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ABSTRACT

New technologies:and:-new: business ' models lare .changing: traditional banking-business:model;.and theltrend also has
impactonlo:.o'a ncdist cyple. This leads tol theykesesearch questioof the papemwhat is ithempact offinancial

inclusion :and fintecton lo:0r'a n@st o plr. Dodaddress!the yesdareh:questibe study jperforms: al.descriptive
quallitative-analysis; by ‘adopting'a.document reviewing apprdaehstudy:explorethe impact of fintech innovations

and fintechiinclusion othe lloanproduct ccyclelthroughi dits:three:main:phasesalyzing thelloan: credit .cycle is
particularly important, especially inthe.eraof digital transformation for.to: give insight to resource @allocation strategies
and financial-behaviors' of largeale .economiesundergoing fast developmBanks ccould use. Alnmodefor to

o forfaehle lsuu io tuachilrseascll @ aknlisoodoohonewus: ticonm eArlos of reseachets foaind eXplainalgd Al h o o d
(XAl)) better suited for:credit i risknmodels, with ISHapley (Additive’ exPlanations\(SHAP) and LocalrInterpretable
Model-agnostici Explanations (LIME)-as:the most suited-ones.
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l. INTRODUCTION

New technologies:and -new business models are .changing traditional banking-business:model, and
thhoend tlsn lenidphaciand 1sa0 s pha@as cvdempacedt o ocney regearch@eestipnrofottcleu ¢t ¢
paper what is'the impact of financial inclusion!and: fintechciadlit | .0 'a n«@:st cvplr. ®od u c t c
address|/the research questibastudy performs a.descriptive qualitative: analysis; by -adopting a
document reviewing approach. Thestudy explores:the impact of fintech:innovations:and fintech
inclusion.on thedoaproduct cycle through:its three:main:phagprigination, (I) management,

and ((lll) collection. ‘Athuge body of research:analyze the impact of financial innovations and
financial inclusionon!different stages of the:loan product.cycle, related mainly'to probability of
default loss .given/defaultnon-performing |loans (NPLs) or recovery rates.: The: significance of

this studyisitorreview andnanalyze: thepimpact of finance innovations and: financial inclusion
through the wholéoan productcycle.

I.A. Credit risk overview

Credit risk is defined as the: risk arising of default by :obligor:on'its: obligation; or an-increased
probability of default.or related torating downgrade: Some.of thelvariables related to relative credit
risk assessmentare:

f Obiloisgioridsd welapaciptty and willingness to pay
Y External.conditions
f Credit riskimitigants, etc.

In general, it is-expected a bankinour losses due to their lending business.'Such lpsses as

an inevitable costof doing businease called expected loss&xpected loss (EL) is:the average
loss llevel-encompassing loibgym range of representative economic.conditions; and not based on
the economic cycleThey are:statistically -calculated -despite fact thatheir average amount
could variate on: ayearly.basis. addition, expected loss should be adequately incorporated in
loan pricing.The three.componenthatdetermne EL are:

Y Probability of default (PD): the:probability of default by borrower before the maturity of
the loanfacility

Pirhbobia b icluiitry) roctmmdie felaw! tothe HOrRPD:) < iasne. commonel-y  r el a
specific estimate; calculated independently: from the cfeditic i briptiiy-0 Tansgignop er t i e
migration:matrices are-used to.model the changing nature of probability. of default; as the second
year IPD is:assumed to be higher thanithe first yeatrP@eneral  banks:calculatercorporate:PDs

on the ground dbng-run default rates-based on-average of isaigghted historical default rates,

while for retail lending they use ia-I2onth pointin-time probabilityweighted PD(as presented

in Table 1. In addition, ‘it iis cestimated the.correlation of default: ratesto forlcaking
macreconomic variablegnd more particularlindustry .and country; specific.



Table 1/Probability, of default
Source:HSBC, 2024

Wholesale lending
and derivatives Retail lending
12-month Basel
Internal credit probability of Internal credit 12-month probability
rating default % rating weighted PD %
Quality classification
Strong CRR 1to CRR 2 0¢0.169 Band 1 and 2 0.000;0.500
Good CRR 3 0.170;0.740 Band 3 0.501¢1.500
Satisfactory CRR4to CRR5 0.741c4.914 Band 34 and 5 0.501¢1.500
Substandard CRR6t0 CRR8  4.91%99.999 Band 6 20.001;99.999
Creditimpaired CRR 9to CRR 10 100 Band 7 100

Y Exposure:atidefault! (EAD):hthb:a n kid's exmosuee damdaunto a «customer,or a
counterpartyat the time of default

Exposure at/ default:.can be:very distinct from therowing amounts at the initiation |of the lending
facility. This problem:ispparticularly exuberated: withr derivatives; whichirequires Monte Carlo
simulations! for its;gantification.

