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ABSTRACT 

Internal ratings-based models play a central role in bank risk man-
agement and regulatory capital determination, yet their validation 
remains methodologically challenging and operationally resource-
intensive. In this paper, we contribute to the quantitative validation 
of probability of default models through a systematic backtesting 
exercise using a new proprietary dataset collected by the European 
Banking Authority between 2017 and 2024. We propose a general-
ised correction to the canonical binomial test that simultaneously 
accounts for both asset and serial correlation and is supported by 
extensive simulations. Acknowledging the iterative nature of model 
validation, we use order statistics to identify persistent miscalibra-
tions over time. We present an approach to aggregate the results 
of backtesting procedures, which are typically designed for bank-
level evaluation, whereas our focus is to provide evidence on the 
performance of the models across EU banks. Empirically, we find 
that the share of miscalibrated exposures of the small and medium-
sized enterprises corporates asset class ranges from around 3.0% 
under realistic assumptions to a conservative upper bound of 
16.7% implied by the canonical binomial test. We also quantify the 
impact on capital requirements and show that prudent model re-
calibrations would reduce system-wide Tier 1 capital ratios by 4 to 
10 basis points. By offering scalable backtesting tools and enhanc-
ing transparency, we support more effective supervisory oversight 
and contribute to restoring market confidence in internal models. 
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1. Introduction 

Amid ongoing discussions on enhancing the European Union’s (EU) competitiveness, policymakers 
have increasingly emphasised the importance of streamlining the regulatory framework without 
compromising financial stability (Berg et al. 2025; Buch 2025; Restoy 2025). Recent landmark re-
ports such as those by Draghi (2024) and Letta (2024) highlight regulatory simplification as an im-
portant lever to promote innovation and economic growth in the EU. Importantly, simplification in 
this context is not synonymous with deregulation but rather aims to achieve regulatory objectives 
more efficiently (Villeroy de Galhau 2025). This perspective underlines the challenge of striking a 
balance between rigorous oversight and the need to enhance competitiveness. Complementing 
these efforts, regulators are increasingly promoting a data-centric culture and the use of advanced 
technologies to strengthen analytical capabilities and improve supervisory efficiency, risk identifi-
cation, and responsiveness (Elderson 2024). 
 
One area in which this balance is particularly important is model validation as a critical, albeit re-
source-intensive, component of every credit institution’s internal risk management framework and 
supervisory processes. According to the Basel Committee on Banking Supervision (BCBS 2005b), 
model validation examines whether the internal rating systems effectively differentiate risk and 
whether the estimates of risk parameters—such as probability of default (PD), loss given default 
(LGD), and exposure at default (EAD)—accurately capture the relevant risk characteristics. Article 
185 of the (EU) No 575/2013 Capital Requirements Regulation (CRR) requires regular validation of 
internal ratings-based (IRB) models, which includes both qualitative (e.g., model design, documen-
tation, governance, and management oversight) and quantitative (e.g., backtesting and bench-
marking) aspects.1 While qualitative validation focuses on ‘how a model works’, quantitative vali-
dation addresses ‘whether a model works’. 
 
Traditional supervisory validation practices often rely on resource-intensive, institution-specific on-
site inspections that are supplemented by quantitative backtesting.2,3 In this context, backtesting 
refers to the comparison of a model-based forecast or expectation (e.g., PD) with the ex-post real-
isation of the outcome (e.g., default rate (DR)). While these practices are thorough and essential 
from a supervisory perspective, they also present challenges: they are time-consuming, lack scala-
bility, and their results are rarely publicly disclosed.4 This opacity limits the ability of a wider audi-
ence—including market participants, policymakers, and academics—to understand whether inter-
nal models are working as intended. In addition, backtesting is typically conducted at the individual 
model and bank level, which is essential for risk modelling and banking supervision, but does not 
easily allow for a sector-wide perspective. An aggregated view is necessary to inform 

 
1 For a detailed description of backtesting and benchmarking, we refer to Castermans et al. (2010). 
2 We refer to European Central Bank (ECB 2024) for a detailed guide to internal models. 
3 Recent supervisory opinions increasingly emphasise the need for more efficient validation processes, in-
cluding risk-based approaches and streamlined assessments for limited model changes (Comfort and Arons 
2023; Noonan and Comfort 2025). 
4 It is worth noting that the current Pillar 3 framework requires certain disclosures comparing predicted PDs 
with observed DRs. In particular, ‘Template CR9 –IRB approach – Back-testing of PD per exposure class (fixed 
PD scale)’ provides a structured basis that can be used to replicate the analyses presented in this study (see 
Final Draft Annex I of the Implementing Technical Standards on Institutions’ Public Disclosures of the Infor-
mation Referred to in Titles II and III of Part Eight of Regulation (EU) No 575/2013)). 
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macroprudential oversight and financial stability discussions. Additional aggregation and synthesis 
are therefore needed to bridge the gap between micro-level supervision and broader systemic risk 
considerations. 
 
Against this background, our paper examines whether systematic, data-driven backtesting using 
regulatory datasets can serve as a reliable and cost-effective complement to traditional supervisory 
practices, with the aim of informing a broader audience about the reliability of EU banks’ internal 
models.5 Our paper also responds directly to recent calls for higher reliance on backtesting. For 
example, Cannata and Serafini (2025, p. 30) suggest that assessing the “effectiveness of models 
based on actual results” is a valuable complement to resource-intensive on-site inspections, which 
are inherently constrained by supervisory capacity and pose the risk of promoting a mere tick-the-
box approach. The scope of the paper is specifically focused on credit risk model validation, with a 
particular emphasis on PD models. This distinction is important because banks use a variety of other 
models that are also subject to backtesting, including models for market risk, counterparty credit 
risk (IMM), Repo-VaR, and derivative pricing. 
 
To operationalise this idea, we use variations of the binomial test at the rating grade level for each 
bank in our sample. This is consistent with the way banks typically assign PDs—at the obligor and 
rating grade levels—to ensure homogeneity of risk profiles within each grade. 
 
Figure 1 shows a stylised example of our setting. Our approach focuses on potential miscalibrations 
at the rating grade level rather than at the portfolio level. Specifically, we perform separate bino-
mial tests for each rating grade within a bank’s portfolio to detect potential miscalibrations. To 
complement this with an aggregated view, we introduce an aggregation methodology to quantify 
the miscalibrated exposures across EU banks. Although global (model) calibration tests (e.g., Hos-
mer-Lemeshow) can assess model calibration across all rating grades simultaneously, our approach 
targets weaknesses at the rating grade level to determine whether the internal models are working 
as intended. Our approach can be considered more conservative as it identifies potential miscali-
brations in rating grades, even if the models themselves are prudently calibrated overall. Therefore, 
we do not automatically conclude that a model is imprudently calibrated, as this requires additional 
(qualitative) considerations. Our methodology offers scalability, comparability across banks and 
time periods, and the ability to flag cases that warrant further supervisory scrutiny. By improving 
transparency and providing insights at both bank and aggregate level, we aim to contribute to ef-
fective supervisory oversight and restore market confidence in the use of internal models. 
 
Our setting contributes to the ongoing discussion on supervisory efficiency by offering novel in-
sights into model validation through backtesting from three perspectives: (A) from a data perspec-
tive through the use of a new, proprietary regulatory dataset across banks; (B) from an empirical 
perspective through the application of the framework to a sample of corporate small and medium-
sized enterprises (SME) exposures from EU IRB banks; and (C) from a methodological perspective 
through extensions of the canonical binomial test. 
 

 
5 From a practical perspective, the idea of systematic backtesting is used, e.g., in the context of the Eurosys-
tem Credit Assessment Framework (ECAF) to mitigate the credit risk of collateral used in monetary policy 
operations. On an annual basis, all credit assessment systems accepted for ECAF purposes (e.g., IRB systems) 
are subject to backtesting. For an overview of the ECAF, we refer to Guideline (EU) 2015/510 and for a de-
scription of the financial risk management of the Eurosystem’s monetary policy operations to ECB (2015). 
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Figure 1: Simple Stylised Example of Our Setting 

 
 
(A) Data perspective. Under the supervisory reporting framework, banks that use validated IRB 
models are required to submit detailed information to their supervisory authorities via template C 
08.05 of the Common Reporting Framework (COREP). This includes data on the number of obligors, 
PDs, and observed DRs, disaggregated by asset class and rating grade, and mapped to a common 
master scale with fixed PD ranges. This reporting requirement introduced by the European Banking 
Authority (EBA) aims to facilitate the supervisory monitoring of institutions’ compliance with the 
CRR. The EBA has been collecting this proprietary regulatory data since 2017, providing a solid basis 
for large-scale cross-sectional and longitudinal model validation analyses, including backtesting of 
PD models under the IRB approach applied by EU banks. We utilise this novel proprietary dataset 
in our empirical exercise. 
 
(B) Empirical perspective. Our empirical contributions are twofold: (i) we develop a consistent 
framework for model validation and aggregation across institutions, and (ii) we assess the economic 
impact of model miscalibrations in terms of capital adequacy: 
 
(i) We conduct comprehensive bottom-up backtesting, analysing model calibrations both at the 

individual bank level and at the aggregate level across EU banks. The aggregate view is essen-
tial from a macroprudential and financial stability perspective, while the bank level perspec-
tive is essential from a risk modelling and banking supervision perspective. To bring these per-
spectives together, we propose a robust aggregation method to transform granular backtest-
ing results into an informative, system-wide representation of model calibration performance. 
We estimate that the proportion of miscalibrated corporate SME exposures in EU banks is 
between an upper bound of 16.7% using the standard binomial test and between 2.9% and 
3.5% using a more realistic scenario that takes into account both asset and serial correlation. 
Importantly, we observe a decreasing trend in the share of miscalibrated exposures in recent 
years, which is likely due to improvements in data quality and the inclusion of higher margins 
of conservatism in the model calibrations. 

