKCT, 3BIBIIM 00K 1Ba TepMiHH Yy shop.

Tako)x BaXJIMBUM €TarioM, IPH MiATOTOBIl TEKCTY 10 OOPOOKH MOMAEIISIMHU
MalIMHHOTO  HaBYaHHS, I1e¢  BiAdUIbTpyBaHHs  crom-ciiB. Ili  croBa

BII(PUIBTPOBYIOTECS Tepes Oylb-IKUM 3aBIaHHSAM IONEpPEeAHbOi 00poOku abo
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monentoBaHHsA. CTom-ciioBa OOMpAalOThCsA 3 OTJISAY Ha iX HE3HAUyIIICTh s
notouHoro 3aBaanHs NLP. Hanpukian, cmucok aHTIACHKUX CTOI-CIIB Y IMaKeTI
NLTK Bu3Hauae 111 BUKJIIOUEHHS TaKl 3arajbHI CJIOBa, IK-TO a, to, can.

Tenep posriasHeMO OJWH 3 HAWBIIOMIIIMX METOJIB OOPOOKH MPUPOAHBOT
moBU BERT Ta kijbka HOro OCHOBHUX «IIOCJI1JOBHHUKIBY.

BERT(Bidirectional Encoder Representations from Transformers) — ueii
MeTo/1 06a3yeThcs Ha BUKOPUCTAHHSI HEMpOMEPEXK HOBOI apXITEKTypH Jis1 poOOTH 3
MOCJTIIOBHOCTSIMH, BIJOMHEX SIK «Tpancopmepu». L Texnomoris Oyna po3pobiaeHa
koMmriianiero Google ¥ mpoiimma monepeaHio MAroToBKy B Kopmyci Wikipedia.
[TIpopuBom B poboti BERT € #ioro 3matHicTh HaB4YaTH MOBHI MOJEIl Ha OCHOBI
BCHOT0 HAOOpy CIIB y JOAaTKy a0 3amuTi (JIBOCTOPOHHE HABUYaHHS), TOJl SK Y
TpaJMIIIITHOMY HaBYaHHI aHATI3YEThCS YIMOPSAKOBAaHA TMOCIIIOBHICTh CHIB (37iBa
HarpaBo abo cipasa HaiiBo). BERT no3Bossie MOBHIM MOl pO3yMITH KOHTEKCT
CJIOBa HA OCHOB1 OTOUYIOUHX MOTO CJIiB, @ HE TUIBKU TOTO CJIOBA, SIKE oMy mepenye
abo ciigye Bigpa3y 3a HUM. CxematuuHo npuHiun poootu BERT BimoOpaxenuit

Ha pUCYHKY HWxue. (puc. 1.3) [4].

Embedding

[i][w'z][w's][w%][w’s]

softmax {

Classification Layer: Fully-connected layer + GELU + Norm }

Transformer encoder

Embedding I T T T I

(w ) (w] (w) () (Cw )
l ] ] ] ]

Pucynox 1.3 — Cxema po6otu BERT
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Texnonoris BERT € y BulbHOMY J0CTymi M MICTHTh B €001 yci HEOOXimH1
IHCTPYMEHTH AJIsl aHaii3y, 0OpoOKH, TOKEeHi3alli i po3Mi3HABaHHIO TEKCTY, TOMY
3aBIIIKH IIbOMY OYJIb-XTO MOXE BHKOPHCTOBYBATH ITI0 TEXHOJIOTIIO ISl HABUAHHS
CBOE€1 BJIACHOT CHCTEMHU 0OPOOKH MPUPOIHOI MOBH — JJIsI BIATIOBIIeH HA 3allUTaHHS
YU HINX 3aBJIaHb.

DistiBERT — omuna 3 mnocaigoBHukis BERT,  saxuii HaniieHuil Ha
ONTHUMI3AIIiI0 HABYAHHS 32 PAXyHOK 3MEHIIEHHS pOo3Mipy i 301IbIIEHHS IBUKOCTI
BERT, HO mpu mpomy 30epexenHi npoayktuBHocTi. DistiiBERT BukopuctoBye
BERT sik «BuuTens» cBoiit po6oTi. Jlana Mmozens Baxxuth Ha 40% menie i Ha 60%
mBuAma yuM opuriHanbHa BERT — Mopens, 1 mpu Tomy 30epirae 97% ii
dbyHKuioHaIbHOCTI. Taki pe3ynbTatu OyJiu JOCATHEHHI 32 paXyHOK BUKOPUCTAHHS
mumie 6 OyokiB eHkojepa, Ha BiaMiHHY Big BERT, B sxomy ix 12. Ille omxoro
BaMBOI0 BiAMiHHICTIO DistilBERT € #ioro aaropurm nepearpeHyBaHHS, BOHO
B1I0YBA€ThCS JIMIIE Yepe3 MOAEIIOBaHHA MOBH 110 Maclii. CripolieHa cxema poooTu

i€l Mozei BimoOpakeHa Ha pucyHKy Hiokde (puc. 1.4) [5].

Y

BERT Trained BERT

BookCorp

A 4

A 4

DistiiBERT Trained

BookCorpus

Pucynok 1.4 — Crpoiiena cxema poootu DistilBERT

ALBERT - me omun mnocmimoBHuk BERT, skuit OyB mnpeacTtaBicHHA
npu6au3Ho B TOoM ke yac mo 1 DistilBERT, #ioro ocHOBHUMU BiAMIHHOCTSIMH B1J

BERT 11e 3menIeHHs: po3Mipy mMojieni, nmpuoiu3Ho B 18 pa3 MeHIe nmapameTpis, a



13

TaKOXX caM TMpollec HaBYaHHs 3aiimae B 1,7 pa3u MeHIe yacy, ajie Ha BiIMIHY BiJ
DistilBERT, ALBERT He mae niepeBaru B IpoiyKTUBHOCTI. L5 pi3HHIIS mOJsTae B
Tomy 110, BiH sk 1 BERT HaBuaerscs «3 Hyms», Ha BiaMminy Bif DistilBERT, sikwuii
BukopuctoBye BERT sk BunTens s nponecy Hapuanua. Cxema podotu ALBERT

mokasaHa Ha puCyHKY gaii. (puc. 1.5) [6].

Oupint

Probabilties

\ c——

Pozitony Positonal
Encoding @"%’) ?——@ Encoding
gt
-"?{'.Od‘.n;

Octut
Embeding

T T

Inputs Outpul
(sheftad right)

Pucynox 1.5 — Cxema po6otu ALBERT

Po3rasHyBIIM BULE ONMKMCaHI METOIM OOpOOKM MPUPOJHBOT MOBU, MOXKEMO
CKa3aTd, IO JUIsI BHUPIMICHHS IIOCTaBJICHOI 3ajadyl ONTUMAaJbHUM OyIe
BukopucroByBaTu DistilBERT, 3a paxyHOK HOro mBHUIKOCTI, TPOJYKTUBHOCTI I

3MEHIIIEHO] Baru MOJEII.
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1.3 Amnaxiz Mojened MaIIMHHOTO HABYAHHA JJad Kiacudikaunii

eMOeIMHTIB

Knacudikamiss  Tekcty — 1€ Iporec  pPO3yMIHHS  3HAYCHHS
HECTPYKTYPOBAHOTO TEKCTY Ta BIOPSIKYBaHHS HOro B MOMNEPEIHbO BHU3HAYEHI
kareropii (terw). OMHUM 13 HAWMOMYJSIPHIMINAX 3aBIaHb Kiacudikaiii TEKCTy €
aHaJi3 HaCTPOIO, MeTa SIKOTO Kiacu(piKyBaTH HECTPYKTYPOBaHI JiaHl 32 HACTPOEM.

PosrisHeMo Kigbka HAWIOMIUPEHIIIMX MOJENIEeH MAITHHHOTO HAaBYAHHS IS
kinacudikamii, 3 SKUMU TpalOBaTUMEMO B HACTYMHHUX po3ainax. Jlani moxemi
BXOJATh JO OAHIET 3 HaMBIIOMIMIMX OE3KOIITOBHUX O10J10TEK I poOOTH 3
MalllMHHUM HaBYaHHAM — «scikit-learny.

Jlinifina perpecis — 1€ KOHTPOJIbOBAHUM aJITOPUTM, SIKMM HaBYAETHCS
MOJICJIIOBATH 3aJICKHY 3MIHHY, Y, SIK (QYHKIIS NEIKUX HE3aJIeKHUX 3MIHHUX (BOHA
XK «OCOOJIMBOCTI»), X;, IUISIXOM 3HAXOJ[KEHHS JIiHIT (200 MOBEepxHi), sika HalKpaiie
«BIJMIOBIJIA€» TaHUM. 3arajioM, MPUITYCKaeMO Y Oyu JESKUM YKCIIOM 1 KOXKEH X;,
MOKe OyTH B OCHOBHOMY 1110 3aBroAHO. Hampukiam, mporao3yBaHHs I[iHUA OYIUHKY
32 KUIBKICTIO KIMHAT y LbOoMY OyAuHKYy (Y: IlHA, X;: KUIbKICTb KIMHAT) a0bo
MPOTHO3YBAHHS Bard Ha OCHOBI1 3pOCTaHHs Ta BIKy (Y: Bara, x;: BUCOTa, X: BIK).

3aranbpHe PiBHAHHS JIHIHHOI perpecii Mae HacTynmHu# Bu [7] :

b= .80 + ﬁlxl + BZxZ ot BCTOpxCTOp + €
Y — 3aJIe’KHa 3MIHHA — T€, [0 HAMaraeMocs Mepe10aunTH;
X; — HE3&IeXHI 3MIHHI: (QYHKIII, $SKI BHKOPUCTOBYE Halla MOJEIb JUJIs
MOJICITIOBAHHS Y,
B; — xoedirieHTH (Tak 3BaHI «BaXKeIi») HAIIOI MOJEII perpecii; 11e — 0CHOBa HaIOi
MOJIEJN1, caMe IX Hallla MOJEIb «HaBYac) I1J Yac ONTUMI3alii;
€ — HE3HIDKyBaHa MOMWJIKA B HAIliid MOJENI; e — TEpMiH, SKHil 00’€qHy€e BCl
HEMO/ICJIbOBaHI YaCTUHU HAIINX JaHUX.

JliniifHa perpecis € IpPOCTOI Ta MOTYXKHOK MOJIEIUTIO Ui TPOTHO3YBaHHS

YHCJIOBOi BIAMOBIJI HA OCHOBI HAOOPY OJIHIET UM KUIBKOX HE3aJICKHHUX 3MIHHUX. |
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X04ya MOX€ 3[IaTHCS, IO JIIHIHHA Perpecis IrHOPYEThCSI B CYyYaCHOMY MAIIMHHOMY
HaBYaHHI, JIe MOCTIMHO 3pOCTaE CKIIAJHA apXITEKTypa HEHPOHHUX MEPEXK, aJITOPUTM
BCE IIIC MMUPOKO BUKOPUCTOBYETHCSA Y BEIHKIN KUTBKOCTI 00JacTel, OCKIJIBKH BiH
edeKTUBHUM, HOro JIETKO 1HTEPIPETYBAaTU Ta JIETKo po3mupioBatu. Kirodosi iaei
JiHIMHOI perpecii MOBTOPIOIOTHCS BCIOJIM, TOMY PO3YMIHHS aJTOPUTMY €
00OB’SI3KOBUM IS MIITHOT OCHOBHM MAITMHHOTO HaBYaHHS [7].

Random Forest € kommo3uiiiero (aHcamOieM) BEIHKOI KIJIBKOCTI JIEpEB
pillIeHb, IO J03BOJISIE 3HU3UTH MPOOIEeMy MEepeHaBUaHHS Ta IMiIBUIUTH TOYHICTh
MOPIBHSHO 3 OAHUM JepeBOM. [IpOTHO3 BHXOAWTH y pe3yibTaTli arperyBaHHS
BIAMOBIAeH Oe3niul aepeB. TpeHyBaHHS JIepeB BiIOYBA€ThCS HE3AICKHO OIUH BiJl
OJTHOTO (Ha PI3HMX MIJIMHOXHHAX), II0 HE MPOCTO BUpIlIye MpobiaeMy noOya0BH
OJIHaKOBHX JIEPEB HA TOMY CAaMOMY Ha0Opi JaHUX, ajie 1 pOOUTH el AITOPUTM JTyKe
3pYYHHUM JIJI 3aCTOCYBaHHSI B CHCTEMax PO3MOJIIJIEHUX oO04ucieHb. B3arami, iges
Oerinra, 3ampomnoHoBaHa Jleo bpeiimanom, mo0Ope OiAXOAUTH IS PO3MOALTY
oOuucienb. Jns OeriHra (He3aJeKHOTO HaBUYAaHHS AJTOPUTMIB Kiacudikaii, e
pe3yNbTaT BU3HAYAETHCS TOJOCYBAHHSIM) € CEHC BHUKOPHUCTOBYBATH BEIHKY
KUIBKICTh JIEPEB PIllICHb 13 JIOCHUTh BEIUKOIO riamOuHoro. Ilim dac kmacudikarri
(biHaTEHUM PE3yNbTaTOM OYJIe TOM KIac, 3a AKUM MpOrojiocyBalia OUIbIIICTh JIEPEB,
3a YMOBH, 1110 OJTHE IEPEBO MAa€ OJIUH TOJIOC.

Random Forest (4epe3 HezanexxHy Mooy 0By TTMOOKUX JIEPEB) BUMArae J1yxKe
Oarato pecypciB, a OOMEKEHHS Ha TJIMOUHY 3alIKOJIUTh TOYHOCTI (JJ1s1 BUPIIIICHHS
CKJIQJIHUX 3aBAaHb MOTPIOHO mMOoOyayBaTu Oarato TIHOOKUX JepeB). MoxHa
3ayBaKUTH, 1110 YaC HABUAHHS JIEPEB 3pOCTaE MPHUOIM3HO JIIHIHHO iX KiTbKOCTi [8].

3BUYaliHO, 301IBIIICHHS BUCOTH (TJIMOMHU) IEPEB HE HAMKpaIllle TO3HAYAETHCS
Ha MPOJYKTUBHOCTI, aJie MABUIIYE €(EKTUBHICTH I[LOTO aITOPUTMY (X04a 1 pazom
3 IIUM TiJIBUIIYETHCS CXUIBHICTh 10 TIEpeHaBYaHHS). 3aHAATO CHUIBLHO OOSITHCS
NepeHaBUYaHHs HE CJIiJI, OCKUIbKHU I1e OyJie KOMIICHCOBAaHO YHWCIIOM JIepeB. Ale i
3aXOTUTFOBATUCh TEX HE Ciija. Bcroau BamBi onTHUMaNIbHO MiAIOpaHi mapameTpu

(rimepriapameTpH).
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BaggingClassifier — me BapianT anroputmy Oerinry (Bagging). ¥ Gerinry
BUJIO0YBAa€EMO 3  BHXIJIHOTO  TPEHYBAJIBHOTO Habopy  OyTcTpar-BuOipKd
(BUOUpAIOTHCSl BUIAJKOBI BUIIPOOYBAHHS 3 IMOBEPHEHHSAM), Ha SIKUX HABYAEMO
He3aJIeKH1 Kiacu(pIKaTopu, a pe3ysbTaT Kiacudikailii BHU3HAYAETHCS IUISIXOM
rojocyBaHHs. 3BiJicM 1 Ha3Ba TepMmiHa — bagging, To0TO bootstrap aggregating
(arperyBanHst  OytcTpam-BuOipok). Y  scikit-learn wMertogm  makeTyBaHHS
NPOTIOHYIOTHCS K yHi(ikoBana BaggingClassifier (Binmosinno BaggingRegressor),
sKa TpUiiMae B SKOCTI BXIJHUX JaHUX BHU3HAUEHY KOpHUCTyBaueM 0a30BY OIIIHKY
pa3oM 13 mapaMeTpamMu, IO BH3HAYAIOTh CTPATETiI0 MAJTIOBAHHS BHUITAKOBHX
NiIMHOXKHMH. 30Kpema, max_samples 1 max_features KOHTpodrOBaTU po3MIp
IiJIMHOKMH (3 TOYKH 30py 3pa3kiB 1 03HaKk), a bootstrap ¥ bootstrap_features
KOHTPOJIIOBATH, UM 3pa3Ku 1 0COOIUBOCTI MaJIIOIOTHCS 3 3aMiHOIO 4K O0e3 Hei. [lpu
BUKOPUCTaHHI MIAMHOXUHU JOCTYIMHUX 3pa3KiB TOYHICTh y3araJbHEHHS MOXHA
OLIIHUTH JUTS 3pa3KiB i3 MakeTy, BCTAHOBUBIIH 00b_score=True [9].

Multi-layer Perceptron (MLP) — 11e KOHTpOJIbOBaHUI aITOPUTM HABYAHHS,
AKuid BUBYae (QyHkmito f(-) : R™ — R° HaByaluWCh Ha JaraceTi, Jge M —
KUTBKICTh BUMIPIB JIJI1 BBEJICHHS 1 O — 11€ KUJIbKICTh BUMIPIB IS BUBeAeHHS. J[aHO
HaOlp o3HaK X =&y,%3,...,2, 1 WLITb Y, BIH MOXE BHBYATH AalpOKCHUMATOP
HemiHiMHOT GyHKIIT s kiacudikamii adbo perpecii. BoHa Biapi3HAETbCS Bij
JIOTICTUYHOI perpecii TUM, IO Mk BXIJHUM 1 BUXITHUM IIapaMu MOXe OyTH OJTuH
ab0 KUIbKa HENHIMHUX IIapiB, SKI HA3WBAIOTHCA NPUXOBaHMMHM Iapamu. Ha

PUCYHKY MOKa3aHO OJAHOro npuxoBaHoro mapy MLP 31 ckanspaum Buxonom (puc.

