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Abstract

Fintech lenders and digital-asset platforms now originate credit with high-frequency, non-traditional,
and—in the on-chain case—publicly observable features. This working paper develops a unified
credit-risk architecture in which machine-learning estimators sit inside, rather than beside, the classical
PD-LGD-EAD identity used for expected loss, IFRS 9 expected credit loss, and the Basel internal-
ratings-based (IRB) capital function. I first restate the loss identity and the Vasicek—Basel asymptotic
single-risk-factor formula so that any predictor, linear or not, maps into a probability of default, a
loss given default, and an exposure at default. I then specify gradient-boosted and related estimators
for those three parameters, with explicit links to scorecards, survival models, and collateral-driven
liquidation. For digital assets the same objects are rewritten in loan-to-value and liquidation-time form,
using wallet-level and protocol-level features that have begun to appear in the DeFi risk literature. The
last part of the paper treats explainability and model risk as first-class constraints: Shapley attributions,
stability of rank-order, and the supervisory tests in SR 11-7 and the EBA discussion of machine
learning for IRB models. The contribution is architectural rather than empirical. No new loan tape is
estimated. The claim is narrower and, I argue, more useful: machine learning improves credit-risk
measurement in fintech and digital-asset markets only when its outputs remain identifiable as PD,
LGD, and EAD, and only when those outputs can be challenged in the same language supervisors

already use.

Keywords: credit risk; fintech; digital assets; machine learning; probability of default; loss given default;
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1 Introduction

Credit risk is the chance that a counterparty fails to meet a contractual obligation and that the resulting
loss is material. Banks have measured that chance for decades with a small set of objects: the probability
of default (PD), loss given default (LGD), and exposure at default (EAD). Those three quantities appear
in expected-loss budgeting, in the IFRS 9 expected-credit-loss (ECL) calculation, and in the Basel IRB
risk-weight function (Basel Committee on Banking Supervision 2020, 2023; International Accounting
Standards Board 2014). The mathematics is older than fintech. What has changed is the data and the

function class used to produce the three objects.



Two market developments make the change urgent. First, fintech and big-tech lenders now score
borrowers with digital footprints, platform behaviour, and other non-bureau features. Berg et al. (2020)
show that even simple digital traces carry default signal. Gambacorta et al. (2024) compare machine-
learning models that use non-traditional data with conventional default models at a Chinese fintech
and find that the machine-learning specification is better able to predict losses and defaults, especially
through nonlinearities. Jagtiani and Lemieux (2019) document related gains from alternative data and
machine learning on a U.S. marketplace platform. Second, digital-asset markets have created a second
credit book: crypto-collateralized loans, over-collateralized DeFi pools, and—more recently—attempts at
under-collateralized, wallet-reputation credit (Auer et al. 2024; Ghosh et al. 2025; Schir 2021). Galaxy
Research reports that outstanding loans on DeFi applications reached $40.99 billion at the end of the third
quarter of 2025, with combined DeFi and CeFi crypto-collateralized borrows of $65.37 billion (Galaxy
Research 2025). Those books do not look like a mortgage tape. They do, however, still generate default,
recovery, and exposure.

The practical question is therefore not whether machine learning “beats logistic regression on AUC.”
Large benchmarking studies have already shown that modern classifiers, and especially ensembles,
improve discrimination on credit-scoring data (Baesens et al. 2003; Khandani et al. 2010; Lessmann
et al. 2015). The question is whether those gains can be translated into PD, LGD, and EAD without
breaking the identities that capital, provisioning, and pricing still use. The European Banking Authority
put that question on the table in its November 2021 discussion paper on machine learning for IRB models
(European Banking Authority 2021). U.S. supervisors had already required that any model used for
material decisions satisfy the documentation, validation, and challenge standards of SR 11-7 (Board of
Governors of the Federal Reserve System and Office of the Comptroller of the Currency 2011). Industry
surveys confirm that credit risk is among the earliest production uses of Al and machine learning in
financial firms (Financial Stability Board 2017; Institute of International Finance and EY 2024).

