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Abstract. This article uses the sample data of the SAS platform as an example to introduce the statisti-
cal analysis and prediction of the expected loss of loans issued by banks. The original data for this study
comes from a Kaggle source, which provides information about the credit history of bank customers. The
technology is based on logistic regression, graphical data analysis, and the basis of building a model on the
SAS platform. The model can be used to predict credit risk and describe credit risk in the banking system.
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Introduction

This kind of credit risk is one of the most common types of risks, and it has a vital impact on
the robustness of a single bank's exercise and the entire framework of the currency of custody. One
of the main reasons for emergencies is to prompt financial analysts to underestimate the risks asso-
ciated with the use of unused currency violations and the subsequent emergencies. In combination
with the potentially unsafe consequences of credit opportunities, it is essential to fully evaluate
them.

Under this circumstance, the state-of-the-art bank must not determine the importance of its
image in the same way that it assesses the opportunity level of a credit asset portfolio when con-
ducting lending activities. In the unstable budget market and currency-related emergencies, it is vi-
tal to be able to foresee the pattern of bank marks.

However, the current problem is the need for mandatory tools to predict credit risk. We stud-
ied a modern method based on the use of evaluable strategies to estimate the expected misfortunes
of banks when issuing advances, taking into account different variables that affect the risk of ad-
vances portfolio, and using information provided by Kaggle.

The biggest purpose of consideration is to estimate the unfortunate circumstances of banks
when issuing credit for explanatory considerations of suitability. The strange thing to consider is the
improvement of the program using the fact-finding data of the banking framework obtained by
Kaggle. The emergence of term papers is a demonstration of the strategy of using historical bank
data and the use of SAS equipment to analyze the credit risk within the scope of banking services.

New impetus for adjusting credit risk management

From the perspective of cash-related instructions, the conditions for the activation of the
COVID-19 emergency have special propositions for monitoring and coordinating credit risk. In the
past three months, banks have been adapting to the evolving trend and researching the most cutting-
edge methods to deal with challenges. These inspections assess the overall impact of the emergency
on the national or regional economy, and the impact of various departments and sub-sectors, espe-
cially credit risk issues that require real-time inspections. The examination started when it was di-
rectly discovered that this emergency situation had five curious effects on credit risk.

At the time of crisis, the change in budget conservatism is more critical than the differences
between departments and the past divestments. Certain companies, such as nutrition wholesalers,
dominate the crisis and are fighting to meet the increasing demand. Other factors, such as broadcast
communications and medicines, were hardly affected. But as we all know, certain sectors (such as
travel, transportation, tourism and neighborhoods) are indeed challenged [1].
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Nonetheless, to properly outline cash-related robustness within this emergency, banks must
go through inspections of parts or sub-sectors and investigate the borrowers. The business model
from one company to another in the same sub-industry may be absolutely correct, and along these
lines of thinking, it is more or less suitable for survival and faster recovery in the current environ-
ment. For example, many companies have very close online businesses, while others do not. There-
fore, banks cannot draw conclusions from sub-industry inspections alone, that is, whether a particu-
lar borrower is annoyed.

In addition, the standard data sources used in credit risk assessment must become obsolete
overnight. This crisis has manifested itself as a powerful external shock in most cases of the global
credit cycle. Both supply and asking prices were accidentally stifled. In addition, suddenly, the data
of the past six or twelve months of data is not important for the quality of the survey of individual
borrowers. The innovative method of acquiring and using high-frequency data is today's organiza-
tion [2].

In the process of developing the COVID-19 crisis, due to the prejudice of customers, their
banks eventually developed naturally, and the benefits of habitual installment payment collection
technologies (phones, emails, letters) are getting smaller and smaller. The huge wave of undesirable
progress that is currently forming will occupy a long exhaust direction resource in the near future.

Towards Data-Driven analysis and Real-Time decision-making

In order to respond to emergency situations, teaching related to driving money has begun to
adopt unused market segment surveys, borrower versatility and high-frequency analysis methods to
recognize and observe. One of the key changes we have seen is that pioneers are rapidly shifting
from the perspective of one department to a sub-sector, and finally using real-time information and
analysis techniques of debt to quickly transfer to the perspective of debt [3]. Most banks have con-
ducted precise speculations in specific sub-sectors and are getting closer (or up to now) to the debt-
or’s view of risk assessment.