Y Lossgiven/default (LGD):the fraction of EAD:thatisilostl/in the .event of default

In the event of default LGihcorporatesll the costsiincurred in relation to-the 'collection and sale
of the collaterglas wellindustry.and country; speciffactors

Worldwide LGD spiké during 2®7-2008 financial ccrisispresented: inicFigure 1.:The
macroeconomiciimpact.on LGD forcmortgage portfolios.isimodelled 'based on estimatént loan
value measures for.the remaining maturity 'of the facility: by utilizing national level house price
index forecastéHSBC, 2024).
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Figure 1'Worldwideldiscounted LGD
Source: Global Credit Data; 2023

In the event of default; the expected:loss ican:-be defined as:

EL = PD*EAD*LGD (Formula 1)

|.B. Literature observation

Up-to-date itlere is:a big stake! f.iudisstouldihcels clexopdvocn inneg and thves kel at i o
taking relategharticularlyto China Fang etal.; 20234u et.al., 2022; Deng et al., 202A)balance

shhiecedtne sbuen d inmegis havcitdhiveicitey on boyimefoi! natke eshiskinhawve:s negat
a peetto-peer (P2P) businessomodel: has adverse effect oncooperative banks, mostly:related in
both cases withi.decline in profitabiliElekdag et al., 2024 Fang et:al. (2023):find that the
increasein fintech roir g1g: e nisk thkengthkosgh ! liquidity creationLiberti & Petersen (2019),

Jiak @ i &O1Manr iiint| (17210)1:81) )10t samennpolantl qdalitaive dadal issnot( 2 0 1 5
thheoomiow g In yintcand drelininzdel d As iparBakker atiale(20R33 the increasedin fintecimo d e |
volumes boosts:banking competitiand decreases:lending spreads:in:Latin AmeBcannan'&

Michaely (2021), Deng at' al.(2021), Yeo & Jun (2020), and FSB'(2017) findthat information
asymmeitryinccreditrmarkets is reduced.through:fintech: lendtaginerships:with: fintech:or

focm tnewerh reduoneschlniu sk oonnge rmrendhulccessicatbracn kisi® and tiusrkientya ki n g
(Daud et-al.,’2022; Murinde et al., 2022; Hu et al., 2022; Campanella et al:, Eok&gh has

positive effect .on/the: stability: of financial-institutions-in.emerging‘markets, while it.decreases the
stability of financial institutions in developed markets:(Fung et al.) 20a0ye . commercial banks



profit from cooperation.with' P2P platforms, whR@P!lending has negative effect.on;,cooperative
banks(Ben Naceur atal.; 2023fintech 'has: higher-negative impact ‘on.financial institutians
countries.with-more @dvanced financial systems: (Ben Naceur at al., Bag8)ce sheet lending,

thh at mo.rrecmnicelialsed ynkircesiembidde hat rerandd ntpicoon adl bankir
profitability and is leading itoan increaser risk taking!(Ben Naceur et al., 2028yesting /in

financial innovation can :mitigate some:of the negative .impacts from fintech (Chenet al, s019)

well improve operational (efficiency(Wang €t ali, 2024nd increase thelending to:.smallland

medium enterprises! (Lin: & Dong,12024n comparisonto banking industry, fintech:lending

platforms -are’ 20, percent-faster -inpapplication:processing (Fuster et al:, BDi&¢h negative

inmp acit opniablainikscdio porsef dotsanbuidll bytbynks mainly delateditd o 1 nc
investment in.new technologiesnd reduced interest.incorappertainingo severe competition

with fintech companie¢Ben Naceur et'al.;(2023):h e cainecgea tvibwvie pefufilexct on b
associated rinnmarkets with: -higher:credit depth, higher! stock -market. turnover, lower bank
coocmecaeon turhaltoicomnmercandl:s hibighle roccoommenr. Cliz'a The hdwemsk s 6 pr
elfcf ve euths @oonmiabbia nkos: 6losprrisonfiaied r@tboicsbwithta yower rsk pmiocr leverc | os el
nonperforming lloans (NPLs); and lower probability of insolvency (Ben:Naceur et al:,) 2023).
Fintech /lending-'shares:dincrease mainlyin:'markets with higher doan! denial:rates.and lower
consumer credit.scores: (Jagtiani et al., 20Rtyease in fintech transactions:has a positive effect
onnmanlb anHnterést imcomgebut not.enough to.counterbalance the:negative effect of fintech
cooympi@ tnibdkis ormialolin (BereNadewr ét'al.p2023in indreade in’ PARidypalance sheet