1.6) [10].
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Features

(X)

Output

Pucynox 1.6 — Onun 3 6aratsox mapis MLP

XGBoost — 1e anropuTM MAaIIMHHOTO HABYaHHS, 3aCHOBAHWN Ha JEpeBi
NOIIYKY pIlIEHb Ta BUKOPUCTOBYE (HPEHMBOPK TIpagl€eHTHOro OyCTHUHTY. Y
3aBJaHHSAX TiepenOayeHHs, sKI BUKOPUCTOBYIOTh HECTPYKTYpOBaHI  JaHi
(Hanpukan, 300paK€HHS YU TEKCT), IITYyYHAa HEMpPOHHA MEPEKy MepeBeplIye i
HIII aMropuT™MH YU GPEHMBOPKHU. AJie KOJIM CIIpaBa JOXOJIUTh IO CTPYKTYPOBAHUX
a00 TaOJIMYHUX JAHUX HEBEJIMKUX PO3MIPIB, Y MEPIIOCTI BUSABIAIOTHCS aIrOPUTMH,
110 IPYHTYIOThCS Ha IepeBl MoKy pimeHb. Ha iHdorpadini MmoxxHa neperisiHyTu

CBOJIIOIII0 TaKKMX anroputmis [11].

1.4 BucHoBKH

B nanomy po3aun po3risiHyTO TpoOJjieMy aBTOMAaTHYHOI Kiacudikarii

aHTJIOMOBHOI TekcToBOi 1H(opmarii. I[lpoananizyBaBmu mpoOIEMy, MOXKEMO
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3pOoOUTH BUCHOBOK, III0 PyYHUIN CUHTE3 TEKCTY 3aiiMae BEMKY KUIbKICTh PECYypCIB,
TOMY I TPOIEC Kpalle aBTOMAaTH3yBAaTH IUISXOM PO3POOKH iHTEIEKTYyaJbHOI
1H(pOpMaLIHHOT TEXHOJIOTIIO.

O3HallOMHUBIIMCH 3 JOCTYIHUMH METOJaMU OOpOOKH TMPUPOIHOI MOBH
(BERT, DistilBERT, ALBERT) mnpuitHsTO pilllcHHS BHKOPHCTOBYBATH Yy JaHiii
po6otu DistilBERT, ockinpku BiH Mae mepeBaru Haj iHIIAMA MOJEIISIMH 3aBISKA
CBOIM IIBUIKOCTI, OUIBIIIOMY IOKA3HUKY IPOAYKTUBHOCTI W 3MEHIICHIH Basi
MOJIEJIi, IO HalKpaIle MiX0aUTh i OCTaBIeHY 3a1a4y.

Takoxx, B 1pOMY pO3IUII MPOAHATI30BAHO KUIbKA BIIOMUX MOJeNel
MalTMHHOTO HaBYAHHS JIJIS KJIacH(iKallii TEKCTY Ta BAOpAHO ONTUMAJIbHI, sIKI BApTO
BUKOPHCTOBYBATH JIJIs1 PO3B’SI3aHHSI IOCTABJIEHOI 3aa4l. Y Cl BOHU — Pi3HI 32 CBOEIO
apXITEKTYpOIO Ta MalOTh CBOI MepeBaru B KOHKPETHHUX 3aJlayax, aje MOKH HEB1JIOMO
gKa 3 HUX Kpalle MiAXOAUTh MiJl KiacuQiKallilo aHTJIOMOBHOIO TEKCTY IIpO

€KOJIOTTYH1 MpOo0OJIEeMH BOJHUX PECYPCIB.
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2 BUBIP ONITUMAJIbHUX HAJIAIITYBAHb IH®OPMAIIMHOI
TEXHOJIOI'TI JIJIS1 PO3B’SI3AHHS IIOCTABJIEHOI 3AJTAYI

2.1 Orasa naracety JJisi TpeHYBaHHsS MojeJiei

Jls movaTKy poOOTH 3 MOJICIISIMU, TTOTPIOHO chopMyBaTH JaTaceT i BpyuHY
kiacudikyBaT Horo, o6 Ha HOro OCHOBI TPEHYBATH iX 1 00paTH ONTHUMAJIBHY.
Jist pobotm BukopuctoByeTrhest gataceT «NLP @ Reports & News

Classificationy» (puc. 2.1), sikuit OyB CTBOPSHHMIA 32 MO€ET y4acTi 2 pOKH TOMY.

In the Southern Bug basin wastewater is discharged from 341 organized sources (Map 5). In 3
This amount is distributed as follows: urban and rural housing wastewater treatment faciliti
Despite the similar volumes of discharged wastewater major part of pollutants comes with ¢
They bring 84% of organic pollution 86% of phosphate ions and 84% of mineral nitrogen 91%

The input of the industry is between 78%“21% and agriculture has the lowest impact on wate
Settlements that do not have sewage systems usually do not have central water supply Vod:
Equipment of WWTPs is very worn-out the amount of wastewater often exceeds their treatr
The current state of sewage networks is a source of concern since about 24% of them due to

Consequently in Ukraine on average 2 accidents occur at 1 km network per year which is mut
11 |The load of pollutants from accidental discharges cannot presently be estimated.

12 |The degree of connectivity of the population to WWTPs varies widely - from 11% to 95%. The
13 |In large cities with EH close or greater than 100000 EH connection to sewers ranges 85-92 30%
14 |Based on expert judgment taking that average degree of connectivity of the urban populatic
15 |The obtained results show that the main part (77%) of inorganic nitrogen comes to waste we
16 |The majority of the wastewater treatment facilities in the Southern Bug basin are equipped

17 |This method allows extracting only a part of pollutants containing nitrogen and phosphorus.
18 |Technologies of deep extraction of these compounds are not used in Ukraine due to their hi
19 | The existing wastewater treatment facilities were constructed during the Soviet time they a
20 |Very often the volumes of wastewater exceed designed values which lead to additional pol

AR R R SRR EE

=
o

R R R R R R R - R R R R R TR R

o e e

Pucynox 2.1 — Burmsin natacety «NLP : Reports & News Classification»

Jxepenom 1H(opMallli MOCIyryBajad BIAKPUTI JaHl MIOAO €KOJIOTTYHOTO
cTaHy pidok Oaceiiny IliBnennoro byry.

1. PeueHHs ckomiioBaH1 3 BIAKPUTUX TEKCTOBUX JIAHUX aHTJIOMOBHUX JKEepell
y ¢opmari PDF pazom i3 pizHUMH cliel-CUMBOJIaMU (HOMEPAMH CTOPIHOK TOIIO),
11100 OyB MEBHUMN «IITYM).

2. Jlesiki crerianbHl CHMBOJU OyJid BUOIPKOBO BUAJICHI, BKIIFOUAIOYH JICSIKI
KOMH Ta KPaIKH.

3. Bu3HavyeHHS MUJTbOBUX O3HAK BUKOHAHO aBTOPaMHU IIbOTO HA0OPY JaHUX, 32

MOE€T ydacTi.
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2.2 Po3BigyBaJibHMH aHATI3

Jis pobGOTH MOJeni IMITYYHOTO I1HTENEKTY BHUXIIHUMHU JaHUMHU CHHTE3Y
TEKCTY, € IaTeceT i3 TaKUMHU 0a30BMMH O3HaKaMHu (puc. 2.2):

—  «text» — pedeHHs 13 3BITIB Y4 HOBUH;

— «env_problems» — HasfBHICTb Yy TeKCTi iH(popMalii Mpo EKOJOTIduHYy

npobiemy;

— «pollution» — yu TekcT Mpo 3a0pyAHEHHS HABKOJIUIIIHBOTO CEPEIOBHILA?

— «treatment» — TEKCT MPO OYKCHI CIIOPYAU YU €KOJOT1YHI TEXHOJIOTIT;

— «climate» — 41 TeKCT Mpo KIIMaTUYHI TOKa3HUKHU?

— «biomonitoring» — TEKCT Mpo O10JIOTTYHHI, O10TUYHUN MOHITOPUHT Y BOJ1

4yl B OACEHI PIYKH.

text env_problems pollution treatment climate biomonitoring

0 Inthe Southern Bug basin wastewater is discha... 1 1 0 0 4]
1 This amount is distnbuted as follows: urban a... 1 1 0 0 0
2 Despite the similar volumes of discharged wast... 1 1 0 4] 0
3 They bring 84% of crganic pollution 86% of pho.. 1 1 0 0 0
4  The input of the industry is between 7-21% and... 1 1 0 0 4]
95 Chemical composition of water bodies shall com... 0 ] 0 a a
96  According to the Directive provisions water bo... 0 a 0 0 0
a7 Besides in the field of data precessing during.. 0 0 0 0 Q
98  Use of these values was offered by the Monitor... 0 a 0 4] 0
99  To determine confidence levels for assessment .. 0 0 0 0 0

Pucynok 2.2 — O3naku garacety «NLP : Reports & News Classification»

Jlami HeoOXiTHO MPOBECTH PO3BIAYBAIBHMIA aHai3 JaHUX MPO OYMCHI
CIIOPY/IM YM €KOJIOTIYHI TexHouorii (treatment problems).

[MepernsHemMo cepeaHIO TOBKUHY ciioBa B TekcTi (puc. 2.3) [12].
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Average word length in each data

treatment problems Not treatment problems
0.8 -
06 -
0.7 -
05 -
0.6 -
0.5 - 0.4 -
0.4 -
03 -
03 -
02 -
02 -
01
0.1-
0.0 - 0.0 - ; .

ext

Pucynox 2.3 — CepenHst 10BKHHA CITIB

Haii0i1pIma KUIBKICTE CJIiB 3 5 Ta 6 CHMBOJIAMU.

Jlanmi meperyisHeMoO CTOI-CJIOBa B TEKCTI Ta iX KUIbKICTh B «Treatment» Ta

«Not treatmenty manux (puc 2.4, 2.5) [12].

120

100

the of and in is to from with by are

8

2]

[

%]
=1

Pucynok 2.4 — KinbkicTb cTon-ciiB B « Treatmenty manux
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35
30
5

20

10 -
of the to and in is are not with

which

Pucynoxk 2.5 — Kinbkicts cromn-ciiB B «NOt treatment» manux

Cepen cTOI-CJTiB HAMITOMIMPEHIIMMH € ciioBa «0f» Ta «they.
Takox BaxIMBHM (DAKTOPOM € YaCTOTa BXKMBAHHS KOXKHOTO cjIoBa (puc. 2.6)

[12]

basin -
part |
water |
The -|

Bug |

nitrogen -|
Southern
river
wastewaters -
located -
temperature
In

bodies
Khmelnitsky -
air -|
wastewater -

‘organic -
ions -
waters -|
average -
year -|

o
wn
=
=1
-
tn
[
=1

Pucynok 2.6 — 3aranbHOBXHBaHI clloBa

HaiiGinpim BXKUBaHUM € cITOBO «basin» — 6aceiiH, 1Mo € 3aKOHOMIPHUM, aJ[Ke
e — TekcT npo piuky «IliBgennuit byr». Takox € mpobieMoro Te, 10 OJHUM 3
HalmommpeHimux € caoBo «The», ToMy 11e# TEKCT MOTpeOy€e OUHIIICHHS.

Jlaumi fine cTBOPEHHS XMapH CITIB 13 3HAYCHHSIMMU ITi1 KaJIpOM JaHUX KaTeropii,
3araJibHOBXKMBaH1 B 000X Tumax («Treatment» ta «Not treatment») (puc. 2.7, 2.8)
[12].
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exlisting

wastewater

ing?®

contaln

I:|)xh, s1cal

Pucynok 2.7 — Xmapa ciiB y knactepi « Treatment»

U S er S héusmg :

urbaneyy ...

\Aprs
amount =

Pucynox 2.8 — Xwmapa ciiB y kinacrepi «Not treatment
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3niicHUMO Bi3yaltizailiio BKIaaeHb (puc 2.9).

Not treatment
Bl Treatment

1 2 3 2 5 5 7 E

Pucynok 2.9 — Bizyaunizariist BKJIaieHb

BKJI&I[CHHH BHUITEAOAaOTh HC OYIKC YITKO pOSI[iJIeHI/IMI/I. HOI[I/IBI/IMOCH, 9qHu €

MOJKJIMBICTS iX KilacTepu3yBatu kpaimie (puc. 2.10) [12].

Not treatment
Hl Treatment

03 04 05

Pucynox 2.10 — Knacrepu3zatiist 1anux



i maH1 HEMOTAHO KJIACTEPU3YBAJIHCH.

25

2.3 CTBOpeHHs nepeATPeHOBAHUX MoeJiei 1is kiaacupikanii 1anux

[Ilo6 BuKOpucTOBYBaTH 1H(GOPMALIMHY TEXHOJIOTIIO0, SKa PO3POOISETHCA,

noTpiOHI  TepeaTpeHOBaH1

HaBEJCHUI Ha pUCYHKY 2.11.

MoIeni-Ki1acu(ikaTopu.

Anroputm

Start

l

dataset

Creation and labeling of the

:

Creating of embeddings

using the DistilBERT NLP

model

v

Training 5 machine learning

models for
classification of a given

target and the selection of
the best one among them

End

|

iX po3poOku

Pucynox 2.11 — Anroput™m po3po0Oku Mojaenen-kiacudikaTopis
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BiamoBigHO 70 1IHOTO aNTOPUTMY, MEPIIAM €TAIIOM € CTBOPEHHS Ta PO3MITKa
JmaTaceTy, Iied mporec OyB omucaHuid B migposaum 2.1, came mei maracer Oyne
BUKOPHCTOBYBaTHCh. HacTymHuM eTtamoM € ¢opMyBaHHS eMOEIWHTIB, 3a
JIOTIOMOTOI0 MeTOo Iy 00poOku npupoaHboi MoBU DistilBERT, ockinpku came Horo
0OpaHo MpH aHaMi31 OISy TEXHOJIOTIN JIJIsl BUPIIIEHHS MpobemMy B miapo3aimi 1.2.
I ¢inanpHMM KpoKOM Ha IbOMY eTami OyAe TpeHyBaHHS MoOJACNIEH, Kl Oyiu
BiiOpani B migpo3aim 1.3 Ta 30upaHHs iX pe3ynabTaTiB, HA OCHOBI SIKUX B KIHII
o0epeMo HalKpalili s MO1aIbIIOT0 BUKOPUCTAHHS Ha TOBUIBHUX JAaTaceTax.

[Ticnsg ycix eTamiB ONMCAaHUX BHUINE, IMPUCTYNAEMO 10 Oe3rmocepeHbo

TPEHYBaHHS KOKHOI MOJIENI Ta iX MoAabIioro mopiBHsHHS (puc. 2.12) [13].

import numpy as np
import pandas as pd

import matplotlib
import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split
from sklearn.model_selection import GridSearchCV
from sklearn.model_selection import cross_val_score
from sklearn.metrics import accuracy_score

# models

from sklearn.linear_model import LinearRegression, Perceptron, RidgeClassifier, SGDClassifier, LassoCV
from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifler, ExtraTreesClassifier
from sklearn.ensemble import BaggingClassifier, AdaBoostClassifier, VotingClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.naive_bayes import GaussianNB

from sklearn.neighbors import KNelghborsClassifier

from sklearn.gaussian_process import GaussianProcessClassifier

from sklearn.neural_network import MLPClassifier

from sklearn.tree import DecisionTreeClassifier, plot_tree

from sklearn import metrics

import xgboost as xgb

from xgboost import XGBClassifier

# NN models

import keras

from keras.models import Sequential

from keras.layers import Dense

from keras import optimizers

from keras.wrappers.scikit_learn import KerasClassifier

import torch
import transformers as ppb

import warnings
warnings.filterwarnings( ignore')

Pucynok 2.12 — IMnoptyemo HeoOXi/1H1 010110TE€KH 711 pOOOTH
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Jlaii 3aBaHTaXUMO IMATOTOBJICHUN AaTaceT IS TPEHYBaHHS MoJjiene (puc.

2.14) [13].

0
1
2
3
4

95
96
97
98
99

df = pd.read_csv('../input/nlp-reports-news-classification/water_problem_nlp_en_for_Kaggle_166.csv’

df = df.fillna(8)

convert_dict = {'text': str
‘env_problems’: int,
'pellution’: int,
"treatment’': int,
‘climate’: int,
'biomenitoring’: int}

df = df.astype(convert_dict)
df

text env_problems pollution treatment climate biomonitoring

In the Southern Bug basin wastewater is discha... 1
This amount is distributed as follows: urban a...
Despite the similar volumes of discharged wast...
They bring 84% of organic pollution 86% of pho..

The input of the industry is between 7-21% and...

Chemical compesition of water bodies shall com...
According to the Directive provisions water bo..
Besides in the field of data precessing during...

Use of these values was offered by the Monitor...

o o o o o @

To determine confidence levels for assessment ...

100 rows = & columns

0
1 0
1 0
1 0
1 0
0 0
0 0
0 0
0 0
0 0

0

0
0
0
0

o o o o o i

0

0
0
0
0

o o o o o i

delimiter=";",

header=8)

Pucynok 2.13 — 3aBaHTa)keHHS 1aTaceTy

Buoaumo indopmariito npo 3aBaHTakeHuit gatacet (puc. 2.14).

df.info()

Column

env_probl
pollution
treatment
climate

biomonito
dtypes: intsd(
MEMOry Usage:

[ [ A WY R

EMms

- i'"g

5"\

l1ea
1ea
1ea
1ea
1ea
1ea

4.8+ KB

! Oy
8 to 99

non-null
non-null
non-null
non-null
non-null
non-null

b, object{l1)

=z 'pandas.core.frams.0ataFrams’ >
eIndex: 188 entries,

columns (total & columns):
Mon-Mull Count

Dtype
object
inte4
int64
intes4
intG4
inte4

Pucynok 2.14 — Indopmariiist npo 3aBaHTaKeHUI 1aTacer
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Tenmep 3aBaHTax)MMO momepeAHbO TpeHoBaHy Mozaenb DistilBERT mns

1101aJ1bI1101 poOOTH 3 Hero (puc. 2.15).