Crossing this skyline is the method of investigating forms of credit underwriting by using re-
al-time trade information in decision-making and schedule analysis [4]. Switching to these unused
strategies will help banks adapt to emergencies, but in addition, as a practice, we believe that credit
risk management should be changed in the coming months and a long time. The best banks will in-
deed continue to maintain and extend these conditions after emergencies, in order to more effective-
ly monitor credit risk, to serve senior customers and enable them to recover faster.

SAS application style for predicting expected bank losses when issuing loans

The software market continues to grow. A new software package was developed based on the
rapidly developing modern computer technology. The functions of the program are being expanded
so that people can use them not only as simple tools to simplify work, but also as mature assistants
that can solve complex problems in banks. This study shows the use of statistical software package
to analyze and predict bank data.

In order to determine the initial predicted value of the credit risk level, we recommend using
SAS statistical analysis methods. To predict the risk of the loan portfolio, it is necessary to deter-
mine the criteria for changing the level of this indicator. We suggest that the main criterion for cred-
it risk indicators is a model built on the bank’s historical database, which shows the possible risks
of a specific customer, that is, the possible loss of the bank due to a specific customer. We believe
that this model most accurately characterizes the quality of bank loan portfolios.

All customer credit records are stored in the bank database. Credit history is information
about your loan obligations. It shows the bank, the microfinance organization (MFI) or the credit
consumer cooperative (CCP) from which you are applying for loans and borrowing. When was that
and how much you spent. Have you ever been a co-borrower or guarantor of loans from others [5]?
Do they pay carefully or delay payment?
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The amount of loss that the bank may face can be predicted based on the credit history data.
The average level of bank losses is estimated by calculating the expected loss index (EL). From the
perspective of the bank, the indicator of expected loss is an element of business value. Use basic
risk parameters to estimate the amount of expected loss: PD gives the average annual probability of
default of the borrower, and EAD x LGD - the level of losses [6]. Thus, the expected losses can be
estimated as follows:

EL = PD * EAD * LGD. (1)

Where EL— Expected Loss; PD - Probability of Default; EAD - Exposure at Default; LGD -
Loss Given Default. symbols in your equation have been defined before or immediately following
the equation.

The Basel Committee determined the following [12]:

e Average annual default probability (default rate) and borrower rating. PD is the probability
that the loan cannot be repaid. The probability of default will be calculated for each employee.
There are many different models that allow you to calculate PD based on available information.
Three main categories can be distinguished: structural models, simplified models, and credit scoring
models. The first two methods are based on market data (stock prices, bond yields). Therefore, the
credit scoring model has the greatest practical significance. All value ranges are evaluated by the
rating team. In addition, with the help of a special calibration of the rated value, the possibility of a
default can be determined. PD, a similar rating group, has been elected president for one year [7];

e According to requirements exposure (EAD). EAD is an estimate of the amount of risk (that
is, part of the loan). In this case, the following factors must be considered: First, the debt under the
system (especially complex products with a limit system) may fluctuate over time, so it is necessary
to evaluate its value in the event of default. [8]. Secondly, the existence of highly liquid collateral
allows you to reduce EAD, so its implementation makes it possible to quickly repay part of the lost
loan. However, the left part of the loan is unlikely to be repaid in full;

e The average expected loss of capital share (loss at default, LGD) at the time of default is
usually calculated as a percentage of EAD. LGD is exactly the estimated loss of EAD. It is neces-
sary to provide additional guarantees for the loan, assess the importance of the collateral to the cus-
tomer and the current financial situation of the borrower, namely its rating. When calculating LGD
and EAD, it is very important to correctly determine the issues of cost, liquidity and return probabil-

ity.