This paper makes three contributions, all architectural.

First, it writes the mapping from a machine-learning score to PD, LGD, and EAD in a single notation,
including the IFRS 9 multi-period discount and the Basel IRB capital function. The point is to stop
treating “the model” as a black-box ranker and to treat it as an estimator of three loss components.

Second, it extends the same mapping to digital-asset credit, where the dominant risk is often a collateral
liquidation rather than a classical payment default. The loan-to-value process, a liquidation indicator, and
a wallet-level on-chain score sit in the same PD-LGD-EAD slots.

Third, it treats explainability and fairness as constraints on admissible estimators, not as optional
reports. Fuster et al. (2022) show that machine learning in U.S. mortgage pricing can widen rate disparities.
Shapley-based attributions (Lundberg and Lee 2017; Shapley 1953) and standard discrimination and
calibration metrics then become part of the model itself, because a PD that cannot be challenged is not a
usable IRB or ECL input.

The paper is a working paper, not an estimation paper. I do not introduce a proprietary loan tape
or claim a new out-of-sample AUC. Where I write a formula, it is either a standard identity, a named
estimator from the literature, or a transparent rewriting of those objects for on-chain collateral. Claim
strength is limited to that.

The rest of the paper is organized as follows. Section 2 sets the institutional background. Section 3

states the loss identities. Section 4 specifies machine-learning estimators for the three risk components.



Section 5 extends the architecture to digital assets. Section 6 covers explainability, fairness, and governance.

Section 7 discusses validation. Section 8 discusses implications and limits. Section 9 concludes.

2 Institutional setting

2.1 What “credit risk” still means

A lender cares about two events: that the borrower fails, and that the failure costs money. Classical
consumer and corporate scoring concentrated on the first event, usually with a binary default flag over
a fixed horizon (Altman 1968; Thomas 2000). Basel and IFRS 9 force the second event into the open.
Expected loss on a position is

EL = PD x LGD x EAD, (1)

where PD is a probability on a defined horizon, LGD is a loss rate conditional on default, and EAD is the
exposure drawn at default (Basel Committee on Banking Supervision 2020). Nothing in (1) requires the
three factors to be logistic. Everything in (1) requires them to be defined, comparable across obligors, and
stable enough to be challenged.

IFRS 9 replaces the one-period product with a discounted path of expected credit loss (International
Accounting Standards Board 2014):

ECL =

T
PD, LGD, EAD, DF,, )

=1
where DF, is a discount factor and the PD, are either 12-month or lifetime probabilities according to stage.

A machine-learning model that outputs only a rank is not an ECL model. A machine-learning model that

outputs a calibrated term structure of PD,, plus LGD,; and EAD,, can be.

2.2 Fintech credit

Fintech credit is ordinary credit originated through a digital channel, often with thin or no bureau history.
The empirical literature has two consistent messages. Alternative data carry signal: Berg et al. (2020)
show that digital-footprint variables predict default even after conventional controls. Machine-learning
function classes extract more of that signal than linear scorecards, particularly in stress and in nonlinear
regions of the feature space (Bazarbash 2019; Frost et al. 2019; Gambacorta et al. 2024). Those gains
are not free. They change who is priced in and who is priced out (Fuster et al. 2022), and they make
documentation, challenge, and adverse-action language harder (Board of Governors of the Federal Reserve
System and Office of the Comptroller of the Currency 2011; European Banking Authority 2021).

2.3 Digital-asset credit

Digital-asset credit is not one product. Over-collateralized DeFi lending—Aave-style pools and collat-
eralized debt positions—replaces underwriting with a liquidation rule on observable collateral (Auer
et al. 2024; Schir 2021). CeFi crypto lenders reintroduce counterparty and operational risk. A third, still
thin, layer tries to underwrite wallets rather than people, using on-chain histories as a credit file (Ghosh
et al. 2025). Adamyk et al. (2025) survey the risk-management stack around DeFi platforms and note



the growing use of machine learning for anomaly detection and protocol monitoring. The architectural
claim of this paper is that all three products still require PD, LGD, and EAD. The definitions change; the

identity does not.

