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Mmob6anbHOM Uenbo AAaHHOro NMPoeKTa ABJIAeTCA COBepLUeHCTBOBaHUE CyllecTBYHOLWMX moaenen baHka
Poccuu onsa nporHo3npoBaHna BepoATHOCTU Aedonta pOCCUMCKMX KOMMaHUU C TOYKU 3PEeHUA KavecTBa
M 4acTOTbl MPUHATUA PELIeHUU C UCMNOSIb30BaHUEM TpPaH3aKUUOHHbIX AaHHbIX [lnaTteXXHOU cucTembl
BaHka Poccum

Llenbio gaHHOU paboThbl ABNSETCA MccnegoBaHUe MOSEe3HOCTU AaHHbIX lMnatexxHon cuctembl BaHka
Poccun (MCBP) ana ynydweHunsa cywecTBYWLWMUX MoAerien BepoATHOCTM pAedonita POCCUMNCKUX
KOMNaHUMU
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-

MuHychbil:

* Pepgkasa nybnukauus gaHHbIX
- 3apepxka B nybnvkauum AaHHbIX

» HeT yyeTa cBA3N Mexay areHTamm

YTO MOXHO ynyywuTb?



) Bank of Russia [TnatexxHaa Cucrtema banka Poccun (INMCBP) .

NCBP - nnaTexHas cuctema, Yepe3 KOTOPYHO pearimlyeTcsl AeHeXXHO-KpeaAUTHaA U 0oaxeTHas NONMTUKA
Poccuinckon ®epepaunmn

» [lepeBoabl Yepes cyeTa, OTKpbITbIE B baHke Poccum
 ~10 MIH TpaH3aKkuui B A€Hb

NMnaTteXHble AaHHble d)Mprl MOTryT ucnonb30BaTbCA B KadecCcTBe MH(bOpMaLIMM 00 u3MeHeHuUU ee
COCTOAHUA.

[Mnatexu no HOC ~ Bbipy4yka opraHusauum

[Mnatexun no Hanory Ha NpubLINb ~ NPUOLINTb OpraHM3aLum

[Mnatexu no HO®PJ1 ~ poHa onnaTel Tpyaa

[naTexun napTHEPOB ~ PUCK KOHTPareHToB

A T.n.

KnrouyeBblie momeHTbI NMCBP:

* [NoKpbITE OCHOBHOW YacTu nnarexen KoMnaHum
* [NnaTtexHbin rpad

* EXxegHeBHble AaHHbIE
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A. Khandani, A. Kim, A. Lo (2010): Consumer Credit Risk Models via Machine-Learning Algorithms

* Vcnonb3oBaHne exXeMecsavHbIX arpermpoBaHHbIX TPaAH3aKUMNOHHbIX AaHHbIX OJ14 OUEeHKN KpeaANTHOIo pnckKa

H. Kvammea, N. Sellereiteb, K. Aasb, S. Sjursen (2018): Predicting Mortgage Default using
Convolutional Neural Networks

* Mcnonb3oBaHne exeaHeBHbIX TPaH3aKUNOHHbIX AaHHbIX 0714 NPOrHo3npoBaHUA ,El,eCpOJ'ITOB Nno NnoTeke

D. Babaev, M. Savchenko, A. Tuzhilin, and D. Umerenkov (2019): E.T.-RNN: Applying Deep Learning to
Credit Loan Applications

V. Shumovskaia, K. Fedyanin, I. Sukharev, D. Berestnev, and M. Panov (2020): Linking Bank Clients
using Graph Neural Networks Powered by Rich Transactional Data

* Vcnonb3oBaHne exeaHeBHbIX TPaH3aKUUOHHbIX OaHHbIX OJ14 CKOPUHra npegorspaweHnda MmoleHHNn4YeCcTBa
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() Bark of Russia [laHHble ByxranTepckon OTYETHOCTY

« byxrantepckas otyeTHocTb ¢ 2012 no 2018
- [aHHble gedonTos 3a 2013-2019 (oo 2018 - BKW, nocne — 0409303 dopma)
- bonee 2 MNH yHUKanbHbIX MHH komnaHmu B rog

* ~150 TbIC. KOMMNAHNX NMEID 3aeM B CrieytoLLeM rogy nocrie oT4eTHOro roga
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@ Bank of Russia

YpoBeHb aedoonTa

* 100-170 TbIC. YHUKanNbHbIX MHH

* ypoBeHb aedontoB 2-6%

Number of inn per year and default rate
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© Bank of Russi OTpacneBon ypoBeHb aedornTa, 2012-2018 year
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[TokasaTenun byxranTepcKom OTYHETHOCTU
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# | MokasaTteno