lending leads toldecease in ROE of cooperative banks (Ben:Naceur et al., T2@28)crease of

balance sheet lending leads:to.ardecréaseiccom meir cliviall banks &Nl M ( Be
Fintech:adoption by banks reduces their!credit risk.(Zhang.et al:, 2088nhre of.commercial

banks in.general is lower in.comparison{score of cooperative banks (Elekdag/etal.;/2024). The
increase of fintech.volumes in general leads to-increaserbanking risk taking: (Elekdag et al., 2024).
Some:smaller cooperative banks nli@ase some young tech savvy:customers, due to.the lack of
enough:sources toinvest.in digitalization, (Coelho et'al.; 2019).

Il. METHODOLOGY

This studyperforms: a descriptive qualitative:lanalysis, by adopting a literature review
approach and a refined data analysis for to obtamableoutcomes. The data used for-this study
was gathered:from various sources; mainly retrieved from ScienceDirect.and: Google Scholar
including relevant journals, banking::annual:financial repHSBC, Deutschel‘BankBanco
Santanderetc), related-books; and-newspapers and.various: official public data..Data was first
examined andinterpreted in orderto gain adepth understanding and obtain contextual meaning
for a reliable;and valid-research and:then analyzed- and synthesifigstature review orthe



impact of finteh on'bank risk taking due to the fact that fintech and big tech.companies take a big
stake inccredit loans torsmall@and medium:-enterprises and.unserved-or-underserved population.
Fintech-and-hig.techocompaniesiploy big analytics! likemmachine learning!(ML)and artificial
intelligence ((Al) \in ithe ccredit dloanmodels.! This:analysis:| cosietd light on the 'better
comprehension iahe usage of ML and Alhmodels in-credit loan product cyelether, glected

b.an knsu® reram nwcand roedpio rretiismow esnee and cnovecs i geardseath f o r
findingson the topic.

[11. ANALYSIS and/FINDINGS

Worldwide therretaibbanking clientsiwith an-account in financialinstitution increased from 50.63
percentin’2011.to 73:97 percentin 2021 (as presented in Figure 2).,98.51 percent of the i population
in Euro area has-an account in:financial institutiohictv is ithel highest worldwide (as-presented

in Figure 2). In-.comparison only:38.94: percent of the population:in Arab world hold.amaccount in
financial institution, which:is'the lowepercentas ;presented in Figure 2).
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Figure 2IRetail clients with financial institution.account (% age)15+)
Source:\World Bank'DataBank; 2024

In contrastio the rretail clientS8account at: a financial institution; the mobile @accounts worldwide were at
very low levelori10:24 perceimt 2021 (presented:in Table) 2Jhe Ihighest:number with aimobile:-money
accouns in 2021 -are retail lclients in/labor force or 16:55cpercent, while the:lowest-numberiwere at retail
clients withprimary education or-less 5.72 percent for the.same: period (presented.in Table 2).

Table2 Mobile money-accounts worldwide
SourceWorld Bank/DataBank, 2024



Mobile money account 2014 2017 2021

Mobile money account (% age 15+) 2.06 4.35 10.24
Mobile money account, in labor force (% age 15+) 2.47 5.3 16.55
Mobile money account, income, poorest 40% (% ages 15+) 1.3 2.75 6.81
Mobile money account, income, richest 60% (% ages 15+) 2.56 5.43 12.53
Mobile money account, out of labor force (% age 15+) 1.38 2.68 7.69
Mobile money account, primary education or less (% ages ! 1.78 2.72 5.72
Mobile money account, young (% ages2¥ 2.71 6.34 14.26

Worldwide the:retail clientsborrowed [from.a formal financial institutipincreased from 9:29
percentin’2011:t0 28:38 percent’in’ 2021 (as presented in: Figdree3highest. number of retail
clients borrowed from a formal financial-institution: worldwide in’ 2021,is.intNorth- America or
67.77 percent, whilenin. Se®aharan ‘Africa:and. Arab. World is:lonly~9.81/and 79.87. percent
respectively for'the:same period (presenteligure 3).
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Figure 3 Borrowed from.a formal financial institution (% age '15+)
Source:\World Bank'DataBank; 2024