3 Loss identities and the capital map

3.1 Default, recovery, and exposure

Fix a horizon & > 0 and an obligor i with feature vector x; € R”. Let D;(h) = 1{t; < h} be the default

indicator, where t; is the default time. Then
PD;(h) = P(D;(h) = 1]x;). (3)

Let E; be contractual exposure and L; the economic loss if default occurs. Then

LGD; = E[%
i

where E; is exposure at the default date (drawn balance plus a credit-conversion term for undrawn lines).
Unconditional expected loss is again (1).

A score s(x) is not a PD. A monotone map
D(h;x) = Gp,(s(x)) )

is a PD only if Gy, is a calibrated, horizon-specific function—platt scaling, isotonic regression, or a
dedicated probability model. This distinction is elementary and routinely ignored in vendor “Al score”
decks.

3.2 Structural default as a special case

The Merton firm-value model (Merton 1974) remains the cleanest structural special case. If asset value

V, follows a geometric Brownian motion and default occurs when Vy < K, then

(6)

PD = @(_IH(VO/K) + (1 %UZ)T),

oNT

where @ is the standard normal distribution function. Machine learning does not replace (6); it replaces
the assumption that a low-dimensional diffusion, observed without error, is a sufficient statistic. In fintech
the sufficient statistic is a high-dimensional x. In digital-asset lending the analogous state is often a

collateral price and an on-chain liquidity path, not a corporate asset value.

3.3 The Basel IRB map

Under the asymptotic single-risk-factor model of Vasicek (2002), which underlies the Basel IRB cor-
porate risk-weight function (Basel Committee on Banking Supervision 2023), unexpected loss for a

well-diversified portfolio depends on a Gaussian copula of defaults. For a given PD, LGD, maturity M,



and asset correlation p (PD), the capital requirement per unit of exposure takes the form

-1 -1
K:LGD[¢(¢ (PD) + [p @ (0.999))_ ]1+(M—2.5)b

m 1-15 ° @)

with b = b(PD) the supervisory maturity adjustment and p = p(PD) the prescribed correlation. Risk-
weighted assets are RWA = 12.5 K EAD.

Two observations follow immediately. First, any machine-learning PD that enters (7) is a regulatory
input, not a marketing score: it must be a long-run, default-weighted probability on the supervisory
definition, not an uncalibrated ranking. Second, an improvement in AUC that is achieved by shifting mass
in the far left tail can change K by more than it changes expected loss, because (7) evaluates a 99.9%
Gaussian quantile. That is why the EBA discussion of machine learning for IRB models concentrates on
explainability, representativeness of data, and the economic meaning of the output, not on leaderboard

metrics (European Banking Authority 2021).

3.4 A lemma on admissible ML

Proposition 1 (Admissible plug-in). Let PD, @, and EAD be estimators such that, conditionally on x,
E[PDLGDEAD | x] = EL(x).

Then the triple is an unbiased plug-in for (1). If any factor is a rank-preserving transform that is not
calibrated to the relevant conditional expectation, the product is not an unbiased estimator of expected

loss, even if the ranker maximises AUC.

The proof is immediate from the law of iterated expectations and the definition of EL. The proposition
is the paper’s organising constraint. Machine learning is allowed to estimate each factor; it is not allowed

to replace the product with a nameless score.

4 Machine-learning estimators for the three components

4.1 Probability of default
The workhorse parametric model remains the logistic scorecard

1

: _ T _
logitPD(x) = Bo + B ' x, PD(x) = o orho’

8)
It is still the right baseline. It is not, on current evidence, the best discriminator. Lessmann et al. (2015)
update the earlier benchmark of Baesens et al. (2003) and find that heterogeneous ensembles improve
on individual classifiers across several real credit-scoring data sets. Khandani et al. (2010) show that
nonparametric machine-learning algorithms improve consumer default forecasts relative to standard credit-
risk models. Gradient boosting (Friedman 2001) is the function class that now dominates production

fintech scoring.