(ii) We quantify the economic impact of miscalibrated corporate SME PD models by assessing 
their impact on risk-weighted assets (RWAs) and Tier 1 capital ratios. This extension is partic-
ularly important for regulatory purposes, as capital adequacy ratios must reflect banks’ actual 
risk exposure. We introduce metrics that link miscalibrated corporate SME exposures to 
changes in RWAs and Tier 1 capital ratios by capturing the difference between reported PDs 
and the minimum PDs required for prudent model calibration. Prudently re-calibrating PD 
models that fail backtesting would imply a reduction in the Tier 1 capital ratios of 3.8 to 10.3 
basis points at the system level, with the upper bound again based on the standard binomial 
test. Over time, a generally stable to slightly decreasing trend in these effects can be observed, 
which is consistent with the observed decrease in miscalibrated exposures and the simultane-
ous increase in the Tier 1 capital ratios. Taken together, these developments are consistent 
with a broad-based increase in the conservatism of the calibration of credit risk models. 
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(C) Methodological perspective. We contribute a generalised correction to the canonical binomial 
test. We propose a theoretically based generalised correction of the well-established binomial test 
that simultaneously corrects for asset and serial correlation.6 The classical binomial test, which is 
widely used to validate PD models, works under the assumption of independent defaults (Blümke 
2022b). Consequently, it tends to over-reject the null hypothesis of prudent model calibration, lead-
ing to an inflated type I error rate. Although this conservative bias may be less concerning from a 
supervisory standpoint than under-rejection, excessive over-rejection can trigger unnecessary 
model re-calibrations, potentially undermining model stability and increasing costs for both banks 
and supervisors. As the estimated risk parameters have a direct impact on RWAs and therefore 
capital requirements, it is essential to assess the extent to which the lack of independence of DRs 
affects backtesting results. While the existing literature and regulatory discussions focus predomi-
nately on cross-sectional correlation (i.e., asset correlation), DRs also exhibit notable temporal de-
pendence (i.e., serial correlation) (Blümke 2022a)—the existing literature is largely silent on the 
impact of serial correlation. Our generalised correction fills this gap by accounting for both types of 
correlation. We underpin our approach with an extensive simulation study to demonstrate its ef-
fectiveness. 

Related Work 

Our study builds on the broader model validation literature with a particular emphasis on quanti-
tative model validation through backtesting with one of the most commonly employed tests for 
validating PDs—the binomial test.7,8 The binomial test works under the restrictive assumption of 
independent defaults, which leads to an inflated type I error rate, resulting in an overestimation of 
the significance of deviations between the realised DRs and estimated PDs (Tasche 2005; Miu and 
Ozdemir 2008; Blümke 2013). For this reason, several tests have been proposed in the literature to 
overcome this limitation. 
 
One of the earliest modifications was proposed by Tasche (2003), who introduced a traffic light 
approach in conjunction with a methodology that adjusts the confidence boundaries of PDs taking 
into account a correlation parameter. In addition, a correlated binomial test that corrects for asset 
correlation was introduced by Balthazar (2004) and further elaborated by Tasche (2005). Other 
modifications include the integration of the one-factor model from the Basel framework proposed 
by Blümke (2012) and the novel statistical approach of Schechtman (2017), which focuses primarily 
on the risk of accepting incorrectly calibrated credit risk models. The proposed approach addresses 
the risk of validating misspecified credit risk models and presents an asymptotic analytical frame-
work for joint testing of multiple PDs under the assumption of default correlation.9 

 
6 We refer to Conover (1999) and to BCBS (2005a) for a detailed discussion of the standard binomial test. 
7 A non-exhaustive list of other commonly used PD validation methods includes the level test (Blöchlinger 
and Leippold 2011, 2018), maximum likelihood estimators (Miu and Ozdemir 2008), the Brier score (Brier 
1950), and the Hosmer-Lemeshow test (Hosmer and Lemeshow 2000). 
8 Another commonly used approach in the literature for PD backtesting is the Jeffreys test (ECB 2019). The 
Jeffreys test, like the binomial test, compares forecasted defaults with observed defaults within a binomial 
framework, either at portfolio level or at rating grade level. The p-value of the Jeffreys test is given by the 
cumulative distribution function (CDF) of the Beta distribution: 𝐹𝐹𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑃𝑃𝑃𝑃;𝛼𝛼,𝛽𝛽), where the shape parameters 
are 𝛼𝛼 = 𝐷𝐷 + 0.5 and 𝛽𝛽 = 𝑁𝑁 − 𝐷𝐷 + 0.5, with PD being the probability of default, D the number of observed 
defaults, and N the total number of exposures. The Jeffreys test and binomial test generally yield similar 
results, particularly for large N. In Appendix Part B, we show a comparison between the binomial test and the 
Jeffreys test, which leads to identical results, by replicating our Monte Carlo simulations with known param-
eters, which we show in Section 3.3, Table 9. 
9 For a detailed overview of the general impact of asset correlations in credit risk, we refer to Global Credit 
Data (2025). For a review of different rating philosophies, we refer to Carlehed and Petrov (2012). 
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Another sub-strand of the literature extends the model validation based on one-year observations 
to multi-period tests with data from several years. These tests are used to determine whether the 
observed DRs align with the long-run average PDs. Contributions that address the issue of multi-
period model validation include the normal test (Tasche 2005), the extension of the traffic light 
approach to the normal approximation of the binomial test (Blochwitz et al. 2006), and the inclusion 
of the one-factor model in an order statistic (Blümke 2012). 
 
All of the one-year and multiyear extensions described above focus primarily on solving the prob-
lem of asset correlation, but do not account for serial correlation. It is well-known from the litera-
ture that DRs do not change rapidly but exhibit a high degree of persistence (Blümke 2022a). A first 
attempt to tackle the problem of serial correlation was recently proposed by Blümke (2025); the 
proposed approach deals with the modelling of DRs considering serial correlations by using a Va-
sicek distribution. 

2. Real-world Systematic Backtesting 
Exercise 

In this section, we present a backtesting exercise of PD models for a sample of EU banks building 
on the most commonly employed tests for validating PDs—the binomial test. Thereby, we show 
the number of miscalibrated rating grades and miscalibrated exposures, as well as well as the eco-
nomic impact on the banks’ Tier 1 capital ratios. The results obtained with the binomial test can be 
interpreted as a prudent upper bound, which is preferable from a prudential point of view com-
pared to overly permissive results. However, in Section 3.5 we extend our analysis to more realistic 
conditions by considering both asset and serial correlation through our proposed generalised cor-
rection to the binomial test. 

2.1 Modelling Framework 

In what follows, we briefly formalise the need for formal backtesting, describe the well-established 
binomial test and aggregation mechanism, and outline our approach to assessing the economic 
impact of miscalibrations. 

Need for Formal Backtesting 

Backtesting procedures are used to assess the reliability of the calibration of statistical models, e.g., 
credit risk models used to estimate PDs. A simple starting point is to compare the EAD weighted 
average PDs reported by different banks for a given asset class with the corresponding EAD 
weighted average annual DRs. Figure 2 shows this comparison over time for all banks included in 
our empirical exercise in Section 2.3. The results (left panel) show that the reported PDs at rating 
grade level are generally significantly higher than the observed defaults rates—on average by a 
factor of 1.5, with a range between 1.2 and 1.9. The right panel complements this view by showing 
the median and dispersion (P90 – P10) of the ratio between PD and DR at bank level. The average 
lower bound (P10) is around 0.5, the average upper bound (P90) is around 7.0, and the average 
median is around 1.7. This more nuanced picture highlights that the ratio falls below one for some 
banks, which suggests possible issues with undercalibrations. Note that miscalibrations can occur 
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in both directions. In general, a well-calibrated model should exhibit neither upward nor downward 
bias. We focus on identifying cases of undercalibrations, i.e., we conduct one-sided tests, because 
this is of primary interest to supervisors and it facilitates the aggregation of results across banks. 
However, an unduly conservative PD may adversely affect bank’s profitability and competitiveness 
and impair their ability to provide funding efficiently to the real economy. In what follows, we use 
the term miscalibration interchangeably to refer to undercalibrations. 
 

Figure 2: Simple Comparison of the Weighted Average PD and the Weighted Average DR 

  
Note. This figure shows a simple comparison of the EAD weighted average PD and the EAD weighted average DR over 
time for all banks in our sample. The values on the vertical segments (left panel) indicate the factor by which the PD 
exceeds the DR. 

 
However, this simple comparison has a decisive limitation from a supervisors’ perspective. On the 
one hand, if the ratio were to consistently exceed one over a prolonged period (e.g., for several 
consecutive years), it would provide an unambiguous signal that PD estimates are, on average, 
overly conservative. On the other hand, by averaging across banks, conservative PD estimates are 
implicitly offset against less conservative ones. Such offsetting is problematic, as the capital require-
ments for one bank cannot be used to offset the risks of another bank. Additionally, the PD esti-
mates reported for regulatory purposes are not intended to predict DRs in a given year, but rather 
to reflect long-run average PDs. Consequently, a direct year-to-year comparison between reported 
PDs and observed DRs is insufficient for a sound assessment of model calibration. To address these 
shortcomings, in the following section we introduce the binomial test as a formal backtesting pro-
cedure. 

Binomial test 

A natural approach to assessing the reliability of the calibration of a statistical model is to reduce 
this assessment to a binary decision: (i) accepting the null hypothesis H0, which states that a given 
model is prudently calibrated, or (ii) rejecting the null hypothesis H0, which states that the model is 
not prudently calibrated (BCBS 2005a). In the context of credit risk models, this decision is made by 
comparing the observed DRs for a given rating grade at a specific point in time with a pre-specified 
threshold. If the observed DR exceeds this threshold, the PD is underestimated and H0 is rejected. 
 