In general ) bank loan products:aim-to support businesses to lexpand, invest, grow or.cover short
term working.capital needs and alsa to enhance consumer spending through:loans for-homes, cars
and other:goodsWorldwide the rretail: clientspwning a credit. cardrom a formal (financial
institution, increased frorh4.94percent in’2011t0448 percentin’2021.(as presented inFigure

4). The 'highest number: of retail clieragning a credit cardrom a formal financialinstitution
worldwide in 2021 isin-North. America 086! percent, while /in-Suiaharan Africasan&outh

Asiais only 3.45and3.74 percent respectively for the:.same period (presented in-Myure
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Figure4 Owns:a credit card (%-age 15+)
Source:\World Bank'DataBank; 2024

Developed credit markets.are essential for.a-tengn prosperity, but at the same time.unrestricted
lending .growth:could bring negative effects ion the financial system and the broader economy as
well (Giraldo et:al.,”202¢ Business: cycle! fluctuations are linfluenced from'lending. growth and
loan less provisionAnalyzingthe loan credit cycle isparticularly.important, especially.in-the era

of digital transformation for.tgive insight: tobetterresource allocation strategies ‘gmedicting
financial behaviors of largecale economies undergoing fast development.
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Figure5 Most challenging area of transformation
Source: ! GARR:&SAS; 2022



Banks :are-goingiunder credit risk transformation: process; mainlyodue: to .optimization of credit
origination, ithe ground block for business growth . (GARP & SAS, 2022)..Advanced analytics as
Al and ML is thermostchallenging area for transformation followeduigmation.and streaming

of processes (presentediin FigByeThe use of advanced analytics for.credit risk lis/falling:behind

in comparisonto'Al/MLusage for otherbanking functions orbusinesses (GARP: & SAS, 2022).
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Figure6 Bank credit loan businessycle
Source:'Refaat, 2024

Credit loanproducbcycle comprises three main:phases: () origination; (lI):management, and (IlI)
collection ((presented in Figur®). In the originationpphase; banksuld u:s el oAl fori gin
s.coardenc@lrod ool imsuithieidoans t.oor s «ctuas t-oof nfeerrsoocbasendr socnulitl i kel i
(Refaat, 2024)n general;,once:the creditis;approved it moves:to.the second phase of management

by portfolio management division,which interms atsald utilize Al performancenodelsfor to

improve ithenmanagement procels case of |default, the cred#cility enters:the!third)phase
collections, \where '\ Alnmodels:can: beutilizéor to predict ithellikelihood, of crecovergind

collection

Phase bf credit loan business cycle
Scoring-systemare performing:automatic evaluation of loan-applications:without:the need of an
analyst, "by.automatically-assigning tora:retail client anvindividual: score ‘used!for;subsequent



decision (Banco Santander, 2023)edit scoring enables banks to preclude from.onboarding risky
clients, reduce costs;.etc. In general simyringretail clients there are three types of modeisdit
bureau-scores; pooled-models! and custom: -md@aihy et-al.2013). The capabilities, of a
scoring -system can warsen over time: due: to:a .change: of thel\underlying: populationor to the
behavor of the populationFurther credit rating-an ordinal -estimate of the probability of default,
is seen as an instrument thataiguishbetween traditional;and modern: credit: risk-management
(De Laurentis et al., 2010Food credirating model-should possess: thelfollowing features:
Y Specificity: computing: the!distance from default-eventiwithexclusion:ofrother financial
properties notl directly-related to it
f measurability:and wverifiabilitya credit-score' shoulgrovide :an.appropriate presumption
about possible default event
Y objectivity and homogeneitycomparability between portfolios arestablish judgments
only based on:credit risk factors

From Table3 can'be ldrown some:basic conclusions:
¥ In casecofi:aihomogenous) population theactual frequenciesconverge to:the central
probability inallong run
Y As aconsequence frothe firststatementt could be stated:that central probabilities'could
be foecasted based onactual frequencies

Table3 Excerpt-average cumulated annual.default:-rates: per: issues-cohort (0F9&nd, of year %
Source: De Laurentis et al.,) 2010 (initiafipm: Moody 6s 2008)

Initial Rating Year1l Year2 Year 3 Year 4 Year 5 Year 6 Year 7 Year 8 Year 9 Year 10

