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Non-Technical Summary

This studypresents a procedure to identify, ex ante, the best-performing credit scoringmodel
in an out-of-time setting. The procedure aims to assist end-users (practitioners and regulators)
in deciding between segmented and full data models, while considering and mitigating po-
tential misuse in these settings. We utilize the Credit Scoring Model Risk (CSMR) measure,
introduced by Yoshida et al. (2025), along with complementary approaches, to identify the
best-performing model.

TheCSMR is estimated as oneminus the correlation (ρY,Ŷ ) between the default variable (Y ,
representing the dependent variable) and its prediction (Ŷ ). Yoshida et al. (2025) empirically
tested the CSMR in LASSO credit scoring models. They found that adding loans from different
banks to increase the number of observations is not optimal on an in-sample basis, challenging
the generally accepted assumption that more data lead to better predictions.

However, evaluating model performance using in-sample data may exhibit instability in
out-of-time estimation. Therefore, decision-making (choosing a model among a variety of pos-
sibilities) based exclusively on in-sample measures may be problematic because banks loan
portfolios change over time, models may be uncalibrated (or not well-fitted to the current port-
folio), and they can behave differently under new macroeconomic conditions or in response to
exogenous and stochastic events. We show that it is crucial to compare out-of-sample corre-
lations and consider indexes such as the Population Stability Index (PSI) to identify possible
population changes and overfitted models.

This study proposes a procedure to forecast the best-performing model in out-of-time esti-
mations. Three (complementary) approaches helpmodel users choose between the segmented
or full data models for out-of-time applications by predicting which model tends to have a
higher correlation (or lower model risk).

The first approach compares estimated out-of-sample correlations based on Copas (1983)’s
shrinkage concept. The second approach employs a Monte Carlo simulation that compares the
models average predictions. The third approach uses Bayesian estimation of covariances.

Our primary objective was not to determine which type of model (full or segmented data)
would be dominant or consistently deliver higher correlations (lower model risk) in out-of-
time datasets. Our contribution is to determine how we can reliably anticipate which credit
scoring model – segmented or full data – will sustain predictive performance over time, even
as loan portfolios evolve and macroeconomic conditions shift.

The proposed approaches can assist practitioners and regulators in selecting and evaluating
models during the decision-making process.
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Resumo Não Técnico

Este artigo apresenta um procedimento para identificar, ex ante, o modelo de credit scoring
com melhor desempenho em um contexto out-of-time. O procedimento visa auxiliar usuários
finais (profissionais e reguladores) a decidir entre modelos segmentados e modelos com da-
dos completos, ao mesmo tempo em que considera e mitiga potenciais usos indevidos nesses
cenários. Utilizamos a métrica de Risco de Modelo de Credit Scoring (CSMR), introduzida por
Yoshida et al. (2025), juntamente com abordagens complementares, para identificar o modelo
de melhor desempenho.

O CSMR é estimado como ummenos a correlação (ρY,Ŷ ) entre a variável de inadimplência
(Y , representando a variável dependente) e suas previsões (Ŷ ). Yoshida et al. (2025) testaram
empiricamente o CSMR em modelos LASSO de credit scoring. Eles descobriram que adicionar
empréstimos de diferentes bancos para aumentar o número de observações não é ideal em
uma base in-sample (dentro da amostra), desafiando a suposição geralmente aceita de quemais
dados levam a melhores previsões.

No entanto, avaliar o desempenho do modelo usando dados dentro da amostra pode apre-
sentar instabilidade na estimação out-of-time. Portanto, a tomada de decisão baseada exclusiva-
mente em medidas dentro da amostra pode ser problemática porque as carteiras de emprésti-
mos dos bancos mudam ao longo do tempo, os modelos podem estar descalibrados e podem
se comportar de maneira diferente sob novas condições macroeconômicas ou em resposta a
eventos exógenos e estocásticos. Mostramos que é crucial comparar correlações out-of-sample
(fora da amostra) e considerar índices como o Índice de Estabilidade da População (PSI) para
identificar possíveis mudanças populacionais e modelos sobreajustados (com overfitting).

Este trabalho propõe um procedimento para prever o modelo de melhor desempenho em
estimativas out-of-time (fora do tempo). Três abordagens (complementares) ajudam os usuá-
rios do modelo a escolherem entre os modelos de dados segmentados ou completos, prevendo
qual modelo tende a ter uma correlação mais alta (ou menor risco de modelo).

Aprimeira abordagemcompara correlações estimadas fora da amostra combase no conceito
de contração (shrinkage) de Copas (1983). A segunda abordagem utiliza uma simulação de
Monte Carlo que compara as previsões médias dos modelos. A terceira abordagem emprega a
estimação bayesiana das covariâncias.

Nosso objetivo principal não é determinar qual tipo de modelo seria dominante ou consis-
tentemente entregaria uma correlação mais alta (risco de modelo mais baixo) em conjuntos de
dados out-of-time. Nossa contribuição é o desenvolvimento de abordagens que podem ajudar o
usuário final dos modelos de credit scoring a decidir entre os dados segmentados ou completos
para cada situação específica.

As abordagens propostas auxiliam os usuários na seleção e na avaliação de modelos.
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Abstract

This paper addresses the challenge of forecasting the best-performing credit scoring model in out-
of-time settings, focusing on the decision between segmented (bank-specific) and full data (finan-
cial system-wide) models. Building upon the Credit Scoring Model Risk (CSMR) metric, defined
as one minus the correlation between observed defaults and predicted scores, we highlight the in-
stability of in-sample performance measures when applied to evolving loan portfolios and chang-
ing macroeconomic conditions. We propose three complementary approaches to predict out-of-time
model performance: (i) an analytical method based on Copas shrinkage concept utilizing estimated
covariances and prediction variances; (ii) a Monte Carlo simulation leveraging average model predic-
tions to simulate default events; and (iii) a Bayesian estimation framework for covariances grounded
in conditional expectations of predictions given default. Empirical analysis using a large Brazilian
loan dataset reveals that segmented models outperform full data models in in-sample contexts but
not consistently out-of-time. Among the approaches, the Monte Carlo simulation achieved the high-
est accuracy (70.8%) in forecasting the superior out-of-time model, followed by the Bayesian method
(66.7%) and the analytical shrinkage approach (54.2%). The study underscores the importance of
considering population shifts via the Population Stability Index (PSI) to detect model decalibration
and overfitting. The proposed methodologies offer practitioners and regulators practical tools for
informed model selection, enhancing predictive reliability over time amid portfolio and economic
dynamics.
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1 Introduction

Quantifying model risk in credit-scoring models is essential for effective risk and capital
management by financial intermediaries. Yoshida et al. (2025) showed that models trained
on more specific data subsets capture patterns more efficiently, resulting in lower model risk,
i.e., a higher correlation between the dependent variable and predictions. However, segmenta-
tion also limits the models ability to learn broader, system-wide patterns. In contrast, a model
trained on a more diverse dataset (such as the entire financial system) may capture a wider
range of structural relationships, although its predictive accuracy within individual subsets
may be lower. This reflects the bias-variance tradeoff: specialization reduces local bias but in-
creases variance out of segment, whereas broadermodels reduce global bias but can suffer from
higher variance (Hastie, Tibshirani, and Friedman, 2009). Consequently, performance metrics
based solely on in-sample data may become unstable when evaluated in out-of-time (later-
period) samples. Using in-sample model risk measures to determine which model to deploy
among several candidates can therefore be problematic, especially as loan portfolio character-
istics evolve over time. Moreover, models may be uncalibrated even at the beginning of their
application (i.e., not properly fitted to the current portfolio), and their behavior can vary under
different macroeconomic conditions, exogenous shocks, and stochastic events.

This study proposes a procedure to identify, ex ante, the best-performing model in an out-
of-time context. The procedure assists end users in choosing between segmented and full-data
models. As in Yoshida et al., 2025, we compare models estimated using data from a single
bank with models estimated using data from the entire financial system.1 However, unlike that
paper, we explicitly address out-of-time performance while mitigating potential model mis-
use. We employ the Credit Scoring Model Risk (CSMR) measure, introduced by Yoshida et al.
(2025), together with complementary approaches, to identify the best-performing specification
between full and segemented data models. The CSMR is defined as one minus the correlation
(ρY,Ŷ ) between the observed default (Y ) and its prediction (Ŷ ). To evaluate the proposed pro-
cedure, we use a large contract-level dataset comprising approximately 200,000 loans permonth
to micro and small businesses (MSBs) granted by 425 financial institutions in Brazil between
2014 and 2017.

One of the main concerns in predictive models, such as credit scoringmodels, is overfitting.
Overfitting implies that the in-sample (or training) set performs significantly better than the
out-of-sample (or holdout) set (Shmueli, 2010). If a model is trained (or fitted) too well on the
in-sample dataset, it tends to perform poorly on new, unseen data. Overfitted models fit too
closely to noise and randomness in the in-sample data (Ying, 2019), leading to effectiveness
loss in databases other than the training set. Unstable performance over time can be a sign
of overfitting. This can be caused by changes in the underlying data generation process (for
example, due to changes in the bank’s credit granting policies) or the relationship between the
explanatory variables and the response variable (in our case, the default indicator in a credit

1The procedures developed in this paper can be applied more broadly to compare models estimated using on
a full loan portfolio with models estimated using any subset of that portfolio. For instance, they may be used to
contrast a model estimated with all loans originated by a bank with models estimated using loans from a single
geographic region or from a specific loan category (such as receivables-backed loans or working capital loans).
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scoring model), due to changes in the macroeconomic setting. Indeed, in-sample measures
tend to be very optimistic about the error rate (Hastie, Tibshirani, and Friedman, 2009).