For this reason, the ex-ante specification of the threshold is crucial and depends on three compo-
nents: (i) a statistical model, (ii) the estimated parameter (e.g., PD), and (iii) a chosen confidence 
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level. According to the binomial test, H0 is rejected for a given confidence level q and a given num-
ber of obligors n if the DR for a rating grade is greater than or equal to the critical value (i.e., thresh-
old), which is defined as (BCBS 2005a): 

𝑝𝑝binomial∗ ≈ Φ−1(𝑞𝑞)�𝑃𝑃𝑃𝑃(1−𝑃𝑃𝑃𝑃)
𝑛𝑛

+ 𝑃𝑃𝑃𝑃,  (1) 

 
where Φ−1 denotes the inverse standard normal distribution function. The binomial test is based 
on the assumption of independent defaults—an assumption that is rarely true in practice. This im-
plies that the test is known to inflate the type I error rate and is therefore overly conservative, as 
the null hypothesis H0 is rejected more frequently than the nominal significance level α would sug-
gest. In this paper, we set α = 5% meaning that it is acceptable to reject H0 with a probability of 
5% if the model is correctly calibrated. Therefore, our results can be interpreted as an upper bound 
for potential model miscalibrations. 
 
From a supervisory perspective, over-rejection of well-calibrated models (i.e., being overly con-
servative), although safer than under-rejection, can still pose practical challenges. For example, fre-
quent re-calibrations triggered by false positives could affect model stability over time and lead to 
more frequent interactions between banks and supervisors. In Section 3, we propose a generalised 
correction of the binomial test that simultaneously corrects for asset and serial correlation and 
provides a more reliable framework for backtesting under realistic conditions. 

Aggregation Mechanism 

As our analysis includes model validation both at the individual bank level and in aggregate across 
EU banks, an aggregation mechanism is required to synthesise the results. The aggregate view is 
particularly important from a macroprudential and financial stability perspective, where a system-
wide view is essential. This section describes the methodology used to aggregate the results at bank 
level into a coherent and informative representation at the system level. 
 
The binomial test is applied at the rating grade level, where a binary decision is made: (i) accepting 
the null hypothesis H0, which states that the risk model is prudently calibrated, or (ii) rejecting H0, 
which states that the risk model is not prudently calibrated (BCBS 2005a). To formalise this decision 
process, we define an indicator variable ℳ𝑔𝑔 that indicates whether a particular rating grade g is 
prudently calibrated: 

ℳ𝑔𝑔 = �
0, if 𝑃𝑃𝐷𝐷𝑔𝑔 is prudently calibrated,
1, if 𝑃𝑃𝐷𝐷𝑔𝑔 is not prudently calibrated. (2) 

 
This decision rule is applied to each rating grade of all banks in our sample. To draw an overall 
conclusion, we aggregate these binary decisions by computing the weighted average percentage of 
miscalibrations using EAD. For a given bank b, this is specified as: 

MCB𝑏𝑏 =
∑ ℳ𝑔𝑔,𝑏𝑏 ⋅ EAD𝑔𝑔,𝑏𝑏
𝐺𝐺
𝑔𝑔=1

∑ EAD𝑔𝑔,𝑏𝑏
𝐺𝐺
𝑔𝑔=1

, (3) 

 
where g indicates a rating grade and b indicates a bank.10  

 
10 Other weighting and aggregation schemes are also conceivable, for example, an obligor weighting. How-
ever, exposure weighting seems to be a more natural candidate with a clear economic interpretation, which 
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It is important to recognise that the aggregation rule we propose in (3) introduces an element of 
prudential conservatism that may be viewed as a conservative bias. This aspect should be borne in 
mind when interpreting the results. However, as discussed in relation to Figure 2, it is not possible 
to assume that capital from more conservative banks can be reallocated to offset underestimation 
by less conservative ones. However, within a single bank, it is plausible that an overestimation of 
risk in one rating grade could offset an underestimation in another. In other words, even if the PD 
is underestimated for one or more rating grades, the overall portfolio risk may still be appropriately 
estimated (see the example in Table 1 below). Nevertheless, under the aggregation rule specified 
in (3), we consider only those rating grades identified as underestimated, without accounting for 
potential offsetting effects at the portfolio level. 
 

Table 1: Example of Aggregating Backtesting Results at the Bank Level (𝛼𝛼 = 5%) 

RG Exposure n PD DR 𝒑𝒑𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃∗  MCB MCB % 
1 4.56 1,000 0.83 0.95 1.26 No - 
2 4.75 700 2.77 2.25 3.71 No - 
3 0.55 500 8.92 12.00 10.99 Yes 5.63 

All 9.81 2,200 3.29 3.29 3.87 No 5.63 
Note. This table presents an example of the aggregation mechanism of backtesting results at the bank level. Exposures 
are expressed in EUR millions; PD, DR, 𝑝𝑝𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏∗ , and Miscalibrated (MCB) % are expressed in percentages; and the num-
ber of obligors n is expressed in frequencies. In this example, only one rating grade (RG) fails the binomial test. While the 
model appears to be correctly calibrated at the portfolio level (‘All’), the aggregation rule in (3) attributes the exposures 
in the third rating class to the pool of miscalibrated exposures. 

Risk-weighted Assets Impact 

A less commonly discussed limitation of the binomial test—and, more broadly, of any test yielding 
a binary (Y/N) outcome—arises when the number of observations (n) becomes large. In such cases, 
the threshold 𝑝𝑝𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

∗  approaches the estimated PD, reducing the test’s practical discriminative 
power. Consider the following example in Table 2: as n increases, 𝑝𝑝𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

∗  converges toward the 
PD. In the last rating grade, the test fails, even though the observed DR exceeds the PD by only 9 
basis points. Under the aggregation rule in (3), such marginal deviations are treated equivalently to 
cases where the DR substantially exceeds the PD. To mitigate this issue, one may instead assess the 
impact on RWAs, and consequently on capital requirements, that a prudent model re-calibration 
would entail. 
 

Table 2: Example of the Functioning of the Binomial Test with Different Levels of n 

Class n PD DR 𝒑𝒑𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃∗  MCB 
1 500 0.83 0.92 1.50 No 
2 3,000 0.83 0.92 1.10 No 
3 50,000 0.83 0.92 0.90 Yes 

Note. This table presents an example of the functioning of the binomial test with different levels of obligors n. PD, DR, 
and 𝑝𝑝𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏∗  are expressed in percentages and n is expressed in frequencies. 
 
To analyse the impact on RWAs, we compute the following metric for rating grade g:11 

 

is not necessarily the case for obligors, as a smaller number of miscalibrated obligors does not necessarily 
imply a less miscalibrated monetary value. 
11 For brevity, we omit the rating grade indicator if it is clear from the exposition. The impact can subsequently 
be easily aggregated to bank level as: ∑ numerator𝐺𝐺

𝑔𝑔=1 ∑ denominator𝐺𝐺
𝑔𝑔=1� . 
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RWAimpact = RWA+−RWA
RWA

 , (4) 

 
where RWA+ represents the hypothetical RWAs resulting from applying 𝑝𝑝+ values instead of the 
bank’s actual PD values. For rating grades classified as miscalibrated, (RWA+ − RWA) ≤ 0; for all 
other rating grades, this difference is set equal to zero. Specifically, 𝑝𝑝+ reflect the lowest value for 
which the risk model remains prudently calibrated using the binomial test. For each rating grade g, 
𝑝𝑝+ is the largest positive value that satisfies the equation: 

𝑝𝑝+ − Φ−1(𝑞𝑞)�𝑝𝑝+(1−𝑝𝑝+)
𝑛𝑛

≤ 𝐷𝐷𝐷𝐷.  (5) 

 
In other terms, 𝑝𝑝+ is the smallest grade PD for which the grade’s DR would pass the binomial test. 
The main difference to (1) is that we use 𝑝𝑝+ instead of the actual PD. To compute the hypothetical 
RWAs, we follow the approach outlined by BCBS (2020) for RWAs under the IRB approach for non-
defaulted corporate exposures, which is the regulatory standard. The final computation of RWAs is 
given by: 

RWA = K ⋅ 12.5 ⋅ EAD, (6) 
 
where K is the capital requirement. For the computation of RWAs, we rely on the data reported by 
each bank at the reference date. Specifically, we use the EAD, maturity, and LGD reported by each 
individual bank at the rating-grade level.12 

Tier 1 Capital Ratio Impact 

To analyse the impact on Tier 1 capital ratios (expressed in basis points), we compute the following 
metric at the bank level b: 

T1CRimpact = � T1C𝑏𝑏
RWAb

𝑎𝑎𝑎𝑎𝑎𝑎 −
T1C𝑏𝑏
RWA𝑏𝑏

� ⋅ 104, (7) 

 
where T1C𝑏𝑏 and RWA𝑏𝑏 are the Tier 1 capital and RWAs at the bank level, respectively. RWAb

𝑎𝑎𝑎𝑎𝑎𝑎 is 
an adjusted RWA figure that we augment by the miscalibrated RWAs at the rating grade level—
which is equivalent to the sum of the numerator of (4). Formally, RWA𝑏𝑏

𝑎𝑎𝑎𝑎𝑎𝑎 is defined as: 

RWA𝑏𝑏
𝑎𝑎𝑎𝑎𝑎𝑎 = RWA𝑏𝑏 − ∑ �RWAg

+ − RWAg�𝑔𝑔∈𝐺𝐺𝑏𝑏
𝑀𝑀𝑀𝑀𝑀𝑀 ,  (8) 

 
where 𝐺𝐺𝑏𝑏𝑀𝑀𝑀𝑀𝑀𝑀 denotes the set of miscalibrated rating grades for bank b. 

 
12 Because information on borrower size is not reported, we use the formulation set out in Article 153(1) of 
Regulation (EU) No 575/2013, rather than the alternative specified in Article 154(4). As a consequence, our 
RWA calculations do not necessarily exactly replicate the figures reported by banks. We therefore computed 
the RWA along with both the reported PD and the adjusted 𝑝𝑝+, and use the difference between the two to 
assess the impact in terms of capital ratios. 
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2.2 Data 

Our study is based on proprietary regulatory data collected by the EBA from 2017 to 2024 for cor-
porate SME exposures.13 The main datasets utilised in this analysis are (I) template C 08.05 COREP 
and (II) data collected as part of the supervisory benchmarking exercise. 
 