Al 0 0 0 0 0.04 0.06 0.06 0.06 0.06 0.06
A2 0.05 0.11 0.25 0.35 0.46 0.52 0.52 0.52 0.52 0.52
A3 0.05 0.19 0.33 0.43 0.52 0.54 0.54 0.54 0.54 0.54
B1 1.71 5.76 10.21 14.07 17.14 19.59 21.21 23.75 26.61 28.37
B2 3.89 8.85 13.69 18.07 20.57 23.06 26.47 28.52 30.51 32.42
B3 6.18 13.24 21.02 27.63 33.35 39.09 42.57 45.19 48.76 51.11
Caa2 18.98 29.51 37.24 42.71 44.99 46.83 46.83 46.83 46.83 46.83
Caa3 25.54 36.94 44.01 48.83 54.04 54.38 54.38 54.38 54.38 54.38
CaC 38.28 50.33 59.55 62.49 65.64 66.26 66.26 66.26 66.26 100

In the past; creditating models were assessed:ini static: setting; by utilizing.randomly 'split data (

Gacr: ci2la’ile)tlt isarhportant ® 0elnbticed that in:realiye jpaths to' default-exhibit-€co
deecpenudi e ndtiimansdvend s cron it domidcicdadaelsoweav ennotn sk iand  can
Laurentis.et:al.; 2010The main.advantage of generative: Abin phase lis process automation and

time acceleration:\Whilerone of the:major concerrgoissibledata biadn the itrained/datal he



algorithmic underwriting: exceeds: human underwriting-process with 10.2percent higher loan
profits and (6.8, percent. lower: default rates (Morse, ' 20Rd phase! |, proper forecasting of
macroeconomic variables is-essential./ In Table presented theimpact of 1:percentage point

inncesr (@ asce
scenario.

d encnmlevaisiie

n

tdhse WK

Table4 Unemployment rate.impact.on EL
Source’l Lloyds:Banking Group; 2024

unecmpd cooy me n

At 31 December 2023

At 31 December 2022

1pp increase in

1pp decrease in
unemploynunempl oyn

1pp increase in

UK mortgages 33 (32) 26 (21)
Credit cards 38 (38) 41 (41)
Other Retail 19 (29) 25 (25)
Commercial Banking 88 (83) 100 (91)
ECL Impact 178 (172) 192 (178)

1pp decrease in
unempl oynunempl oyn

Further, Tablé shows the UKimortgages:increase/decrease impastpected lossHL)
throughloss (given default in-terms of 10:percentage pointincrease/decrease in the-UK house
price index (HPI).

Table5 HPI impact.on EL
Source’l Lloyds:Banking Group; 2024

At 31 December 2023 At 31 December 2022

10pp 10pp 10pp 10pp
increase in  decrease in| increase in  decrease in

HPI Ar HPI AqHPI Ar HPI Al

ECL Impact (201) 305 (225) 370

In addition, the:adoption/of /Al models by:banks icould.allow: them to.collect:and analyze digitally
nontraditional data, including soft linformation lin.lending: relation andsupport small-businesses,
which oftendonnot have:access to: crgmducts as ithishbeingrvital for many «countriesFor
example, micro; small, and medium enterprises (MSMES) in Indoaesaunt for 99, percent of

all enterprisesinindonesia; but comprise only 21.3percent of all bank credit portfolioas of January
2022 (World Bank, IBRD, [IDA,’2022).nIndaddition;! 54 rpercent of ‘MSMisiggle (tooobtain
financeand liIndonesia ranks fourth in.the world:in terms: of . unbanked! popul@iorid Bank,

IBRD, IDA, 2022).Furthet in SubSaharan'Africa:and Arab Wortthly 9.81.and 9.87 percent of

the retail clients borrowed from a formal financial institution(in 2Q#2&sented in Figure:3 above)

By utilizing Al credit modelsfinancial institutions in'these regioosuld serve/thase clientsand
boost their revenues



Phase Il

In generd boan kesicpawis eanssce pa@adsat e cousiticadail sitidhicsa’l mo:diel s f o
LGD and.corporatpooinliity o I 101601 s (| {NDaybarik 202 3)Eharel wak &hbtable progress

in the corporatgoonity f el Hivio 6:s1 (P D the lasiAfév dacades, dia@iiy from: statistical
models  (Altman,! 2968;)Ohlson,’1980),  moving .to- classical machine learning -models: (Fan &
Palaniswami,’2000; Fedorova et al.,' 2013; Niklis/'et al!,;12014)-and, expanding to-deep: learning
models  (Elhoseny et .al2022; IHajek & Munk, 2024;1 Hosaka, 12019; Li.et al.; 2021; Mai et al.,
2019; Wei.at.al., 2024 As per lLu.etial (2025) these-modelsilack to.understand and: utilize the
semantic behind the numerical valu@se probable solution is the utilization lof LLM (Korangi

et al., 2023;:Ruan et al:;)2021; Wu.et al., 20R&cently, there:isigrowing interest.in!utilization

of textual data by researchers:(Chelet’al.;:2024; Choi et al., 2020; Hajek'& Munk; 2024; Mai et al.,
2019; ' Nguyen-et/al.,[2021; Wang et al.; 2023).