Our proposed procedure for establishing out-of-time credit scoringmodel risk comparisons
consists of three steps: i) calculating the correlation (ρY,Ŷ ) on an in-sample basis (or the credit
portfolio at time t0); ii) estimating predictions for the out-of-time sample (or the credit portfolio
at time t1); and iii) comparing the predicted correlation in out-of-time samples using three
exploratory approaches.

The first approach for step (iii) is an analytical comparison of potential out-of-time corre-
lations based on Copas (1983)’s shrinkage concept and on the estimated models’ covariances
(Cov[Y, Ŷ ]). The second is a Monte Carlo simulation based on the average of the predictions of
the compared models. The third approach is based on the Bayesian estimation of covariances.

When using the first approach for decision-making, we selected models with higher out-
of-time correlation (or lower CSMR) in 26 out of 48 (eight months and six cross-sectional
banks) model comparisons, which corresponds to 54.2%, the same percentage as selecting the
model with lower in-sample CSMR (or higher correlation). Applying the second approach to
decision-making, higher out-of-time correlation models were chosen 34 times, corresponding
to 70.8% of our empirical comparisons. Finally, when using the third approach, models with
higher correlations were chosen 32 times, representing two-thirds of the comparisons.

This study does not seek to deterministically identify which type of model (full or seg-
mented data) is superior or likely to produce consistently higher correlations. The model with
a higher correlation in out-of-time datasets depends on various factors, such as the nature of
the problem, data structure, sampling, and vector of independent variables. This study con-
tributes to the development of approaches to aid in deciding, for each specific situation, the
model most likely to have a lower model risk based on higher correlations between future ob-
servable defaults and predicted scores.

Research on credit scoring (Wang et al., 2011; Zhou, Lai, and Yen, 2014; Barboza, Kimura,
and Altman, 2017; Oskarsdóttir et al., 2019; Agarwal et al., 2020; Huang et al., 2020; Alonso and
Carbó, 2021) has largely relied on traditional performance metrics2 and has emphasized tech-
nique and variable selection as well as in-sample accuracy, while largely overlooking predictive
performance over time and the risks associated with in-sample overfitting.

This study contributes to the literature by proposing complementary approaches for com-
paringmodels and supporting decision-makers, particularly in Big Data contexts where practi-
tioners and academics face increasing difficulty in selecting themost appropriatemodel among
numerous alternatives. We address a gap in the literature by examining in-sample overfitting in
machine learning models—particularly LASSO—estimated on large datasets, and by propos-
ingmethods to identify themodel that is most likely to exhibit higher correlation in out-of-time
samples.

Although some studies have incorporated out-of-time performance evaluation in credit
scoring models (Doumpos and Pasiouras, 2005; Malik and L. C. Thomas, 2012; Provenzano et

2Credit risk models are typically evaluated using measures such as the KolmogorovSmirnov statistic (KS), the
Area Under the Receiver Operating Characteristic Curve (AUC), or likelihood-based indices such as the Maha-
lanobis Distance (L. Thomas, Crook, and Edelman, 2017). Yoshida et al. (2025) introduce the Credit Scoring Model
Risk (CSMR), based on Barrieu and Scandolo (2015).
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al., 2020; Maldonado, López, and Iturriaga, 2022), they have important limitations. Doumpos
and Pasiouras (2005) relies on a relatively small dataset, and Malik and L. C. Thomas (2012)
does not employmachine learning techniques. While Provenzano et al. (2020) andMaldonado,
López, and Iturriaga (2022) use out-of-time samples, their approaches do not allow for direct
model comparison or for identifying the specification with the highest predictive correlation
or, equivalently, the lowest model risk in out-of-time settings.

We also build directly on Yoshida et al. (2025), who found that segmented data models
present lower model risk than full-data models for in-sample applications. These results sug-
gest that decision-makers should choose to develop (and use) segmented data models. Al-
though it is an intuitive argument, these results do not necessarily hold for out-of-time datasets.

In addition to this introduction, this paper has six sections: Section 2 presents the litera-
ture review. Section 3 presents an overview of the empirical setup. Alternative approaches to
compare models on an out-of-time basis are presented in Section 4. Section 5 presents the data
sources and outlines the rationale for the empirical applications. Results are in Section 6, and
concluding remarks are in Section 7.

2 Literature

The principle of parsimony, or Occam’s Razor3 suggests using the fewest number of pre-
dictors necessary – nothing more. Overfitting occurs whenmodels or procedures violate parsi-
mony by employing amore flexiblemodel than required or by including irrelevant components
or too many predictors. Coefficients fitted to irrelevant predictors can introduce random varia-
tions and lead to poor predictions. Although overfitting is awidely recognized concern, it is not
an absolute characteristic but a relative one, entailing a comparison, which is often overlooked
(Hawkins, 2004). Furthermore, the finance literature does not extensively address overfitting
in machine learning models (Barboza, Kimura, and Altman, 2017).

The definition of the training data and its variables affects the model’s ability to minimize
the loss function (such asMSE – mean squared error) and influences its performance. If the in-
sample data are highly specific and closely match the real historical data, the model can better
capture the patterns and relationships within that specific data and achieve a lower loss (and a
higher correlation between observations and predictions). However, if the in-sample data are
more heterogeneous and include a wider range of cases, the model may be able to capture a
wider range of patterns, but it may also be more difficult to accurately predict specific subsets
of the data. This is the biasvariance tradeoff (Hastie, Tibshirani, and Friedman, 2009).

The relationship between training data diversity and model performance can be complex
and may depend on factors such as model complexity and the amount of data available for
training (Dastile, Celik, and Potsane, 2020 Alonso and Carbó, 2021). Predictive performance
further depends on the nature of the problem, underlying data structure, sampling design, set
of independent variables employed, and classification framework adopted (Duénez-Guzmán
and Vose, 2013; Huang et al., 2020).

3A principle stated by the philosopher William of Ockham: “Plurality should not be posited without necessity.”
https://www.britannica.com/topic/Occams-razor, accessed on March 20, 2025.
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Cross-validation using datasets from the same in-sample period (out-of-sample) offers a
warning sign for overfitting (Hastie, Tibshirani, and Friedman, 2009). However, out-of-time
(i.e., from later periods) predictions remain challenging, as relationships and estimated coef-
ficients may no longer be well-calibrated to new data.

The Least Absolute Shrinkage and Selection Operator (LASSO) is a widely used method
for modeling high-dimensional data. By introducing a penalty term, LASSO reduces model
complexity, mitigates overfitting, and improves generalization performance (McNeish, 2015).
However, LASSOmay also limit the models ability to capture group-specific patterns and does
not address the instability of the model performance across out-of-time datasets.

Out-of-time datasets can be viewed as population partitions, just as cross-sectional repre-
sents partitions of panel data model. Consequently, the regression coefficients may vary across
reference dates. As formalized by Simpsons paradox, associations between two variables may
reverse in subpopulations when conditioned on a third correlated variable.4

When comparing in-sample and out-of-time results, the reference period may act as a con-
founding factor, potentially reversing associations. Therefore, in credit scoring, where tempo-
ral generalization is crucial, out-of-time performance offers a more reliable basis for comparing
competing models than in-sample accuracy.

The Population Stability Index (PSI) is used to assess distributional shifts in population
scoring over time. This could be an indication of the out-of-time model’s decalibration, and it
is estimated by the Kullback-Leibler Divergence, which measures the difference between two
probability distributions. Assuming that prediction distributions are normally distributed, Di-
vergence is defined (L. Thomas, 2009) as

Divergence = D =

∫
(f (s|A)− f (s|B)) log

(
f (s|A)
f (s|B)

)
dS

=
1

2

(
1

σ2
A

+
1

σ2
B

)
(µA − µB)

2 +

(
σ2
A − σ2

B

)2
2σ2

Aσ
2
B

(1)

where f (s|A) and f (s|B) denote the distributions of predictions s conditional on A and B;
σ2
A and σ2

B are, respectively, the variance of predictions given A and B; and
µA and µB are the averages of the predictions given A and B.

We consider Divergence measure as portfolio composition changes within each model, or
the Population Stability Index (PSI), which captures the distance between in-sample (A) and
out-of-time (B) prediction distributions. If the PSI is indicative of model decalibration, models
with high PSI are not suitable for decision-making.

However, although the PSI can identify population distribution shifts5, it cannot be guaran-
teed that the correlation between observable defaults and their predictions remains the same

4See Simpson (1951) and the formal discussion in Cartwright (1979). In linear regression contexts, this phe-
nomenon arises when partial regression coefficients differ in sign from bivariate estimates (Samuels, 1993). Popu-
lation partitioning is therefore central to the measurement of associations, as illustrated by the credit-scoring appli-
cation in Yoshida et al. (2025).

5As an empirical rule of thumb, L. Thomas (2009) consider a Population Stability Index (PSI) lower than 0.1
as indicative of a stable population, PSI greater than 0.1 as signaling potential population change, and PSI greater
than 0.25 as indicative of significant changes in the population. In this study, we treated PSI values above 0.1 as
indicative of model decalibration. An uncalibrated model that produces unstable results should not be considered
a viable alternative.
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(nor does it reveal whether the comparison of the correlations of in-sample models still holds)
across different periods.

For our empirical analysis, we employ the credit-scoring model risk metric proposed by
Yoshida et al. (2025), which adapts the relative model risk measure of Barrieu and Scandolo
(2015) originally developed for market risk. This metric is based on the correlation (ρY,Ŷ )
between the observed outcomes and their model predictions. The resulting Credit Scoring
Model Risk (CSMR) is defined as:

CSMR = 1−
∣∣∣ρY,Ŷ ∣∣∣ . (2)

Similar to traditional performance measures (such as KS, the AUC, and the Mahalanobis
Distance), model comparisons based on CSMR are not necessarily stable over time; that is,
a model that carries a comparatively lower CSMR (or higher ρY,Ŷ ) in development samples
(in-sample) may have higher CSMR in out-of-time samples. Therefore, we developed three
approaches to assist credit risk managers in choosing between different models. We exemplify
these approaches by applying them to the choice between segmented data (in our case, data
from a single bank) and a full-data model (in our case, a model using loan data from the entire
financial system).