# For pre-trained DistilBERT:
model_class, tokenizer_class, pretrained_weights = (ppb.DistilBertModel, ppb.DistilBertTokenizer, 'distilbert-base-uncased')

# Other models: https://huggingface.co/transformers/pretrained_models.html
# Load pretrained model/tokenizer

tokenizer = tokenizer_class.from_pretrained(pretrained_weights)
model = model_class.from_pretrained(pretrained_weights)

Pucynox 2.15 — 3aBanTaxenns DistiBERT

Tenep TOkeH13yeEMO pedeHHs, TOOTO MpUBEAEMO JlaHi 70 3pyuHoro st BERT

Buay (puc. 2.16).

# Tokenization the sentences - break them up into word and subwords in the format BERT is comfortable with
tokenized = df['text'].apply((lambda x: tokenizer.encode(x, add_special_tokens=True)))

max_len = @
for i in tokenized.values:
if len(i) > max_len:
max_len = len(i)

padded = np.array([i + [@]%(max_len-len(i)) for i in tokenized.values])
np.array(padded) .shape

(1ee, 78)

# Creation variable to ignore (mask) the data padding
attention_mask = np.where(padded != 8, 1, 8)
print(attention_mask.shape)

attention_mask

(1ea, 78)

array([I1, 1, 1, , 8, 8, o],
1, 1, 1, » 1, 1, 11,
1, 1, 1, , 9,8, 8],
11, 1, 1, , 8, @, o],
I1, 1, 1, , @, 8, 0],
I, 1, 1, , 9, 8, e]])

Pucynox 2.16 — Tokenizais i dopmaryBanss nanux st BERT

HactynHuii Kpok: Ha OCHOB1 TOKE€H130BaHUX JIaHUX U MONEPEIHBO TPEHOBAHOT

mogeni DistilBERT cTBoproemo mMozens ajist Hamnoi 3aaadi (puc. 2.17).



29

# Modeling
input_ids = torch.tensor(padded).to(torch.int64)
attention_mask = torch.tensor(attention_mask).to(torch.int64)

with torch.no_grad():
last_hidden_states = model(input_ids, attention_mask=attention_mask)

# Last hidden states
features = last_hidden_states[8][:,8, :].numpy()

Pucynok 2.17 — CrBopennst mozeni DistilBERT

3amaeMo mapaMeTpu Uil HaJallTyBaHHS poOOTH oOpaHMX MoJenend U
30epiraeMo cepeiHe i MakCUMallbHE 3HAu€HHs pe3ynbTaTiB pobotu (puc. 2.18,

2.19) [13].

# Set parameters of models
models = pd.DataFrame(columns = ['name’, 'model’, 'param_grid'])

# Linear Regression

n=20

models.loc[n, 'name’'] = 'Linear Regression
models.at[n, 'model’] = LinearRegression()
models.at[n, ‘param_grid'] = {}

# Random Forest Classifier

n=1

models.loc[n, "name'] = 'Random Forest Classifier’

models.at[n, 'model’] = RandomForestClassifier()

models.at[n, ‘param_grid'] = {'n_estimators': [4@, 508, 68, 188, 568],

‘min_samples_split': [3@, 48, 58, 168, 268],
‘min_samples_leaf': [18, 12, 15, 28, 58],
‘max_features': ['auto'],

‘max_depth': [3, 4, 5, 6],

‘criterion’: ['gini'],

"bootstrap’ : [False]

I
# Bagging Classifier
n=2
models.loc[n, 'name’'] = 'Bagging Classifier
models.at[n, 'model’] = BaggingClassifier()
models.at[n, 'param_grid'] = { max_features': np.linspace(8.85, 8.8, 1)
'n_estimators’: [3, 4, 5, 6],
‘warm_start' : [False]
b
# XGB Classifier
n=3
models.loc[n, 'name'] = 'XGB Classifier
models.at[n, 'model’'] = xgb.XGBClassifier(objective='binary:hinge') # or binary:logistic
models.at[n, 'param_grid'] = { n_estimateors’': [5@8, 78, 98],

‘learning_rate': [8.81, 6.85, 8.1, 8.2],

'max_depth': [3, 4, 5]
b

Pucynok 2.18 — [1apametpu oOpanux mozenei
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# MLP Classifier

n=4

models.loc[n, 'name’] "MLPClassifier’

models.at[n, 'model’] MLPClassifier()

models.at[n, ‘param_grid'] = { hidden_layer_sizes': [i for i in range(2,18)],
"solver’: ['sgd'],
"learning_rate': [ adaptive’],
‘max_iter': [1888, 2868]

# Avg values

models.loc[5, 'name’] "Mean wvalues'

# Max values
models.loc[6, 'name'] = 'Max values'

Pucynok 2.19 — [1apametpu oOpanux mozeneit (pogoBKEHHS)

[Ticns Toro, sK 3aJaHO BCl HEOOXIJHI MapaMeTpu, MAaTUMEMO HACTYIHY

kaptuny (puc. 2.20).

name model param_grid
0 Linear Regression LinearRegression() 1
1 Random Forest Classifier RandomForestClassifier) {'n_estimators®: [40, 50, 60, 100, 500], 'min_...
2 Bagging Classifier BaggingClassifier])  {'max_features": [0.05], 'n_estimators” [3, 4.
3 XGB Classifier XGBClassifier[base_score=None, booster=Nene, c..  {'n_estimators’: [50, 70, 90], ‘learning_rate'..
4 MLPClassifier MLPClassifier() Chidden_layer_sizes: [2, 3, 4,5, 6,7, 8 0..
5 Mean values MNaM MNal
& Max values MNaM MNal

Pucynox 2.20 — BigoOGpakeHHs mapaMeTpiB yCiX MOJeei

Tenep, cTBOpUMO (YHKIIIO [UIsi TpeHyBaHHA OOpaHUX MoJeneil Ta
OOYMCIICHHS OTPUMAHKX PE3yJbTATIB Ha MATOTOBJIICHUX JIAHUX, & TAKOXK PO3ILITUMO
JaTaceT JJid MalOyTHBOTO TIOHIHTY, TOOTO AJii TpEeHyBaHHs Mojeneit (puc. 2.21-

2.23) [13].




def model_prediction(models, features, labels, test_size, verbose):
# Models training and data prediction for all models from DataFrame models

# Splitting train data for model tuning with cross-validation

#ev_train = ShuffleSplit(n_splits=cv_n_split, test_size=8.2, random_state=random_state)

train_features, test_features, train_labels, test_labels = train_test_split(features,
labels,
test_size=test_size,
random_state=random_state)

# Total list of prediction by all models

total_train_pred = []

total_test_pred = []

# Results
results = models[['name']].copy()
results['acc_train'] = results['acc_test'] = 8

for i in range(len(models)-2):
# Training
model = GridSearchCV(models.at[i, 'model’'], models.at[i, 'param_grid'])
model.fit(train_features, train_labels)

# Prediction

train_pred = model.predict(train_features).round(8).astype( int')
total_train_pred.append(train_pred)

test_pred = model.predict(test_features).round(8).astype( 'int')
total_test_pred.append(test_pred)

# Scoring
acc_train = accuracy_score(train_labels, train_pred)
acc_test = accuracy_score(test_labels, test_pred)

Pucynox 2.21 — @ynkiis 1715 TpeHYBaHHS MO/IEei — TIOHIHT MOJelen

if verbose:
print(f"Model - {models.loc[i, 'name']}")
print("Best parameters:", model.best_pa-ams_)

print{"Accuracy for training data: %@.3f" % acc_train)
print{"Accuracy for test data: %8.3f" % acc_test)
print{'\n')

# Save results
results.loc[i, 'acc_train'] = acc_train
results.loc[i, 'acc_test'] = acc_test

# MEAN valuves

# Calc prediction

mean_train_pred = (np.mean(np.array(total_train_pred), axis=8)).astype(int)
mean_test_pred = (np.mean(np.array(total_test_pred), axis=8)).astype(int)

# Scoring
acc_train = accuracy_score(train_labels, mean_train_pred)
acc_test = accuracy_score(test_labels, mean_test_pred)
if verbose:
print(f"Mean prediction wvalues")
print("Accuracy for training data: %8.3f" % acc_train)
print("Accuracy for test data: %8.3f" % acc_test)

# Save results

n = len(results)-2

results.loc[n, 'acc_train’'] = acc_train
results.loc[n, 'acc_test’] = acc_test

Pucynox 2.22 — ®yHKIliA 1715 TPEHYBAHHS MOJIEJIEH — CepeJiHI 3HAUCHHS
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# MAX values

# Calc prediction

max_train_pred = (np.max(np.array(total_train_pred), axis=8))
max_test_pred = (np.max(np.array(total_test_pred), axis=8))

# Scoring
acc_train = accuracy_score(train_labels, max_train_pred)
acc_test = accuracy_score(test_labels, max_test_pred)
if verbose:
print(f"Maximum prediction values")
print(“Accuracy for training data: %B8.3f" % acc_train)
print("Accuracy for test data: %8.3f" % acc_test)

# Save results

n = len(results)-1

results.loc[n, "acc_train'] = acc_train
results.loc[n, 'acc_test’] = acc_test

return results

Pucynox 2.23 — @yHKIist 17151 TPeHYBaHHS MOJIeeil — MaKCUMalIbH1 3HaYEHHS

I pinanbHUM KpOKOM € HanmMcaHHs PYHKINT I Iepe10ayeHHsT KJIaciB TaHUX
0 33JJaHUX TapreTax, i BiAMOBIIHO 30epeKeHHs Ta BIJOOpaKEHHS PEe3yJIbTATIB Ta

craructuku (puc. 2.24) [13].

def target_prediction(models, df, features, target, test_size=8.2, verbose=True):
# Text classification model and prediction for given feature "target" (with labels) in df

# Target
labels = df[target]

# Extracting the number of examples of each class
Relevant_len = df[df[target] == 1].shape[8]
Not_len = df[df[target] == 8].shape[8]

# Draw bar plot

plt.rcParams[' figure.figsize'] = (7, 5)

plt.bar(18, Relevant_len, 3, label="Relevant", color='green')
plt.bar(15, Not_len, 3, label="Not", color="red')
plt.legend(loc="'upper center")

plt.ylabel('Number of examples')

plt.title('Propertion of examples for ' + target)

plt.show()

# Models training, prediction and save results
results = model_prediction(models, features, labels, test_size, verbose=verbose)

results = results.sort_values(by=['acc_test', 'acc_train'], ascending=False)
results.to_csv(f' {target}-models-scoring.csv', index=False)
display(results)

Pucynok 2.24 — ®yHkis ais nepeadadeHHs mo Taprerax
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Tenep 3anummiIOCh BUKIMKATH CTBOpeHY (yHKIIIO W mepemaTu il yci
HEOOX1/IH1 TapaMeTpu, SKi OyJd MiArOTOBJIEHI B mpolieci poOoTu. Pesynprarom
BUKOHAHHS 1€l (QyHKIIi OyAyTh CTaTUCTUYHI JaHI poOOTH KOXKHOI MOJENl IO

OKpeMHux Taprerax (puc. 2.25).

Ehtime
# Solving NLP Classification tasks
print('Solving NLP Classification tasks')
for col in cols:
target_prediction(models, df, features, col, test_size=8.4, verbose=True)

Pucynox 2.25 — Bukiuk QyHKII1 1719 TpEHYBaHHSI MOJIeNIeH 1O TapreTax

Pesynbrat poOOTH MoJIeNeH Mo pisHuX Taprerax (puc. 2.26 — 2.30) [13].

name acc_train acc_test
4 MLPClazsifier 0.883333 0875
1 Random Forest Classifier  0.0966667 0.950
0 Linear Regression  1.000000 0.800
5 Mean values 09383333 0.900
2 Bagging Classifier 0.983333 0.875
3 XGB Classifier 00983333 0.200
i Max values  0.950000 0.775

Pucynok 2.26 — Peaynbratu poboTH Moienel o Taprery «env_problemsy

name acc_train acc_test
i} Max values  0.950000 0.825
0 Linear Regression  1.000000 0.800
2 Bagging Classifier 0.966667 0775
3 XGB Classifier 0.066667 0,775
4 MLPClassifier  1.000000 0.750
1 Random Forest Classifier 0.950000 0.725
5 Mean values  0.950000 0,725

Pucynok 2.27 — Pe3ynabTatu pob0TH Moenel o Taprety «pollutiony



name acc_train acc_test

0 Linear Regression  1.000000 0.900
4 MLPClassifier 0.966667 0.900
2 Bagging Classifier 0933333 0.900

1 Random Forest Classifier 0.866667 0.850

5 Mean values  0.866667 0.850
3 ¥GB Classifier 1.000000 0.775
il Max walues  1.000000 0775

Pucynok 2.28 — Pe3ynbratu poO0oTH Mojeneil mo taprery «treatmenty

name acc_train acc_test

0 Linear Regression  1.000000 1.000
4 MLPClassifier  1.000000 0.950
6 Max values  1.000000 0.930

1 Random Forest Classifier  1.000000 0.925

2 Bagging Classifier 0983333 0.925
5 Mean values 0.083333 0.875
3 HGB Classifier  1.000000 0.830

Pucynok 2.29 — PesynbpTatu pob0TH MOenel 1o Taprery «climatey

name acc_train acc_test
2 Bagging Classifier 0.083333 0.950

1 Random Forest Classifier  0.900000 0.950

4 MLPClazsifier 0.200000 0.950
5 Mean values 0.900000 0.950
0 Linear Regression  1.000000 0.900
3 XGE Classifier 0983333 0.850
& Max values 0983333 0.825

Pucynok 2.30 — PezynbpTatu poboTH Monenel o taprery «biomonitoring»
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BinTBopuBIM Bei il onMcaHi BUILE, MAEMO 3pYUHY JUIS aHAJI3y CTATUCTUKY
nmpo oOpaHl MOJeJi, Ha OCHOBI SIKOI B)KE€ MOXXEMO MiAiOpaTH ONTUMAaJbHI IS
JOCSITHCHHST METH.

[IpoananizyBaBii pe3ynbTaTd Ha pucyHkax 2.26-2.30, BuaHO, IO
ONTUMAIBHOIO MOJICIUTIO € JiHIifHAa perpecis, aje I O3Hauae, 10 JaHi CHIIBHO
3alIyMJICH] 1 1€ 3aBa)kae OuIbIle MOTYXHUM MOJEISIM. SIK MpaBUIIBHO, MOJETH
JIHIAHOT perpecii € Kpamiow, KoJid BOHa «oBepdiTUThbes» mif naHi. OTxe,
MIPOTIOHYETHCS SIK ONTUMaIbHY BUKOPUCTOBYBATH JIBi:

- JliniitHa perpecis;

- Bunaaxkosi iicu (Random Forest).

2.4 BUCHOBKH

B nmanomy po3aini po3riisiHyTo moOyJoBYy J1aTaceTy, HOro po3BildyBaJIbHUI
aHaJi3 JaHuX Ta 3acTocyBaHHs MOBHUX NLP-Moseneli 1 TeXHOIOT1H 151 BUPIIIICHHS
MIOCTaBIICHOTO 3aB/IaHHS.

[IpoBeaeHO MATOTOBKY TPEHYBAJILHOTO JIATACETY, sIKUii OyB Ki1acu(iKOBaHHIMA
BpPYUYHY, JJIs TOTO, 100 BiH OyB MakCUMajbHO pPE3yJbTaTUBHUM 1 MOjeNl Oynu
rapHO HAaBYEHUMHU. 3[IIHCHEHO PO3BIAYBAIIBHUI aHAII3 711 TOTO, 00 MOXHA OyI0
POOHMTH BUCHOBKH IIIOJ0 TOTO, HACKUJIBKY CTBOPEHHUH JaTaceT BIAMOBIAAE 3adaHUM
BuMmoram. [loTiM, omucaHo ajroputT™M po3poOKH MOAEN KIacH(IKaTOPiB,
copMyBaHO eMOEIIMHTH 3a JTONIOMOTOI0 METOAY OOpOOJICHHS MPUPOAHBOI MOBU
DistilBERT, ockinbku came #oro oOpaHO mij 4ac aHajaizy TEXHOJIOTIH s
BUpPILIEHHSI MPOOJeMU, MICAs 4oro BiAOYJIOCh TPEHYBaHHS MOJENEH, Kl Oyiu
BiniOpani B migpo3auti 1.3, Ta mpoBeaeHo aHali3 pe3yabTaTiB iX pOOOTH.

Pe3ynbTatoM 1bOT0O pO3ALTY € CTaTUCTHKA MO pOoOOTI KOXKHOI 3 5 Moaenen
MAalIMHHOTO HAaBYaHHS, SKI PO3IJSHYTO B mepuiomy po3auti. IIpoBiBmm aHami3
pe3yJbTaTiB, MaeEMO, 1110 MOJEI JIHIMHOT perpecii Ta BumaakoBux Jicis (Random
Forest) mokazanu Haiikpauuii pesynbTaT, a came — TouHicTh 0.80 Ta 0.95

BIJIMOBITHO, TOMY Ha HHX 1 TPOJOBKUMO KJIaCH(iKAI[iI0 B HACTYITHOMY PO3ILIi.
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3 CTBOPEHHSI IHTEJIEKTYAJIbBHOI IHOOPMAIIMHOI
TEXHOJIOI'TI KJIACU®IKAIIl AHTJIOMOBHOI THOOPMAIIIL ITPO
MACHBH BOJI BACEVHY PIUKH IMIBJIEHHUI BYT

3.1 Anroputm nmporpamMHoro 3aée3nedyeHHs iHgpopmManiiHoi TEXHOIO0TIT

Po3B’s130K 3a/1a41l MPOMOHYETHCS pO30OUTH HA 2 €TaIH:

Eran 1. HanamryBanus iHdopmariiitHoi TEXHOJIOTIT Ta CHHTE3 ONTUMAIbHUX
nepeATPEHOBAHUX MOIeei-KaacupikaTopiB (IUB. PO3aLT 2).