Collect data on indicator evaluation and processing

The basis of the research is data on bank credit records. As the initial information, data de-
scribing credit history at the beginning of 2020 was selected based on monthly records of credit
transaction cases. The following categories of credit history are introduced:

When analyzing a customer’s credit history, three main types of tasks are solved: comparing
credit history indicators, analyzing the dynamics of credit operations, and analyzing the level of
credit operations.
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Table 1 - EL, PD, LGD, EAD results

Funded_amnt PD LGD EAD EL

5000 0.1647909316466200 0.9137287259284660 2949.6084487904 444.13495613990800
2500 0.2828104744734790 0.9154816249384510 1944.4333780507400 503.42895400336700
2400 0.2307362354090770 0.9194838219680120 1579.9343016863600 335.19607381040500
10000 0.20874299947855700 0.9049241978540790 6606.559611654160 1247.9565912633200
3000 0.1292812709740640 0.9114527959410170 2124.631666989780 250.3533717013720
5000 0.13580650461121300 0.9188613978157500 3174.1650557315200 396.095660557456
7000 0.29133725401367500 0.9165305685864820 5052.384586825450 1349.0852014910900
3000 0.2975299298493430 0.91369595859268 2056.324222637450 559.0156355556010
5600 0.41801183398990700 0.9002332778846770 4810.650248440880 1810.2869602668200
5375 0.1882600619740530 0.9198397777105950 3901.7992509115700 675.6710395256220
6500 0.180805842929102 0.9063090874655570 4788.668721435330 784.6998858150640

In order to collect data, it is necessary to select at least 50 customers belonging to the target
industry group under consideration and collect the indicators that have been determined for them in
the past few years. At the same time, data can be obtained from various sources (including those
publicly available). In particular, data related to reports from the disclosure server, data from the
Federal Office of State Statistics 2 etc. It is convenient to use related indicators (financial relations).
In addition, financial indicators must be included in the same time range (quarter, month, year), and
the duration of the production cycle must be considered in calculations.

Acknowledgment

Therefore, in modern banks, the role of risk management is significantly improving. When the
decision to grant a loan is: accept/reject, the risk assessment allows you to give up the simple meth-
od. The credit risk management system becomes the basis for a reasonable dialogue with customers
based on objectives including investment portfolio indicators. A properly structured business pro-
cess will play an important role. The activities of the risk management department cannot be sepa-
rated from other departments of the bank, because a correct and objective assessment requires all
available information, including other departments and external resources. The role of risk man-
agement is not limited to the stage of considering the application - it is establishing the best portfo-
lio structure, continuous monitoring, and the importance and understanding of existing risks.

It is impossible to completely eliminate the risk. There is no income without risk: the greater
the risk, the higher the possible income. But you need to know the risks to prepare for possible con-
sequences.
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BynanraeB A.M. ! Mycaxan X.b. ! Mouaaaryiaosa A.H. !, Cemouna I K.'
Hecue Oepy yuin 0aHKTEeH KYTijleTiH IIBIFBIHAAPABbIH 00/KAYbI

Anparna. byn wmakamaga CTaTHUCTHUKANBIK Tajjay MEH OaHKTEp IIbIFApFaH HEcHelep
OOMBIHIIIA KYTUIETIH HIBIFBIHAAP OOJDKAMBIH €HTri3y yuiiH SAS miatdopMachlHBIH YT JepeKTepi
kenripinred. OChl 3epTTEYAiIH OacTanKel JepeKTepi OaHK KIMEHTTEPiHIH HECHEINK TapUXbl TYpaJbl
aknapat Oepetin Kaggle ke3ineH anbiarad. TeXHOIOTHS JIOTUCTHKAIIBIK PETPECCHSIFA, TPAPUKAIBIK
JepeKTepal Tanaayra xkoHe SAS miaTdopMackiHIa MOJENb KYpY HETi3JepiHe Heri3fenreH. YIIriHi
HECHENIK ToyeKenal Ooipkay jkoHe OaHK >KyHeciHaeri HecHeNiK TOoyeKeNal CHmarray YIIiH
naigananyra 00Jasl.

Tyiinai ce3nep: KOMIIOHEHT, IEPEKTEP/i Talay, HECHUENIK ToyeKel, OepiareH nedoNTTarbl
IIBIFBIH, KYTIJICTIH MIBIFBIH, AS(PONT BIKTUMAIIBIFEL, 1e(OJITKA YIIBIPAY, JIOTUCTUKAIBIK PETPECCHUS,
MO/JIETIb, )KYMBIC ICTEMEUTIH Hecuenep, apHaiibl 9ye CepBUCIHIH MIaTdopMackl, OomKay.