3 Empirical Setup and Models’ Specifications

In this section, we briefly review the empirical setup and the model framework outlined in
Yoshida et al. (2025). The study considers two alternative specifications designed to compare
models estimated using full data with those based on segmented subsets. Both specifications
rely on Least Absolute Shrinkage and Selection Operator (LASSO) regressions, allowing for
variable selection and regularization in high-dimensional settings.

For each March and September between 2014 and 2017, one full data model and six seg-
mented data models were estimated. This resulted in eight full data models and 48 segmented
datamodels, yielding a total of 56models. The segmentedmodelswere estimated separately for
each of the five largest banks by the number of loans, with the remaining institutions grouped
together.

To develop the full data model, the first specification uses loans from all banks and a group
of covariates and fixed effects.

Yl,i.b,g = α+ βXl,i,b + γb + δg (3)

where Y is a binary dependent variable that takes the value one if the loan is overdue for 90
days or more and zero otherwise;
the subscripts l refers to loan, i to borrower, b to bank, and g to location;
α is a constant that is to be estimated;
β is a vector of coefficients to be estimated for the covariate vectorX , which comprises 114 vari-
ables drawn from the credit bureau of the Central Bank of Brazil (SCR) and linked data sources,
including employment data from a Brazilian administrative database on formal employment
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and firm-level data from the Brazilian Revenue Service (RFB). These variables vary at the loan,
borrower, and time levels.6

γb is a bank-fixed effect; and
δg is a geographical location (borrower’s head office) fixed effect.

From a practitioners perspective, if one must predict scores for the loans of a specific bank,
is it better to estimate the model using data on loans from that specific bank or also using loans
from other banks? To answer this question, the first specification model’s results are compared
to the other six models’ results, one for each of the largest five banks and one for the remaining
banks in the financial system.

The second specification is a variation of the first specification (Equation 3), but it segments
the database by bank:

Yl,i,g = α+ βXl,i + δg (4)

The conditional correlations between default and its predictions for each bank (ρY,ŶA
|b) are

computed and then compared to the correlations of the segmented data models (ρY,ŶB
).

In-sample CSRM by bank

Figure 1: In-sample Credit Scoring Model Risk CSMR by bank

Note: In each panel, the orange line represents the conditional CSMRs of the full data models, while the blue line
represents those of the segmentedmodels. In the in-sample datasets, the segmentedmodels (by bank) exhibit lower
model risk than the full-data models. Source: Yoshida et al. (2025).

As illustrated in Figure 1, Yoshida et al. (2025) conclude that segmented models exhibit
lower CSMRs (i.e., higher correlations) in in-sample datasets, indicating that segmentation
improves in-sample performance, while the benefits of increasing the number of observations

6Each final LASSO specification relies on a vector of 114 explanatory variables, including original and trans-
formed predictors from the SCR database, six employment-related variables, and firm-level characteristics obtained
from the Brazilian Revenue Service, such as industry classification, firm size, share capital, and geographic identi-
fiers.
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show diminishing returns. This result is consistent with Alonso and Carbó (2021), who show
that although classification performance improves with larger sample sizes, the marginal gains
for the Logit and LASSO models diminish once the sample size exceeds approximately 10,000
observations.

However, neither Yoshida et al. (2025) nor Alonso and Carbó (2021) address how the mod-
els would behave in out-of-time datasets, given transformations in the composition of the credit
portfolio or broader economic changes that affect default risk.

Because the CSMR measure is a function of the correlation between default observations
and their predicted scores, we claim that it is possible to make inferences on the CSMR be-
havior based on out-of-time predictions and its statistical properties. The following section
presents three proposed approaches for predicting which model will exhibit a higher out-of-
time correlation between observed defaults and scores (or a lower CSMR).

4 Methodology – Approaches to compare models in out-of-time
datasets

In this section, we propose a procedure to identify the best-performing model (full or seg-
mented datamodel) in out-of-time datasets. The procedure is defined by three sequential steps,
as follows:

i) Computing the correlations (ρY,Ŷ ) between observed defaults and models’ predictions
on each in-sample dataset (or the credit portfolio at time t0) for both models7;

ii) Estimating the predictions from out-of-time datasets (or the credit portfolio at time t1)
for both models; and

iii) Comparing the forecasted correlation in out-of-time datasets with three alternative ap-
proaches, which we describe in what follows.8

4.1 First approach – Similar shrinkage

Inspired byCopas (1983) andCopas (1987) shrinkage9 concept, the first proposed approach
involves an analytical comparison of potential out-of-time correlations between default obser-
vations and their predicted scores (ρY,Ŷ ) based on the estimated covariances (Cov[Y, Ŷ ]) of the
models.

When dealing with out-of-time datasets (i.e., a current loan portfolio or a matrix of vectors
X , and their default predictions, a vector Ŷ ), it is not possible to compute ex ante the correla-
tions between Y and Ŷ because Y is not yet observable. However, we argue that it is possible
to forecast whether a full data model’s correlation would be higher than a segmented model

7The correlation between default variable (Y ) and its predictions (Ŷ ) is conditional to each bank in full data
models.

8A fourth approach is presented in Appendix A. It is not presented in the main body of the manuscript because
it does not offer a reliable approach to forecast the higher correlationmodel, although it offers interesting inferences
on the relevance (Czasonis, Kritzman, and Turkington, 2022) of observations.

9In another context, a similar principle of shrinkage was used by Tibshirani (1996) in the development of the
Least Absolute Shrinkage and Selection Operator (LASSO).
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correlation if we know (or canmake reliable estimates of) i) the covariances between future ob-
served values and their predictions and ii) the predictions’ standard deviations of bothmodels.

Lemma 1 The correlation (ρY,ŶA
) between the observed default indicator Y and the prediction ŶA from

modelA exceeds the corresponding correlation for modelB (ρY,ŶB
) on the same sample if and only if the

ratio of the covariance between Yi and the predictions Ŷi to the standard deviation of the predictions,

Cov(Y, Ŷi)

σŶi

,

is larger for model A than for model B.

Cov[Y, ŶA]

σY σŶA

= ρY,ŶA
> ρY,ŶB

=
Cov[Y, ŶB]

σY σŶB

⇐⇒ Cov[Y, ŶA]

σŶA

>
Cov[Y, ŶB]

σŶB

(5)

Covariances are not known ex ante. Thus, we need to make an assumption to estimate these
values.

Following the definition of overfitting given in Section 2, comparing the correlation between
observed values and their corresponding predictions (ρY,Ŷ ) in an out-of-sample dataset (i.e., a
hold-out sample from the same period as the in-sample data but not used for model training)
can help identify overfitted models. Considering that out-of-time datasets have the same fit as
out-of-sample datasets, the coefficient (β) of a regression of default on the model’s predictions
(Y = α+ βŶ ) will remain the same as the coefficient of the out-of-sample dataset.

Assumption 1 If we consider that a model m has the same fit in out-of-time (t1) and out-of-sample
(tOoS

0 ) datasets, then βm in a regression of observed values on their predictions (Y = αm + βmŶm)
remains the same as on the out-of-sample dataset: if model m has the same fit in out-of-time and out-of-
sample datasets then

βt1
m = β

tOoS
0
m (6)

At first sight, Assumption 1may appear restrictive, as it implicitly requires that the relation-
ship estimated in-sample remains stable when applied to new (out-of-sample) data. However,
this type of assumption is quite common in decision-making contexts, especially in predictive
modeling, where one typically relies on past data as a proxy for future behavior.10 The differ-
ence between one and the coefficient of the regression of the default variable on the model’s
predictions in the out-of-sample datasets (1 − β

tOoS
0
m ) is called shrinkage by Copas (1983), or

the amount by which the out-of-sample fit falls short of the in-sample fit. The coefficient is
the estimation of the scale factor by which the predictor should be multiplied to correct the
overprediction of the data of interest Copas (1987). The higher the shrinkage, the higher the
overfitting.11

10Models typically rely on past data to predict (or explain) future (or present) events. If there are indicators
that a model may not fit as well in out-of-time (or out-of-sample) data as it does in the in-sample dataset, it may
be worthwhile to investigate the degree to which the model becomes uncalibrated, or the shrinkage. One possible
approach was proposed by Malik and L. C. Thomas (2012) using Markov chains. Another approach, based on an
autoregressive model of correlation is outlined in Appendix B.

11The β
tIS0
m , or the βm in a regression of observed values on their predictions (Y = αm + βmŶm) in in-sample

datasets, is, by construction, equal to one. Thus, the shrinkage of in-sample datasets (1− β
tIS0
m ) is equal to zero.
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Corollary 1.1 Assuming that the models being compared exhibit the same level of fit (Assumption 1),
it follows that the estimated covariances ( ˆCov[Y, Ŷm]) are equivalent to β multiplied by the variance of
the predictions σ2

Ŷm
:

ˆCov[Y, Ŷm] = βmσ2
Ŷm

(7)

Corollary 1.2 Considering Lemma 1 and Corollary 1.1, thenmodelA correlation (ρY,ŶA
) will be higher

than an alternative model B correlation (ρY,ŶB
) for the same sample if β times the predictions’ standard

deviation is also higher:

ρY,ŶA
> ρY,ŶB

⇐⇒ βAσŶA
> βBσŶB

(8)

Corollary 1.2 provides a proxy for comparing out-of-time sample correlations, which is par-
ticularly relevant in credit-scoring applications. We do not need to infer the standard deviation
of future default observations (σY ), since this term affects both models symmetrically. As a re-
sult, the default rate itself is not determinative for identifying which model achieves the higher
correlation.