Regarding (I), this data is collected explicitly for the backtesting of PDs of IRB systems of EU banks 
and contains information on the number of obligors, the PDs, the number of defaults, and the an-
nual and long-run DRs per asset class and rating grade of the bank. The exposures are assigned to 
a common master scale with fixed PD ranges based on the PDs estimated for each obligor at the 
beginning of the reporting period. A few additional clarifications are warranted. The data are de-
fined with respect to a standardized master scale to which banks are required to map their internal 
rating scales, which may differ in the number of rating grades. Even when reported at the asset-
class level, the data may therefore reflect the output of multiple underlying models. In practice, a 
given asset class can be covered by several models (for example, differentiated by counterparty 
country), and banks typically conduct backtesting at the model level rather than at the asset-class 
level. We do not have access to model-level data, which represents a limitation of our analysis. Our 
objective, however, is not to identify individual miscalibrated models, this is the responsibility of 
banks’ internal validation functions, but rather to provide aggregate evidence on the performance 
of IRB models in the EU. For this purpose, we believe the available data are representative. How-
ever, this template for COREP reporting is relatively new and information is only available from 
2021. To expand our sample, we rely on (II) to obtain data related to the supervisory benchmarking 
exercise for the period from 2017 to 2020. The information we obtain from this dataset is the same 
as in the new COREP template and is used for the annual assessment of internal models in accord-
ance with Article 78 of the 2013/36/EU Capital Requirements Directive (CRD). The only difference 
in content is that, for example, the number of obligors in (I) refers to the number of obligors at the 
beginning of the period (e.g., 1 January 2024), while in (II) it refers to the number obligors at the 
end of the period (e.g., 31 December 2024). We therefore assume that the number of obligors at 
the beginning of the year (t) is the same as the number of obligors at the end of the previous year 
(t-1). 
 
To provide additional perspective, we supplement our dataset with information from COREP tem-
plates C 01.00 (Tier 1 capital) and C 02.00 (RWAs) at bank level. In addition, we obtain information 
at the rating-grade level on RWAs, EAD, LGD, and weighted-average maturities from C 08.02 in the 
same granularity as the data from C 08.05. In our analysis, we consider a constant sample of banks 
that report data for all COREP years from 2021 to 2024 and have continuous annual reporting for 
all years in which they appear in the dataset in order to exclude mechanical effects in the results. 
In addition, we restrict the sample to all observations where the obligors and EAD are greater than 
1 and the PD is between 0 and 1;14 we obtain 2,250 rating grade observations from 45 banks. 
 
In Table 3, we present the descriptive statistics of our data. The average bank has RWAs of EUR 
184bn and a Tier 1 capital ratio of 16.5%. The average rating grade comprises 3,670 obligors, rang-
ing from 34 obligors (P5) to more than 14,700 obligors (P95). The simple average PD is 8.0% and 

 
13 For brevity, we restrict the empirical exercise to this asset class as an important use case in Europe, but our 
proposed approach can equally be applied and extended to any other asset class. 
14 This filter is intended to eliminate errors in the reporting. In some cases, banks report rating grades with 
an assigned PD but zero or missing numbers of borrowers or exposures. In others, the reported PD exceeds 
the admissible range [0,1]. It should be noted, however, that such reporting issues are more prevalent in the 
earlier reporting periods and have become increasingly rare over time. 
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the simple average DR is 4.8%. In terms of RWAs, the average rating grade is in the order of less 
than 0.7% of total average RWAs. Note that, while the backtesting analysis is conducted solely with 
reference to the SME corporates asset class, the computation of capital ratios uses each bank’s 
total RWA, including contributions from other asset classes as well as other sources of RWA (e.g., 
market risk, operational risk, and others). 
 

Table 3: Summary Statistics of Bank Level and Rating Grade Level Variables 

 Mean SD P5 P25 P50 P75 P95 RG 
A. Bank Level 
RWA 183,613 185,430 3,413 52,556 99,071 314,149 605,244 267 
Tier 1 Ratio 16.5 2.4 13.2 14.8 16.0 18.0 21.1 267 
B. Rating Grade Level 
PD 8.0 10.9 0.1 0.5 3.4 12.0 33.4 2,250 
DR 4.8 8.5 0.0 0.2 1.5 5.7 20.5 2,250 
Defaults 63 121 0 2 16 71 274 2,250 
Obligors 3,670 6,990 34 260 1,140 4,314 14,738 2,250 
EAD 2,582 4,733 16 155 734 2,927 11,402 2,250 
RWA 1,204 1,885 18 116 489 1,431 5,149 2,250 
Maturity 2.6 0.7 1.7 2.5 2.5 2.8 3.6 2,250 

Note. This table presents summary statistics. We provide all variable definitions in the Appendix Part A. RWA and EAD 
are expressed in EUR millions; Tier 1 Ratio, PD, and DR are expressed in percentages; Defaults and Obligors are expressed 
in frequencies; Maturity is expressed in years; and RG indicates the number of observed rating grades. 

2.3 Empirical Results 

In this section, we provide insights into the miscalibrations of EU banks’ internal PD models, the 
miscalibrations over time, and the economic effects of miscalibrations. 

Baseline Aggregate Results 

Table 4 shows the distributions of weighted, miscalibrated exposures of EU banks. In our prudent 
baseline specification using the binomial test, we find that on aggregate 13.4% (301/2,250) of the 
rating grades are miscalibrated, which translates into 16.7% of the exposures in our sample being 
miscalibrated. The distribution of miscalibrations shows a strongly right-skewed distribution with a 
fat tail, with an average and median miscalibrated exposure in the order of EUR 3,214mn and EUR 
1,394mn, respectively. 
 
To provide additional perspective, we decompose the total miscalibrations into investment grade 
(IG) and non-investment grade (Non-IG) subsets. We define IG and non-IG rating grades based on 
the estimated PD, using a threshold of 1%. 15 It can be observed that although the IG subset 

 
15 For reference, the Moody’s master scale ranges from Aaa to C and comprises 21 notches grouped into two 
broad categories: investment grade (from Aaa to Baa) and non-investment grade, or speculative grade (from 
Ba1 to C). In terms of PD, the IG boundary in the Moody’s master scale corresponds to a PD below 1%. How-
ever, it is important to note that Moody’s ratings typically apply to large corporations, while our analysis 
focuses on SMEs, which are generally associated with higher default rates. We verify that adopting a 1% PD 
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accounts for less than half of the miscalibrated rating grades, it covers almost 60% of the miscali-
brated exposures. The main reason for this observation is that the composition of the IG and non-
IG rating grades differs considerably; the average number of obligors and exposures in the IG rating 
grades is around two times higher than in the non-IG rating grades, respectively. From a regulatory 
perspective, the fact that more non-IG rating grades are miscalibrated may be considered of greater 
concern, as obligors in these rating classes by definition not only have higher PDs on average, but 
the actual observed DRs are also significantly higher. 
 

Table 4: Miscalibrations of EU Banks Weighted by the Exposure at Default 

Sample MCB % Mean SD P5 P25 P50 P75 P95 RG 
Total 967,444 16.7 3,214 4,716 31 372 1,394 3,895 12,071 301 
IG 573,966 20.3 4,381 4,751 125 1,020 2,859 6,181 13,280 131 
Non-IG 393,478 13.2 2,315 4,499 19 174 594 2,139 11,584 170 

Note. This table presents the number of miscalibrated rating grades and miscalibrated exposures based on the binomial 
test. RG indicates the number of miscalibrated rating grades, % indicates the miscalibrated exposures in percentages, and 
the remaining values are in terms of the miscalibrated exposures in EUR millions. 
 
In Table 5, we show the number of miscalibrated exposures over time. In the last four years of the 
sample—aligned with the data available through COREP—the number of miscalibrated exposures 
is substantially lower than in the pre-COREP sample. The trend likely reflects improved data quality 
resulting from well-established supervisory reporting channels, which include numerous validation 
rules to ensure high-quality data. A plausible explanation for the slightly higher values in 2023 and 
2024 is the phase-out of COVID-19-related moratoria and public guarantees. 
 

Table 5: Miscalibrations of EU Banks Weighted by the Exposure at Default Over Time 

Total 2017 2018 2019 2020 2021 2022 2023 2024 
16.7 23.2 26.0 20.9 17.3 10.0 10.2 17.2 12.1 

Note. This table presents the percentage of miscalibrated exposures based on the binomial test over time. 
 
However, the 2023 value is well-above what can reasonably be attributed solely to the withdrawal 
of COVID-19-related measures. We argue that this is due to the sensitivity of the test, where even 
a single additional default can result in an entire rating grade being flagged as miscalibrated.16 Con-
sider the following simple example of a rating grade in our sample: 
 

EAD N PD Defaults DR 
~ 29,000 9,493 1.54% 166 1.75% 

 
A miscalibration in this rating grade implies miscalibrated exposures totalling around EUR 29bn. 
Yet, a slightly higher PD of 3.6 basis points or a slightly lower DR of 4.2 basis points would have been 
sufficient to achieve a positive result. Under these adjusted parameters, the share of miscalibrated 
exposures for 2023 would fall by 3.7 percentage points to 13.5%. This underlines why the analysis 
of miscalibrated exposures alone is not sufficient. In particular, it highlights the limitations of a 

 

threshold yields a balanced partition of the sample, with each category accounting for approximately 50% of 
total exposures. 
16 As outlined before, from a supervisory perspective, over-rejection of well-calibrated models (i.e., being 
overly conservative) is generally less critical than under-rejection. 
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binary decision framework, such as that underlying the binomial test and related procedures, which 
fails to account for the magnitude by which the test criterion is violated. In the next section, we 
therefore extend the analysis to assess the economic impact of miscalibrations, in particular their 
impact on Tier 1 capital ratios. 