Broadly speakingcorporate clients are rated usingragrade scalel baseBamel model utilized

for an exposur€HSBC, 202). Each'band-is linked with an external rating grade; related te long

run default: rates by averaging isswerighted historical default: rates: for-the respectivel grade
(HSBC, 2024).0n the cother:hand, the retailrlending-is-entrenched’tmdth jpoimntin-time
probability-weighted PD (HSBC, 2024kor the PD-estimation it is appropriate to/be linked to a
forwardlooking economic guidander thedefault rates ;specified faparticular industry.in every
country. 'While for LGD cestimatignnddpmdre poe nhd lenot f .o rforwardtl@oking o r r o we
economic guidanceishould bellinked to! collateral values and realization rates-again redated to
particular industy within a particularcountry. The impact of macreeconomic factors on the PD
model, should be taken into.account based on the: outstanding: maturity of the .underlying assets.
For LGD calculationfor mortgage portfolios: it 'should:becincorporated: forecasted timaalue
estimates for the remaining:maturity: of the asset.based on countrylevelhouse!price index forecasts
while taking iinto saccount ! the expected: future -forecast: collateral vaDestsche ‘Bank
incorporatestatistical madels like logistic regression for to transform yesr [PDito:multyear

PD curveiby utilizing 'througithe-cycle matricesiand macroeconorfocecasty Deutsche Bank,

2023). The process: starts with:transformation: of .throtigdacycle matrices into poirn-time

rating migration.matrice@in general foitwo-yearforecast period)from which:a:multiyear PD
curves-ar@btained (Deutsche:Bank, 2023).

Further, n famous Merton model,-a structuralapproach; default prediction is based oninput values
and laying out/'the insight into the [default proceduresciomp asrniics oomesthviorioasgenci e
model iis imore responsive to:market activity; butiat the: sameitimemore variable! due,to

volatility in interest rates, market prices, etc. Structured.:models differ from:reduced .form models
asithe l#ter donot provide angx-anteassumptions related to default driveZentrary in reduced

form models the default eventaegternallyspecified. The dependence of reduced form:meodels on

the sample! data posamdel risk( (De! Laurentis: et al.j 201@upervised dearning; inwhich.the



neural network learnchow to ‘achieve a successitdome on specifietlaining set is one of the
most.employed methods in.therdomain ofcredit risk.

There issanimprovement in.credit 'risk- parameters with:the,use of ML methods |(Hibbeln et al.,
2023). ‘ML applications «are::gaining o popularity »among  financial  institutionguéohe
Bundesbank, 2020;::Bank’ of England;! 2019; Bank of:Canada, 20IB¢y can. change the
landscape: how the:financial services are presented: inithe future: (European: Banking Authority,
2021). ‘Multiple itreebased "ML rmethods:rare found to ! befitting /well forvarious!credit risk
parameters | (Hibbeln: et al.;) 2023)..Model uncertac#y 'be overcome by the use of forecast
ensembles | (Hibbeln: et al.j) 2023).! Different: forms: of imixture!:models have been proposed for
modeling highly-skewed exposure at default (EAD)distribution (Betz et al. 2022; Thackham and
Ma 2019;iHon:and: Bellotti(201&eow and Crook 2016). There:is a greateruse of ML:maodels for
loss given default/(Keliner et all 2022; Nazemi et al.’2022; Olson et al. 2021; Kaposty et al. 2020;
Nazemi-and Fabozzi2018; Kalotay land Altman 2017; Altmantand Kalotay 2014;!Qirand Zhao
2011; Bastos 2010)..Aunonlinear Irelationship-ina:data-is seen as an advantage: for the ladvanced
predictive abilities of ML :maodels in: different financial domains |(Balilet al.,’2023; Bianichi. et al.,
2021; Gucetial.,; 2020). EAD could be more accurately predisgtédlbmodels|(Hibbeln et al.,