Portfolio composition changes12, model decalibration over time or stochastic event fluctua-
tions13 can alter comparisons when out-of-time samples are the focus, as each of these factors
can modify the relationship between predicted and realized defaults.

Corollary 1.3 The out-of-time correlation between observed values and their corresponding predictions
(ρY,Ŷ ) can be written as:

ρY,ŶA
= βA

σŶA

σY
(9)

Based on Corollary 1.3, the first approach is based on the following two-step procedure (in
two steps):

1. For each model, we estimate βtOoS
0
m , or the covariance of observed values and their corre-

spondent predictions over the variance of predictions in out-of-sample datasets (βtOoS
0
m =

( ˆCov
tOoS
0 [Y, Ŷm])/(σ2OoS

Ŷm
)).

2. Considering Corollary 1.1, we compare, for each pair of models, the product between the
estimated coefficient βtOoS

0
m obtained in Step 1 and the standard deviation of the model’s

predictions in out-of-time period σt1
Ŷm

. This product serves as a proxy for correlation be-
tween Y and Ŷm. Thus, we consider that a model with a higher product is expected to
have a higher correlation.

Following Assumption 1, the first approach assumes that the compared models exhibit the
same fit in the out-of-time period (t1) and in the out-of-sample dataset (tOoS

0 ) datasets, or at
least the same degree of decalibration, an assumption that may not always hold in practice.

12Portfolio composition changes do not necessarily imply model decalibration. Nonetheless, portfolio composi-
tion changes indicate that decalibration is more likely because the covariance matrix of the models may change.

13We can express changes in portfolio composition as the standard deviation of the model’s predictions (σŶA
);

the degree of model decalibration as the coefficient (βA) obtained from a regression of observed values on its pre-
dictions; and the fluctuations in stochastic events as the standard deviation of defaults (σY =

√
PD(1− PD)).
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4.2 Second approach – Monte Carlo simulation

The second approach does not depend on the assumption of calibrated models (or on As-
sumption 1, nor on a better estimation of βt1

m or on the shrinkage). This entails a comparison of
Monte Carlo simulations, considering the average predictions of the compared models as the
probability default function.

This approach is based on the following four-step procedure:

1. To simulate the stochastic default of each loan in the out-of-time dataset, we take the
average of the models’ predictions (in each month) as the probability of the default func-
tion. The average of the models’ predictions, in comparison, has, by construction, the
same distance from the predictions themselves. Considering this average as a probability
of default (PD), we can simulate the out-of-time correlations of default and predictions
(ρY,Ŷ ).

2. For each loan, we generate a realization from a uniform U(0, 1) distribution. If this real-
ization is smaller than the average predicted probability of default obtained in Step 1, the
loan is classified as defaulted in the simulated round (Y = 1); otherwise, it is classified
as non-defaulted (Y = 0).

3. In each simulation round, we compute the correlation between the simulated default out-
comes obtained in Step 2 and the predicted scores (ρY,Ŷ ).

4. For each bank, we compare the CSMR of full and segmented models using a square scat-
ter plot of simulated rounds. The horizontal axis reports the CSMR from the full data
models, while the vertical axis reports the corresponding CSMR for the segmented mod-
els. Points above the 45-degree line indicate a lower CSMR for the segmented model,
whereas points below the diagonal favor the full model. When observations cluster
around the 45-degree line, relative performance depends on stochastic default realiza-
tions; in such cases, we rely on the median difference between simulated correlations,
ρSimulated Y,Full Ŷ − ρSimulated Y, Segmented Ŷ , to identify the model with lower expected
CSMR.

The main limitation of the second approach lies in the construction of the simulation pro-
cess itself. The actual default behavior of the portfolio may differ from the average of the model
predictions, as some models may capture out-of-time default dynamics more accurately than
others. In other words, the true out-of-time probability-of-default function may be closer to
that implied by a particular model. However, if each models predictions are treated as the
probability-of-default function itself, it becomes possible to identify stochastic dominance ef-
fects, should they arise (i.e., even when simulations are based on one models predicted prob-
abilities, another model may still exhibit a higher simulated correlation).

4.3 Third approach – Bayesian estimation of covariances

Following Lemma 1, we can forecast correlations to assesswhich of the two competingmod-
els, denoted A and B, is expected to exhibit a higher estimated correlation with the observed
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outcome. This comparison is feasible whenever we can predict covariances or, equivalently,
estimate the expected values of model predictions for loans that eventually default under each
specification. This equivalence arises because the covariance can be expressed as a function of
the expected values.

In the case of models with a binary dependent variable, the covariance between the ob-
served outcome and model predictions depends on (i) the expected value of the predictions
conditional on the occurrence of the event, E[Ŷ | Y = 1]; (ii) the unconditional expected value
of the predictions, E[Ŷ ]; and (iii) the expected value of the observed default indicator, E[Y ].

Rearranging Lemma 1, we write Corollary 1.4:

Corollary 1.4 Model A correlation will be higher than an alternative model B correlation for
the same sample (ρY,ŶA

> ρY,ŶB
) if the ratio between covariances of models A and B

((Cov[Y, ŶA])/(Cov[Y, ŶB])) is higher than the ratio between their standard deviations ((σŶA
)/(σŶB

)):

ρY,ŶA
> ρY,ŶB

⇐⇒ Cov[Y, ŶA]

Cov[Y, ŶB]
>

σŶA

σŶB

(10)

Axiom 1 In binary-response modelssuch as default prediction, where Y ∈ {0, 1}, the covariance be-
tween the observed outcome and the model’s predict score (Cov

[
Y, Ŷm

]
) can be decomposed into terms

that depend on the conditional expectation of predictions for defaulted observations (E
[
Ŷm|Y = 1

]
), the

unconditional expectation of the predictions (E[Ŷm]), and the unconditional expectation of the observed
events, or the probability of default (E[Y ]):

Cov
[
Y, Ŷm

]
= E

[
Y Ŷm

]
− E [Y ] E

[
Ŷm

]
= 1× E

[
Ŷm | Y = 1

]
P (Y = 1)

+ 0× E
[
Ŷm | Y = 0

]
P (Y = 0)− E [Y ] E

[
Ŷm

]
= E [Y ]×

(
E
[
Ŷm | Y = 1

]
− E

[
Ŷm

])
(11)

Substituting Axiom 1 in Corollary 1.4, we write Corollary1.5:

Corollary 1.5 Model A correlation (ρY,ŶA
) will be higher than an alternative model B correlation for

the same sample (ρY,ŶB
) if the ratio between the differences of the conditional expected value and the full

expected value for each one of the models ((E
[
ŶA|Y = 1

]
− E

[
ŶA

]
)/(E

[
ŶB|Y = 1

]
− E

[
ŶB

]
)) is

higher than the ratio between their standard-deviations ((σŶA
)/(σŶB

)):

ρY,ŶA
> ρY,ŶB

⇐⇒
E
[
ŶA|Y = 1

]
− E

[
ŶA

]
E
[
ŶB|Y = 1

]
− E

[
ŶB

] >
σŶA

σŶB

(12)

By splitting the predicted values into ranges (or risk ranks), it is reasonable to con-
sider the in-sample default rate of each range, PiS (Y = 1|range = r), as a parameter to pre-
dict the out-of-time conditional probability of a range of given observations being defaulted,
PiS (range = r|Y = 1).
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Axiom 2 Using Bayes’ Theorem, we can derive the out-of-time conditional probability of a range r given
observations are defaulted (POoT (range = r|Y = 1)):

POoT (range = r|Y = 1) =
PiS (Y = 1|range = r)× POoT (range = r)

POoT (Y = 1)
(13)

Using the out-of-time conditional probability of a range given loans will be defaulted
(POoT (range = r|Y = 1)), we can estimate the expected value of prediction given defaulted
loans (E

[
Ŷm|Y = 1

]
).

Axiom 3 Using Bayes’ theorem, the expected value of the predicted score estimated by a model (Ŷm),
conditional on a loan being in default (E

[
Ŷm|Y = 1

]
), can be expressed as the weighted average of the

conditional expected value within each range (E
[
Ŷm|range = r

]
), where the weights are given by the

conditional probability of each range in out-of-time sample (POoT (range = r|Y = 1)):

E
[
Ŷm|Y = 1

]
=

n∑
r=1

POoT (range = r|Y = 1)× E
[
Ŷm|range = r

]
n

(14)

where n is the number of ranges for each model.
The third approach is based on the following four-step procedure (in four steps):

1. For each in-sample full or segmented model, we assign the observations in the dataset
into score ranges14, by determining thresholds for each of them.

2. For each score range (r), we assume the default rates for in-sample datasets,
PiS (Y = 1|range = r), as the percentual frequency of each range.

3. For each out-of-time full or segmented model, we assign the observations in the dataset
into score ranges according to step 1 thresholds.

4. For each score range (r) and following Axiom 2, we assume the conditional de-
fault probability of a range of given observations will be defaulted in out-of-time
datasets,POoT (range = r|Y = 1) , as the percentual frequency of each range.

5. Following Axiom 3, for each out-of-time predictions’ vector (Ŷm), we estimate the condi-
tional expected value given loans will be defaulted, E

[
Ŷm|Y = 1

]
.

6. Following Corollary 1.5, we compare models in pairs using the results in step 5 to predict
which model (A or B, full or segmented models) will have, in an out-of-time dataset, a
higher correlation between default observations and their respective predictions.