Eran 2. 3acrocyBaHHS ONTUMAaIbHUX MEPEATPEHOBAHUX  MOJIEJICH-
KJ1acu(iKaTOPiB HA 3aIaHUX JTAHUX.

Anroputm etamy 1 HaBezieHo Ha puc. 2.11. 3aranbauii anroputm po3pooeHol

1H(DOopMaIiiHOT TEXHOIOT1T Ha eTani 2 HaBeJAeH Ha puc. 3.1.

Start

h 4

Search
web links and web
scraping

h 4

Parsing
data and dataset
creating

h 4

Creating
BERT embeddings

h 4
Choice

of the optimal

pretrained model from B

stage |

Yes

Result
satisfactory?

End

Pucynox 3.1 — 3arayibHuii anropuT™ Ha eTari 2 TeXHOJIOT1i, SKa pO3po0II€ThCS
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AJTOpPUTM Ny’K€ CXOKHUU 10 MEPIIOro €Taly CBOIMHU MEPIIMMHU ITyHKTaMH,
OCKUTBKU TaKOX TOTYETbCS AaTaceT Ui poOOTH 3 HHUM, ajle B I[bOMY BHIIAJKy HE
IPOBOAMUTHCA pyyHa KiacHQikallis Ta 1HII omneparii, a Juiie BOHH 30UparoThes 3
JDKEpell Ta MPOITyCKaThes depe3 mapeep, mob oTpuMaTH csv ¢ailsn 1ist poooTH 3
MojenaMu-kinacugpikaropamu. [licias miArOTOBKM — AaTaceTy, pPO3MOYHMHAEMO
TECTYBaHHA B1A1IOpaHUX MOJETEH, sIKi BXKE TPEHOBaH1 Ha MONEPEIHbOMY JIaTaceTi 3
iapo3a1Ty 2.1, 1 Ko pe3yabTaT — 3aJ0BUIbHHMI, TO 3aKIHYYEMO TIPOrpamy, SKIIO

K Hi — IOBEPTAEMOCH JI0 BUOOPY MoIei i 6epeMo 1HITy.

3.2 ®opMyBaHHS AaTaceTy

B sikocTi mxepena naHux oOpaHo aHTIIOMOBHY MoHOTpadito [2].

st dopmyBaHHS AaTtaceTy po3poOJeHO mMmapcep BIAMOBIIHO JO BUMOT
nocranienoi 3amadi [14]. Tlapcep MicTuTh B COO1 MOMIIMBICTH BHOOPY TaKUX
KoH(irypariit (puc. 3.2):

— MOBa TEKCTY;

— THII JpKepesa JIaHuX;

— MITKa CErMEHTA.

& Yep 0 AHMm ' Web '+ Docx 41 =0

’—[Zlﬁepim MOBY CbepiTe TMN Napcepy- ’—Dﬁepim MITKY CErMeHTa-

Pucynok 3.2 — Kondirypanii napcepa

[Ipu pobGoTi 3 BeO-TOKyMEHTaMHU, MEpHI 3a BCE, MOTPIOHO TMPOBECTH
CaMOCTIHHUH aHalli3  BeO-CTOPIHKM JIJIs 3HAXOKCHHS i1eHTHdikaTopa («id» ado
«class htmly tera), na sikuii 6yae opieHTyBaTHCh apceep. Jlam MoxeMo nepexoauTi
110 KOHQirypalii napcepa, Juisl IIbOro MOTPIOHO 3aMOBHUTH Taki noJis (puc. 3.3):

— URL — nocunanus Ha qxepeno;
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— ID/class — BBectn imeHTH(]IKATOp MONIYKY, KM OyB OTPHUMAaHUN TpU
CaMOCTIMHOMY aHaJli3i;

— oOpartu Tun izeHTudikatopa.

Begite napametpy onA Amepena TEKCTY

LIEL

Obepite igeHTadikatop bnoky

IDfclass % +

Pucynok 3.3 — Kondirypariisa ajis po6otu 3 Be0-10KyMEHTaMH

[Tpu poOOTI 3 TEKCTOBUMH JOKyMEeHTamMH y (opmaTi docx alroputM 3HAYHO

npocTimui, a came B noJi «Filepath» Bkazatu nutsix 1o ¢aiiny B cuctemi (puc. 3.4).

Benite napameTpn ANA A¥epena TEKCTY

Filepath |

Pucynok 3.4 — I[lone qis muisixy A0 IKepea TaHuX

[Ticns mapcuHry naHux 3 oOpaHuX JKepen, 00 eKCIOopTyBaTH JaHl 10 CSV-
daiiny, HeoOX1aHO BKazaTu Koro Ha3By B moui «Output filename» Ta HaTUCHYTH
KHOTIKY «3amucatu 10 CSVy», 3reHepoBanuii ¢aitn Oyne 3HAXOIUTUCH B TIH XKe

JTUpeKTopli, 1o ¥ mapcep (puc. 3.5).

Output filename

Pucynoxk 3.5 — Ilosie ny1st Ha3Bu csv daiiny

[licns HamamTyBaHHS BCIX HEOOXIJHUX KOH(Irypamidi Ta 3aloBHEHHS

000B’SI3KOBUX TOJIB, TporpamMa MaTUMe Takui BUTIISA (puC. 3.6).



2 Mapcep Tekcty
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Pucynox 3.7 — 3renepoBanuii csv aiin
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[Ipu po3podui mapcepa, Oynu BUKOpUCTaH1 0107110TEKH, SIKI 3a0€3MeUyI0Th
MIPABIJILHUH MO TEKCTY Ha PEUYCHHS, 1 OUUIIAIOTh HOTO Bij] 3aiBUX CUMBOJIIB, 1110
3HAYHO CHpOITy€e poOOTy 1Mo TokeHizarii peuens 11t BERT 1 normomarae yHukHyTH

IIOMMJIOK TIpY BUKOHAHI 1ux mpoiiecis [15] [16].

3.3 3acrocyBaHHSl TeXHOJIOTii 10 3BiTHOCTIi €BpokoMmicii mo crany

BOJHHX pecypciB

Jliist Toro 1mo6 mpoTecTyBaTH po3po0JieHy TEXHOJIOTII0 Ha MPAKTHIll, OyiH
nigiopaHi Jadl 3 calTiB €BPOKOMICIH, € OMUCYIOTHCS €KOJIOTIYHI CTaHU BOJHUX
pecypciB €Bpornu. 3riIHO aIrOPUTMY, MEPII 3a BCE MIATOTYEMO JIaTaceT JJIsl pOOOTH
3 HUM.

JJ1st mapCUHTY BUKOPUCTAEMO TIPOrpamMy CTBOPEHY U OIKCaHy B po3auii 3.2,
a came Meton nmapcuHry 3 docx daiiny. s mouatky 30epeMo yci JaHi JO0 OJHOTO

daiiny (puc. 3.8).

ma e s ) euro-text Q> Mouck & AokyMeHTe O~

&+ OBuwwii goctyn

A | Beraska  Kouerpykrop  Maker  Cebinku

Ly
- —
- TimesNewR.. +|12 | As Av A%v| AP AabeBarrla | AabeBorida  AaBOBary, AssGEeltla  AaBGBaIT

Bﬂnimn& K K 4 veee X; x2 |[Ar & v A
4 <

Surface waters are important habitats. They are key for supporting society and the economy
throughout Europe and clean, unpolluted waters are essential for healthy ecosystems. However,
surface waters have traditionally been used as disposal routes for human, agricultural and
industrial wastes, damaging water quality. They have also been altered (by building dams and
canals, etc.) to facilitate agriculture and urbanisation, produce energy and protect against
flooding, all of which can change and degrade habitats.

The Water Framework Directive (WFD) stipulates that EU Member States should aim to achieve
good status for all surface water and groundwater bodies. Ecological status and potential are
criteria used to assess the quality of the structure and functioning of surface water ecosystems.
Ecological status is influenced by water quality (e.g. pollution) and habitat degradation, and is
used as a proxy for the overall status of water bodies.

According to countries’ second river basin management plans (RBMPs) covering the period up
to 2015, good or better (high) ecological status has been achieved for only around 40% of
surface waters (rivers, lakes, and transitional and coastal waters). Moreover, there has been little
improvement in ecological status since the publication of the first RBMPs in 2009, with the
status of most water bodies remaining similar. Despite this lack of overall improvement, the
status of many of the individual elements that make up ecological status has improved.

The main pressures on surface water bodies are pollution from point (e.g. waste water) and

Pucynox 3.8 — Docx ¢aiin 3 JanuMu 17151 TAapCUHTY

Tenep 3aBaHTaxkuMo 11€#l (paitsl 10 mporpamu 1 NPOIyCTUMO Yepe3 mapcep u

3aIrIIeMo pe3ybTaT 110 daitry «euro-text-for-classification» (puc. 3.9).
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[ MNapcep TekcTy

 BlanapcuTh Tekct Jll 3anWcati oo GV

Pucynok 3.9 — CtBopeHHs gaTaceTy 3a JOIIOMOTOI0 Imapcepa

[licns mpoBeneHHs yCiX ONEpaliil ONMCaHUX BHUIIE, MAaTUMEMO TOTOBHIA

naTaceT s kiacudikalli npeITpeHOBaHUMHU MOJIEISIMU, OOpaHUMU B po3/iii 2.3

(puc. 3.10).
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Ecological status and potential are criteria used to assess 1
Ecological status is influenced by water guality (e.g.
pollution) and habitat degradation and is used as a proxy fi
According to countriessALL second river basin managemer
Moreover there has been little improvement in ecological :
Despite this lack of overall improvement the status of mar
The main pressures on surface water bodies are pollution
agriculture) sources and various hydromorphological press
To improve and restore the approximately 60% of surface
The percentage of water bodies with less than good (i.e.
moderate poor or bad) ecological status varies between rip
Surface water bodies in north-western Eurcpe have the low
In Belgium (Flanders) northern Germany and the Netherla
Other problem areas include Czechia southern England (Ur
Northern countries particularly the northern Scandinavian |
The investigation of the Tisza River was a follow-up projec
The objective of the survey was to investigate-tthe water
The countries participating at the survey include Romania

0o DD o000 DDoo0D Do o0 o0DDooo0D
S0 oofo oo e o oo o
=A== - R - =R - - - - - - - - - -
S o oo e oo o e o oo e e oo e e

F

biomonitoring
0

00D o0 Do oDDoD oD Do oODD oD oOoDoOoOoO oo

Pucynox 3.10 — CtBopenuii qaTaceT s Kiaacudikarrii
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Tenep 3actocyemo BERT Ta mpenrpenoBani mozeni, BuOpaHi y migpo3aisi

2.3: niHilHYy perpecito Ta Bunaakosi jgicu (puc. 3.11, 3.12).

text env_problems pollution treatment climate biomonitoring

They are key for supporting society and the economy throughout
0 Europe and clean unpolluted waters are essential for healthy 1 a 1 1 1
ecosystems.

However surface waters have traditionally been used as disposal

1 routes for human agricultural and industrial wastes damaging water 1 1 1 1 0
quality.
2 They have also been altered (by building dams and canals etc.) 1 1 1 0 0

to facilitate agriculture and urbanisation produce energy and protect
against flooding all of which can change and degrade habitats.

The Water Framework Directive (WFD) stipulates that EU Member
4 States should aim to achieve good status for all surface water and Q Q il 1 1
groundwater bodies.

Ecological status and potential are criteria used to assess the quality

5 of the structure and functioning of surface water ecosystems. 0 0 1 o 1
6 Ecological status is influenced by water quality (e.g. 1 1 1 0 1
7 pollution) and habitat degradation and is used as a proxy for the 1 1 1 ] 0

overall status of water bodies.

Pucynox 3.11 — Knacudikaiiis 3a J0oMOT0I0 MOJIENI JIIHIMHOI perpecii

The result of classification using the model random-forest
text env_problems pollution tr it cli bic itoring

They are key for supporting society and the economy throughout
0 Europe and clean Lnpolluted waters are essential for healthy 1 a ] 4] a
ecosystems.

However surface waters have traditionally been used as disposal

1 routes for human agricultural and industrial wastes damaging water 1 0 1] o 0
quality.

2 They have also been altered (by building dams and canals etc.) 1 a ] 4] a

3 to facilitate agriculture and urbanisation produce energy and protect 1 0 0 0 0

against flooding all of which can change and degrade habitats.

The Water Framework Directive (WFD) stipulates that EU Member
4 States should aim to achieve good status for all surface water and 1 0 vl o 0
groundwater bodies.

Ecological status and potential are criteria used to assess the quality

3 of the structure and functioning of surface water ecosystems. L U U J U
-] Ecological status is influenced by water quality (e.g. a a ] 4] a
7 pollution) and habitat degradation and is used as a proxy for the 1 0 0 0 0
overall status of water bodies.
According to countries’ second river basin management plans
8 (REMPs) covering the period up to 2015 good or better (high) 1 0 0 0 0

ecological status has beer achieved for only around 40% of surface
waters (rivers lakes and transitional and coastal waters).

Moreover there has been little improvement in ecological status since
- the publication of the first RBMPs in 2009 with the status of most 1 0 ] ) 0
water bodies remaining similar.

Despite this lack of overall improvement the status of many of the
individual elements that make up ecological status has improved.

Pucynox 3.12 — Knacudikariist 3a 101momMororo Moieli BUMaIKOB1

aicu (Random Forest)
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[IpoananizyBaBIIM pUCYHKH HaBEEHI BUIIE, MOKEMO 3pOOUTH BUCHOBOK, 1110

Moeb BunaakoBux Jicie (Random Forest) Bugaia OUIbII aIecKBaTHHI PE3yJIbTaT.

3.4  3acrocyBaHHSl TEXHOJIOTII 10 YKPAiHCHKO-IIBEACHKOI0 3BiTY MPO

crau IliBnennoro byry

Jlns toro, moO J0JATKOBO TMEPEBIPUTH TOYHICTh Kiacudikarmii mojent
BumaakoBux jiciB (Random Forest), oOpany y migpo3aiii 3.3, miAroTyemMo 1ie oJuH
naTaceT 3 MoHorpadii yKpaiHChKO-IIBEACHKOTO 3BITY, SIKHM MICTUTHME OiJIbIIe
JaHUX ¥ BIAMOBIAHO OLJIBIIIE IIYMY.

BianoBinHO ycixX MpoLEciB, SIKI BK€ OMUCYBAJIMCH BHILE, NIArOoTyBaidu docx
daiin Ta mponmycTUiiM HOTo Yepe3 mapcep, mod OTpuMaTH TOTOBUI aTaceT, KUl

MOJKEMO TIepeiaTi B poOoTy it Mojeii kinacudikarii (puc. 3.13).

® O Napcep TekcTy

BinnapcHTH TEKCT 3anucatuk oo CSV

Pucynox 3.13 — CTBOpeHHS T0IaTKOBOTO J1aTaceTy
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[Ticas pobotu mapcepa oTpuMyeMo natacet Oubin HK Ha 200 eneMeHTIB,

rOTOBHX JI0 Kjlacudikarii.

Tenep mpuctynumo a0 Kiacudikailii CTBOPEHOTO JaTaceTy, MepIl 3a BCe,

iMIopTyemMo 0i0moTekH, HeoOXiaHi A1t podotu (puc. 3.14).

import
import

import

import

import

# NLP
import

import

numpy as np
pandas as pd

pickle

matplotlib
matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score

# models
from sklearn.linear_model import LinearRegression
from sklearn.ensemble import RandomForestClassifier

from sklearn import metrics

torch

transformers as ppb

import warnings

warnings.filterwarnings('ignore")

Pucynox 3.14 — ImnoproBani 6i0moTeku

Tenep BcTaHOBUMO MOJENb, 32 JOMOMOTOI0 SKOi OyaemMo Kiacu]iKyBaTH

natacert (puc. 3.15).




# Model choice
model_name = "random-forest"”
# model_name = "linear-regression”

Pucynok 3.15 — Bubip moaem
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3aBaHTaA)XKMMO TPEHOBAHY MOJENb 3 MOMNEPEAHHOT0 HOYTOYKa, BiJIMOBIIHO

BuOOpYy (puc. 3.16).

# Get notebook_models name
if model_name=="random-forest":

notebook_models = "nlp-for-ua-bert-cls-with-rf"
elif model_name=="linear-regression":
notebook_models = "nlp-for-ua-bert-cls-with-linreg"

Pucynox 3.16 — Bubip Mozeni 3 HOyTOyKy

BcranoBuMo napamerpu st iMmopty natacety (puc. 3.17).

# Set parameters

random_state = 8

notebook_data = "euroreportonwaterresources”

data_name = "water-data-Southern-Booh-for-random-forest.csv"”

Pucynox 3.17 — BcTaHoBJIeHHS TapaMeTpiB IMIIOPTY JaTaceTy

3aBaHTa)XUMO JaTaceT 1Mo 3aaHuX napamerpax (puc. 3.18, 3.19).
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df
df

df.fillna(@)

convert_dict = {'text': str,

"env_problems': int,
"pollution’': int,
"treatment': int,
‘climate’': int,
"biomonitoring': int}

df = df.astype(convert_dict)
df

pd.read_csv(f'/kaggle/input/{notebook_data}/{data_name}', encoding='cp1251")

Pucynok 3.18 — 3aBanTa)keHHs 1aTaceTy

196

text env_problems pollution

Air circulation with which air displacement from Atlantic Arctic and
Mediterranean is connected plays an important role in climate
formation in the Southern Bug basin.