2023). As/per.some authors: the time preceding default is related to- increase' usage of a credit line
(Jddinm®nlez0v. et ad « 200 09 Hinbrbyeddinioreat acl « 2020) .
specific :aspects:report: for neothan condifth of the maodel recovery rate:(RR)importance
(Hibbeln et:al.,”2023). There is apositive icorrelation.between!smaller credit limits.and credit
conversion factor((CCF)prediction.and -negative correlation between larger! credit:lines'and CCF
prediction (Hibbeln et:al.; 2023).:Small. enterprises use-more: heavily creditlines as a:source of
financing ((ChodorowReich et.al. 2022)! TheRR is positively correlated with darger credit:limits
(Hibbeln etal.,2023). Largerundrawn values of CCF haveipesibrrelation with'RR prediction

of CCF, whileifor: the:utilization:ratel of( CCF.the correlation iscopposite (Hibbeln et al.; 2023).

ML models'havethe!ability toimanage: Aarearity in large credit/ datasets. On the other hand,
dueto their complexity there.are some difficulties for:their interpretation-and anBbysiainable
Alliacktesahe ‘kihclebs itrohlen cb! o alc 'k imbooaxi ounlpir cocblaesminl vipnikre d -t o
for banksiis the comprehension of the key feataressip o nisiioblls ecdiftorihmodel 6 s

thhievcurscagielc odfinihexoplls aripnaarb: Lae vaashlgsoirmintchemy thebb@an'k s can

prediction powerA lot of researchers found:explainable Al (XAl) better: suited for credit risk
models, \with “SHapley' Additive -exPlanations (SHAPR) and:Local Interpretable |Ngdektic
Explanations (LIME).as the mostisuited ones (/Misheva et al., 2021; and Nwafor & N8y,
Gramegna:'& Guidici (2021) find that SHAPR values possess superior discriminatory power in the
ML models domain Misheva et al.((2021) by utilizing SHAP and LIME on data from: Lending
Club for to describe. Mibased output classifiers. (XGBoost; logistic regmagssupport. vector
machine, and.random forest).and onerneural network classifier discoventhe:superiority'of SHAP

/



over LIME. In general,- SHARramework 'bestow; forany:machine: learning model; local and
global feature significance of value.

Further, utilizing' LLM for feature extraction is gaining;popularity especially bidirectional encoder
representations from:transformers (BERT), and an enandgmodel that utilizes bidirectional
transformer-encoders)(Devlin et al.,| 2018evenson et al. (2021) employ BERT lwith:structured
data for.corporate default predictidfurther, many researchers!utilize BERT and:RoBERTa for
credit default-prediction:-based on ugenerated texts (Kriebel & Stilz;2022; Jiang et al.,2023;
Kbl b el l etvual .2 YWe d. (2028)wproose twed stage fragheé@varnk; )n.which in

the first phase through!ChatGPT are obtained psychological personality traits from loan texts, and
in the second phase: through: LightGBMisiperformed credit risk classification.

Phase I

Worldwide lbank NPLS! o frei iig 2021 show somerimprovement.in.comparison to previous years
(presentediin Figuré). The few.countries with' NPL:ratios higher than 15 percetite same year

are mainly in Africa (Congo, 'Rep; Algeria,  Ghana, Equatoria Guinea @nd Chad) (World Bank,
DataBank, 2025)The peak ofithe NPLs in the abserved period was in 2th3countries mainly

in Africa (Central ‘African ‘Republic}) Djibouti, EquatorialuGuinea)!andEast) Europe: (Albania,
Bulgaria, 'Bosnia:and! Herzegovina; Croatia, Hungary; Montene@védrid Bank, 'DataBank,
2025. San'Marino islthe .country with the highest'NPLs for the last three consecutivépd&Fs
2021) (World Bank, DataBank; 2025). Further; NPL ratios differ.across regions, \with Africa being
the region.with the highest/NPLs, followed by:Eastern Europe (presented:in &igure
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Figure7 Worldwide lbank nofperforming/loans:to gross:loans (%)
Source:\World Bank, DataBank, 2025



In addition, NPL ratios:worldwide .show isome trends:

Y Increaseiinithe NPL rasauring and after Global Financial Crises of 29

f During the period’201% 2018 ithere were considerable decrease in NPL levels (with
exceptions: as Africarand Middle East) mainly due to-lower interest rates

Y From 2019 t0'2021 due to.the COVID pandemiclthere were spike in thel NPL ratios but
with heterogeneity in thmagnitude or/the time of the spilés per-some researchers NPL
ratios during:crisis exhibit similarities in.the buildup; but they differin'the NPL resolution

time ( Ari et-al.,’2021).