Write the boosting model as an additive expansion in a function class 6 of shallow trees,

M

Fp(x) =Fg+ Y vhy(x),  h, € 9%, 9)
m=1

with shrinkage v € (0, 1]. At step m one fits £, to the negative gradient of a proper scoring rule. For

default classification the Bernoulli deviance is
€(y,F(x)) = —=yF(x) + log(1 + ef'™), (10)

so the pseudo-residual is y — PD(x). Random forests (Breiman 2001) average de-correlated trees instead
of adding them sequentially. Either object produces a score s(x) = F;(x). Calibration (5) then converts
the score into PD(4;x).

Two fintech-specific points matter. First, non-traditional features change the information set, not only
the function class. Gambacorta et al. (2024) isolate both effects and find that machine learning plus non-
traditional data outperforms traditional models in predicting losses and defaults. Second, discrimination
is not the same as economic value. Hand (2009) warns that area under the ROC curve can mislead when
class imbalance and decision thresholds matter. A credit model should be reported with a threshold-aware

metric—expected loss, or a profit-weighted loss—alongside AUC and the Kolmogorov—Smirnov statistic

KS = sgp|FS|y=1 (u) — Fgy—ou)|- (11)

4.2 Loss given default

LGD is a rate on [0, 1], often with a point mass at full recovery and another near total loss. A linear
regression on workout recoveries ignores both. Two machine-learning strategies are standard.

The first is a two-part model. A classifier estimates P(LGD = 0 | x) or P(LGD = 1 | x); a bounded
regression, beta regression, or a second learner estimates the interior mean. The second is a direct

ensemble on the observed loss rate, with a link that respects the unit interval,
LGD(x) = o(FLP(x)),  o(x) = (1+e77) . (12)
Downturn LGD, required for IRB, is not the same object as the sample mean. A conservative map
LGD T (x) = LGD(x) + x y.gp (x) (13)

makes the downturn add-on explicit. The constant % is a policy choice, not a fitting result, and should
be documented as such (Basel Committee on Banking Supervision 2020; European Banking Authority
2021).

For digital-asset loans the interior of LGD is often close to a liquidation shortfall, which Section 5

treats directly.



4.3 Exposure at default

For term loans, EAD is close to current drawn balance. For revolving lines,
EAD = B + CCF x U, (14)

where B is drawn balance, U is undrawn commitment, and CCF is a credit-conversion factor. Machine
learning estimates CCF(x) rather than a segment average, using the same boosting or forest class as for
PD, subject to the box constraint CCF € [0, 1]. In crypto-collateralized lending the analogue of U is
unused borrowing power against posted collateral, which can be drawn in minutes. A static CCF is then a

poor description; a short-horizon conditional expectation is better.

4.4 Survival and lifetime PD

IFRS 9 lifetime ECL needs more than a 12-month PD. A discrete hazard h,(x) = P(t =t | T > t,x)

yields
T

PD(0,T:x) = 1= [ [(1 - h,(x)). (15)

=1
Each A, can be a logistic model or a boosting model on a person-period file. Macro covariates can enter
h, if the lender needs a point-in-time path rather than a through-the-cycle PD. The machine-learning step

is again local: it estimates /. The identity (15) remains the lifetime map.

5 Digital assets: the same identity, a different state

5.1 Collateral as the state variable

Consider a loan with stablecoin (or fiat) face value D;, collateral quantity C,, and collateral mark P,. The

loan-to-value ratio is

LTV, = % (16)
A protocol or desk liquidates when LTV, crosses a threshold 6 € (0, 1], i.e. when
P, <P; = % (17)
If the only credit event is a failed liquidation—the collateral cannot be sold at P* in time—then
PD(A) = P(P,, o < P; and liquidation fails). (18)
A geometric-Brownian special case,
dP, = uP,dt + oP,dW,, (19)

gives a closed-form hitting probability analogous to (6). That formula is a benchmark, not a description
of crypto prices. Production models replace (19) with a machine-learning or high-frequency volatility
model whose state includes realised volatility, order-book depth, stablecoin depeg indicators, and protocol
utilisation (Adamyk et al. 2025; Schir 2021).