In the upper and middle parts of the basin the climate is moderately
continental.

Climate of southern districts is influenced by the Black Sea and in the
downstream of the river gradually changes to the drought climate.

Considerable size of the basin from the north-west to the south-east
causes noticeable differences in distribution of air temperature.

Average annual air temperature varies from 7.0 C to 10.00 C. Average
multi-annual air temperature in the upper and middle parts of the
basin varies within 7.1-8.10 C. Maximum temperature in summer
reaches 380 C minimum temperature in cold winter days - up to -38o
C. Far this part of the basin winter season is characterized by
precipitations in the form of snow and frequent fogs.

In order to better assess the impact on surface water status of
various sources of pollution there is also a need to get a better
knowledge of the load of pollutants compared to the load of naturally
occurring substances at a situation defined as good status.

treatment climate biomonitoring

Pucynox 3.19 — 3aranbHuii BUTJIsij 1atacery

Busenemo neransHy iHGOpMAIIiIO PO AATACET Pa30M 3 yciMa TUIIAaMU JaHUX

it Tapreramu (puc. 3.20).
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df.info()

<class 'pandas.core.frame.DataFrame’=
RangeIndex: 201 entries, @ to 200
Data columns (total 6 columns):

# Column Mon-Mull Count Dtype
) text 2801 non-null object
1 env_problems 2801 non-null inted
2 pollution 2801 non-null inted
3 treatment 2801 non-null inted
4 climate 2801 non-null inted
5 biomonitoring 281 non-null inted

dtypes: int64(5), object(1)
memory usage: 9.5+ KB

Pucynok 3.20 —[adopmartist npo naracet

[Ticist miArOTOBKHU AaTaceTy, 3aBaHTAKUMO IOTNEPEAHBO TPEHOBAHY MOJICIb
DistilBERT i TokeHizyeMo pedeHHs, TOOTO 3BeAeMO JaHi J0 HEOOXiTHOTO IS
BERT Burmisay, mam Ha OCHOBI TOKEHI30BAaHMX JIAHHMX 1 MOINEPEAHBO TPEHOBAHOI
mozeni DistilBERT crTBoptoemMo mojienb HEOOXiJHOI AJisi BHPIMIEHHS HAIIOTO

3aBnanHs (puc. 3.21).

def BERT_modeling(df, text='text'):
# Using DistilBERT for the dataframe df[text]

model_class, tokenizer_class, pretrained_weights = (ppb.DistilBertModel, ppb.DistilBertTokenizer, 'distilbert-base-uncased')
# Other models: https://huggingface.co/transformers/pretrained_models.html

# Load pretrained model/tokenizer
to<enizer = tokenizer_class.from_pretrained(pretrained_weights)
model = model_class.from_pretrained(pretrained_weights)

# Tokenization the sentences - break them up into word and subwords in the format BERT is comfortable with
to<enized = df[text].apply((lambda x: tokenizer.encode(x, add_special_tokens=True)))}

max_len = @
for 1 in tokenized.values:
if len(i) » max_len:
max_len = len(i)

padded = np.array([i + [@]*(max_len-len(i)) for i in tokenized.values])

# Creation variable to ignore (mask) the data padding
attention_mask = np.where(padded != 8, 1, 8)

# Modeling
inout_ids = torch.tensor(padded).to(torch.int64}

attention_mask = torch.tensor(attention_mask).to{torch.int64)

with torch.no_grad():
last_hidden_states = model{input_ids, attention_mask=attention_mask)

# Last hidden states
features = last_hidden_states(8][:,8, :].numpy()

return features

featuras = BERT_modeling(df, 'text')

Pucynox 3.21 — Po6ora i3 BERT
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Tenep, Bukamuemo QyHkmito i kinacuikamii JaHUX 3a 3aJaHAMA

tapretamu (puc. 3.22).

def model_prediction(df, test_features, target):
# Models training and data prediction for all models from DataFrame models

# Target
labels = df[target]

# Model loading
with open(f'/kaggle/input/{notebook_models}/model-{model_name}-{target}.pkl','rb') as f:
model = pickle.load(f)

# Prediction
test_pred = model.predict(test_features)

test_pred = [int(x>B8) for x in test_pred]

return test_pred

Pucynok 3.22 — Knacudikaiiis JaHUX 10 Tapreram

BxkaskeMo cricok TapreTiB i poooTH (puc. 3.23).

# List of the target features in df
cols = df.columns.tolist()[1:]
print('Target columns:', cols)

Target columns: ['env_problems', 'pollution', 'treatment', 'climate', 'biomonitoring']

Pucynox 3.23 — Tapretu ajis poboTu

3amyck GyHKIT A kinacudikaiiii pedens i3 garacety (3.24).

# Solving NLP Classification tasks
print('Solving NLP Classification tasks')
for col in cols:

df[col] = model_prediction(df, features, col)

Pucynox 3.24 — Knacudikarist pedeHb

[Tics kmacudikarii orpumMyemMo onparnboBanuii garacet (3.25, 3.26).
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# Results display

pd.set_option('max_colwidth', 1800)

df .to_csv(f'{notebook_data}-{notebook_models}-classified.csv', index=False)
print(f"The result of classification using the model {model_name}")
display(df)

The result of classification using the model random-forest

Pucynok 3.25 — Koa nis Bizyanizariii pe3ysabTary Kiacudikarii

text env_problems pollution treatment climate biomonitoring

Air circulation with which air displacement from Atlantic Arctic and
o Mediterranean is connected plays an important role in climate [i] a o 0 a
formation in the Southern Bug basin.

In the upper and middle parts of the basin the climate is moderately
cantinental.

5 Climate of southern districts is influenced by the Black Sea and in the 0 o o ] 0
downstream of the river gradually changes to the drought climate.

Considerable size of the basin from the north-west to the south-east
causes noticeable differences in distribution of air temperature.

Average annual air temperature varies from 7.70 C to 10.00 C. Average
multi-annual air temperature in the upper and middle parts of the

a basin varies within 7.1-8.10 C. Maximum temperature in summer 0 a o 1 0
reaches 390 C minimum temperature in cold winter days - up to -380
C. For this part of the basin winter season is characterized by
precipitations in the form of snow and freguent fogs.

In order to better assess the impact on surface water status of
various sources of pollution there is also a need to get a better
knowledge of the load of pollutants compared to the load of naturally
occurring substances at a situation defined as good status.

196

The difference constitutes the reduction target that needs to be
197 addressed with measures in order to strive towards the 0 0 1] 0 0
environmental objective of good surface water status.

The calculation of loads requires a better knowledge of all sources
198 including diffuse sources the water flow at the time of the sampling 1 1 o o a
and guantative reference values of the measured parameters.

Pucynox 3.26 — KimacudikoBanuii jatacet 3 BUKOPUCTAHHIM

MO/IEJl BUITAAKOBUX JIICIB

Sx BuaHo Ha puc. 3.26, pe3ynabTaT € 3aJ0BUIBHUM, OTXE CTBOpPEHA

1H(pOopMaIiiiHa TEXHOJIOT1s JJOBEJNA CBOIO €(PEKTUBHICTb.

3.5 BucHoBKH

3anpornoHOBaHO apxiTekTypy  1HGOpMAIIHOI  TEXHOJIOTII, sIKa

PO3pO0ISETHCS, Ta ONMMUCAHO AITOPUTM ii pOOOTH.
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Omnwucano mpouec (GopMyBaHHS JaTaceTy 13 BeO-pecypciB i mapcunry docx
daiiniB, AKi MICTATH 1H(OpPMAII0 TPO EKOJOTiUHI MPOoOJeMH PIYOK 1 BOJONM
Oacetiny p. [liBgennuii byr Ta 3BiTHOCTI €BpOKOMICi].

PeanizoBano kiacudikallifo TECTOBOTO JaTaceTy 3a JOTIOMOTOI0 MOJENei
JiHIMHOI perpecii Ta BUIMAAKOBUX JICIB. SIK pe3yiabTaT MaeMo, IO MOJEib
BUTIAKOBUX JiciB (Random Forest) kparie Bropaiach i3 OCTaBJICHUM 3aBIaHHIM.

ITicns knacudikaiii Ha TECTOBOMY JaraceTi peali3oBaHO KiacHikailiro
JAHUX 13 JIOCTYMHOi 3BITHOCTI €BpOKOMICIi 1O CTaHy BOJHHX PECYpPCIB.
Knacudikamis BigOyBanach 3a TONOMOIOI0 MEPEATPEHOBAHOT MOJIEl MAIIMHHOTO
HABUYaHHs, sKa TOKa3ajia Kpalluid pe3ylibTaT Ha MOINepeAHbOMY eTami, TOOTO —
MoJienb BUmaakoBux JiciB (Random Forest). Mogens mokasana rapHi pe3ysibTaT,
K Ha TECTOBOMY JIaTaceTi, TaK 1 Ha TPEHYBAJIbHOMY, 110 O3HAYAE, 1110 1HPOopMalliifHa

TEXHOJIOT1s BHKOHY€ CBO€ 3aBAdHHA YCHiHIHO.



o1

4 EKOHOMIYHA YACTHHA

4.1 KoMepuiiinuidi Ta TEXHOJOTIYHMHA ayIuT HAYKOBO-TE€XHIYHOL

PO3poOKHU

MeTo10 AaHOTO PO3AUTY € MPOBEACHHS TEXHOJOTIYHOTO ayAWuTy, B JaHOMY
BUMAAKy HOBOI iH(popmariiitnoi NLP-texnomorii kmacudikamii aHTIOMOBHOT
iH(dopMarlii mpo craH BoAHUX pecypciB. OCcOOIMBICTIO PO3POOKH € IMiIBUIICHHS
TOYHOCTI Kiacu@ikalii TEeKCTOBOi aHIJIOMOBHOI 1H(opMmalii Mpo MacuBH BOJ
Oaceliny p. IliBnennuit Byr 3 BUKOpUCTaHHSM METO/IB MAaIIMHHOTO HaBYAaHHS y
NOpIBHSAHHI 3 aHajioramMu. Po3po0itoBaHa TEXHOJIOrIS MaTUME BHUCOKHM MOKa3HUK
TOYHOCTI aBTOMATUYHOI KiacudiKarrii.

3a aHanoru Oysu B34Ti CllaM CHUCTEMH, B OCHOBI SIKHX JIEKUTh TakoK NLP,
SKE aHaNI3ye TeKCT (BX1AHI JIUCTH) U KIIacHPIKye 1X UM cram 1e 4d Hi. OpleHTOBHA
BapTICTh TaKOi CUCTEMH, JUII KOMEPIIIHHOTO CETMEHTY, ckianae omm3pko 500008S.

JUig mpoBEACHHA KOMEPLINHOTO Ta TEXHOJIOTTYHOTO ayJauTy 3alydaroTh HE
MeHIIE 3-X He3aIeKHUX ekcnepTiB. OIIHIOBAHHS HAayKOBO-TEXHIYHOIO PIBHSA
po3po0KM Ta T KOMEPLIMHOrO MOTEHINATy PEKOMEHAYEThCS 3IIMCHIOBATH 13
3aCTOCYBaHHSAM I1’ATUOAJIBHOI CUCTEMH OILIHIOBAHHS 3a 12-mMa KpUTEpiiMH, Y

BiIOBIAHOCTI 13 TaOuii 4.1 [17].

Tabmuns 4.1 — PexoMeHI0OBaHI KpuUTepii OI[IHIOBAaHHS KOMEPIIHHOTO

MOTEHITIATY PO3POOKH Ta X MOXKJIMBa OaJlbHA OIIHKA

banu (3a 5-Tu 6aTBEHOO MIKAIOK)

Kpu- 0 1 2 3 4
Tepiit

TexHiuHa 3M1ICHEHHICTH KOHIIETIT

HocroBipricts | Konnermis Konnemnis Konnermnis [Tepesipeno

KOHIIEMIIT He | MiATBEepHKEHA MiATBEp/DKEHA |TepeBipeHa Ha npare31aTHICTh

MiATBEP/KEHA | EKCIIEPTHUMU pPO3paxyHKaMH |IPaKTHUIlL MPOIYKTY B
BHUCHOBKaMH peanbHUX

1 yMOBax



IIpooosorcenns maobn. 4.1

52

PunkoBi mepeBaru
2 |bararo ananoris | Maio aHanoris Kinbka Opmun ananor Ha | IIpomykT He
Ha MaJIOMY Ha MaJioMy aHaJIoTiB Ha BEJIMKOMY PHUH- | Ma€ aHaJIOTiB
PUHKY PUHKY BEIIMKOMY Ky Ha BEJIIMKOMY
pUHKY PUHKY
3 ina npoaykry | Llina mponykry | Llina npoaykry | Llina mpoxykry |Ilina mpomykrty
3HAYHO BWIIA 33 | JICIIO BHINA 32 | MPHUOJU3HO J0- | JEIIO HIDKYE 33 | 3HAYHO HIDKYE
LIIHU aHAJIOTIB | I[IHM aHAJIOTIB | PIBHIOE I[IHAM | I[iIHU aHAJIOTIB 3a [IHA
aHaJIOTiB aHaJIOT1B
4 TexHiuHi Ta TexHiuHi Ta TexHiuHi Ta TexHiuHi Ta TexHiuHi Ta
CIIO)KHBYI BJIac- | CIIOJKMBYI BJIac- | CIIOXKHMBYI BJIAC- | CIIOXKMBUYI BJIac- | CIIOXKUBYI BJIa-
TUBOCTI MIPOJy- | TUBOCTI MPOAY- | TUBOCTI MPOAY- | TUBOCTI IPOAY- | CTUBOCTI MPO-
KTy 3HA4YHO KTY TPOXH Tip- KTy Ha piBHI KTY TPOXH Kpa- | IYKTY 3HAYHO
TipIIi, HDXK B IIi, HXK B aHa- aHaJIOTiB I, HDK B aHa- | Kpallli, HDK B
aHaJIOTiB JIOT'1B JIOTiB aHaJIoTiB
5 | Excrutyaraniiini | Exkcrimyaraniiiai | Excruryarantiiini | Excrutyaraniiiai | Excruryara-
BUTPATH 3HAYHO | BUTPATH JCIIO BHUTpATH Ha BUTPATH TPOXH | LIHHI BUTpATH
BMIIII, HI)K B BMII, HI)K B PiBHI €KCILTya- HIDKYl, HDK B | 3HAYHO HIDKYI,
aHaJIOTiB aHaJIOTiB TaIIiHUX BH- aHaJIOTiB HDJK B aHAJIOTIB
TpaT aHaJIOTiB
PuHKOBI nIepCIIeKTHBH
6 Punok manumii i | Punok manmii, | CepenHiii puHOK Benukuit Benukuii pu-
HE Ma€ TO3UTH- | aJIe Ma€ MO3U- | 3 IMMO3UTHUBHOIO CTaOUTBHAM HOK 3
BHOI IMHAMIKU | TUBHY JWHAMIKY | JIHHAMIKOIO PUHOK MMO3UTUBHOIO
JUHAMIK OO
7 AKTHUBHa AKTHUBHa [TomipHa Heznauna Konkypenris
KOHKYPCHIIiS KOHKYPCHIIIS KOHKYPCHIIist KOHKYPEHITis HEMae
BEJIMKHX KOM-
NaHii Ha pUHKY
[IpakTuk Ha 3A1HCHEHHICTh
8 Biacyrhi daxi- | HeobxigHo Ha- | HeoOxigHe He- Heo0xinne € daxipmi 3
BIIi SIK 3 TeXHIY- | MaTH (axiBIiB | 3HAYHEC HABYAH- He3HayHe UTaHb fK 3
HOI, TaK 13 KO- | abo BUTpavatu | Hs (HaxiBIIiB Ta HaBYaHHS TEXHIYHOI, TaK
MEpIIiHOI pea- |3Ha4yH1 KOIITH Ta| 30UIBIIEHHS 1X (haxiBIiB 13
mmizamii igel Jac Ha HaBYaHHA TaTy KOMEPIIHHOI
HasIBHUX peamizanii igei
¢axiBIiB
9 [ToTpiOHi 3HaUHI [ToTpibHi [ToTpiOHI 3HAUHI [ToTpibHi He motpebye
¢iHaHCOBI He3HauH1 (di- (hiHaHCOBI HE3HaYH1 JOAATKOBOTO
pecypcu, sKi HaHCOBI pecyp- pecypcu. (dhiHaHCOBI ¢biHaHCyBaHHS
BIJICYTHI. cu. JIxepena Jxepena ¢i- pecypcH.
Jxepena ¢i- (¢iHaHCYBaHHS | HaAHCYBaHHS € Jxepena ¢i-
HAHCYBaHHA 171€i BIJICYTHI HaHCYBAHHS €
BIJICYTHI
10 Heo6xinHa IToTpiOHi mMaTe- [TotpiOHi [TotpiOHi Bci marepianu
po3pobOKa pianm, o BU- JOpori JOCSDKHI Ta JUTS peami3artii
HOBHX MaTepia- | KOPUCTOBYIOTh- MaTtepianu JIeIIeBi 171ei Bigomi Ta
TiB cs 'y BICBKOBO- Marepianu IaBHO BU-
IIPOMHUCIIOBOMY KOPHUCTOBY-
KOMILICKCI FOThCSI Y BUPO-
OHMIITBI
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HTIB Ta OTPH-
MaHHS BEJIMKOI1
KUIBKOCTI 1O~
3BLILHUX JOKY-
MEHTIB Ha BU-
POOHHIITBO Ta
peai3alliro mpo-
JLyKTY

CT1 TO3BUILHUX
JIOKYMCHTIB Ha
BHPOOHHIITBO Ta
peaiizaliio
IPOAYKTY, 11O
BUMArae 3Hau-
HUX KOIITIB Ta
qacy