In addition,emerging markets and developing economies: are expected tolsuffer higher-negative
NPL dymamics!during:crisis in.comparison to the:advanced economies:(“Ari’et’ al., A0#i9r,
30 percent,of NPLs related to crisis; continue:to.carry on-unresoiledds( Ari et al., 2021).

18.0 NPL increase during

Jinancial crisis
NPL decrease (except from Africa)

160 ; - ,
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Figure8 Impaired|loans/ gross: customeriloans byregion
Source:-Salas et al.() 2024

Loan recoveryrates differ initerms of type of borrower, geographic-area, and .industry (aspresented
in Table6). The lowest recovery.rate in corporate (portfolios is:in Africa |& Middle: East and in
service industry; whilelthe lowest recovery:raterin meesizad portfolios is:in Latin'America

and iin social and health 'services (presentedaiple 6). In terms of .smaikized portfolios 'the

lowest recovery rateare in Africa & Middle East:andiin services:and wholesale/ retail trade
(presentedin Tablk®). Africa & Middle East is the region with the lowest recovery ratggeneral

while Asia & Oceania -is!the:region:withthe:highestorecovery- rates (presented in 6).able
Agriculture is theindustrywith the lhighestrecovery rates| whiervices is'the industry with the



lowest recovery rates (presented! in Taf)leMedium-sized portfolios have the highest recovery
rates, while smalsized portfolios have the lowest recovery rates:(presented in @)ablee . above
differences inithe crecovery: rates in:terms of. portfolio . size, region anduindustry! should be
incorporatedin'the.models:for betestimation orprobability of default.

Table6 Recovery Rate
Source: Global Credit Data; 2023

Corporate Medium-Sized SmallSized
Observed | Time to Observed | Time to Observed | Time to

Nr of Recovery | Peak Nr of Recovery | Peak Nr of Recovery | Peak

Facilites Rate Recovery | Facilites Rate Recovery | Facilites Rate Recovery
Africa&Middle East 4,418 67% 1.2 1,279 82% 1.6 2,534 58% 1
Asia&Oceania 8,628 80% 0.8 3,667 79% 0.8 2,981 86% 0.5
Europe 104,411 75% 1.4 52,218 81% 14 41,017 67% 15
Latin America 5,176 70% 1.5 1,933 68% 1.8 827 64% 1.3
North America 45,331 771% 1.2 26,741 81% 1.2 9,147 61% 1.2
Unknown 58 70% 1.4 7 57% 0.7 1 0%
Agriculture 6,311 84% 1.2 4,508 86% 1.1 1,267 75% 1.1
Communicatons 4,130 73% 14 1,439 78% 15 1,168 63% 1.3
Constructon 16,657 75% 1.4 8,950 80% 1.4 6,284 67% 1.2
Hotels and Restaurants| 6,407 74% 1.4 3,234 79% 15 2,557 66% 1.3
Manufacturing 32,931 78% 1.1 17,010 81% 1.1 8,567 70% 1.1
Mining 2,168 82% 1 742 81% 1.1 2,475 70% 1
Real Estate 14,821 82% 1.5 10,074 84% 1.5 2,742 75% 1.3
Social/Health Services 5,657 75% 1.7 3,823 76% 1.7 1,376 71% 1.9
Other Services 24,232 72% 1.3 11,238 79% 1.3 10,829 64% 1.3
Transportation 8,323 76% 1.1 3,310 81% 1.1 3,411 68% 1.2
Utilites 1,539 79% 1.2 554 82% 1.2 300 67% 1.1
Wholesale/Retail Trade 32,520 73% 1.2 15,736 79% 1.2 12,438 64% 1.2
Other 12,326 75% 2.1 5,227 81% 2 5,293 67% 2.5

Machinellearning (ML) methods have been used in.calculation of recovery rate, but:mainly related
to corporate doans; while there.is.some gap of models with focal

oint:on retail credit

roducts as

card

their forecasting capabilities, and indicators of housing market (Bellotti et al., 2019). For modeling
retail loan recoegry rates, the rulbased algorithms possess an important quality to isolate sub
group of clients (Bellotti et al., 2019). Random forests, boosted trees, cubist and othasede
algorithms have the highest forecasting recovery rate (Bellotti et 4D).20

Further, it is important to look into the NPL determinasven out of ten most important NPL
determinants are loan specific and three out of seven are borrower specific (presented 8).Figure