Conditional on a liquidation, LGD is the shortfall

_ fill
LGD = E[max{o, 1- %}

D,

liquidation] , (20)

where 1 is a fee-and-slippage rate and P! is the average fill price. EAD is D, plus any simultaneously
drawable amount against residual collateral. Equations (18)—(20) are (1) with a market-risk state. They
are not a reason to abandon PD-LGD-EAD.

5.2 Wallet-level underwriting

Under-collateralized digital-asset credit needs a borrower-level PD. Ghosh et al. (2025) propose an
on-chain credit risk (OCCR) score: a probabilistic assessment of wallet-level credit risk constructed from
observable chain activity. Architecturally the score is another s(x) in (5), with x now containing repayment
and liquidation history, leverage cycles, protocol diversity, and related-address clustering. Two caveats
belong in the model card, not the appendix. Wallet features are public and therefore gameable. Address

clustering is a statistical claim, not an identity. A PD built on a mis-clustered graph is a mis-specified PD.

5.3 A joint conventional-on-chain predictor

Many desks now see both books: a fiat or stablecoin receivable and a crypto collateral sleeve. A stacked
predictor
s(x) = a s°F(x°f) + (1 — &) s (x°") + g(xOE,xon) @29

lets the data choose the blend « and a cross-term g. The output still passes through G, in (5). The stack is
how fintech and digital-asset data meet without inventing a fourth risk parameter.

6 Explainability, fairness, and governance

6.1 Why a better AUC can still be an inadmissible model

SR 11-7 requires conceptual soundness, process verification, ongoing monitoring, and effective challenge
(Board of Governors of the Federal Reserve System and Office of the Comptroller of the Currency
2011). The EBA discussion paper asks, in IRB language, how a machine-learning algorithm can remain
interpretable enough that the risk components are understood, the definition of default is respected, and
overrides remain possible (European Banking Authority 2021). A model that cannot answer “why was

this obligor a 4.2% PD?” fails those tests even if it wins a Kaggle-style bake-off.

6.2 Shapley attributions as a linear explanation of a nonlinear PD

Let v(S) be the model output—or the calibrated PD—when only features in S € N = {1, ..., p} are used.
The Shapley value of feature j is
S|t (INT =18 = 1)!

$i= ) T [v(S U h - vS)], (22)
SCN\{j}




with )’ P = v(N) — v(®) (Shapley 1953). Lundberg and Lee (2017) give a unified, computationally
tractable family of estimators (SHAP) for this decomposition. For a logistic or boosting PD, one reports
¢; in probability units after the calibration map Gy, not only in raw-score units. That is the difference
between an explanation of the ranker and an explanation of the risk component.

SHAP does not make a model causal. It makes a prediction additive in a well-defined cooperative-game

sense. That is enough for challenge, not enough for a structural claim about why a borrower defaults.

6.3 Fairness as a constraint on G, o s

Fuster et al. (2022) study U.S. mortgage pricing and find that machine learning would offer lower rates
to groups that already received advantageous rates under a traditional model, while Black and Hispanic
borrowers are disproportionately less likely to gain. The result is not a reason to forbid machine learning.
It is a reason to treat group-conditional calibration as a design constraint. Write A for a protected attribute

used only in monitoring, not as a feature. A minimum requirement is
E[Y | PD,A = a] =~ PD for each a, (23)

together with a documented rule for what happens when (23) fails. Fintech digital-footprint models are
especially exposed, because the footprint can proxy for A even when A is excluded (Berg et al. 2020;
Fuster et al. 2022).