Economic Effects of Miscalibrations 

As the banks’ internal risk models are ultimately used, for example, to derive regulatory capital 
requirements, we examine in Table 6 how the identified miscalibrations affect Tier 1 capital ratios. 
For completeness, we also report the levels and shares of miscalibrated exposures. Based on the 
hypothetical RWAs from (4), a prudent calibration of the risk models would result in a reduction (∆) 
of the Tier 1 capital ratio by 10.3 basis points at the system level across all banks.17 This figure is 
close to the computation of a Tier 1 impact weighted by Tier 1 capital, which would be 10.5 basis 
points. In contrast, the simple average Tier 1 impact is slightly higher at 21.0 basis points, with a 
maximum impact exceeding 300 basis points at the bank-year level. While our preferred measure 
in this section is the Tier 1 capital ratio impact calculated at the system level across all banks, the 
following section also presents the impact at the individual bank level. 
 

Table 6: Real Effects of Miscalibrations 

Subset MCB % Tier 1 Tier 1 ∆ 
A. Overall Sample 
Total 967,444 16.7 15.7 -10.3 
B. Across Rating Categories 
IG 573,966 20.3 15.6 -13.8 
Non-IG 393,478 13.2 15.8 -3.0 
C. Over Time 
2017 130,085 23.2 14.8 -6.2 
2018 165,164 26.0 15.2 -9.2 
2019 156,476 20.9 15.7 -7.0 
2020 130,552 17.3 16.5 -8.4 
2021 77,119 10.0 15.4 -17.9 
2022 80,157 10.2 15.5 -17.8 
2023 134,970 17.2 16.3 -18.2 
2024 92,921 12.1 16.3 -4.6 

Note. This table presents the real effects of miscalibrations based on the binomial test. MCB and % indicates the miscali-
brated exposures in EUR millions and percentages, respectively. Tier 1 is expressed in percentages and the corresponding 
economic impact Tier 1 ∆ is expressed in basis points. 
 
Looking at the impact on the individual rating categories (Panel B), the effect is more pronounced 
in the IG category, with a corresponding decline in the Tier 1 capital ratio of 13.8 basis points. Look-
ing at the time dimension (Panel C), we observe the smallest impact in 2024 at -4.6 basis points. 

 
17 The difference in the Tier 1 capital ratio between Table 6 and the summary statistics in Table 3 arises from 
the aggregation method: Table 3 presents simple averages across banks, whereas Table 6 reports a system 
level measure calculated as the ratio of the sum of Tier 1 capital to the sum of RWAs across all observations, 
i.e., ∑T1Cb,t/∑RWAb,t. 
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The slightly higher impact between 2021 and 2023 is primarily due to a small number of bank rating 
grades that have been severely miscalibrated. If these outliers are excluded, there is a generally 
stable to slightly declining trend over time, which is accompanied by both a reduction in miscali-
brated exposures and an increase in Tier 1 capital ratios. Overall, this pattern is plausibly explained 
by a higher margin of conservatism applied to the estimated PDs. 
 
Taken together, miscalibrated risk models are not only an important aspect from a theoretical per-
spective but also have a significant real effect on the Tier 1 capital ratios. This emphasises in partic-
ular the importance of the annual assessment of internal models in accordance with Article 78 of 
the CRD, which contributes to ensuring the robustness of the EU banking sector and promoting 
financial stability. 

Bank-by-Bank Results 

In the previous sections, we focused primarily on aggregate developments across banks. However, 
risk modelling and banking supervision occur at the individual bank level. Hence, Table 7 shows the 
percentage of miscalibrated exposures over time for each bank in our sample and the Tier 1 capital 
ratio impact. Since we use the binomial test, the results can again be interpreted as an upper bound 
for miscalibrated exposures. 
 
In our sample, 20% of banks have no miscalibrations and around 31% have miscalibrations of less 
than 10% at the aggregate level. Only three banks have miscalibrations of more than 50%, and of 
these, two have no miscalibrations in the last year of our sample (2024). Most banks with up to four 
miscalibrated years, around 71% of banks, tend to show miscalibrations in earlier years, with only 
five banks having a miscalibration in 2024 and only one bank having miscalibrations in 2023 and 
2024. In contrast, of the banks with at least five miscalibrated years, almost 85% also have a mis-
calibration in the last year of the sample. 
 
The simple average (median) impact on the Tier 1 capital ratio is -17.4 (-7.2) basis points, with val-
ues ranging from 0 to -137.7 basis points. This figure is derived by first computing the Tier 1 impact 
at the bank level and then taking the simple average (median) across banks. In contrast, the figure 
presented in the previous section was based on a simple average across all bank-year observations. 
For almost two-thirds of the banks, the impact is less than 10 basis points and only in three cases 
more than 50 basis points. This measure provides additional insights that highlight the importance 
of not relying solely on the share of miscalibrated exposures. Miscalibrated exposures do not trans-
late one-to-one into economic effects in terms of Tier 1 capital, which emphasises the need to con-
sider both dimensions in the analysis. 
 
This section presented real-world evidence from a systematic backtesting exercise conducted with 
a sample of EU banks using the binomial test. Since the binomial test assumes independent defaults 
(Blümke 2022b), it is well-documented in the literature that the test is overly conservative and too 
often rejects the null hypothesis of prudently calibrated models, thereby inflating the type I error 
rate. It is therefore essential to assess, at least approximately, the extent to which the assumption 
of independent DRs affects backtesting results (Blochwitz et al. 2006). While discussions in banking 
regulation and credit risk backtesting often emphasise asset correlation, in practice DRs also exhibit 
significant persistence and thus serial correlation (Blümke 2022a). 
 
In what follows, we introduce a generalised version of a corrected binomial test that simultaneously 
corrects for asset and serial correlation. Previous literature has addressed the breakdown of the 
independence assumption through a correlated binomial test that extends the standard binomial 
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distribution to account for asset correlation (Balthazar 2004; Tasche 2005). For brevity, we do not 
discuss this intermediate correction, as the generalisation we propose includes the asset correla-
tion correction as a special case within a broader correction that also accounts for serial correlation. 
 

Table 7: Miscalibrations at EU Bank Level Weighted by the Exposure at Default and Impact on Tier 
1 Capital Ratios 

Bank 2017 2018 2019 2020 2021 2022 2023 2024 MCB Tier 1 ∆ 
1 0.7 54.9 73.2 74.9 66.6 82.7 81.4 85.2 61.9 -29.8 
2 0.0 39.6 79.5 65.6 98.2 99.0 90.3 0.0 59.5 -15.3 
3 21.8 16.6 2.6 12.2 100.0 100.0 100.0 0.0 50.3 -137.7 
4 6.5 9.3 20.7 89.6 5.7 96.5 81.9 90.2 45.3 -17.8 
5 17.6 24.4 65.5 47.3 38.2 32.9 37.2 41.1 37.9 -7.2 
6 0.0 90.8 54.1 92.4 0.0 0.0 3.7 2.0 36.4 -11.7 
7 100.0 73.7 55.0 0.0 0.0 0.0 58.7 6.4 35.8 -22.9 
8 100.0 43.9 0.0 0.0 38.1 0.0 0.0 52.4 29.5 -86.3 
9 42.1 91.1 98.7 19.6 0.0 0.0 0.0 0.0 28.3 -31.2 

10 16.9 30.3 0.0 58.6 53.0 0.0 18.8 25.5 24.8 -5.7 
11 1.9 0.0 0.0 0.0 100.0 64.5 61.5 33.1 23.2 -35.6 
12 0.0 0.0 15.8 100.0 15.7 58.3 0.0 0.0 22.1 -25.3 
13 74.0 63.9 42.3 0.0 0.0 1.9 0.0 3.0 21.5 -33.2 
14 - - 0.3 0.0 0.0 0.0 52.5 59.7 20.8 -25.0 
15 3.3 0.0 77.0 0.0 0.0 0.0 77.2 0.0 18.8 -58.8 
16 1.0 51.0 16.6 90.2 0.0 0.0 0.0 5.8 18.4 -5.3 
17 0.0 57.8 0.0 75.6 0.0 0.0 0.0 0.0 16.6 -2.5 
18 38.2 45.3 6.2 0.0 10.6 5.1 7.5 7.8 14.9 -2.5 
19 0.0 25.3 22.6 50.3 0.0 14.4 0.0 0.0 14.1 -10.6 
20 0.0 0.0 37.6 1.8 0.0 27.4 65.0 0.0 13.9 -0.2 
21 27.7 0.0 62.8 51.8 0.0 0.0 0.0 0.0 11.7 -1.2 
22 - - 0.0 100.0 0.0 0.0 0.0 0.0 10.6 -19.1 
23 0.0 17.0 0.0 46.0 0.0 0.0 2.8 2.7 8.8 -10.8 
24 0.0 30.0 0.0 25.8 0.0 0.0 0.0 0.0 7.0 -5.6 
25 14.0 0.0 0.0 6.5 0.0 31.7 0.0 0.0 6.9 -0.7 
26 0.0 0.0 9.9 21.8 23.7 0.0 0.0 0.0 6.9 -2.3 
27 0.0 0.0 2.5 0.0 16.7 0.0 0.0 35.3 6.8 -2.1 
28 2.9 0.0 0.0 0.0 0.0 0.0 0.0 40.9 4.9 -7.5 
29 27.8 0.0 4.5 0.0 0.0 0.0 0.0 0.0 4.6 -0.3 
30 0.0 0.0 0.0 0.0 0.0 0.0 3.2 60.8 4.4 -0.9 
31 25.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 4.0 -19.4 
32 20.8 3.7 0.0 6.4 0.0 0.0 0.0 0.0 3.0 -3.2 
33 - 0.0 3.2 0.0 0.0 0.0 0.0 0.0 0.5 -1.7 
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34 0.0 0.0 2.2 0.0 0.0 0.0 0.0 0.0 0.3 -1.8 
35 - 0.3 0.9 0.4 0.0 0.0 0.0 0.0 0.2 -0.5 
36 0.0 0.0 0.0 0.5 0.0 0.0 0.0 0.0 0.1 0.0 
37 0.0 0.0 0.0 0.0 0.5 0.0 0.0 0.0 0.0 -0.2 
38 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
39 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
40 - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
41 - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
42 - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
43 - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
44 - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
45 - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Note. This table presents the percentage of miscalibrated exposures based on the binomial test and is sorted according 
to the miscalibrated exposures on the total level (MCB). White indicates no miscalibrated exposures, and the darker 
the grey, the higher the percentage of miscalibrated exposures. Tier 1 ∆ shows the impact on the Tier 1 capital ratios 
in basis points across all years. 