5 Data and Results

For our analyses, we used the output generated by the estimations in Yoshida et al. (2025).
Unlike that study, our focus is not on the coefficients of variables and the evaluation of the risk

14Score ranges were automatically created using R’s package “monobin”. Manual available at
https://cran.r-project.org/web/packages/monobin/monobin.pdf.
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model metric. Instead, we depart from the predicted output for each loan using the full and
segmented models (i.e., models estimated using loans from all banks versus models estimated
using loans from specific banks) and the model risk metric of each model (the CSMRmeasure,
described in Equation 2) to estimate 12-month ahead out-of-time default predictions.

5.1 Primary Data Sources

We use the same loan-level data from Yoshida et al. (2025), who, in turn, utilize loans to
microenterprises and small businesses (MSBs) in Brazil. The primary data source for these
estimations is the credit bureau of the Central Bank of Brazil (SCR), which contains detailed
monthly loan-level information on loans made to MSBs by banks in Brazil from January 2013
to December 2019. SCR data were matched to other data sources, namely: the database of
restructured loans; the database from the Brazilian Revenue Service, containing borrowers in-
dustry classification, firms size, share capital, and ZIP code; employment data from RAIS –
Annual Social Information Report; GeoSampa geospatial database; and the database from the
2010 Census produced by the IBGE – Brazilian Institute of Geography and Statistics.15 Similar
to that study, default estimationsweremade forMarch and September of each year. Becausewe
do not have data to estimate out-of-timemodels forMarch and September 2018, our out-of-time
estimations span March 2013 to September 2017.

5.2 Results

In Yoshida et al. (2025), full and segmented data models were estimated for each bank in
every March and September from 2014 to 2017. This approach generated a balanced set of
estimations across institutions and time. Table 1 summarizes the in-sample results for the full
model, Equation 3, and the segmented models, Equation 4.

Table 1 also summarizes the out-of-sample (evaluated at the same point in time as the in-
sample analysis, but using a holdout sample not employed in model estimation) and out-of-
time (based on a sample collected 12 months later) results for both full and segmentedmodels.
The higher correlation of segmented models observed in the in-sample estimations does not
persist in out-of-time applications. As illustrated in Figure 1, segmented models outperform
full models in 46 out of 48 in-sample comparisons.16 However, as shown in Figure 2, the seg-
mented models outperform the original models in 42 of the 48 out-of-sample datasets.

Out-of-sample correlation comparisons (reported in Table 1)were used to detect overfitting.
Notably, Bank C’s segmented models in September 2014 and March 2015 exhibit a correlation
drop of more than 40%. Figure 2 illustrates the out-of-sample CSMR (1− ρY,Ŷ ) for each bank,
highlighting a pronounced correlation shift in these months and providing clear evidence of
overfitting.

15See Yoshida et al. (2025) for details on databases, prediction methods, and empirical applications.
16According to the correlation coefficient test proposed by Zou (2007), the remaining two comparisons (Bank F,

March and September 2017) are not statistically different at the 99% confidence level.
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Table 1: Summary of in-sample results of full and segmented models

Notes: In-sample, Out-of-sample, and Out-of-time (12 months later) correlations between observations (the dependent variable of a credit scoring model) and its predictions
(Correlation(Y, Ŷ )). Black bold numbers in Out-of-time correlations show the higher number in each cross-section comparison. Red (or green) numbers sign reversal (or same)
order with out-of-time comparison, in In-sample and Out-of-sample datasets. The PSI is a divergence measure, as shown in Equation 1. Red numbers in PSI sign PSI greater than
0.25, an indicator of significant changes in the population; and orange numbers sign PSI greater than 0.1, an indicator of possible population change (L. Thomas, 2009).
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Out-of-sample CSRM by bank

Figure 2: Out-of-sample Credit Scoring Model Risk (CSMR) for each bank

Note: In each graph, the orange line represents the conditional CSMRs of full data models, while the blue line
represents those of segmented data models.

Out-of-time CSRM by bank

Figure 3: Out-of-time (12 months later) Credit Scoring Model Risk CSMR by bank

Note: In each graph, the orange line represents the conditional CSMRs of full data models, while the blue line
represents those of segmented data models. While in in-sample datasets, the CSMRs of segmented data models (by
bank) exhibit lower model risk than full data models, this pattern is not observed here.

Figure 3 compares the CSMR for the full data and segmented data models in out-of-time
applications for the six banks. In only two of the six banks (banks B and E), the segmented
data models generally have lower CSMR than the full data models and consistently exhibit
the same behavior as observed in the in-sample measures. For these banks, the inferences are
consistent with the in-sample results of Yoshida et al., 2025; i.e., segmented models present a
lower CSMR. However, for banks C and D, CSMR is generally lower for full data models (with
a few exceptions), which is at odds with the in-sample results of Yoshida et al., 2025. Finally,
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for banks A and F, we do not observe any general dominance between the full and segmented
data models.

The takeaway from the examination of Figure 3 is that, unlike for in-sample applications,
one cannot observe a consistent stochastic approach dominance between segmented and full
data models for out-of-time applications. The practical implication is that we must carefully
measure and monitor model risk in out-of-time data.

Using the in-sample results (lower CSMR) from Yoshida et al. (2025) would lead one to
prefer the segmentedmodels. However, Figure 3 shows that this choice results in a lower out-of-
timeCSMR in only 26 of the 48 cases (54.2%).17 The remaining 22 cases inwhich the segmented
models exhibited a higherCSMRwere unevenly distributed across banks: five in BankA, one in
Bank B, seven in Bank C, six in Bank D, none in Bank E, and three in Bank F. This heterogeneity
indicates that out-of-time shrinkage (or decalibration) affects some banks more strongly than
it does others.

In a visual inspection of Figure 3, it is noticeable that the difference between the full data
CSMR (orange line) and segmented data CSMR (blue line) is economically small, suggesting
that the model risk in both the full and segmented models is similar. However, in some model
estimations (particularly for banks C and D), the difference between the CSMRs is practically
large. The results for the segmentedmodels of Bank C for September 2014 andMarch 2015, and
of Bank D for March 2016, suggest considerable overfitting in these models. It is particularly
important to predict which model estimations could present overfitting behavior, which leads
to a large model risk in out-of-time applications.

Along with the CSMR measure, Table 1 also presents the Population Stability Index (PSI)
(or the Divergence measure) for each estimated model. The PSI can flag potential overfitting,
which is problematic for datasets that are out of time. Three models have PSI higher than 0.25,
indicating significant changes in the population distribution (the segmented models of Bank
C in September 2014 and March 2015, and the segmented model of Bank E in March 2016).
Indeed, we flagged potential overfitting in two of these cases in the inspection shown in Figure
3.

The elevated PSI values observed in the segmented models of Bank C (September 2014 and
March 2015) are primarily attributed to significant increases in the dispersion of out-of-time
predictions compared to the in-sample results. This suggests that the segmented specification
intensified the variability of the predicted probabilitieswhen applied to a shifted population. In
contrast, the heightenedPSI observed in the segmentedmodel of BankE (March 2016) indicates
a change in the mean level of predictions rather than in their dispersion.

If models with PSI above 0.25 are considered ineligible,18 The lower CSMR model was se-
lected in 27 of 48 cases (56.3%), only onemore thanwhen PSI was ignored. This criterion, how-
ever, identifies more overfitted models, notably the segmented models of Bank C in September
2014 and March 2015.19

17According to the Zou (2007) correlation test, full and segmented models do not differ statistically at the 99%
level in 4 of the 56 comparisons (Bank C in March 2017, Bank D in September 2017, and Bank F in September 2015
andMarch 2016). Excluding these cases, the lower CSMRmodel would have been selected in 24 of 44 comparisons.

18When one model is ineligible, the eligible model is taken as the only option.
19If models with PSI above 0.25 were excluded, the higher out-of-time correlationmodel for Bank E inMarch 2016

would also be discarded. Although the segmentedmodel in this case exhibits a high PSI, its lowerCSMR (i.e., higher
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Six models present PSI above 0.1, indicating potential changes in the population distribu-
tion: Bank C’s segmented models (September 2016 and March 2017) and full model (March
2017), Bank D’s segmented models (March 2014 and March 2016), and Bank F’s segmented
model (March 2016).

If we consider models with PSI higher than 0.10 as ineligible for decision-making, then we
would have chosen the lower CSMR models 28 out of 48 times, or in 58.3% of the correlations’
comparisons. This is one more time when we do not consider models with PSI higher than
0.25. However, when we chose the incorrect model (or the model with a lower correlation), the
difference between themodels’ correlations was 0.0198 on average rather than 0.0264. InMarch
2017, both (full and segmented models) of Bank C presented a PSI value higher than 0.10. We
considered the full model in decision-making because it had the lowest PSI.

Table 2: Overview of the decision-making criteria for select models

Note: Decision-making criteria. “Full” and “Segmented” refer to the selection of full-data and segmented models.
“In-sample” and “Out-of-sample” criteria select the higher correlation models, respectively, as indicated by the
in-sample and out-of-sample datasets. The suffix “- PSI(0.25)” indicates the respective criteria excluding models
with PSI higher than 0.25, while the suffix “- PSI(0.10)” indicates the respective criteria excluding models with PSI
values higher than 0.10. The first six columns present the sum of correct higher-correlation choices by banks, “Total”
and “(%)” present correct choices in number and percentage; and “Mean (incorrect)” and “Max(incorrect)” are
calculated as the average and maximum of the absolute value of the difference between correlations of the incorrect
choices. The red (and green) numbers indicate lower (and higher) measures than those from the criterion without
the PSI filter (within each criterion). Bold green numbers sign the lowest measure within each criterion.