6.4 Model risk as an add-on, not a paragraph

Let 4 be a set of challenger specifications—Ilogistic, gradient boosting, random forest, and a stacked

blend. A simple model-risk add-on on expected loss is

ELMR = EL () + n max |[EL(m) — (24)
me b

with € [0, 1] a board-level parameter. Equation (24) is not in Basel. It is a way to make disagreement

among admissible estimators visible in the same units as (1).

7 Validation

Validation has to speak the language of (1), not only the language of classification.
Discrimination is reported with AUC and KS, with the Hand warning attached (Hand 2009; Lessmann
et al. 2015). Calibration is reported with a reliability diagram, the Brier score

:I*—‘

i PD; - Y (25)
i=1

(Brier 1950), and a Hosmer—Lemeshow-type grouping test (Hosmer and Lemeshow 1980). Stability is
reported by vintage and by a population-stability index on the feature distribution. For IRB use, through-
the-cycle behaviour and downturn LGD are tested against the supervisory definitions, not against the

last twelve months of originations (Basel Committee on Banking Supervision 2020; European Banking



Authority 2021). For IFRS 9, stage assignment and lifetime PD paths are back-tested on accounts that
actually rolled (International Accounting Standards Board 2014).

Digital-asset books need two extra tests. First, a liquidation back-test: did PD(A) in (18) match
realised liquidations, including failed liquidations? Second, an oracle-and-liquidity test: did P, and depth
at the time of liquidation match the marks used in training? A model that is well calibrated on a quiet tape
and silent in a depeg is not validated.

None of these tests require a new theory. They require that the machine-learning object be named as
PD, LGD, or EAD before the test is run.

8 Discussion

The literature already supports four statements at citation level. Machine-learning classifiers improve
discrimination on credit data relative to older individual algorithms (Khandani et al. 2010; Lessmann
et al. 2015). Non-traditional data add default signal in fintech settings (Berg et al. 2020; Gambacorta et al.
2024; Jagtiani and Lemieux 2019). Those gains can reallocate credit across groups (Fuster et al. 2022).
Digital-asset credit is large enough, and structurally different enough, that on-chain states and wallet
scores now belong in the same conversation as bureau scores (Adamyk et al. 2025; Galaxy Research
2025; Ghosh et al. 2025; Schér 2021). Supervisors have noticed the first three points (Board of Governors
of the Federal Reserve System and Office of the Comptroller of the Currency 2011; European Banking
Authority 2021; Financial Stability Board 2017; Institute of International Finance and EY 2024).

What the literature does not yet support is a claim I have deliberately not made: that a single production
architecture has been shown, on a public multi-lender tape, to dominate IRB and IFRS 9 baselines for
both fintech unsecured credit and digital-asset collateralized credit. That paper would need data this paper
does not have.

The useful next empirical step is therefore not another AUC table on a single marketplace. It is a
three-column comparison—Ilogistic, gradient boosting, stacked off-chain/on-chain—reported in the units
of (1), (2), and (7), with SHAP and group-conditional calibration beside the columns. Until that tape
exists, the contribution that can be made cleanly is the one made here: keep the identities, change the

estimators.

9 Conclusion

Fintech and digital-asset markets changed the feature space of credit. They did not repeal the loss identity.
This paper has written machine-learning estimators for PD, LGD, and EAD so that a gradient-boosted
score, a wallet reputation model, and a liquidation engine all exit into the same three numbers that expected
loss, IFRS 9, and Basel IRB already understand. The mathematics is standard. The discipline is not. A
ranker that cannot be calibrated, explained, or challenged is not a credit-risk model, however modern the
algorithm.

Two implications follow for practice. Lenders should specify the calibration map G, and the downturn
map for LGD with the same care they specify the boosting depth. Supervisors should evaluate machine-
learning credit systems as estimators of (1), not as software products. The research implication is equally

plain. The next useful paper is an estimation paper that reports EL, ECL, and K, not only AUC.
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