3. Generalised Binomial Test Correction 
for Asset and Serial Correlation 

In this section, we introduce a generalised version of a corrected binomial test that simultaneously 
corrects for asset and serial correlation. We also explore its distributional properties, present a 
simulation study to evaluate its performance, and use the order statistic for multiyear backtesting. 
Finally, we apply the corrected test to replicate the real-world systematic backtesting exercise 
shown in the previous section, thereby demonstrating its practical implications and potential im-
provements over the unadjusted approach. 

3.1 Model Specification 

Blümke (2012) proposes an alternative to the binomial test based on a maximum likelihood ap-
proach. This test is of interest because it explicitly accounts for default correlation. In what follows, 
however, we take a different approach and propose a correction to the binomial test itself.18 Our 
objective is to show that, once the assumption of no correlation, both cross-sectional and serial, is 
relaxed, the distribution of default rates becomes right-skewed, with a heavier right tail. This shift 
increases the threshold required to reject the null hypothesis of correct calibration. In doing so, we 

 
18 The methodological structure employed in this paper is closely related to the framework used by Benjamin 
(2006) for low-default portfolios. In both cases, the starting point is a one-factor Vasicek credit risk model, in 
which default rates are driven by asset correlation and a serially correlated systemic factor. The key difference 
lies in the conceptual orientation. In Benjamin (2006), the objective is to derive a conservative PD estimate 
that is consistent with observed default outcomes under given correlation assumptions. In contrast, in the 
present paper the PD is taken as given, and the analysis instead focuses on deriving critical default-rate 
thresholds for backtesting purposes. 
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aim to clarify why the binomial test can be viewed as a particularly conservative, or prudential, 
testing approach. 
 
Let us assume that an obligor 𝑖𝑖 𝜖𝜖(1, … ,𝑛𝑛) defaults at time t if her creditworthiness 𝑧𝑧𝑖𝑖,𝑡𝑡 falls below 
a certain threshold c. Defaults are recorded by an indicator variable 𝒟𝒟𝑖𝑖,𝑡𝑡 as follows: 

𝒟𝒟𝑖𝑖,𝑡𝑡 = �
0, if 𝑧𝑧𝑖𝑖,𝑡𝑡 ≥ 𝑐𝑐,
1, if 𝑧𝑧𝑖𝑖,𝑡𝑡 < 𝑐𝑐. (9) 

 
Creditworthiness 𝑧𝑧𝑖𝑖,𝑡𝑡 is a random variable that is unique for each obligor i at each time t: 

𝑧𝑧𝑖𝑖,𝑡𝑡 = �𝜌𝜌𝑦𝑦𝑡𝑡 + �1 − 𝜌𝜌𝑢𝑢𝑖𝑖,𝑡𝑡 , 
𝑦𝑦𝑡𝑡 = 𝜓𝜓𝑦𝑦𝑡𝑡−1 + 𝑒𝑒𝑡𝑡 , 

(10) 

 
where 𝑢𝑢𝑖𝑖,𝑡𝑡~𝒩𝒩(0,1) and 𝑒𝑒𝑡𝑡~𝒩𝒩(0,1). 𝑦𝑦𝑡𝑡 represents a systemic factor that is common to all obligors 
n (e.g., the macroeconomic environment) and 𝑢𝑢𝑖𝑖,𝑡𝑡 represents an idiosyncratic, risk-specific factor 
that is unique for each obligor i. The parameter 𝜌𝜌 is assumed to be fixed for all obligors and captures 
the underlying asset correlation: setting 𝜌𝜌 = 0 implies independent defaults, while setting 𝜌𝜌 = 1 −
𝜖𝜖 with 𝜖𝜖 ≥ 0 and 𝜖𝜖 < 1 implies correlated defaults at time t. Our representation of the systemic 
factor in (10) differs slightly from the usual representations in the literature, as the systemic factor 
follows an autoregressive process of order one (AR(1)), where 𝜓𝜓 denotes the persistence parame-
ter. This framework allows us to consider the potential presence of serial dependence in default 
rates. Although the available time series of eight years is too short to support a formal assessment 
of such dynamics, the data nevertheless suggest an average serial correlation of approximately 
40%. 
 
Blümke (2022b, 2025) also introduces serial dependence by modelling the systemic factor as an 
AR(1) process. In contrast to our approach, Blümke (2025) assumes that the variance of the inno-
vation 𝑒𝑒𝑡𝑡  is equal to 1 − 𝜓𝜓2  rather than one, while Blümke (2022b) scales the innovation 𝑒𝑒𝑡𝑡  by 
�1 − 𝜓𝜓2 . Both formulations ensure that the variance of the systemic factor 𝑦𝑦𝑡𝑡 remains equal to 
one. This is an elegant modelling choice that allows the introduction of serial correlation in defaults 
without deviating substantially from the baseline framework. Our objective differs. We aim to illus-
trate how departures from the assumptions of the binomial test can generate more dispersed and 
asymmetric default rate distributions with heavier right tails, which in turn lead to over rejection 
when the binomial test is used. While we do not claim that our specification is more realistic, we 
argue that is better suited to our purpose of inflating the right tail of the default rate distribution 
and thereby highlighting the prudential nature of the binomial test. 
 
Using this specification, we obtain the following distributions of the creditworthiness 𝑧𝑧𝑖𝑖,𝑡𝑡 and the 
systemic factor 𝑦𝑦𝑡𝑡:19 

𝑧𝑧𝑖𝑖,𝑡𝑡~ 𝒩𝒩�0, 1−𝜓𝜓
2(1−𝜌𝜌)

1−𝜓𝜓2 �, (11) 

𝑦𝑦𝑡𝑡~ 𝒩𝒩�0, 1
1−𝜓𝜓2�.  (12) 

 

As is common in the literature, we define the unconditional probability of default as 𝑃𝑃𝑃𝑃 = ℙ(𝒟𝒟𝑖𝑖,𝑡𝑡 =
1), which allows us to determine the threshold c in (9) such that 𝑐𝑐 = Φ−1(𝑃𝑃𝑃𝑃)�𝕍𝕍(𝑧𝑧𝑖𝑖,𝑡𝑡), where 

 

19 It is straightforward to compute the variance of 𝑧𝑧𝑖𝑖,𝑡𝑡 from (10) such that 𝕍𝕍(𝑧𝑧𝑡𝑡) = 𝜌𝜌
1−𝜓𝜓2

+ 1 − 𝜌𝜌 = 1−𝜓𝜓2(1−𝜌𝜌)
1−𝜓𝜓2

. 
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𝕍𝕍(𝑧𝑧𝑖𝑖,𝑡𝑡) is the variance of the creditworthiness.20 Setting 𝑐𝑐 = Φ−1(𝑃𝑃𝑃𝑃)�𝕍𝕍(𝑧𝑧𝑖𝑖,𝑡𝑡), we obtain from (9) 
ℙ�𝒟𝒟𝑖𝑖,𝑡𝑡 = 1� = ℙ�𝑧𝑧𝑖𝑖,𝑡𝑡 < 𝑐𝑐� = ℙ�𝑧𝑧𝑖𝑖,𝑡𝑡 < Φ−1(𝑃𝑃𝑃𝑃)�𝕍𝕍(𝑧𝑧𝑖𝑖,𝑡𝑡)�, and since 𝑧𝑧𝑖𝑖,𝑡𝑡 �𝕍𝕍(𝑧𝑧𝑖𝑖,𝑡𝑡)⁄  is a standard 
normal random variable, we have ℙ�𝒟𝒟𝑖𝑖,𝑡𝑡 = 1� = Φ�Φ−1(𝑃𝑃𝑃𝑃)� = 𝑃𝑃𝑃𝑃. 

 
Now, we define the conditional probability of default as ℙ(𝒟𝒟𝑖𝑖,𝑡𝑡 = 1|𝑦𝑦𝑡𝑡 = 𝑦𝑦). Consequently, if the 
common systemic factor is fixed, the conditional probability for obligor i is:21 

ℙ�𝑧𝑧𝑖𝑖,𝑡𝑡 < 𝑐𝑐�𝑦𝑦𝑡𝑡 = 𝑦𝑦� = ℙ��𝜌𝜌𝑦𝑦 +�1 − 𝜌𝜌𝑢𝑢𝑖𝑖,𝑡𝑡 < 𝑐𝑐� = ℙ�𝑢𝑢𝑖𝑖,𝑡𝑡 < 𝑐𝑐−�𝜌𝜌𝑦𝑦

�1−𝜌𝜌
� = Φ�𝑐𝑐−�𝜌𝜌𝑦𝑦

�1−𝜌𝜌
� =

𝑓𝑓(𝑦𝑦). 
(13) 

 
Equipped with this, we can determine the probability that the number of defaults in the portfolio 
is greater than or equal to a critical value k. To start with, we define 𝒟𝒟𝑛𝑛,𝑡𝑡 = ∑ 𝒟𝒟𝑖𝑖,𝑡𝑡𝑛𝑛

𝑖𝑖=1  as the number 
of defaults observed in a portfolio with n obligors. Intuitively, the random variable 𝒟𝒟𝑖𝑖,𝑡𝑡 for a given 
t and consequently fixed 𝑦𝑦𝑡𝑡 = 𝑦𝑦 is a Bernoullian random variable with parameter 𝑓𝑓(𝑦𝑦). As a result, 
𝒟𝒟𝑛𝑛,𝑡𝑡 is then a binomial random variable with parameters 𝑓𝑓(𝑦𝑦) and n, such that we can write: 