If out-of-sampleCSMRs values had been used instead of in-sampleCSMRs, the lowerCSMR
(i.e., higher correlation) model would have been selected in 30 out of 48 comparisons (62.5%).
The 18 incorrect choices were unevenly distributed across banks: five for Bank A, one for Bank
B, five for Bank C, five for Bank D, none for Bank E, and two for Bank F.

Table 2 summarizes the decision criteria used to select full or segmented models based on
their out-of-time performance. The “Full” and “Segmented” criteria correspond to choosing
full data or segmented models, respectively, while “In-sample” and “Out-of-sample” select the
model with higher correlation according to in-sample or out-of-sample datasets. Each criterion
is also combined with PSI thresholds: criteria labeled “–PSI(0.25)” exclude models with PSI
above 0.25, and those labeled “–PSI(0.10)” exclude models with PSI above 0.10.

correlation than the full data model) suggests superior risk ordering relative to the full model. Since the primary
objective of credit scoring models is to rank credit risk rather than to estimate individual default probabilities, this
model may still be preferable.
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In the in-sample data, segmented models outperform full-data models in 46 of 48 compar-
isons, but this advantage does not persist out of time. Out-of-sample correlation comparisons
combined with PSI help filter the models affected by significant population shifts. Among the
criteria, “Out-of-sample – PSI(0.10)” performs best overall, yielding 30 correct selections out
of 48 (62.5%) and the lowest mean (0.0137) andmaximum (0.0713) absolute correlation differ-
ences among incorrect choices.

6 Results of Approaches to compare models in out-of-time basis

6.1 First Approach – Similar shrinkage

Based on Assumption 1, models in production should ideally remain calibrated on out-of-
time datasets or, at least, maintain the same level of shrinkage as the out-of-sample datasets.
However, ignoring changes in the credit portfolios is unreasonable. Over time, portfolios may
show varying default behaviors, densities, and prediction standard deviations (σŶ ), leading
to different correlations between default observations and predicted scores (ρY,Ŷ ), and conse-
quently, different Model Risks, or CSMR.

In the first approach (Table 3), we assume that out-of-time datasets have the same cali-
bration or the same shrinkage (same β of the out-of-sample estimations, as assumed in As-
sumption 1) as out-of-sample datasets. We use Corollaries 1.2 and 1.3 (see section 4.1) to make
inferences on the potential correlation of models in comparison.

Using Approach 1 (Similar Shrinkage) as the decision rule would lead to selecting the
model with lower model risk (CSMR), or higher out-of-time correlation, in 26 out of 48 com-
parisons (54.2%), the same sucess rate obtained by the “In-sample” criterion. However, this
performance is weaker than other benchmarks: the “Out-of-sample” criterion correctly selects
the higher-correlation model in 62.5%, while the “Segmented–PSI(0.25)” and “Segmented–
PSI(0.10)” criteria acheive 56.3% and 58.3% respectively.20

Importantly, this aggregated behaviour masks substantial heterogeneity across banks. Er-
rors are unevenly distributed: they occurred three times (out of eight) for Bank A, two times
for Bank B, four times for Bank C, seven times for Bank D, once for Bank E, and five times
for Bank F. This pattern indicates that the Similar Shrinkage approach performs inconsistently
across institutions, likely reflecting differences in portfolio composition, temporal dynamics,
and sensitivity to overfitting.

20Incorrect decisions or inconsistent inferences about out-of-time correlations using Approach 1 arise from the
unrealistic Assumption 1. The regression coefficient βm in Y = αm+βmŶm and the implied shrinkage (1−βm) are
not stable and do not coincide between out-of-time and out-of-sample datasets. If, instead of assuming constant βm,
we had assumed constant covariance between default and predicted default—Cov

(
Y, Ŷ

)
—across out-of-sample

and out-of-time datasets, the approach would correctly identify the model with higher out-of-time correlation in 32
out of 48 (two thirds). However, this alternative assumption is even less plausible than Assumption 1.
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Table 3: Results of first approach

Notes: First approach. “A1: Similar shrinkage” follows Corollary 1.2 and is calculated for eachmodel m by βmσŶm
, where βmis the coefficient (β) of regression of default onmodel

ms predictions (Y = α + βŶm) and σŶm
is the standard deviation of predictions in model m. Correlation(Y, Ŷ ) is out-of-time (12 months later) correlation (ρt1,m,b

Y,Ŷ
) between

observations (the dependent variable of a credit scoring model) and its predictions. Model Risk is Credit Scoring Model Risk (CSMR) equal to one minus the correlation. Full
refers to the full data model and Segmen., to the segmented data models. Black bold numbers in Correlation(Y, Ŷ ) show the higher number in each cross-section comparison.
Black bold numbers in Model Risk (or the CSMR) show the lower number in each cross-section comparison. Red (or green) numbers in “A1: Similar shrinkage” sign reversal
(or same) order with Correlation(Y, Ŷ ).
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6.2 Second Approach – Monte Carlo simulation

The second approach is independent of Assumption 1 and instead relies on a Monte Carlo
simulation, and is based on the average of the full and segmented models’ predictions for each
bank. We conducted 1,000 rounds of simulations to compare the correlations between the two
models.21

Figures 4 to 11 plot the simulated correlations of the full and segmented models. Each fig-
ure consists of six graphs, with each graph representing the set of correlations between the
simulated default events and the predicted scores for a specific month. The horizontal axis
shows the correlation for the full data model (ρSimulated Y,Full Ŷ ), while the vertical axis shows
the correlation for the segmented data model (ρSimulated Y, Segmented Ŷ ). When points are con-
centrated in the upper left (bottom right) of the 45-degree diagonal, the segmented (full) data
model is preferable because it presents the highest correlation among them. The color22 of the
plot indicates the simulated frequency of default, named here as “FD”. In a visual inspection,
there was no relationship between FD and the difference in simulated correlations (or the plot
position in the graph).

Using Approach 2 for decision-making, a higher out-of-time correlation model was chosen
in 34 of the 48 model comparisons (70.8%).23 Approach 2, on a general basis, is therefore better
than the in-sample or out-of-sample criterion of choice for our set of estimations. It is also better
than Approach 1. The wrong choices (14 comparisons, or 29.8%) are due to the assumption of
the average of the models’ predictions as the probability of default function.

In Table 4, we present the median of the simulated correlations’ difference (median of
ρSimulated Y,Full Ŷ − ρSimulated Y, Segmented Ŷ ) for each bank for March and September from 2014
to 2017.

The incorrect inferences are not homogeneous across banks and months. They occurred
three times (out of eight comparisons) in Banks A, D, and E; once in Bank B; and twice in
Banks C and F. When the Monte Carlo simulation approach incorrectly indicates the higher
correlation model, the median of the correlation difference is lower than 0.0070, that is, the
choice criterion narrowly misses.

6.3 Third Approach – Bayesian estimation of covariances

Following Axiom 2, we estimated the expected value of predictions, given that loans would
be defaulted, for both full and segmentedmodels (E

[
ŶFull|Y = 1

]
) and (E

[
ŶSegmented|Y = 1

]
).

Then, following Corollary 1.5, we compare the models to assess which model would have the
greater correlation (ρY,Ŷ ).

21The number of rounds was limited by computational constraints. However, in less extensive exercises, reducing
or increasing the number of rounds does not materially affect the overall position of the plots, their general visual
shape, or the median difference between the correlations of the full and segmented models, and therefore does not
alter decision-making under this approach.

22A gradient where blue indicates the lowest and red the highest simulated default rates.
23By deviating from the approach (as described in Section 4.2), where we use the average of models’ predictions

as the probability of default function, and instead considering each models’ predictions itself for each simulation
round, we observe three comparisons that preserve stochastic dominance (in Bank C’s September 2014 and March
2015 and Bank D’s March 2016, i.e., full data models present higher correlation even when the segmented model’s
predictions are used as the probability default function). Graphs not reported.
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Figure 4: Simulated correlations for each one of the banks in March 2014.

Note: The X-axis is the full data model simulated correlation, and the Y-axis is the segmented model simulated
frequency of default, named here as “FD.”
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Figure 5: Simulated correlations for each one of the banks in September 2014.

Note: The X-axis is the full data model simulated correlation, and the Y-axis is the segmented model simulated
frequency of default, named here as “FD”.
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Figure 6: Simulated correlations for each one of the banks in March 2015.

Note: X-axis is the full data model simulated correlation, and Y-axis is the Segmented model simulated frequency
of default, named here as “FD”.
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Figure 7: Simulated correlations for each one of the banks in September 2015.

Note: X-axis is the full data model simulated correlation, and Y-axis is the Segmented model simulated frequency
of default, named here as “FD”.
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Figure 8: Simulated correlations for each one of the banks in March 2016.

Note: The X-axis is the full data model simulated correlation data model simulated correlation, and the Y-axis is the
Segmented model simulated frequency of default, named here as “FD”.

30



Figure 9: Simulated correlations for each one of the banks in September 2016.

Note: The X-axis is the full data model simulated correlation, and the Y-axis is the segmented model simulated
frequency of default, named here as “FD”.
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Figure 10: Simulated correlations for each one of the banks in March 2017.

Note: The X-axis is the full data model simulated correlation, and the Y-axis is the segmented model simulated
frequency of default, named here as “FD”.
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Figure 11: Simulated correlations for each one of the banks in September 2017.

Note: The X-axis is the full data model simulated correlation, and the Y-axis is the segmented model simulated
frequency of default, named here as “FD”.
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Table 4: Simulated correlations’ difference

Notes: Median of out-of-time difference of full and segmented data correlations (median of
ρSimulatedY,FullDataŶ − ρSimulatedY,SegmentedDataŶ). Correlations are estimated based on simulated de-
fault sets and the predictions of bothmodels by the bank. The numbers in red represent incorrect choices
when Approach 2 is used for decision-making.

