anpmnHa A.A., babenko A A., 2024

NHOOPMALIUOHHBIE TEXHOJIOI'NAU
B BE3OITACHOCTHU U TEJIEKOMMYHHUKALIUAX —

www.volsu.ru

DOIL: https://doi.org/10.15688/NBIT.jvolsu.2024.3.4 @n

YIK 519.7
BbK 22.18

PEIIEHUE 3AJAYY BUHAPHOU KJTACCUDPUKAIINUN
C IOMOIIIBIO METOJ0OB MAINIMHHOI'O OBYUYEHUA

Anekcanapa AsekcoBHa JlanblmiuHA

Crynent, kadeapa HHPOPMAMOHHON OS30MacHOCTH,
Bosnrorpaickuii rocyiapcTBEHHbIH YHUBEPCUTET
BIT-211_164731@volsu.ru

npoct. Yausepcurerckuid, 100, 400062 r. Bonrorpan, Poccuiickas ®@eneparust

Anexceii Anekcanaposud badeHko

Kanaunar nejarornueckix Hayk, JOICHT,

kadenpa nHGOPMAITMOHHOIN OE30MACHOCTH,

Bonrorpaackuii rocynapcTBEeHHbI YHHBEPCHTET

babenko.aleksey@volsu.ru

npoci. Yausepcurerckuid, 100, 400062 r. Bonrorpan, Poccuiickas ®@eneparust

AHHOTanusi. B TaHHOM MCCIIEIOBAaHUH PACCMOTPEHBI MOIEIH MAIIMHHOTO O0y4YCHUS
JUIsl peleHus 3aa4n OnHapHOH Kiaccuukanmy. [IpencrapieH anroputM oopadboTky Habo-
pa MaHHBIX JJIs1 00y4YCHUS ¥ TECTUPOBAHUS, a TAKXKE IPOBEICH CPABHUTEIBHBIN aHAITU3 MTPE/-
JaraeMbIX MOJIEJICH, 10 UTOTy KOTOporo ObuIa orpeserneHa Hanoolee paloHanbHast MOJCIb
MaIlIuHHOI'O 06yquI/1$[ JJIA BBITIOJTHCHU S MOCTaBJIEHHOMN eIu.

Karwuessle cioBa: OnHapHas kiaccu(uKaius, MOAEIH MaITHHHOTO 00y4eHus1, Habop
JAHHBIX, pPACIIPEACICHUE JAHHBIX, KOPPETALIHSL.

B HbIHEIIHEE BpeMs KOJIMYECTBO Pa3jIvy- KOMIIaHH#, pa3padaThIBAIOLIMX CUCTEMBI HH(OP-

HBIX aJITOPUTMOB MAIIMHHOIO 00y4EHHS M03BO- MAaI[OHHOH 3aIlUThI: HU3Kas CTOUMOCTb, IIPOCTO-

JISieT clieNaTh BBHIOOpP B IMOJNB3Y JAAHHOTO CPE- Ta peann3aluy, CKOPOCTb OOYYEHHS U MPEIoc-
CTBa JUIS pEIICHHUS pPa3HOIUIaHOBBIX 3aaa4. [Ipe- TaBJICHUSI Pe3yibTaTa.

£Y UMYIIECTBO 3THX TEXHOJIOIUH 00yCIaBIMBaCTCS Jnst oOydeHus J1r000i cucTeMbl HEOOXOMM-

© Tpems BaxkHBIMH (HAKTOPaMH 11 OOIBLUIMHCTBA MO ChOpMHPOBATH CTPYKTYPHUPOBAHHBIN U 00pado-
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TaHHBIA MacCHB JaHHBIX — AaTtaceT. Kiaccuuec-
KO 33124 (QUITBTpaIiiy U Kinacch(ukay Habo-
pa uHbOpMAaIHH SBISETCS IMTXOTOMUYECKAST HITH JKE
OuHapHas Kiaccudukanys. OnpeaeeHue IpHUHaAI-
JIGKHOCTH 00BEKTa K OIHOMY M3 IBYX BO3MOYKHBIX
KJIaCCOB — OCHOBHAsI LIEJIb paccMaTpUBaeMoOi 3a-
nauu [3]. Ee perienne HaxXomsIT ¢ MOMOIIBIO pa3-
JIMYIHBIX MOJIENIe MaImMHHOr0 00y4eHus. s om-
pezernenus HarOoJiee palMoHaIbHOM 13 HUX, chop-
MHpYeM J1aTacer, Ha OCHOBE KOTOPOro, B TOCHE-
CTBHH, OyieT poucxXoauTh oOyuenue (puc. 1) [1].