ByaanTaes A.M. ! Mycaxan X.b. ! MouanaryJosa A.H. !, Cem6una ' K.'
IIporuos o:xkuaaemMbIX yObITKOB 0aHKA NPH NMPeI0CTABJICHUH KpeIuTa

AHHoTanus. B 370l cTatbe MCNONb3yIOTCS 00pa3ibl JaHHBIX Iu1atgopmbl SAS B kauecTBe
puUMepa Ui MPeICTaBICHHUs CTATUCTUYECKOTO aHaIu3a U MIPOrHO3UPOBAHMS 0)KUAEMBIX YOBITKOB
10 KpeAuTaM, BbIJaHHBIM OaHkamu. VcxoaHble JaHHBIE 7S 3TOTO UCCIIEI0BAaHUS B3SAThl U3 UCTOY-
Huka Kaggle, koTopsblil npenoctaisier nHGOpMALMIO O KPEIUTHON UCTOPUH KIMEHTOB OaHka. Tex-
HOJIOTHS OCHOBaHa Ha JIOTUCTHYECKOMN perpeccu, rpaueckoM aHaiau3e JaHHBIX U Ha OCHOBE IO-
cTpoeHusi Mojenu Ha miardgopme SAS. Mozaenb MOXET MCHOIb30BATHCS A MPOTHO3MPOBAHUS
KPEAUTHOIO PUCKA U OMHMCAHUS KPEJUTHOTIO pUcKa B 0AHKOBCKOM CHCTEME.

KiroueBble cjioBa: KOMIOHEHT, aHAJIU3 JaHHbBIX, KPEAUTHBIA PUCK, YOBITOK IpU nedoiTe,
OKUJaeMblil YOBITOK, BEPOSTHOCTh AedoiTa, pUCK aedoiTa, JIOTUCTUYECKas: perpeccusi, MOJelb,
HepaboTaromue 3aiimbl, miardopma Special Air Service, IporHo3upoBaHue.

About the authors:

Bulantayev Aryslan Muratovich, second year master’s degree student, Department of In-
formation Systems, International Information Technology University.

Musakhan Khadisha Bakytzhankyzy, second year master’s degree student, Department of
Information Systems, International Information Technology University.

Moldagulova Aiman Nikolaevna, PhD in Physics and Mathematics, Associate Professor,
Department of Information Systems, International Information Technology University.

Sembina Gulbakyt Kakeevna, PhD in Engineering Science, Associate Professor, Depart-
ment of Information Systems, International Information Technology University.

Cgenenusi 00 aBToOpax:
BynanraeB Apsbician MypaTtoBu4, MarucTpanT 2 Kypca kadeapsl « THPOPMALMOHHBIX CH-
creM» MexXyHapOAHOTO YHUBEPCUTETA MH(POPMALIMOHHBIX TEXHOIOTUH.

International Journal of Information and Communication Technologies, Vol.2, Issue 1, March, 2021

158



Bl DKOHOMUKA )KOHE MEHE/[KMEHTTEI'T HU®PJIBIK TEXHOJIOTUAJIAP W

Mycaxan Xaguma BaxpIT:KaHKBI3BI, MarucTpant 2 Kypca kadeapsl «MHbopMarmoHHbIX
cucreM» MeXIyHapoIHOro yHUBEpcUTeTa HH()OPMAIIMOHHBIX TEXHOJIOTHI.

MoanaryjaoBa Aiiman HukogaeBHa, k..-M.H., noneHTt kadenpsl «MHPOPMALMOHHBIX CH-
creM» MexXyHapOAHOTO YHUBEPCUTETa HH(POPMALIMOHHBIX TEXHOIOTUH.

CemOuna I'yabakbiT KakeeBHa, K.T.H., JoueHT kadenpbl «HPOPMALMOHHBIX CHCTEM)
MexayHapoIHOrO YHUBEpCUTETa HH()OPMALIMOHHBIX TEXHOJIOTHIA.

ABTOpJIap TypaJjibl MIJIiMeT:

ByaanraeB Apsbician MypatoBu4, 2 Kypc MaruCTpaHThl, XaJlbIKapaJlblK aKIapaTThIK TEX-
HOJIOTHsUIap YHUBEPCUTETI.

Mycaxan Xaguma BakbITKaHKBI3BI, 2 KypC MarucCTpaHThl, XaJIbIKapaJblK aKIapaTThIK
TEXHOJIOTUSIap YHUBEPCUTETI.