JIOKYMEHTIB JIJIsI
BHPOOHUIITBA Ta
peaiizariii mpo-
IYKTY BUMarae
HE3HAYHUX KO-
IITiB Ta Yacy

MTOBITHUM Opra-
HaM IIPO BHUPO-
OHMIITBO Ta
peaiizaliio
MPOIYKTY

11 Tepmin Tepmin Tepmin Tepmin Tepwmin peadi-
peamizarii imei | peamizarmiiimei | peamizamiiimei | peamizarii ixei 3amii iget
Outbmmii 3a 10 | Oumemmii 3a 5 | Big 3-x 70 5-TH MeHIIe 3-X MeHiIe 3-x
pOKiB pokiB. Tepmin | pokiB. Tepmin | pokiB. Tepmin | pokiB. TepMiH

OKYITHOCTI OKYITHOCTI OKYITHOCTI OKYITHOCTI

1HBECTULIIH 1HBECTHUILIIH 1HBECTHUIIIH BIX 1HBECTHULIII

oureie 10-tu oubIIe 5-TH 3-x 110 5-tn MeHIe 3-X

POKIB POKiB POKiB POKiB

12 HeoOxinHa po3- Heo0ximHo [Iponenypa HeoOximHo | BiacyrHi Oyab-
poOKa periame- OTpPUMAaHHS OTpPUMAaHHS TUJIBKM MOBI- | SIKI perjiamMeH-
HTHHUX JIOKyMe- | BEJIUKOI KIJIbKO- JIO3BLIIBHAX JIOMJICHHS BIJI- |THI OOMEXEHHS

Ha BHPOO-
HUIITBO Ta
peaiizaliro
MPOIYKTY

Vi naHi o KOKHOMY MapaMeTpy 3aHeceHOo B Tabunuill 4.2

Tabnuusg 4.2 — Pe3yabTaT OLIHIOBAaHHSA KOMEPLIMHOTO MOTEHIIATY pO3pOOKH

Kpurepii orinroBaHHs ITIb ekcneptiB
Excnepr | ‘ Excnepr 2 ‘ Excnepr 3
bamn

Texuiuna 341MCHEHHICTE KOHIIEIIIT 3 4 4
HasiBHICTH aHAOrIB HA pUHKY 3 3 4
I{iHoBa mosiTHKa 4 4 4
TexHiyH1 Ta CIIOKKBY1 BJIaCTUBOCTI

BHUPOOY 4 3 4
Excrnyaraniiini BuTpatu 4 4 3
Punok 30yTy 4 3 4
KOHKYpeHTOCTIPOMOKHICTb 3 4 3
daxiBIli 3 TEXHIYHOT 1 KOMEPIIITHOT

peamizanii 4 3 4
diHaHCyBaHHS 4 4 3
MarepiajibHO-TeXHI4Ha 6a3a 3 3 3
Tepmin peanizauii i1ei 4 4 4
CymnpoBijiHa JOKYMEHTaLlisl 2 3 3
Cyma 42 42 43
CepennpoapudmeTndHa cyma OamiB (42+42+43) | 3 = 42,33
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3a pganumu Tabmuni 4.2 MOXHA 3pOOMTH BHCHOBOK WIOJA0 PIBHA
KOMEPIIHHOTo MOTEHIliay AaHoi po3poOku. s HbOro AOMIIBHO CKOPUCTATUCH

PEKOMEH/IAIlIsIMH, HaBeIeHUMH B Ta0smii 4.3 [17].

Tabmuis 4.3 - PiBHI KOMEpLIHHOTO TOTEHIIATY pO3pOOKU

CepennpoapudmeTruHa cyma OaiB, PiBeHb KOMEPITIHHOTO MOTEHIIATY PO3POOKH
pO3paxoBaHa Ha OCHOBI BUCHOBKIB EKCIICPTIB

0-10 Huzbkuit

11-20 Hwuxue cepennboro

21-30 Cepenniii

31-40 Buie cepeanboro

41-48 Bucoxuit

Ax BuUAHO 3 TaOIUIll, PIBEHh KOMEPIINHOTO MOTEHIaTy PO3p00JIFOBAHOTO
HOBOTO MTPOTPaAMHOTO MPOJYKTY € BUCOKUM, 110 JOCSITAETHCA 3a PaXyHOK TOTO, IO
1H(popmariitHoi NLP-texHounorii knacugikaiii aHrJoMOBHOI iH(opmalii npo cTan
BOJHUX PECYpPCIB Ma€ BHUINY TOYHICTh KiacH@ikaiii TEKCTOBOi aHIJIOMOBHOI
1H(dopmarrii mpo macuBu Boj Oaceiny p. [liBgeHHuit byr 3 BUKoprucTaHHIM METOIB
MaIllMHHOTO HABYaHHS y TOPIBHSHHI 3 aHajgoramu. Po3po0iroBaHa TEXHOJIOTIS

MaTHMe BUCOKHI MOKa3HUK TOYHOCTI aBTOMATHUHOT Kiacudikariii [17].

4.2 TIIporHo3yBaHHsI BHUTPAT HAa BHKOHAHHS HAYKOBO-IO0CJIIHOI

(10CAIIHO-KOHCTPYKTOPCHKOI) podoTH

OcHoBHa 3ap00iTHA IJ1aTa PO3POOHUKIB, SIKA PO3PAXOBYETHCS 3a (HOPMYIIOI0:

M
3 =—"t, (4.1)
TP
ne M — MicSiUHMI TTOCa0BHM OKJIa]] KOHKPETHOTO PO3POOHMKA (JIOCTIAHUKA), TPH;
T, — uncno podbounx AHIB 3a MICSLb, 22 THIB;
t — ancno mHIB po6OTH PO3POOHUKA (HOCITITHUKA).

Pe3ynbTaTi po3paxyHkiB 3BeeMo 10 Tabmuili 4.4.
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Tabmuis 4.4 — OcHoBHa 3apo0iTHA MJ1aTa pO3POOHHKIB

HailimenyBanHs Micsiunuit Onutara 3a Yucno nHiB Burpatu Ha
nocaau MOCaI0BHI pobounii 1cHb, pobotu 3apo0iTHY
OKJIaJI, TPH. TpH. IaTy, TPpH.
KepiBHUK POEKTY 39000 1772,73 43 76227,273
[Iporpamict 35000 1590,91 43 68409,091
Beboro 144636,36

Tak sk B JaHOMY BHIAAKy pPO3POOJSETHCS MPOTPAMHUNA MPOIYKT, TO
PO3pOOHUK BUCTYIA€ OJHOYACHO 1 OCHOBHUM POOITHHUKOM, 1 TECTYBaJbHUKOM
PO3pOOITIOBAHOTO IPOTPAMHOTO MPOTYKTY.

JHlonatkoBa 3apo0iTHa Ij1aTa pO3pOOHHUKIB, sIKI OpaTh y4acTh B po3poOilii
00JIaTHAHHS/TIPOrPaMHOTO TPOTyKTY[17].

JloniaTkoBy 3apo0iTHY IJIaTy MPUUHATO po3paxoByBatu sk 10 % Bijg 0CHOBHOL

3apOOITHOI MJIaTH PO3POOHUKIB Ta POOITHUKIB!

3,=30- 10 % /100 % . (4.2)

3, =(144636,36 - 10 % / 100 % ) = 14463,64 (rph).

3riHO [1I0YOr0 3aKOHOJABCTBA HapaxyBaHHA Ha 3apoOITHY IUIaTy

CKJ1a1atoTh 22 % BiJl CyMH OCHOBHOI Ta J0JIATKOBO1 3apOOITHOI IJIaTH.

Hy = (30 + 31) - 22 % / 100% . (4.3)
H, = (144636,36 + 14463,64) - 22 % / 100 % = 35002,00 (rpH).

OckUIbKU UIsI  pO3pOOITIOBAIBHOTO TMPUCTPOIO HE TOTPIOHO BUTpadaTu
Marepiaiy Ta KOMIUIEKTYIOUM, TO BHUTPATH Ha MaTeplagd 1 KOMIUIEKTYHOUl

JIOPIBHIOIOTH HYJIIO.
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AmopTtuzanist o0nagHaHHS, [0 BUKOPHUCTOBYBAJIOCH MJIsi pO3POOKH B

CIPOLIEHOMY BUTJISIAI pO3PAaXOBYETHCS 32 POPMYIIOLO:

It
=—_.-o [rpH], 4.4
o1 Pl (4.4)
ne 1] — 6arancoBa BapTiCTh 00JIaAHAHHSA, TPH.;
T — TepMiH KOPHCHOTO BUKOPUCTaHHS OOJIAMHAHHS 3TiHO IOJATKOBOTO

3aKOHO/aBCTBA, POKIB;

tsue — TEPMIH BUKOPUCTAHHS MM1J1 4aC PO3POOKH, MICSIIIB.

Po3paxyemo, 1T mOpUKIagy, aMOPTH3AlIMHI BUTPAaTH HA KOMII IOTE
b 2

OamancoBa BapTiCTh sikoro crtaHoBuTh 25000 rpH., TEepMiH HOro KOPUCHOTO

BUKOPUCTAHHS 3TIJTHO MOJIATKOBOTO 3aKOHOJIABCTBA — 2 POKHU, a TEPMIH HOTO

(dakTH4HOrO BUKOpUCTaHHA — 1,95 Mmic.

Agen =

2

2500

1,95

¥ —_—=

2035,99 (rpH).

(4.

5)

AHanoriyHO BU3HAYAEMO aMOPTHU3AIliHI BUTPATH Ha iHIIE OOJaJAHAHHS Ta

npuMinieHHs. Po3paxyHku 3aHocumo 1o tadumi 4.5 [17].

Tak sax Bapricte Jinens3iiHoi OC Ta cnoemiami3oBaHUX JNIEH31MHUX

HeMaTepiaJbHUX aKTUBIB € OE3KOIITOBHOIO, TO Byey o = O TpH.

Tabmuus 4.5 — AwmoptuzamiiiHi BiJpaxyBaHHS Ha MaTepiajbHI Ta
HeMaTepiayibHI PECYpCH JIJisk pO3POOHUKIB
HaiimenyBanns oOnagHanHs | bamancoB Crpox Tepmin AmMopru3sa-
a KOPHUCHOTO BUKOPHUCTAHHS iHH1
BapTICTh, | BUKOPUCTaHH | OOJNAJAHaHHS, | BigpaxyBaH-
IpH. s, POKiB MICSLIIB Hs, TPH.
Komm’toTep Ta komm’roTepHa 25000 2 1,95 2035,985
nepudepis (ACER Aspire 5
A515-45 (NX.A82EU.00Z) )
Odicue obmamnanas (MeOi) 23000 4 1,95 936,553




S7

IIpooosocenns maon. 4.5
[TpumimeHHs 980000 20 1,95 7981,061

Bceroro 10953,60

Tapudu Ha enexTpoeHeprito sl HEMOOYTOBUX CIOXKMBAUIB (MPOMHUCIOBHX
HiANPUEMCTB) BIJIPI3HAIOTHCA Bl Tapu(iB HA €IEKTPOCHEPTIIO It HaceneHHs. [Ipu
oMy Tapudu Ha PO3MOALT eJEeKTPOSHeprii y pi3HUX MNOCTa4aJIbHUKIB
(eHepropo3MoAUIbHUX KOMIMaHii), OyayTs pizHuMu. Kpim toro, posmip Tapudy
3alexuTh BiA kiacy Hamnpyru (1-i abo 2-it kmac). Tapudu Ha posmoxin
€JIEKTPOEHEPT11 JJIsl BC1X EHEPropO3MOIILHUX KOMIIaH1 BcTaHOBIIOE HallioHanpHa
KOMICISI 3 PEeryJtoBaHHs eHepreTuku 1 komyHanbHuX nociyr (HKPEKII). Butpatu

Ha CHJIOBY €JICKTPOCHEPT1I0 PO3PaXOBYIOThCS 3a (hOPMYJIOHO:

B,=B-T1-® K_, (4.6)

ne B — Bapricts 1 kBT-ronunu enexrpoeneprii st 1 kinacy nianpuemctsa, B = 6,2
IpH./KBT;

IT — BcTaHOBJICHA OTYXHICTh oOnagHanHs, KBT. I1 = 0,4 kBT;

@ — pakTHUHA KITBKICTh TOJAWH pOOOTH O0Ja{HAHHS, TOAMH;

K — xoedimieHT BUKOpHCTaHHS MOTYy)HOCTI, K; = 0,9.

B.=09-04-8-43-6,2 = 767,808 (rpn).

Ho crarti «lHmi BuTpatM» HalmeXkaTh BUTPATH, SKI HE 3HANUIUIH
BIIOOpaKEHHA Yy 3a3HAYEHUX CTATTSIX BUTPAT 1 MOXYTh OyTH BIJHECEHI
Oe3nocepeIHbO Ha COOIBAPTICTh JOCTIKEHBb 3a MPSIMUMH O3HaKaMu. Butpatu 3a
crarreto «lHm BuTpatw» pospaxoByroThes Kk 50...100% Bix cymMH OCHOBHOI

3apO0ITHOI TIJIATH JOCIIITHUKIB:

H,
I =(3 +3 ) —=
=03, +3,) 100% (4.7)
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ne H;; — Hopma HapaxyBaHHs 3a cTaTTero «IHII BUTpaTu».

1, =144636,36 * 70% / 100% = 101245,5 (rph).

Jlo crarti «Hakmaani (3araibHOBUPOOHHMY1) BUTPATH» HaJleKaTh: BUTPATH,
MOB’s3aHI 3 YOpPABIIHHAM OpraHi3ali€lo; BUTPAaTH Ha BHUHAXIIHMUITBO Ta
palioHai3aIli; BUTpATH Ha MATOTOBKY (MEperiiroTOBKY) Ta HaBYaHHS KaJIpiB;
BUTpATH, MOB’513aHi 3 HA0OPOM poOOUOT CHJIM; BUTPATH Ha OIUIATy MOCTYT OaHKIB,
BUTpPATH, MOB’sI3aH1 3 OCBOEHHSIM BHUPOOHUIITBA MPOAYKIIi{; BUTPATH HA HAYKOBO-
TeXHIYHYy iH(popMalio Ta pekiamy Ta 1H. Burtpatm 3a crarrero «Hakmamni
(3arayiIbHOBUPOOHMYI) BHUTpaTW» po3paxoByroThess Ak 100...150% Big cymu

OCHOBHO1 3ap00iTHOI IJIaTH JOCIIITHHUKIB:

HH?,B
100% '

H,=(3,+3,) (4.8)

ne H,,, — HOpMa HapaxyBaHHS 3a crarrero «Hakmagai (3araibHOBHUPOOHNYI)
BUTPATH.

H,;s = 144636,36 * 130 % / 100 % = 188027 (rpH).

CymMa Bcix mornepeaHixX cTaTeil BUTPAT Jla€ 3arajbHl BUTPATH HA MPOBEACHHS

HayKOBO-JIOC/I1IHOT pOOOTH:

B... = 144636,36+14463,64+35002,00+10953,60+767,81+101245 5+
+188027 = 495096,13 (rpn).

Po3paxyHOK 3arajbHUX BUTpAT Ha HAYKOBO-IOCIHIJHY (HayKOBO-TEXHIUHY)

poboTy Ta odopmiteHHs T pe3yabTatis [17].
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3aranbHi1 BUTPATH Ha 3aBEPILIECHHS HAyKOBO-IOCIITHOI (HAYKOBO-TEXHIYHOI)

poboTH Ta opopMIIeHHS 11 pe3yJIbTaTiB PO3PaxOBYIOTHCS 3a (POPMYIIOHO:

B.
3B = ;;2 [rpH], (4.9)

Ie 1 — KoedilieHT, SKUM XapakTepu3ye eTanm (CTaailo) BUKOHAHHS HAayKOBO-
JOCITITHOT pOOOTH.

Tak, K110 HAYKOBO-TEXHIYHA pO3poOKa 3HAXOJUTHCA Ha CTafli: HAYKOBO-
nociigHux pooit, To N=0,1; TexHiyHoro mpoektyBaHHd, TO MN=0,2; po3poOKU
KOHCTPYKTOPCBbKO1 jJokymeHTamii, To n=0,3; po3poOku TexHoiorii, to 1n=0,4;
PO3pOOKH JOCIITHOTO 3pa3ka, To 1=0,5; po3poOKH MPOMHCIOBOTO 3pa3ka, To N=0,7;
BrpoBaikeHHs, TO N=0,9. O6epemo 1 = 0,5, Tak gk po3poOKa, Ha JaHUN MOMEHT,

3HAXOAUTHCS Ha CTaI[i.l. I[OCJ'IiI[HOFO 3pa31<a:
3B = 495096,13 / 0,5 = 990192 (rpH).