KoadpdULMEHT TEKyLLIeN NUKBUOHOCTM

PeHTabernbHOCTb aKTMBOB

Banosas peHTabenbHOCTb

PeHTabernbHOCTbL M0 YMCTON NPUBHINM

PeHTabernbHOCTb NO onepaLyoHHO NpUBLINY

KoadhpmumMeHT aBToHOMMM

[onr/Mpubbinb OT Npogax

KoadhpuULMEHT NOKPLITUS NMPOLIEHTOB

KoadhcpuumeHT npoLeHTHOro GpemeHm

KoathULMEHT COOTHOLLIEHUSI COBCTBEHHBIX U 3aEMHbIX CPEACTB
KoacbdmumeHT o6ecnedeHHOCTM COBCTBEHHBIMU 0BOPOTHBIMU CpeacTBaMm
KoadhduumeHT HanoroBoro 6pemMeHu

KpaTKocpouHbii fonr/Bbipyyka

O60paumBaeMocTb AeBUTOPCKOI 3a80MMKEHHOCTU

G ObopaunBaeMoCTb KpeaUTOPCKOW 3a40KEHHOCTH



® Bank of Russia

[TnaTexHasa cnctema baHka Poccun (ICBP)
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HoctynHa ¢ 2015 roga

~ 10 MIH TpaH3akuMn B AeHb
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[Mpnumep gaHHbIX NCBP: social security payments
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& sank of Russi Logistic Regression
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log (exp (—yi(Xl-TW + c)) + 1)>

w,e \ 2

(1 - -
min| =w'w+C
i=1

L2 perynapusauund

p — KONIMYECTBO NoKasaresneu

w = (W, ..., W,) — BECA MOAENM

X = (xq, ...,xp) — BXOOHble AaHHble

C — KOO (pUUMEHT obpaTHOW CUIbl HOpManusaunm

y; — Taprer



) Bankof Russia Random Forest Model
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1
H(Qm) = N z (v —ym)z

* H(Q,,) — KpnTepmn NHPOPMaTUBHOCTH
* VY, — NOJTYy4EHHbIE OLEHKU

° y —Tapret

Source: https://scikit-learn.org
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HecbanaHcmpoBaHHbIE AaHHbIE
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« Random Under Sampling

*  Random Over Sampling

« weighted likelihood function by King and Zeng (2001) ana Logistic Regression

« adjust weights Chen et al (2003) ansg Random Forest

Original dataset

AN

\
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Under sampling
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Minor class
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@ Bank of Russia

OnTuMmusauma rmnepnapamMmeTpoB i

* Grid Search

« Random Search (Bergstra and Bengio (2012))

* Bayesian optimization (Dewancker et al (2016))

Grid Layout

Unimportant parameter

Important parameter

Random Layout
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Source: https://arxiv.org/abs/1911.02501
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Cxema Kpocc Banugauum
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» Stratified k-Fold cross-validation
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Random Forest Models Ha B[] vs B+I1CBP
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* Hyper parameters optimization

» Weighted criterion for finding splits

A ROC AUC

Acc.+BRPS RF model - Acc. Data RF model
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Random Forest Models Ha B[l vs NCBP

BRPS - Acc.RF model

Avg.

ROC AUC:
0.72vs 0.70

BRPS model - Acc.data model
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Random Forest. BaXKHOCTb paKkTOpOB 20

Most important:
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[ ncTtorpamMmbl NMNIOTHOCTU
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© sank o Russi Logistic Regression Ha B[] vs BA+INCBP

* L2 peryndapusaums
* Weighted likelihood
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@ Bank of Russia SaKn rOHeHUne

Pesynbrarhbl:
» [aHHble NCBP yny4watloT kKa4eCcTBO NMPOrHo3mMpoBaHNA BEPOATHOCTU AedhosiTa KOMNaHnK

* [NaBHbIM WUCTOYHMUKOM AOMOSTHUTESBbHOMN I/IH(*)OpMaLI,I/II/I ABINAKOTCA MJ1aTeXn CBA3aHHbIE C CbOH,EI,OM onriartbl
Tpyha

* Mopgenun Ha gaHHbiX NTCBP MOXHO mcnonb3oBatb ANl MPOrHO3MpPoOBaHUA BEPOATHOCTU dedbonTta KoMnaHun
anga nonyyvyeHust bonee paHHMUX OLEHOK

[lanbHenwmne HanpasneHus:
* [lepexoa K exeMecss4YHbIM OLEHKaM Mo TpaH3aKUMOHHBbIM JaHHbIM
* lAcnonb3oBaHWe Kpocc-Banvaaunum ¢ y4eToM BpeMEHN N1 KOMNaHUN

« Graph NN n gpyrne NN
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