MoanaryaoBa Aiiman HukosiaeBHa, ¢.-M.F.K., «AKIapaTThIK Xyhenep» KadeapachiHbIH
JIOLEHTI, XaJlbIKapaJlblK aKIapaTThIK TEXHOJIOTUsIap YHUBEPCUTETI.

CemoOuna I'ynbakpiT KakeeBHa, T.F.K., «AKIApaTTHIK Xylenep» KadeapachlHbIH JOLEHTI,
XaJpIKapanblK aKnapaTThIK TEXHOJIOTHsIIAp YHUBEPCUTETI.

VYIK 336.77
Omaposa E.T.
Kaszaxcrancko-bpuranckuil TexHMuecKuil yHUBepcuTeT, Anmarsl, Kazaxcran

AJITOPUTM ABTOMATU3ALINU KITACCUOUKAIINU ®PUHAHCOBBIX
AKTHUBOB IIPU PO3HUYHOM KPEJIUTOBAHUU

Annomauusa. B cmamve npedcmasnen Kelic N0 COCMABGNEHUIO ANCOPUMMA ASMOMAMUIAYUU KIACCU-
Qukayuu Gunancoeix AKMueos npu pPo3HUYHOM Kpeoumosanuu. lIpusedeno sanonnenue cneyuguxayuu
OCHOBHBIX OU3HeC mpebOBaHUll, a MAKI’Ce ONUCAH NOPAOOK pa3zpabomKu u HedpeHus 6 pabomy Kiaccugu-
Kayuu. B mabauunom eude cocmasnen Cnpagounux nynos 6 eude nopmeens 00HopooHbIX kKpedumos. brok-
cxema untoCmpupyem cyuHoCms npeoiodceHuli aemopos no asmomMamusayuu npoyecca epynnuposKu po3-
HUYHBIX punancogvix akmueog. C yuemom mexHuieckux ocobenHocmel u 6 Yeusax pearusayuu 603MON*CHO-
cmu pacuema 06vema npogusUll N0 OOHOPOOHBIM KPEOUAM, He0OX00UMO HA KAXHCOOM KOHKDEMHOM nyie
3a6ecmu noJsl.

Knioueswie cnosa: gunancosvie akmusvl, nompebdumenbckoe Kpeoumosanue, po3HuiHvle Kpeoumst,
00HOPOOHYLIE KpeOumsl, onpeoenetue npogusuii (pe3epeos).

BBenenue

[Totpebutensckoe kpeautoBanue B KazaxcTane moka3biBaeT B3pbIBHOW pocT. Kak mwuier
xypHan Forbes Kazakhstan u mo cBenpenusm IlepBoro kpeautHoro 010po, 00beM PO3ZHUYIHBIX Kpe-
auToB Ha koHer 2019 roga cocraBun 5,4 TpaH TeHre, 4To Ha 37,6% Oonbiie ganHbix B 2018 romy
[1]. banku HapaGoTamu CKOPUHIOBBIE CUCTEMbI KPEAUTOBAaHUSA. ABTOMATHU3AIMK TAKXKE MOJJIEeKAT
(MHAHCOBBIE AKTUBBI IPU POZHUYHOM KPEAUTOBAHWU. B HacTosimmel crathe MpUBEEH MPUMEP CO-
CTaBJICHUSI AJITOPUTMA IO aBTOMATH3alMK KiIacCH(PUKAINK (PUHAHCOBBIX aKTHBOB C y4E€TOM PO3-
HUYHBIX MPOJYKTOB KPEIAUTOBAHUS.

OTnpaBHON TOYKOW B3aMMOAECHCTBUS CTPYKTYPHBIX MOJpa3IeICHUN TPU UHUIMALIUH, OLICHKE
U pealli3aliy MPOEeKTa B OPraHU3allMH SBIISETCS COTIAacOBaHUE MAOIOHOB crienudukanmu ousHec-
TpeboBanuii (Business Requirement Definition (BRD) k mporpammuomy obecnieuenuto. [Tonsitue
BRD — nokymenTa cneunukanun 6usHec-TpedoBanuii BBeaeHo Six Sigma [2]. beccniopHo, nan-
HBII MOJXOJ MPUEMJIEM I BCEX 3aMHTEPECOBAHHBIX M BOBJICYEHHBIX CTOPOH B IPOLIECCE MPOEKT-

International Journal of Information and Communication Technologies, Vol.2, Issue 1, March, 2021

159