HeoOxomumo yoenuThes, 9to B ChOpMHUPOBaH-
HBIX CTOIOIAX HET MPOITYIICHHBIX 3Ha4YeHU. [laH-
HBIH ITyJT UMeeT 86 HEIyCThIX 3am1ceii 1o 7 KpUTepH-
sIM, OTMCAHMS KOTOPBIX MPEICTaBJIECHBI B TaOIHIIE.

transaction_id transaction_amount

locat

Tak kak B 1aracere NpucyTCTBYIOT TP Ka-
TErOpHaJbHBIX MO, TAKUX Kak location, merchant
u gender, HEOOXOIMMO TIEPEBECTH UX YHHKAIBHBIC
3HAYEHHUs B YU CIIOBBIC, UCTIONB3Yst Merox One-hot
encoding.

Takum 00pa3oM Moy4IrM repedeHb U3 clie-
JYIOIINX TIPeoOpa30BaHuUM:

a) gender: M -1, F- 0;

b) location: New York — 1, Chicago — 2, Los
Angeles — 3, San Francisco — 4;

c) merchant: ABC Corp — 0, XYZ Inc — 1.

OcHOBBIBasICH Ha TMPEOOPA30OBAHHBIX JIaH-
HBIX (pHC. 2), TPOU3BEAEM OLIEHKY KOPPESIuU
MKy CTOIOIAMHU YMCIIOBBIX ITpU3HaKoB. [Tomy-
YeHHass MaTpUlla KOppeNsius oTo0paxkaercs B

gender

fraud_label

81 3 1500.0

82 8 28000 S

83 84 1350.0

85 8¢ 2000.0

Los A

jeles

)

Puc. 1. ChopMupoBaHHBIIl MACCHUB TaHHBIX

Onucanue KPUTEPUEB JTaHHBIX

HaszBanue Kkputepus Onucanne Tun 1aHHBIX Onucanne THIA JAHHBIX
transaction_id Howmep Tpan3akumu Int64 [enounciaeHHbId 64X-OMTHBIN
transaction_amount CyMMa TpaH3aKIHH Float64 Herenounciennblii 64x-0UTHBII
location MecTo BHIIOIHEHUS TPAH3aKLIHH object Habop cBoiicTs
merchant [Tnaré&xHas cucrema object Habop cBoiicTs
age Bospacr Int64 [enouncaeHHbId 64X-OMTHBIN
gender IMonoBast pUHAIIEKHOCTh object Habop cBoiicTs
fraud label MeTka MOLIEHHHYECTBA Int64 [enounciaeHHbId 64X-OMTHBIN

transaction_id transaction_amount

location

merchant age gender fraud_label

0 1 1000.0

1 2 500.0

Puc. 2. [lanHble B yncaoBoM (hopmare
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TOM clly4ae, eci 3HaueHUE ee MOJYJSI TPEBbI-
maer orMerky 0,3 (puc. 3).

[Tocne mpemoOpabOTKH JaHHBIX JaTaceTra
1 OTIpe/ieIeHUsl KOPPEISALMOHHOW MaTPHIIBI, MO-
JKeM 0TOOpa3uTh rpaduKu pacupeaeacHUs JTaH-
HBIX (puc. 4).

Jl1s nanpHen1ero onpeaeneHus Hanmydleit
MOJIC/IA MAIIMHHOIO 00y4YEHHs, HEOOXOAUMO pa3-
OWTb TaHHBIC HA JBE TPYIIIIBI: TECTOBBIC U 00y4a-
forme. Tak kak B HallleM JIaTaceTe YHCIo 3aru-
ceit menbie 1000, To coorHorenue Oyaer 70:30,

transaction_id
fransaction_amount
location

merchant

age

gender

fraud_label

ransaction_id transaction_amount location

A.A. Janvwuna, A.A. babenko. Perenne 3a1aun ONHAPHON KITACCH(DUKALINY] m—

rae 70 — MpoLEeHTHOe KOMMYECTBO JaHHBIX IS
oOyuenus, a 30 — a1 TecTrpoBaHus [4].