ℙ�𝒟𝒟𝑛𝑛,𝑡𝑡 ≤ 𝑘𝑘�𝑦𝑦𝑡𝑡 = 𝑦𝑦� = ∑ �𝑛𝑛𝑗𝑗�𝑓𝑓(𝑦𝑦)𝑗𝑗�1 − 𝑓𝑓(𝑦𝑦)�𝑛𝑛−𝑗𝑗𝑘𝑘
𝑗𝑗=0 . (14) 

 
The evaluation of (14) for each value of 𝑦𝑦𝑡𝑡, weighted with its probability, enables us to derive the 
cumulative distribution function (CDF) of the random variable 𝒟𝒟𝑛𝑛,𝑡𝑡: 

ℙ�𝒟𝒟𝑛𝑛,𝑡𝑡 ≤ 𝑘𝑘� = ∫ ∑ �𝑛𝑛𝑗𝑗�
𝑘𝑘
𝑗𝑗=0 𝑓𝑓(𝑦𝑦)𝑗𝑗�1 − 𝑓𝑓(𝑦𝑦)�𝑛𝑛−𝑗𝑗𝜙𝜙 � 𝑦𝑦

�1−𝜓𝜓2�
∞
−∞ 𝑑𝑑𝑑𝑑, (15) 

 

where 𝜙𝜙(𝑥𝑥) = 1
√2𝜋𝜋

𝑒𝑒−
𝑥𝑥2

2  denotes the standard normal density function. Therefore, the exact critical 
value k, depending on asset and serial correlation, can be determined by iterative computations. 

Approximation 

Since solving (15) iteratively is computationally expensive, we now provide a simpler approximation 
to obtain the CDF when n is large. In order to achieve this, we must obtain a pre-specified threshold. 
Let us define 𝒟𝒟𝑅𝑅𝑡𝑡 = 𝒟𝒟𝑛𝑛,𝑡𝑡 𝑛𝑛⁄  as the observed DR. Since 𝒟𝒟𝑛𝑛,𝑡𝑡 is a binomial random variable with pa-
rameters 𝑓𝑓(𝑦𝑦) and n for a given 𝑦𝑦𝑡𝑡 = 𝑦𝑦, we have by the law of large numbers lim

𝑛𝑛→∞
𝒟𝒟𝑅𝑅𝑡𝑡 = 𝑓𝑓(𝑦𝑦) =

Φ�𝑐𝑐−�𝜌𝜌𝑦𝑦
�1−𝜌𝜌

�. 

 
Hence: 

ℙ�𝒟𝒟𝑛𝑛,𝑡𝑡 ≤ 𝑘𝑘� = ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑘𝑘 𝑛𝑛⁄ ) → ℙ�Φ�𝑐𝑐−�𝜌𝜌𝑦𝑦
�1−𝜌𝜌

� ≤ 𝑘𝑘 𝑛𝑛⁄ � = ℙ�𝑐𝑐−�𝜌𝜌𝑦𝑦
�1−𝜌𝜌

≤ Φ−1(𝑘𝑘 𝑛𝑛⁄ )�. (16) 

 
Solving this expression for y, we obtain: 

 
20 Omitting the serial correlation results in 𝕍𝕍�𝑧𝑧𝑖𝑖,𝑡𝑡� = 1 and 𝑐𝑐 = 𝑃𝑃𝑃𝑃, which brings us back to the threshold 
defined in classical models such as Vasicek (2002). 
21 Notice that this is also referred to as the Asymptotic Single Risk Factor (ASRF) model, which is included in 
the IRB supervisory formula for deriving capital requirements for credit institutions (BCBS 2004, 2011, 2020). 
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ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑘𝑘/𝑛𝑛) → ℙ�𝑦𝑦 ≤ �1−𝜌𝜌Φ−1(𝑘𝑘 𝑛𝑛⁄ )−𝑐𝑐
�𝜌𝜌

�. (17) 

 
Now, remember from (12) that 𝑦𝑦𝑡𝑡~ 𝒩𝒩�0, 1

1−𝜓𝜓2�, such that we ultimately have: 

ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑘𝑘/𝑛𝑛) → ℙ� 𝑦𝑦
�1 (1−𝜓𝜓2)⁄

≤ �1−𝜌𝜌Φ−1(𝑘𝑘 𝑛𝑛⁄ )−𝑐𝑐
�𝜌𝜌/(1−𝜓𝜓2)

� = Φ��1−𝜌𝜌Φ
−1(𝑘𝑘 𝑛𝑛⁄ )−𝑐𝑐

�𝜌𝜌(1−𝜓𝜓2)
�.  (18) 

 
This enables us to compute an approximate value k by solving this expression numerically for k such 
that (18) equals a certain confidence level (e.g., 95%). Therefore, with a reasonable calibration of 
the required parameters, it is always possible to set the threshold for the test so that the probability 
of rejection of the model (i.e., type I error rate) is equal to a desired level. 

3.2 Distributional Properties 

Following the theoretical model specification, we now examine the distributional properties in Fig-
ure 3 to explore how the threshold is affected when the assumption of independent and serially 
uncorrelated defaults does not hold. We also analyse how different levels of asset and serial corre-
lation affect both the probability distribution function (PDF; i.e., ℙ(𝒟𝒟𝑛𝑛(𝑡𝑡) = 𝑘𝑘)) and the cumulative 
distribution function (CDF; i.e., ℙ(𝒟𝒟𝑛𝑛(𝑡𝑡) ≤ 𝑘𝑘)). Panel A shows how the presence of asset correla-
tion affects the maximum number of expected defaults at a given confidence level, assuming a 
serial correlation of 𝜓𝜓 = 0%. Panel B shows how the presence of serial correlation affects the max-
imum number of expected defaults, assuming a constant asset correlation of 𝜌𝜌 = 5%. To illustrate 
and without loss of generality, we consider 𝑛𝑛 = 200 obligors and 𝑃𝑃𝑃𝑃 = 5%. Generally, the pres-
ence of asset and serial correlation clearly widens the dispersion of the distributions (left panels); 
with the effect being somewhat more modest for serial correlation up to a certain level. Given the 
importance of the threshold in the backtesting exercise, we now examine the effects on the quan-
tiles of the distribution (right panels). 
 
In Panel A, where we analyse the impact of asset correlation, the 95%-quantile is 15 when 𝜌𝜌 = 0%. 
This implies that at a 95% confidence level, the DR is not expected to exceed 7.5% (15/200), or put 
differently, the DR will only exceed 7.5% in one out of 20 cases. This threshold would be used in the 
backtesting exercise under the assumption that the defaults are independent and serially uncorre-
lated. In practice, with an estimated PD of 5%, we would accept the hypothesis that the model is 
prudently calibrated if the observed DR is below 7.5%. However, as noted above, this assumption 
is overly restrictive and is generally not met in credit risk practice. Assuming an asset correlation of 
𝜌𝜌 = 5%, the 95%-quantile increases to 20, which corresponds to a DR of 10% (20/200). This corre-
sponds to an increase of 2.5 percentage points compared to the scenario without asset correlation. 
 
In Panel B, where we analyse the impact of serial correlation, the 95%-quantile is 20 when 𝜓𝜓 = 0%. 
As already noted for the PDF, the effect of persistence appears to be modest up to certain levels. 
The 95%-quantile increases only slightly from 20 to 22 when persistence increases from 0% to 60%. 
However, as persistence approaches 80%, the quantile rises significantly from 20 to 27. This implies 
that assuming a constant asset correlation of 𝜌𝜌 = 5% and a serial correlation of 𝜓𝜓 = 80%, the 
threshold for the DR rises to 13.5% (27/200), which is 3.5 percentage points higher than in the case 
without serial correlation and 6.0 percentage points higher than in the case without both asset and 
serial correlation. It is therefore clear that if we assume 𝜌𝜌 = 0% and 𝜓𝜓 = 0%, but in reality 𝜌𝜌 >
0% or 𝜓𝜓 > 0%, the 7.5% threshold used at a confidence level of 95% is too low, which leads to the 
rejection of the hypothesis that the model is prudently calibrated too often. 
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Figure 3: Probability Distribution Function (PDF) and Cumulative Distribution Function (CDF) with 
Asset and Serial Correlation 

ℙ(𝒟𝒟𝑛𝑛(𝑡𝑡) = 𝑘𝑘) ℙ(𝒟𝒟𝑛𝑛(𝑡𝑡) ≤ 𝑘𝑘) 

Panel A. Asset Correlation (𝝆𝝆) 

  
Panel B. Serial Correlation (𝝍𝝍) 

  

Note. This figure shows the probability distribution function (PDF) in the left panel and the cumulative distribution 
function (CDF) in the right panel. For illustrative purposes and without loss of generality, we consider 𝑛𝑛 = 200 obligors 
and 𝑃𝑃𝑃𝑃 = 5%. In Panel A, only the distributional impacts of asset correlation are considered and therefore a serial 
correlation of 𝜓𝜓 = 0% is assumed. In Panel B, the distributional impacts of serial correlation are considered using a 
constant asset correlation of 𝜌𝜌 = 5%. In the right panels, we show in the body of the charts the numerical quantities 
𝑘𝑘∗ = number of defaults such that ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑘𝑘∗ 𝑛𝑛⁄ ) = 95%. 