4.3 Po3paxyHOK €KOHOMIYHOI e(eKTHUBHOCTI HAYKOBO-TEXHIYHOIL

PO3po0KHM 32 ii MOKJIMBOI KOMepuiaJi3anii NOTeHUIITHUM iHBeCTOPOM

B puHKOBMX yMOBax y3arajJibHIOBaJbHUM IO3UTHUBHUM PE3YJIBTATOM, IO
HOro Mok€ OTpUMAaTH MNOTEHUIMHUI I1HBECTOP BIlJ MOXJIMBOTO BIPOBAJKEHHS
pe3ynbTaTiB Ti€l YW 1HIIOI HAyKOBO-TEXHIYHOI pO3pOOKH, € 30UIbLIECHHSA Y
MOTEHI[IITHOTO 1HBECTOpa BEJIMUYMHU YUCTOrO MpuOyTKy. CaMe 3pOCTaHHS YUCTOTO
NpuOyTKYy 3a0€3MeUnTh IOTEHIIIHHOMY 1HBECTOPY HAIXOKEHHS J0JAaTKOBUX
KOIITIB, JO3BOJINTh TMOKPAITUTH (IHAHCOBI pe3yibTaTH MOT0 MisUIBHOCTI,
MiIBUIIUTE KOHKYPEHTOCIPOMOXKHICTh Ta MOXE TO3WTUBHO BIUIMHYTH Ha

yXBaJICHHS PIIICHHS 11010 KOMepIliaai3allii i€l po3poOKH.
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s toro, mo0 po3paxyBaTh MOXKJIMBE 3POCTaHHA YHUCTOTO MPHOYTKY Yy
MOTEHI[ITHOTO 1HBECTOpa BiJ MOXJIMBOTO BIPOBAHKEHHS HAyKOBO-TEXHIYHOI
pO3pOOKH HEOOXITHO:

a) BKa3aTH, 3 SIKOr0 4acy MOXYTh OyTH BIPOBAXKEH1 pe3yJbTaTH HAYKOBO-
TEXHIYHO1 PO3pPOOKH;

0) 3a3HAYUTH, TPOTATOM CKUJIBKOX POKIB MiCIIsi BIPOBAIKEHHS Ii€] HAYKOBO-
TEXHIYHOT pO3POOKHU OUIKYIOTHCSI OCHOBHI MO3UTHUBHI PE3Y/IbTaTH JIJIs MOTCHIIIHHOTO
1HBecTOpa (HAMPHUKIIA/, MPOTIrOM 3-X POKIB MicCIs il BIPOBaIKEHHS);

B) KUJTbKICHO OIIIHUTH BEJIWYMHY ICHYIOYOTO Ta MailOyTHBOTO TIOMUTY HA ITIO
ab0 aHaNOrIYHI YM MOJI0HI HAYKOBO-TEXHIYHI pO3pOOKM Ta HA3BaTH OCHOBHUX
cy0’eKTiB (3allikaBJIeHUX 0Ci0) IILOTO MOMUTY;

I') BU3HAYUTH I[IHY peai3alii Ha PUHKY HayKOBO-TEXHIYHHMX PO3POOOK 3
aHAJIOTTYHUMH YH MOIIOHUMH (QYHKITISIMH.

[Ipu po3paxyHKy €KOHOMIYHOi €(QEeKTHUBHOCTI MOTPIOHO OOOB’SI3KOBO
BPaxOBYBAaTH 3MiHY BapTOCTI Irpollell y 4aci, OCKUIbKHU BiJ BKJIaJCHHS 1HBECTHUIIIN
JI0 OTpUMaHHS MPUOYTKY MUHAE 4uMalio 4acy. IIpu oliHioBaHHI €(pEeKTUBHOCTI
1HHOBAIIMHUX MMPOEKTIB Mepe10a4acThCs PO3PAXYHOK TAKUX BAKIIMBUX IMOKA3HUKIB:

® A0COJTFOTHOTO €KOHOMIYHOTO €(heKTy (YUCTOr0 TUCKOHTOBAHOTO JIOX01Y);

® BHYTPIIIHbOI EKOHOMIYHOI I0X1THOCTI (BHYTPIIIHBbOT HOPMHU JOXIJTHOCTI);
® TEPMiHY OKYITHOCTI (IMCKOHTOBAHOTO TEPMIHY OKYITHOCTI).

AHanizyroun HanmpsIMKH TPOBEACHHS HAayKOBO-TEXHIYHHX PO3POOOK,
pPO3pPaxXyHOK €KOHOMIYHOI €(EeKTUBHOCTI HAayKOBO-TEXHIYHOi pPO3pOoOKM 3a ii
MOKJIMBOI ~ KOMepIUlaji3amii MOTEHLIMHUM 1HBECTOPOM MOXXHA 00’€IHaTH,
BPaxOBYIOYM BU3HAYCHI CUTYAIIil 3 BIAMOBIAHUMHU yMoBamu [17].

Po3pobka un cyTTeBe BAOCKOHAJIEHHS IPOrPAMHOro 3aco0y (IporpamMHoOro
3a0e3MeUYeHHs, TMPOTPAMHOTO TMPOAYKTY) I  BHUKOPUCTAaHHS  MacOBUM
CTIOKUBAYEM.

B upomy Bumanky mailOyTHI eKoHOMIYHUHM edekT Oyae dhopmyBaTucs Ha

OCHOBI TaKUX JAHUX:
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AHi:(iAUo'N+H0'AN)1'1'P‘(1_%)1 (4.10)

ne £Al], — 3MiHa BapTOCTI IPOTPaMHOTO MPOAYKTY (3pOCTaHHS YU 3HM)KEHHS) BiJl
BIIPOBA/KEHHS Pe3yJIbTaTiB HAYKOBO-TEXHIYHOI PO3POOKH B aHATI30BaHI Mepioau
qacy;

N — KiTBKICTh CIIOKHBAYIB, SIKI BAKOPUCTOBYBAJIN aHAJIOTTYHUN MPOAYKT Y POIIi 10
BIIPOBA)KEHHSI PE3yJIbTaTiB HOBOI HAYKOBO-TEXHIYHOT pO3POOKHU;

1], — OCHOBHU OLIIHOYHHI MOKA3HUK, SIKUW BU3HAYAE MISUTbHICTD MIANPUEMCTBA Y
JTAaHOMY pOLI MiCJIsl  BOPOBA/KEHHS  PE3YyJbTaTIB  HAYKOBOI  PO3POOKH,
L, = s + AL],;

L[]6 — BapTicTb IPOrpaMHOro MPOAYKTY Y POLI JI0 BIPOBAIKEHHS PE3yJIbTaTIB
PO3pOOKHU;

AN — 301IbIIEHHS KIJTBKOCTI CIIOXKMBAYiB MPOJYKTY, B aHAJI130BaH1 MEPiou vacy,
B/l TOKPAIICHHS OT0 MEBHUX XapaKTEPUCTHK;

A — Koe(ilieHT, SIKUM BpaxoBye CIUIATy MOJATKy Ha JoAaHy BapticTh. CTaBKa
MOJIATKy Ha JoJaHy BapTicTh JopiBHIOE 20%, a koedirieHt A = 0,8333;

P — KOe(]ILIEHT, IKUI BpaXxOBY€ peHTA0EIbHICTh NIPOIYKTY;

9 — craBka moAaTKy Ha mpuoyToK, y 2022 pori ¢ =18%.

[Ipunyctumo, mo npu nporHo3oBaHii 1miHi 85000 TpH. 3a OAUHHUINO
BUpOOy, TepMiH 30UIbIIEHHS NpUOYTKY cknane 3 poku. Ilicna 3aBepiuieHHs
pO3po0KHM 1 Ti BIOCKOHAJIEHHs, MOXKHa Oyzae miguaTtu i 1miHy Ha 5000 rpH.
KinbKicTh OAMHUIE peani3oBaHOi MPOAYKIIT TaKOXX 30UTBIIUTHCSA: MPOTITOM
nepuoro poky — Ha 200 mrT., mpoTarom apyroro poky — Ha 150 mrT., mpoTsarom
Tperboro poky Ha 50 mr. J[o MOMEHTy BHIpPOBAIXKEHHSI PE3yJbTATIB HAayKOBOI

PO3pOOKH peaizailii MpoAYKTY He OYIIo:

AIT; = (0*5000 + (85000 + 5000 )*200)* 0,8333* 0,35) * (1 - 0,18) = 4065833,171 (rpn).
ATT, = (0*5000 + (85000 + 5000 )*(200+150)* 0,8333* 0,35) * (1 - 0,18) = 7533749,699 (rpm).
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AlTs = (0%5000 + (85000 + 5000 )*(200+150+50)* 0,8333* 0,35) * (1 - 0,18) = 8609999,656 (rpH).

Otxe, KoMepLiiiHUI edeKT BiJ peasizallii pe3yabTaTiB po3poOKH 3a TpU
poku ckiajne 20209582,52 rpH.

Po3paxoByemMo npuBeieHy BapTiCTh 30UTBIICHHS BCIX YUCTHX NMPUOYTKiB I111,
10 iX MOXE OTPHUMATH TOTEHI[IHHUI 1HBECTOP BiJ MOXKJIMBOTO BIPOBAHKCHHS Ta

KoMepIIializailii HayKOBO-TEXHIYHOI pO3pPOOKH:

T AHI-
Il = zlj Lo (4.11)

ne All —36inbuieHHss YUCTOrO MPUOYTKY Y KOXKHOMY i3 POKIB, MPOTAIOM SIKUX

BUSIBJSIIOTECA  PE3YJIbTATH BHUKOHAHOI Ta BIPOBA/KEHOI HAYKOBO-IOCTIIHOI
(HAyKOBO-TEXHIYHO1) pOOOTH, I'PH;

T — mepiox dYacy, MpOTATOM SIKOIO BHUSIBISIOTHCS PE3YyNbTaTH BIPOBAHKEHOI
HAyKOBO-JIOCITHOI (HAyKOBO-TEXHIYHOT) pOOOTH, POKH;

T — CTaBKa JUCKOHTYBAHHS, 3a Ky MOKHA B35ITH IIIOPIYHHUI MPOTHO30BAHMI PiBEHb
iHpamii B kpaini, z = 0,05...0,15;

t — mepion vacy (B pokax).

30UTbLIEHHSI TPUOYTKY MU OTPUMAEMO, TOYMHAIOYH 3 TIEPUIOTO POKY:

TIIT = (4065833,171/(1+0,1)1)+(7533749,699/(1+0,1)%)+(8609999,656/
/(1+0,1)%) = 3696211,97 + 6226239,42 + 6468820,177 = 16391271,57 (rpn).

Jlai po3paxoByOTh BEJIMUMHY MOYATKOBUX 1HBECTHUIIIHM PV, skl moTeHIiiHUN

1HBECTOp Ma€ BKJIACTU JJIS BIPOBAIHKCHHS 1 KOMepIliaizaiii HayKOBO-TeXHIYHOT

po3poOku. {715 11bOro MOXKHa BUKOPUCTATU (POpMyITy:

PV = K, * 3B, (4.12)
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ne K, — KoedimienT, mo BpaxoBy€e BUTPATH IHBECTOpA Ha BIPOBAHKCHHS HAyKOBO-
TEXHIYHOI Po3poOku Ta 1 KoMmepuiamizamiro. Ile MoxyTp OyTH BUTpaTH Ha
HOiATOTOBKY  MNPUMIIIEHb, PO3pOOKY  TEXHOJOTid, HaBYaHHS IEpPCOHANY,
MapKETHUHIOBI 3aX0/IH TOIIO; 3a3BU4ai K;,,=2...5, ajne Moxe OyTH 1 OLIBLINM;

3B — 3araJibHi BUTpPAaTH Ha TMPOBEJCHHS HAYKOBO-TEXHIYHOI pPO3pOOKH Ta

oopmiieHHs 11 pe3ysabTaTiB, TPH.

PV =2 * 990192 = 1980384,54 (rpH).

Tomi abcomoTHHIT eKOHOMIYHUN e(DEeKT Fase a00 YUCTHIN MPUBEACHUN JOXI]T
(NPV, Net Present Value) mis mNOTEHIIHHOrO I1HBECTOpPa BiJl MOYKJIMBOTO

BIIPOBAPKECHHSI Ta KOMepLiali3alii HayKOBO-TEXHIYHOI pO3pOOKH CTAHOBUTHME:

Euse = IIIT— PV, (4.13)

Eqc = 16391271,57 — 1980384,54 = 14410887,04 (rpH).

Ockineku E ;. > 070 BKIagaHHA KOIITIB HA BUKOHAHHS TA BIPOBAIKECHHS
pe3yNbTaTiB AaHOI HAyKOBO-AOCTIAHOI (HAYKOBO-TEXHIYHOI) poOOTH MOXe OyTu
JOIUTHHUM.

JIJIst 0OCTaTOYHOTrO MPUHHATTA PIIEHHS 3 LBOIO MUTAHHS HEOOX1AHO po3pa-
XyBaTH BHYTPIIIHIO €KOHOMIYHY JOXIJHICTH a00 MOKAa3HUK BHYTPIITHHROT HOPMHU
noxigrocti (IRR, Internal Rate of Return) BkirajgeHux iHBECTHIIIN Ta TIOPIBHATH 1i 3
TaK 3BaHOIO0 0ap’€pHOI0 CTaBKOIO TUCKOHTYBaHHS, SIKa BU3HAYAE Ty MIHIMAJIbHY
BHYTPIIIIHIO €KOHOMIYHY JOXI1THICTh, HIDKUYE SIKOT IHBECTHIIIT B OY/Ib-IKy HaAyKOBO-
TEXHIUHY PO3POOKY BKJIaIaTH Oyj1e eKOHOMIYHO HeIOoMiIbHO [17].

Pospaxyemo BigHOCHY (IopiuHy) €(hEKTHBHICTh BKJIAJCHUX B HAYKOBY

po3po0Ky iHBecTHuii E, . [ boro BUKOpHCTAEMO (POPMYITY:
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E, _ il 4 Ko -1,
" pv (4.14)

T, —UTTEBUI UK HAYKOBOI PO3POOKH, POKH.

Es=3 (lW14410887,04/1980384,54 -1=1,023.

BusHaurMo MiHIMaJabHY CTaBKY JMCKOHTYBAaHHS, SIKA Y 3araJlbHOMY BUTJISIL

BU3HAYAETHCS 32 (HOPMYIIOK0:

r=d+1, (4.15)

ne d — cepeaHbO3BaKCHA CTaBKa 3a JCTIO3UTHUMHU OIEPAIliIMUA B KOMEpPILIHHUX
0ankax; B 2022 pomui B Ykpaini d = (0,09...0,14);
f —mokasHuK, 1110 XapaKTepu3ye PU3UKOBAHICTh BKIIAJCHD; 3a3BUYaii, BennunHa f =
(0,05...0,5).

r...=0,14+0,05=0,19. (4.16)

Tax stk Eg > Tmin, TO 1HBECTOp MO3K€ OyTH 3alliKaBJICHUI y (P1HAHCYBaHHI AAHOI
HayKOBOi pO3pOOKH.
Po3paxyeMo TepMiH OKYITHOCTI BKJIQJACHUX y peati3allifo HAyKOBOTO MPOEKTY

1HBECTHII1H 32 (OPMYJIIOIO:

1
T, == .
OK E6 ' (4 1 7)

T,,=1/1,023=0,98 p.
Ockineku I, < 3-x pokiB, a came TepMiH oKynHOCTI piBuuii 0,98 poku, TO

0

(iHaHCYyBaHHS JaHOT HAYKOBOI PO3POOKH € AOIiIbHUM [17].
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4.4 BucHOBKH

ExoHoMiuHa YacTMHA JaHOi pPOOOTHM MICTHTH pPO3paxyHOK BHTpaT Ha
PO3pOOKY HOBOT'O MPOTPAMHOTO MPOAYKTY, cyma skux ckianae 990192 rpuBeHs.
Byno cnporHo3oBaHo Opi€HTOBaHY BEJIMUMHY BUTPAT MO KOXKHIN 3 CTaTe BUTpAT.
Takox po3paxoBaHO YMUCTUH TPHOYTOK, SKUKA MOXKE OTPUMATH BUPOOHHK BiJ
peaitizailii HOBOro TEXHIYHOTO PILICHHS, PO3PaXOBaHO MEPiOJ OKYIHOCTI BUTpAT
JUI 1HBECTOpa Ta EKOHOMIYHHMM e(eKT Mpu BUKOPUCTaHHI JaHOI po3poOku. B
pe3yJbTaTi aHajizy po3paxyHKiB MOXKHA 3pOOUTH BHUCHOBOK, IO PO3POOJIEeHUM
IpOrpaMHUMl  OPOAYKT 3a IIHOK JEIIEBIIMA 3a aHalor 1 € BHUCOKO

KOHKypeHTocnpoMokHUM. [lepiof okynHOCTI ckiaae 6au3bko 0,98 poxkis.
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BUCHOBKU

Jlana wmarictepchbka po0OOTa TPUCBSIUEHA PO3POOI  1HTENEKTYalIbHOI
iH(opMaIIiitHOT TeXHOJIOT11 Kiacudikallii aHrJIOMOBHOT TEKCTOBOT 1H(OpMaIlii mpo
MacuBd Boj Oaceitny piuku IliBnennuit byr. B HIfi omumcaHo 3arajabHy
XapaKTePUCTHKY O0’€KTYy JOCHTIKEHb. 3/1MCHEHO MOCTAHOBKY 3a/a4l Ta 00OpaHO
onTUMaJbHI 1HGOPMAIlIHI TEXHOJIOTII 1J1s i1 BUPIIIICHHS.

Po3rnssHyTO B@XIUBICTH CTBOPEHHS IHTENEKTyaJlbHOI iH(OpMaIiitHOl
TEXHOJIOT1i, STKa Ma€ MPUIIBUITUTH Kiacuikaiito iHdopmariii. Takox, po3riasHyTO
METO/IM BUPIIIEHHS MOIIOHUX 3aj/1a4, 30KpeMa — METOJU 1 TeXHOJOT1i 00poOIeHHs
npupogHoMoBHUX JaHux (NLP) st nepeTBOpeHHs TEKCTY Ha EMOEIIUHTH, 8 TAKOXK
— MOJIeJl MAIIMHHOTO HaBYaHHS, SIKI BUKOPUCTOBYIOTHCSA IS MOAAIBIIOL
Kkiacudikarii TeKCTy 3a HIUMH eMOeITUHT aMH.

PosrnsHyTO etanu CTBOpEHHS Ta aHAJI3y AaTeCeTy 1 3aCTOCYBaHHS J0 HHOTO
NLP-moxeneit Ta wmojened wMamumHHOTO HaBuaHHSA. st poOOTHM 3 IUMH
TEXHOJIOT1IMU HEOOX1THUM € CTBOPEHHS AaTaceTy 13 BIAMOBIIHUM HAOOPOM JTaHUX.
Jy1st oJIeTIIeHHS IbOTO 3aBJaHHs pO3pO0JIEHO Ta ONMUCAHO ABTOMATUYHUI Mapcep
JUTSl TAPCUHTY JTAaHUX 13 PI3HUX 1HOOpMAIIHHUX JKepen pi3HOro GopMary.