JJisl cpaBHUTENBHOTO aHanu3a BhIOEpeM
CJIEIYTOIIE MOJICIH MAIIMHHOTO OOYYeHHUsI: JI0-
rUYecKas perpeccus, MeTo/l OIIOPHBIX BEKTOPOB,
JICPEBO PEIICHH, HAUBHBIN 0alleCOBCKHN K1ac-
cupuKaTop, METO k-OMMKaWIIUX COCENeH,
XGBoost, rpaqeHTHBINH OyCTHHT, METO CITyJaii-
Horo seca, AdaBoost. Merpukoii OI[eHKHM Kade-
cTBa Mojenel Oyner BeicTynaTh F1-Score — rap-
MOHHMYECKOE CpeiHee MEKIY TOYHOCTBIO U TOJI-

1.0

| 06
0.4
0.2

0.0

merchant age gender fraud_label

Puc. 3. Marpuna koppensaiuu cToja010B YUCIOBOTO IpH3HaKa

L.

o 1
fraud_label

Puc. 4. I'paduku pacnpeneneHue qJaHHBIX
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HoToi1 [4]. [{ns kax a0l Moaenu runeprnapamer-
pBI OBUTH OMPEACICHBI 110 YMOTYaHHIO (puc. 5).
CpaBHHTENBHBIN aHAIN3 [TOKA3aJl, YTO Hau-
Jy4lIed MOJAENbI0 MAaIIMHHOTO OOyYeHUs JJIst
peleHus 3a1a4u OMHAPHON KilacCH(pHUKAIIMU 110
Merpuke F1-Score u HacTpOEHHBIX TUIEpIapa-
MeTpax 1o ymomuanutio siBisercs AdaBoost.
KitroueBoii mpoOsieMolt TaHHOH MOJIEITH SIBJISI-
€TCs CKIIOHHOCTB K Tepeo0yIeHHIO TP HAJTYHH 3Ha-
YHUTENHHOrO YPOBHS IIyMa JaHHBIX [2]. OmHuM U3
METOJIOB PEIEHHUS SIBJISIETCSl ONpeelieHne Hanbo-
Jiee BIUSATEIBHBIX THTIEPIIAPAMETPOB JUTS TIpeIcKa-
3aHUs AopUT™Ma. TaKUMU SBILFOTCS: MAKCUMAITh-
Hasl TyOMHa epepa penenuit {1,2,3,4,5,6} v koiu-
YeCTBO JepeBheB B ancamoOne {1,2,3...2500} [5].
Bce paccMoTpenHble MOAENTH MAIIMHHOTO
00y4eHUSI CIIPABIISIIOTCS C IOCTABICHHOM LIENBEO —
peliienure 3a1a4un OnHapHo# Kinaccudukanuu. Ox-
Hako HanboJee panroHAIEHON B UCTIONBb30BAHUT
okazanack Monenb AdaBoost, npumMeHsromasicst
B CBSI3KE CO CIIA0BIM aJITOPUTMOM OJJHOypOBHE-
BBIX JIEpEBbEB pemieHuid. Bricokas ad¢exTus-
HOCTb JIOCTHUTa€TCs 3a CUET OYCTUHIA CIIa0bIX Kilac-
cu(UKaTOpoOB, YTO TAKKE KOMICHCHPYET TaKyrO
npolIieMy MOZIENH, KaK IepeoOydeHue.
JlanbHeUIMM BEKTOPOM Hay4YHBIX UCCIIENO0-
BaHUU sBIIsiETCs paccMoTpeHue 3 dekruBHOCTH
anroputMa AdaBoost npu pemieHnn Apyrux 3a-
Ja4 Kjaccu(uKarym.
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OugeHKa mogeneit no meTpuke F1-Score

k-6numaiLme coceam

[epeso pelweHui

OnopHele BeKTOpa

[pagneHTHbIA BYCTMHI

CnyyaiiHble neca

XGBoost

Jloruyeckan perpeccua

HaueHbli BaliecoBcKuid KnaccuduKaTop

AdaBoost

0 01

0,2

0,62
0,71
0,71
0,75
08
0,88
0,88
0,89
0,94
03 04 05 06 07 08 09 1

Puc. 5. Ouenka mozenei mo metpuke F1-Score
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Abstract. This study discusses machine learning models for solving binary classification
problems. An algorithm for processing a data set for training and testing is provided, as well as
a comparative analysis of the proposed models, based on the results of which the most rational
one for achieving the stated goal was determined. A structured dataset consisting of 86 records
on seven criteria was created, with categorical variables such as location, merchant and
gender transformed using one-point coding. Correlation analysis was performed to assess the
relationships between the numerical features. The dataset was then divided into training (70%)
and test (30%) subsets for model evaluation. The different machine learning models were
compared using F1-Score metric. All considered machine learning models cope with the objective
of solving the binary classification problem. However, the AdaBoost model, used in conjunction
with a weak single-level decision tree algorithm, turned out to be the most rational in use. High
efficiency is achieved by bousting weak classifiers, which also compensates for such a problem
of the model as overtraining.

Key words: binary classification, machine learning models, data set, data distribution,
correlation.
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