Table 5 presents the differences between the adapted left-hand side of Equation 12,
((E

[
ŶFull|Y = 1

]
− E

[
ŶFull

]
)/(E

[
ŶSegmented|Y = 1

]
− E

[
ŶSegmented

]
)) and its adapted right-

hand side, the ratio between standard deviations ((σŶFull
)/(σŶSegmented

)). According to this ap-
proach, if the difference is positive (i.e., if the left-hand side is larger than the right-hand side),
the full model has a higher correlation than the segmented model.

Table 5: Differences of the adapted left-hand side of Equation 12 and the ratio between
standard deviations.

Notes: Differences of ((E
[
ŶFull|Y = 1

]
− E

[
ŶFull

]
)/(E

[
ŶSegmented|Y = 1

]
− E

[
ŶSegmented

]
)) and the

ratio between models standard-deviations ((σŶFull
)/(σŶSegmented

)), fromMarch 2014 to September 2017.
If the results are positive, the full model has a higher correlation than the segmented one. The numbers
in red represent incorrect choices when considering Approach 3 (Bayesian estimation of covariances)
for decision-making.

If we consider Approach 3 (Bayesian estimation of covariances) in decision-making, we
will choose higher out-of-time correlation models in 32 out of 48 models’ comparisons, or 2/3
(66.7%) of the comparisons. Therefore, in several correct choices, Approach 3 is worse than
Approach 2 or the Monte Carlo simulation approach (which leads to higher correlation deci-
sions in 70.8% of the comparisons) for our set of estimations. However, in the incorrect choices
(i.e., when the approach criterion leads to choose a lower correlation model in out-of-time
datasets), the average of the absolute value of the difference between observed out-of-time cor-
relations (ρY,ŶFull

− ρY,ŶSegmented
) is smaller in Approach 3 (0.0119) than in Approach 2 (0.0160)

or Approach 1 (0.0225). These comparisons indicate that althoughApproach 3 leads to a larger
number of incorrect choices than Approach 2, the difference between themodels correlations is
smaller when incorrect choices occur. As such, the magnitude of the mistake and the possible
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economic effects of the model’s choice are smaller with the use of Approach 3 than with the
other approaches.

6.4 Comparing approaches

Table 6 summarizes the decision-making criteria based on in-sample and out-of-sample
lower CSMRs (or higher correlations) for each of the three approaches.

The out-of-time correlations are not homogeneous across banks. In banks B and E (except
for Bank B in September 2015), CSMR is still lower in segmented models. In banks C and D, it
is quite the contrary; in most comparisons, CSMR is lower in the conditional full data models.
Banks A and F exhibited more unstable behavior. Except for Bank E, there is no consistent
stochastic dominance between the models.

Table 6: Decision-making criteria.

Notes: Decision-making considering in-sample and out-of-sample CSMRs and each of the proposed approaches.
“A1: Similar shrinkage” is defined in Section 4.1; “A2: MC simulation” (Monte Carlo simulation), in Section 4.2;
and “A3: Bayesian cov” (Bayesian estimation of covariances), in Section 4.3. Words in green and red represent
correct and incorrect choices (i.e., the approach indicates the correct out-of-time, higher-correlation model). The
“# correct” presents the number (of month comparisons) for which each approach indicates the model with a
higher correlation in out-of-time datasets. The “Mean (incorrect)” presents the average of the difference between
the correlations of the incorrect choices.

The number of correct choices by month is also heterogeneous across approaches. Ap-
proach 1 (Similar Shrinkage) indicates five (out of six) models’ higher correlation in March
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2014, March 2015, and March 2017, but only one in March 2016. Approach 2 (Monte Carlo
Simulation) indicates a higher correlation for all six models in March 2014, but only three in
September 2016 and March 2017. Approach 3 (Bayesian Estimation of Covariances) indicates
higher correlations for all six models in March 2015, but only three in March 2014, March 2016,
and September 2017.

In our empirical application, Approach 2 (Monte Carlo Simulation) was found to be more
effective for Banks A and C. In Bank A, Approach 2 shows five (out of eight) correct indications
of a higher correlation model (and the average difference of correlations of the remaining three
incorrect choices is 0.0046). In Bank C, Approach 2 shows six indications of a higher-correlation
model. For banks B and E, using segmented models, as indicated by the in-sample and out-of-
sample criteria, would be preferable over any of the proposed approaches. This was evidenced
by the higher correlation model being selected seven times in Bank B and all eight comparisons
in Bank E. The small difference in the correlation of the full data and segmentedmodels in Bank
B (0.0056) suggests that the effect of this unique incorrect choice is not economically important.
Approach 3 (Bayesian Estimation of Covariances) was more effective for banks D and F, with
both banks showing six indications of higher correlation models. Using Approach 3 in Bank D,
the average of the difference of the full and the segmented models’ correlation for the incorrect
choices is 0.0129, and in Bank F, 0.0074. Following those composed criteria, we obtained correct
higher correlation models 38 times (out of 48), or 79.2% of the comparisons. The difference in
the models’ correlation of incorrect choices in the composed criteria was 0.0080.

Table 7 presents a summary of the decision-making criteria.24 Considering the aggregate re-
sults, Approach 2 (MonteCarlo Simulation) presented the highest percentage of correct choices
for decision-making. It correctly identified a higher correlation model in 70.8% of the model
correlations. However, Approach 3 (Bayesian Estimation of Covariances) presents the lowest
average absolute value of the difference between correlations when incorrect identifications are
made (0.0119).

Table 7: Summary of the decision-making criteria.

Notes: Decision-making criteria. “Out-of-sample—PSI(0.10)” criterion, as presented in Section 5.2. Select the
higher-correlation models, as indicated by out-of-sample excluding models with PSI higher than 0.10. Approach
“A1: Similar shrinkage” is the Similar Shrinkage criterion, as defined in Section 4.1. The approach “A2: MC sim-
ulation” is the Monte Carlo Simulation criterion, as defined in Section 4.2. Approach “A3: Bayesian cov” is the
Bayesian Estimation of the Covariance criterion, as defined in Section 4.3. The columns present the sum of correct
higher-correlation choices by banks, “Total” and “(%)” present correct choices in number and percentage, “Mean
(incorrect)” and “Max(incorrect)” are calculated as the average and maximum of the absolute value of the differ-
ence between correlations of the incorrect choices. The gradient of colors from red to green represents the worst to
best criteria.

24Appendix C presents the complete comparison approaches.
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7 Concluding Remarks

Yoshida et al. (2025) have shown that, in in-sample datasets, segmented models present a
higher correlation (between the observable default variable and its predicted scores) than full
data models. Therefore, in in-sample datasets, segmented models present a lower CSMR or
model risk. However, this behavior does not hold for out-of-time datasets.

In this study, we have shown that in out-of-time contexts, there is no clear dominance in the
choice between full and segmented data models. Segmented models of Banks B (seven out of
eight models’ comparisons) and E (all models’ comparisons) still hold higher correlations in
out-of-time datasets. However, full data models are preferable for Banks A (five out of eight),
C (seven out of eight), and D (six out of eight). In Bank F, there is no preferred model; the full
and segmented models have a higher correlation the same number of times (four).

The purpose of our empirical test is not to identify whether full or segmented models sys-
tematically dominate or deliver higher out-of-time correlations. Out-of-time performance de-
pends on the nature of the problem, data structure, sampling, and set of independent vari-
ables. Instead, this study contributes by developing complementary approaches to support
model selection in specific contexts, identifying the model more likely to achieve higher future
correlation between observed defaults and predicted scores, and thus lower CSMR.

Although Approach 1 (similar shrinkage) is not the best choice for decision-making in ag-
gregate analysis or any specific bank, it would become an effective criterion if we could improve
out-of-time shrinkage (or out-of-time βm forecasting). Approach 2 (Monte Carlo simulation)
is more effective on a general basis and for banks A and C. Approach 3 (Bayesian estimation of
covariance) is more effective for banks D and F, indicating that for these banks, credit portfo-
lio changes play a key role in out-of-time predictions. However, for banks B and E, in-sample
or out-of-sample criteria are preferable over any of the proposed approaches, indicating that
credit portfolio changes are not important.

The suggested approaches can aid practitioners and regulators in their decision-making
processes for selecting and evaluating models. These out-of-time comparison approaches can
also be utilized in other prediction andpricing applications, including those designed for public
policy and financial systems.

We strongly recommend the development of both (full and segmented models), which is
particularly important for some cohorts. The analysis of Approaches 2 (Monte Carlo simula-
tion) and 3 (Bayesian estimation of covariances) in decision-making is also strongly recom-
mended. If one has cost or computational power constraints for developing both models, it is
preferable to develop segmented models. However, it is crucial to compare out-of-sample cor-
relations and consider the PSI to identify possible population changes and overfitted models.

Future studies can study different periods for out-of-time analysis (and default definition);
improve out-of-time βm forecasting inAssumption 1; developdifferent probability default func-
tions for Monte Carlo simulations (Approach 2); and propose an alternative Bayesian default
distribution for Approach 3.
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8 Conclusion

The integration of large databases and machine learning techniques heralds a paradigm
shift with the power to revolutionize not only the financial sector and banking supervision but
also various sectors within the real economy. Previous research on credit scoring models has
focused on comparing Machine Learning techniques. However, these studies have relied on
traditional measures, emphasizing classification optimization, more accurate prediction tech-
nique identification, and in-sample prediction evaluation. The literature has not determined a
gold-standard for the best credit machine larning technique.