3M1iICHEHO PO3pOOJICHHS 1HTENEKTYallbHOI 1H(OpMaALIAHOT TEXHOJOTI]
aBTOMATHYHOI KJjacudikalii aHTJIIOMOBHOI €KOJIOT19HOI TEKCTOBOi 1H(opMaIlii.
Takox oOpaHO JBI MOXJIMBI ONTHUMalbHI Moaenl. IIpakTuuni BUIpoOyBaHHS Ha
JIAHUX 3 TEKCTOBUX JIAHUX 3 YKpaiHu Ta 3 €BPOKOMICIT TOKa3aaM, 110 HaKpaIor
3 HUX, TOOTO - ONTUMAJILHOIO, € MOJIeNb BunaakoBux JiciB (Random Forest) mae
TOYHICTh Kiacudikaiii 0.95, 1m0 € 3aJ0BUTLHOI0 TOYHICTIO SIK JIJI TAKUX 3a]1ay.

Exonomiuna wacTtuHa maHOi POOOTH MICTHTH pO3pPaxyHOK BHUTpaT Ha
pPO3pOOKY HOBOTO MPOTPAMHOTO MPOAYKTY, cyMa skux ckianae 990192 rpuBensb.
By70 ciporHo30BaHO Opi€HTOBaHY BEJIMYHMHY BUTPAT IO KOXKHIN 3 cTaTel BUTpAT.
Takox po3paxoBaHO YUCTUH TMPUOYTOK, SIKUM MOKE OTPUMATH BUPOOHUK BIJ
peanizaliii HOBOro TEXHIYHOTO PIIICHHS, pO3PaX0OBaHO IMEPio OKYIHOCTI BUTpAT

JUIsl 1THBECTOpa Ta €KOHOMIYHUUM e(heKT Mpu BUKOPUCTaHHI JaHOi po3poOku. B
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pe3yNbTaTi aHai3y pPO3paxyHKIB MOXKHA 3pOOWTH BHUCHOBOK, IO PO3pOOJICHUN
OpOrpaMHUl  NPOJAYKT 3a IIHOK JICMIEBIIMHA 3a aHaJlOr 1 € BHUCOKO
KOHKypeHTocpoMoxHUM. [lepion okymnHocTi ckinane 6au3bko 0,98 poku.
3a pe3yapTaTaMH JaHOi pOOOTH MTOMITHE I1JBHUIIEHHS TOYHOCTI Kiacudikarii
TEKCTOBHX AaHIJIOMOBHUX JaHUX IMPO BOJHI PECYpCH, SKI CHHTE3YIOThCS
aBTOMATUYHO 3 BUKOPHCTAHHSIM METOIB IITYYHOTO iHTENEKTy. OTKe, 3aBIaHHS,
MOCTaBJICHE y MaricTepchKii kBai(ikaliiHii poOOTi, BAKOHAHO B TOBHOMY 00CsI31.
3a pesynapTaTamMu AaHOi pOOOTHM HAMWCaHI TE3W JOMOBITI, sKi Oynn
anpoboBaHi Ha BceykpaiHCbKiil HayKOBO-NPAaKTUYHIN 1HTEpHET-KOH(epeHIil
«Momoap B Haylli: TOCHIKEHHS, Mpo0iaemMu, nepcrnekTuBm» (Binauis, 2021-2022
pp.) Ta ommyOJIIKOBaH1 y Marepiajnax i€l KoHpepeHIii.
Jlana warictepchka KpanmidikaiiiiHa po0oTa BUKOHAHA HA 3aMOBIICHHS
OaceitnoBoi paau [liBnennoro byry, kyau it nepenano ii pesyabratu. [Ipo HUX BxKe
HII0Ch B OOTOBOPEHHI1 0 1.4 MOPSAIKY JEHHOTO 3acilaHHs paau (AUB. IPOTOKOJ

No 12 Big 07.12.2022 p. na caiiti BYBP IliBnennoro byry).
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1. ITincraBa a1 MpoBeEHHS pOOIT

[TincraBoro ams BukoHaHHs poo6otu € Haka3 Ne 203 mo BHTY Bin «14» 092022 p.,
Ta iHauBIMyanpHe 3aBAaHHs Ha MKP, 3arBepmikene mpotokonom Ne 3 3acigaHHS
kapeapu CAIT Bim «14» 09 2022 p.

2. Jlxxepena po3poOKu:

- NLP for EN : BERT CLS & 10 Classifiers. URL:
https://www.kaggle.com/code/vbmokin/nlp-for-en-bert-cls-10-classifiers
- NLP for UA : BERT CLS for the notebook

result. URL: https://www.kaggle.com/code/vbmokin/nlp-for-ua-bert-cls-for-
the-notebook-result
- NLP : Reports & News Classification. URL.:
https://www.kaggle.com/datasets/vbmokin/nlp-reports-news-classification
— Ilnan ynpasninHs piukoBuM OaceitHoM [liBgenHoro byry: anainmis 1 3axonu
piukoBoro 6aceitny (anri.) / Mokin B. Ta 1H. ; 3a pen. C. Adanacbes, A.
[Terepc, B. Cramyk, O. fpomesuy., Kuis, 2014. 188 c.
3. Mera 1 mpu3HayeHHsI POOOTH:
[TinBuieHHs TOYHOCTI Kiacudikallli TEKCTOBOI aHTJIOMOBHOI 1H(opMaIli Mmpo
MacuBH Boj Oaceiiny piuku [liBgeHHuil Byr muissxom CTBOpPEHHsI BiJAINMOBITHOT
IHTEJIEKTyaJIbHOI 1HPOPMAIIHHOT TEXHOJIOTI].

4 BuxiHi 1aHi 1Jis IPOBEICHHS POOIT:
Hartacer Kaggle «NLP : Reports & News Classification» 3 manumMu npo BOJIHI
pecypcu.
5.Metoau nOCHIIHKEHHS:
MeTtonu MalmMHHOTO HABYAHHS, PErpeciiiHi MOJIEII Ta MOJIENI, SIKl MO0y /10BaHI Ha
OCHOBI JIepEB PIIICHb.
6. ETanu po6oTH 1 TepMiHU iX BUKOHAHHS:
1. Xapakrepuctuka npodseMu kiaacu@ikaiii aHrIOMOBHOI 1H(popmaii

PO CTAH BOIAHUX PECYPCIB...veeurerirreearrrasnreessreesnesssnessssnnessneesneens 19.09 — 30.09
2. Bubip onTUManbHUX HalalTyBaHb iH(QOPMAIIIHOI TEXHOIOTIT 1
PO3B’SA3aHHS TMOCTABICHOT 3AJIAUT ....veevveesereesreesreeesnee e e e e e 01.10 - 16.10
3. CtBOpeHHA IHTEJIEKTyaJIbHOI 1H(popMalliitHa TEXHOJIOT1i
Kkjacuikauii aHrIOMOBHOI 1H(GOpMAIIil PO MaCUBU BOJ OaceiHy piuKku
THBACHHUM BYT...ciiiiiiiiiiii e 17.10 -13.11
4. EKOHOMIYHA YACTHHA +..vvevviurianriesieesiessinessneesresssesssesssnsasneens 1411 -23.11
5. OdopmiteHHS MOSCHIOBATBHOT 3AITUACKH. ....vvvervveeiriesieeenneeennes 24.11 - 29.11

7. OgikyBaHi pe3ybTaTH Ta MOPSIOK peatizamii:

Touna xmacudikaiisi TEKCTOBUX AHTJIIOMOBHUX JAaHHMX IPO BOJHI peCypcH, fKi
CUHTE3YIOThCS aBTOMATUYHO 3 BUKOPUCTAHHSIM METOIB IITYYHOTO THTEJIEKTY.

8. Bumoru 10 po3po0ieHoi JoOKyMeHTaIlil

[TosicHroBasibHA 3amucka odopmiieHa Yy BIAMOBIAHOCTI 10 BUMOT «METOJIMYHUX
BKa31BOK /0 BUKOHAHHS Ta 0(pOPMJIEHHSI MaricTepChKuX KBasliPpikaiiHUX pooiT AJis


https://www.kaggle.com/code/vbmokin/nlp-for-en-bert-cls-10-classifiers
https://www.kaggle.com/code/vbmokin/nlp-for-ua-bert-cls-for-the-notebook-result
https://www.kaggle.com/code/vbmokin/nlp-for-ua-bert-cls-for-the-notebook-result
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CTYACHTIB creniaabHocTl 126 — «IHdopmaliiiHi cUCTeMH Ta TEXHOJOTID» JAEHHOT

dbopMu HaBUAHHY.
9. llopsiiok npuiiMaHHsg poOOTH

TTYOMITHII 3AXHCT ..vvvveivvieeiireessieeessirenesssneesssneenns « 20 » 12 2022 p.
[TOYATOK POBPOOKH ...vveeirvvireiniiieesiireessireeessineesssineeans « 19 » 09 2022 p.
['pannuni Tepminu BUKOHAHHSI MKP ..........c.ccees « 30 » 11 2022 p.

Po3po6us ctynent rpynu 2ICT-21m Panenpkuii O.B.
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Homartox b
[TpoTokon nepeBipku KBalidikalifHoi poOOTH Ha HAsIBHICTh TEKCTOBUX

3aI103NYCHb

Hassa poborn:  «ludopmauiiina NLP-texuonoris Knacudikailii _aHrnoMoBHol

mggop\mui'l‘ PO CTAH BOAHHUX PECypCiny

Tun poSoTi: MaricTepebka KBanidikauiiina podora

[liapo3ain: kadeapa CAIT
Haykosnit kepiBunk: Mokin B. B. a.1.1.. npod. kad. CAIT

Iokasnuku 3Bity noaiéuocri Unicheck

OpuriHanbHicTs 99 %

CXOXKICTh 1 %

Ananis 3BITY noai0HOCTI (BIAMITHTH NOTPiOHe):

\/‘iall()‘ill‘lcllllﬂ. BUSIBNCH] Y poboTi, opopMIeH] KOPEKTHO | HE MICTATL O3HAK
naariary;

~ suaBeHi v pobOTI 3aN03MUSHHA He MAIOTh O3HAK NJariary, ane ix HaaMipHa
KLILKICTH BHKJIMKAE CYMHIBH WOAO WIHHOCTI podoth i camocTiiinocT i
agrTopa. PodoTY HanpaBuTH Ha po3riisi excnepmoi" KOMICI 'Kaq.)c;lpn'.

~ puABaeHi y poboTi 3ano3nyeHHd € ueno6po§omcunmu I MAlOTh O3HAKH
nnariary ta/abo B Hiil MICTATBCA HABMHCHI CMOTBOPEHHA TEKCTY, WO
BKQ 1_\‘10.| b Ha cnpo6u MPUXOBYBAHHA He:loﬁpOCOBiCHux 3AMnO3UYECHb,

Onite npuiingroro pitwenns:

, J
mﬂ JAONYCKACTBCH /10 3aXHCTY

Ocoba. pi : AV Kykos C. O,
C00a, BIAnOBIAANBHA 3a NEPEBIPKY

i  qxnit OVB 3reHepOBaHIl CHCTEMOIO
Otnaiiomneni 3 nosuum 3siTom noaioHocT, AKH OyB 3reHepoBs

Unicheck uiono poGoTi.

A ”__\ZZ_F’ Paseusknii O. B
ABTOp podoTu

b > Mokin B. b
kt‘pmmu\' poGoTn LAz
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Jonatox B

JlictuHr nporpamu

numpy as np
pandas as pd
pickle
matplotlib

matplotlib.pyplot as plt

from sklearn.model selection import train test split

from sklearn.metrics import accuracy score

# models

from sklearn.linear model import LinearRegression

from sklearn.ensemble import RandomForestClassifier

from sklearn import metrics

# NLP
import

import

import

torch

transformers as ppb

warnings

warnings.filterwarnings ('ignore')

# Model choice

model name = "random-forest"

# model name = "linear-regression"

# Get notebook models name

if model name=="random-forest":

notebook models = "nlp-for-en-bert-cls-with-rf"

elif model name=="linear-regression":

notebook models = "nlp-for-en-bert-cls-with-linreg"

# Set parameters

random_state = 0
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notebook data = "euroreportonwaterresources"

data name = "water-data-Southern-Booh-for-random-forest.csv"

df = pd.read csv(f'/kaggle/input/{notebook data}/{data name}')
df = df.fillna(0)

convert dict = {'text': str,
'env_problems': int,
'pollution': int,
'"treatment': int,
'climate': int,
'"biomonitoring': int}

df = df.astype(convert dict)
df
df.info ()
# BERT: Data prepairing and modeling
def BERT modeling(df, text='text'):
# Using DistilBERT for the dataframe df[text]
model class, tokenizer class, pretrained weights =
(ppb.DistilBertModel, ppb.DistilBertTokenizer, ' distilbert-
base-uncased')
# Other models:
https://huggingface.co/transformers/pretrained models.html
# Load pretrained model/tokenizer
tokenizer =
tokenizer class.from pretrained(pretrained weights)
model = model class.from pretrained(pretrained weights)
# Tokenization the sentences - break them up into word and
subwords in the format BERT is comfortable with
tokenized = df[text].apply((lambda x: tokenizer.encode (x,
add special tokens=True)))
max len = 0
for 1 in tokenized.values:
if len(i) > max len:
max len = len (i)

padded = np.array([i + [0]* (max len-len(i)) for i in



tokenized.values])

# Creation variable to ignore (mask) the data padding

attention mask = np.where(padded != 0, 1, 0)

# Modeling

input ids = torch.tensor (padded) .to(torch.int64)

attention mask =
torch.tensor (attention mask) .to(torch.int64)

with torch.no grad() :

last hidden states = model (input ids,

attention mask=attention mask)

# Last hidden states

features = last hidden states[0][:,0,:].numpy ()

return features
features = BERT modeling(df, 'text')
# Text classification
def model prediction(df, test features, target):

# Models training and data prediction for all models from
DataFrame models

# Target

labels = df[target]

# Model loading

with open(f'/kaggle/input/{notebook models}/model-
{model name}-{target}.pkl','rb') as f:

model = pickle.load(f)

# Prediction

test pred = model.predict (test features)

test pred [int (x>0) for x in test pred]
return test pred

# List of the target features in df

cols = df.columns.tolist () [1:]

print ('Target columns:', cols)

# Solving NLP Classification tasks

print ('Solving NLP Classification tasks')

for col in cols:

df [col] = model prediction(df, features, col)
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# Results display

pd.set option('max colwidth',1000)

df.to csv (f'{notebook data}-{notebook models}-classified.csv',
index=False)

print (£f"The result of classification using the model

{model name}")

display (df)
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Honatok I'

INIIOCTPATUBHA YACTHUHA

THO®OPMAIIIMHA NLP-TEXHOJIOT'II KJIACUDIKALIIT AHI'JTOMOBHOI
IHOOPMALIIL ITPO CTAH BOJJHUX PECYPCIB

Bukonas: ctyaent rp. 2ICT-21m
Papenpxuit O.B.
« 01 » 12 2022 p.

KepiBauk: a.1.H., npod. kap. CAIT
Mokin B. b.
« 02 » 12 2022 p.

HopMOKOHTpOIIB: K.T.H., JOLIEHT
Kyxkos C. O.
« 02 » 12 2022 p.
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However surface waters have traditionally beey used as di
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name

4 MLPClassifier

1 FRandom Forest Classifier

0 Linear Regression
5 Mean values
2 Bagging Classifier
3 AGB Classifier
B Max values

acc_train acc_test

0983333

0.966667

1.000000

0983333

0983333

0983333

0.950000

0.975
0.950
0.900
0.900
0.875
0.800

0.775
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text env_problems pollution

They are key for supporting society and the economy throughout
Europe and clean unpolluted waters are essential for healthy
ecosystems.

However surface waters have traditionally been used as disposal
routes for human agricultural and industrial wastes damaging water
quality.

They have also been altered (by building dams and canals etc.)

to facilitate agriculture and urbanisation produce energy and protect
against flooding all of which can change and degrade habitats.

The Water Framework Directive (WFD) stipulates that EU Member
States should aim to achieve good status for all surface water and
groundwater bodies.

Ecological status and potential are criteria used to assess the quality
of the structure and functioning of surface water ecosystems.

Ecological status is influenced by water quality (e.g.

pollution) and habitat degradation and is used as a proxy for the
overall status of water bodies.

treatment climate hiomonitoring
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The result of classification using the model random-forest

text env_problems pollution

They are key for supporting society and the economy throughout
Europe and clean Lnpolluted waters are essential for healthy
ecosystems.

However surface waters have traditionally been used as disposal
routes for human agricultural and industrial wastes damaging water
quality.

They have also been altered (by building dams and canals etc.)

to facilitate agriculture and urbanisation produce energy and protect
against flooding all of which can change and degrade habitats.

The Water Framework Directive (WFD) stipulates that EU Member
States should aim to achieve good status for all surface water and
groundwater bodies.

Ecological status and potential are criteria used to assess the quality
of the structure and functioning of surface water ecosystems.

Ecological status is influenced by water quality (e.g.

pollution) and habitat degradation and is used as a proxy for the
overall status of water bodies.

According to countries’ second river basin management plans
(REMPs) covering the period up to 2015 good or better (high)
ecological status has beer achieved for only around 40% of surface
waters (rivers lakes and transitional and coastal waters).

Meoreover there has been little improvement in ecological status since
the publication of the first RBMPs in 2009 with the status of most
water bodies remaining similar.

Despite this lack of overall improvement the status of many of the
individual elements thal make up ecological status has improved.
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