Although managers and regulators have concerns about the potential risks associated with
the discretion of algorithms for variable selection and model building (as well as the lack of
causality), insufficient attention has been given to the inappropriate utilization of high-hit-rate
credit scoring models or to model risk.

This study focuses on the model risk for credit scoring models. It proposes a measure, the
Credit Scoring Model Risk (CSMR), to assess the model risk of credit scoring models. It is
based on the correlation between the dependent variable (Y ) of a credit scoring model and its
predictions (Ŷ ).

Using CSMR, we challenge the conventional belief that more data (i.e., a larger number of
observations) will always lead to better-quality inferences. Indeed, for in-sample measures of
model risk, bank-specific (or segmented) data models tend to present lower model risk than
financial system-wide (or full) data models. We also comparedmodels with different numbers
of potential explanatory variables. The results were similar across these models.

Although, in general, a model trained on a more specific subset of the data (segmented by
banks) exhibits a greater ability to capture patterns and relationships effectively within that
particular subset, a model trained on a more diverse dataset (e.g., , the entire financial system
data) might have the advantage of capturing a broader range of patterns and relationships
than the segmented dataset. Consequently, despite its lower prediction accuracy in in-sample
subsets, the model based on the diverse dataset might deliver better out-of-time predictions
owing to its ability to generalize more effectively across various scenarios.

Evaluating model performance solely on in-sample data can lead to instability and unreli-
able estimation when applied to out-of-sample scenarios. Therefore, basing decision-making
(selecting a model from multiple options) solely on in-sample model risk or its performance
measures can be problematic for practitioners. Loan portfolios are subject to changes over time,
and models might not be appropriately calibrated. Additionally, models may behave differ-
ently when confronted with new scenarios, varying macroeconomic conditions or exogenous
and stochastic events.

In this paper, we emphasize the importance of utilizing the PSI – the Population Stability
Index– to detect potential changes in the population and identify overfitted models. Moreover,
we introduce a procedure to identify (or forecast) the best-performing model in out-of-time
samples. The main focus of this study is not to establish a dominant model type (full or seg-
mented data) that consistently yields higher correlations in out-of-time datasets. Rather, its
contribution lies in creating complementary approaches to assist end-users of credit-scoring
models in deciding between segmented or full data for each situation. These approaches fore-
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cast the model that is more likely to exhibit a higher correlation between future observable
defaults and predicted scores, thereby reducing future CSMR.

The proposed approaches can help practitioners and regulators in their decision-making
processes for selecting and evaluating models. They can also be used in other prediction and
pricing applications, including those aimed at designing public policies.

We conclude by recommending the development of both (full and segmented models),
which is particularly important for some cohorts (i.e., some banks). If one has cost or com-
putational power constraints to develop both models, it is preferable to develop segmented
models. However, it is crucial to compare out-of-sample correlations and to consider PSI to
identify possible populational changes and overfitted models.

A promising avenue for future research is one aiming at optimizing the choice of the best
dataset to reduce model risk, both in-sample, as well as out-of-time. In this paper, we use com-
pare between models using the entirety of the loans in the financial system (full-data model)
and models estimated using bank-specific loans. One potential problem of the full dataset is
that loans from different lenders may present substantial heterogeneity, which may add noise
to this model. It is possible that a model estimated using the loans from a subset of selected fi-
nancial institutions that present some degree of homogeneity among them can outperformboth
the single-bank and the full-data models. We leave this as a suggestion for future research.
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Appendix A — Fourth approach — Relevance

In this appendix, we present a fourth possible approach—the relevance sample—to forecast
the higher correlation model in out-of-time datasets.

One attempt to incorporate current conditions and perspectives (instead of relying solely
on unweighted historical data) is the statistical measure called relevance (Czasonis, Kritzman,
and Turkington, 2022). Czasonis, Kritzman, and Turkington (2022) argue that not all histori-
cal observations contribute equally to forecasting. They proposed a method to filter observa-
tions based on quantified relevance of a set of independent variables. Their framework recon-
ciles classical statistics with intuitive way individuals evaluate experiences and draw inferences
about the future, emphasizing contemporaneous conditions and recorded narratives.

Although the relevance approach is conceptually appealing for credit scoring, since portfo-
lios characteristics evolvewithmacroeconomic conditions and risk appetite, its implementation
is limited in large datasets due to substantial computational requirements.

Given these constraints, we adapt the method proposed by Czasonis, Kritzman, and Turk-
ington (2022). Here, we estimate the correlation between the observable default variable and
its predictions using samples selected not randomly but based on relevance relative to the out-
of-time dataset. We define relevance as the similarity between out-of-time observations (i.e.,
the vector of model covariatesX) and in-sample observations.

The fourth approach follows the procedure below:

1. For each out-of-time set, we generate a random sample of 200,000 observations.

2. For each observation in the sample (from step 1), we select the most similar observation
on the in-sample datasets, creating a relevant sample.

3. For each model, we estimate the correlation between the observable default variable and
its predictions, considering the relevant samples (selected in step 2).

4. And we compare the full and segmented data correlations (estimated in step 3).

The fourth approach delivers a worse decision-making criterion than Approach 2 (the
Monte Carlo simulation) and Approach 3 ( Bayesian estimation of covariances). The results
of the fourth approach are presented in Table 8. In an aggregate measure, it is better than
Approach 1 (Similar shrinkage); however, it does not capture the highly overfitted models,
especially in segmented models of Bank C in September 2014 and March 2015.

The relevant sample cannot capture changes in the covariancematrix (and in the shrinkage)
in out-of-time datasets.
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Table 8: Results of the fourth approach

Notes: Relevant in-sample and out-of-time correlations between default variable and model predictions. Approach 4 is relevant to the in-sample correlations. Correlation(Y, Ŷ )
is an out-of-time correlation. Model Risk is Credit Scoring Model Risk (CSMR), equal to one minus the correlation. “Full” refers to full data models, and “Segmen.” refers to
segmented data models. Black bold numbers in Correlation(Y, Ŷ ) show the higher number in each cross-section comparison. Black bold numbers inModel Risk (or the CSMR))
show the lower number in each cross-section comparison. Red (or green) numbers in “A4: Relevance” sign reversal (or same) order with Correlation(Y, Ŷ ).
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Appendix B — Correlation autoregressive model

Correlation can be modeled as a stochastic variable (Ball and Torous, 2000). The approach
presented in Appendix B uses an autoregressive model based on historical correlations and
does not rely on the assumption of calibrated models (Assumption 1) or simulation-based
methods (Approach 2). Therefore, we propose a model to predict out-of-time correlations
using historical correlation dynamics as follows:

ρ
t1,m,b

Y,Ŷ
= αm + βρ

t0,m,b

Y,Ŷ
+ γb + αmγb (15)

where ρt1,m,b

Y,Ŷ
is the out-of-time (t1) correlation (ρY,Ŷ ) in model m of bank b;

ρ
t0,m,b

Y,Ŷ
is the in-sample (t0) correlation ((ρY,Ŷ )) in modelm of bank b;

αm is a fixed effect by type of model m (full or segmented data models);
γb is a fixed effect for bank b.

Table 9 presents the results.

Table 9: Results of the autoregressive model based on historical correlations.

Notes: Autoregressive Correlation Model ρt1,m,b

Y,Ŷ
= αm + βρ

t0,m,b

Y,Ŷ
+ γb + αmγb).

Signif. codes: 0 *** 0.001 ** 0.01 * 0.05 . 0.1 1

The out-of-time correlations were estimated using the autoregressive correlation model
(Equation 15), the results of which are presented in Table 10. The comparison of predictions
of out-of-time correlations (full versus segmented data models) behaves in the same manner
as real correlation in 36 of 48 comparisons, or 75.0%. Although this approach presents a higher
rate of correct inferences, it requires long time-series data to allow for inferences and decision-
making.

As in other approaches, incorrect inferences are not homogeneous across banks or months.
They occurred three times (out of eight months) in Bank A; once in Banks B and C; twice in
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Bank D; none in Bank E; and five times in Bank F.
It is possible to forecast βm in Assumption 1 as an autoregressive model. Using a similar

specification, the results (not reported) are worse than those of the correlation autoregressive
model.
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Table 10: Comparison of predictions of out-of-time correlations.

Notes: Appendix B follows an autoregressive model, equation 15. Full refers to the full data model and Segmen., to segmented data models.
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Appendix C - Comparing approaches complete table

Table 11 presents the complete comparison of approaches.

Table 11: Complete decision-making criteria.

Note: “Full” refers to the selection of full data models. “Segmented” refers to the selection of segmented models.
“In-sample” and “Out-of-sample” criteria select, respectively, the higher correlation models as indicated by the in-
sample and out-of-sample datasets. Approach “A1: Similar shrinkage” is the Similar Shrinkage criterion, as defined
in Section 2.4.1. Approach “A2: MC simulation” is the Monte Carlo Simulation criterion defined in Section 2.4.2.
Approach “A3: Bayesian cov” is the Bayesian Estimation of the Covariance criterion, as defined in Section 2.4.3. The
suffix “- PSI(0.25)” indicates the respective criteria excluding models with PSI higher than 0.25, while the suffix “-
PSI(0.10)” indicates the respective criteria excluding models with PSI higher than 0.10. The columns present the
sum of correct higher-correlation choices by banks, “Total” and “(%)” presents correct choices in number and in
percentage, “Mean (incorrect)” and “Max(incorrect)” are calculated as the average and maximum of the absolute
value of the difference between correlations of the incorrect choices. The red (and green) numbers indicate higher
(and lower) measures than those from the criterion without the PSI filter (first line within each criterion). Bold red
numbers sign the highest measure within each criterion. Bold green numbers sign the lowest measure within each
criterion.
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