 
To provide additional perspective, we now examine in more detail in Table 8 how the threshold 𝑘𝑘∗ 
(i.e., the number of defaults such that ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑘𝑘∗ 𝑛𝑛⁄ ) = 95%) changes with the introduction of 
asset and serial correlation at the 95% confidence level. In line with our previous examples, we 
consider 𝑛𝑛 = 200 obligors and 𝑃𝑃𝑃𝑃 = 5%. Note that (15) represents the binomial distribution when 
both 𝜌𝜌 = 0% and 𝜓𝜓 = 0%, and that it corresponds to the Vasicek distribution when only 𝜓𝜓 = 0%. 
By varying the parameters 𝜌𝜌 and 𝜓𝜓, we can clearly observe how the threshold changes. For exam-
ple, if 𝜌𝜌 = 0% and 𝜓𝜓 = 0%, the highest observed DR at a 95% confidence level is expected to be 
7.5%. However, when the ‘true’ 𝜌𝜌 >  0%, the expected highest observed DR ranges from 9% (𝜌𝜌 =
3%) to 12% (𝜌𝜌 = 10%) assuming no serial correlation, and from 9.5% (𝜌𝜌 = 3% and 𝜓𝜓 = 40%) to 
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17% (𝜌𝜌 = 10% and 𝜓𝜓 = 80%) assuming both asset and serial correlation. Consequently, depend-
ing on the values of asset and serial correlation, the expected highest observed DR can be more 
than twice as high as that under the assumption of independent and serially uncorrelated defaults. 
 

Table 8: 95%-quantiles of the Distribution of the DRs 

  𝝍𝝍 
  0.0 40.0 60.0 80.0 

𝝆𝝆 

0.0 7.5 - - - 
3.0 9.0 9.5 10.0 11.5 
5.0 10.0 10.5 11.0 13.5 
7.0 11.0 11.5 12.5 15.0 

10.0 12.0 13.0 14.0 17.0 
Note. This table shows the numerical quantities 𝑘𝑘∗ = number of defaults divided by n such that ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑘𝑘∗ 𝑛𝑛⁄ ) = 95% 
(i.e., the threshold). For example, consider from Figure 3 the value of 15 (Panel A, right-hand side) divided by 200, which 
equals 7.5%. For illustrative purposes and without loss of generality, we consider 𝑛𝑛 = 200 obligors and 𝑃𝑃𝑃𝑃 = 5%. White 
indicates the expected highest observed DR under the assumption of independent and serially uncorrelated defaults, and 
the darker the grey, the higher the expected highest observed DR, suggesting that the assumption of independent and 
serially uncorrelated defaults does not hold. 

3.3 Simulation Study 

In what follows, we will provide evidence for the functioning of our proposed generalised binomial 
test correction that corrects for asset and serial correlation using Monte Carlo simulations. We as-
sume that all parameters are known, which is consistent with simulation studies in the literature. 
The simulation procedure is repeated for a wide range of parameter combinations with 106 repli-
cations per run; we iteratively set the parameters to: portfolio size 𝑛𝑛 ∈
{500; 1,000; 5,000; 10,000} , asset correlation 𝜌𝜌 ∈ {0%; 5%} , serial correlation 𝜓𝜓 ∈
{0%; 40%; 60%; 80%}, and probability of default 𝑃𝑃𝑃𝑃 ∈ {0.5%; 5.0%}. In Table 9, we report the 
results of our simulation study for the binomial test (BT), the binomial test correction proposed in 
the literature that is correcting only for asset correlation (BT-C 𝜌𝜌), and our proposed binomial test 
correction that corrects for both asset and serial correlation (BT-C 𝜌𝜌 & 𝜓𝜓). 
 
The left panel shows the results at a 𝑃𝑃𝑃𝑃 = 0.5%, which can be considered as a PD in the order of 
an investment grade rating class, and the right panel shows the results at a 𝑃𝑃𝑃𝑃 = 5.0%, which can 
be considered as a PD in the order of a non-investment grade rating class. In all specifications, we 
use a confidence level of 95%, which implies that it is acceptable to reject H0 with a probability of 
5% if the risk model is actually prudently calibrated. Thus, if the test works as expected, we expect 
a probability of rejection of the model of 5%. 
 
Starting with the classical binomial test (BT), we find that the test under the independence assump-
tion (𝜌𝜌 = 0% and 𝜓𝜓 = 0%) rejects the model at around 5% based on the 95% confidence level, in 
line with expectations. As soon as the independence assumption no longer holds (i.e., 𝜌𝜌 > 0%), it 
can be observed that the probability of rejection for the binomial test increases substantially and 
ranges between 10.3% (𝑛𝑛 = 500) and 27.5% (𝑛𝑛 = 10,000) for a 𝑃𝑃𝑃𝑃 = 0.5% and increases even 
further for a 𝑃𝑃𝑃𝑃 = 5.0% and ranges between 21.9% (𝑛𝑛 = 500) and 36.8% (𝑛𝑛 = 10,000). The in-
crease in the probability of rejection between the different levels of PD is not surprising, as the 
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threshold depends on the respective parameter (i.e., PD).22 The introduction of serial correlation 
(i.e., 𝜓𝜓 > 0%) has a relatively modest effect and does not substantially increase the probability of 
rejection. 
 

Table 9: Probability of Rejecting the Model with Known Parameters 

   PD = 0.5%  PD = 5.0% 

n 𝝆𝝆 𝝍𝝍 
BT 

 
BT-C 
𝝆𝝆 

BT-C  
𝝆𝝆 & 𝝍𝝍  BT 

 
BT-C 
𝝆𝝆 

BT-C 
𝝆𝝆 & 𝝍𝝍 

500 0.0 0.0 4.2 - -  4.1 - - 
500 5.0 0.0 10.3 4.1 -  21.9 4.8 - 
500 5.0 40.0 10.9 4.6 4.6  22.7 5.9 4.9 
500 5.0 60.0 11.6 5.6 5.6  23.7 7.6 4.8 
500 5.0 80.0 12.9 7.6 4.6  25.0 11.2 4.7 

1,000 0.0 0.0 6.8 - -  4.7 - - 
1,000 5.0 0.0 16.4 5.6 -  27.0 5.1 - 
1,000 5.0 40.0 16.9 6.4 5.0  27.6 6.2 5.0 
1,000 5.0 60.0 17.5 7.6 5.1  28.2 8.0 4.9 
1,000 5.0 80.0 17.9 9.7 5.0  28.6 11.7 4.9 
5,000 0.0 0.0 4.4 - -  4.9 - - 
5,000 5.0 0.0 23.7 4.9 -  34.7 5.0 - 
5,000 5.0 40.0 23.9 5.8 5.0  34.8 6.2 5.0 
5,000 5.0 60.0 24.0 7.1 4.9  34.7 8.0 5.0 
5,000 5.0 80.0 23.2 9.7 4.9  33.5 11.9 4.9 

10,000 0.0 0.0 5.1 - -  4.7 - - 
10,000 5.0 0.0 27.5 5.0 -  36.8 5.0 - 
10,000 5.0 40.0 27.5 6.0 5.0  36.7 6.2 5.0 
10,000 5.0 60.0 27.1 7.4 5.0  36.2 8.1 5.0 
10,000 5.0 80.0 25.4 9.9 4.9  34.6 11.9 4.9 

Note. This table shows the probability of rejecting the model for the binomial test (BT), the binomial test corrected for 
asset correlation (BT-C 𝜌𝜌), and the generalised binomial test simultaneously correcting for asset and serial correlation 
(BT-C 𝜌𝜌 & 𝜓𝜓). Light grey indicates that the probability of rejection is close to the expected value of 5% at a confidence 
level of 95%, and the darker the grey, the further away the probability of rejection is from the expected value. 
 
Next, we examine the binomial test corrected for asset correlation proposed in the literature (BT-
C 𝜌𝜌). The main correction that this specification achieves applies to the specification with 𝜌𝜌 > 0% 
and 𝜓𝜓 = 0%. We find that by applying this correction, the probability of rejection is close to the 
desired level of 5%. For example, instead of the probability of rejection of 36.8% (𝑛𝑛 = 10,000 and 
𝑃𝑃𝑃𝑃 = 5.0%) observed for the standard binomial test, a probability of rejection of 5% is now ob-
served. However, unlike the previous observation, the introduction of serial correlation (i.e., 𝜓𝜓 >
0%) is no longer negligible, and the probability of rejection increases substantially up to 11.9% (𝑛𝑛 =
10,000, 𝑃𝑃𝑃𝑃 = 5.0%, and 𝜓𝜓 = 80%). Consequently, the binomial test correction currently applied 
in the literature, which only corrects for asset correlation, does not provide a sufficient correction 
in practice, as DRs also exhibit a high degree of persistence. 
 
Finally, our generalised binomial test correction (BT-C 𝜌𝜌 & 𝜓𝜓), which simultaneously corrects for 
asset and serial correlation, brings the probability of rejection close to the expected value of 5%, 

 
22  More specifically, we know from (18) that if 𝑃𝑃𝐷𝐷1 > 𝑃𝑃𝐷𝐷2 , then 𝑘𝑘(𝑃𝑃𝐷𝐷1) > 𝑘𝑘(𝑃𝑃𝐷𝐷2)  and it follows that 
ℙ�𝒟𝒟n,t ≤ 𝑘𝑘(𝑃𝑃𝐷𝐷1)� ≥ ℙ�𝒟𝒟n,t ≤ 𝑘𝑘(𝑃𝑃𝐷𝐷2)�. 
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regardless of the persistence level specifications. As a result, it becomes clear that the generalised 
correction we propose can be considered as a sufficient correction of the binomial test, allowing 
the threshold to be set so that the probability of rejection of the model corresponds to a desired 
level. 

3.4 Multiyear Backtesting 

Article 185 of the (EU) No 575/2013 CRR requires credit institutions to regularly validate IRB models 
to ensure their appropriateness, robustness, and reliability. Accordingly, model validation should 
not be seen as a one-off exercise, but rather as a continuous and iterative process (BCBS 2005b). 
This aspect raises key supervisory questions for backtesting: When should an internal model be 
considered problematic or imprudently calibrated? Is a single year of miscalibration sufficient cause 
for concern, or should multiple occurrences be observed before such a conclusion is reached? 
 
Blümke (2012) proposes a backtesting procedure for the PD of a given rating grade that considers 
default data observed over multiple years. The approach relies on order statistics derived from 
multiyear default rate observations to assess whether the observed default frequency is consistent 
with the PD assigned to that grade, thereby providing a long-horizon test of calibration at the rating 
grade level. 
 
The proposed test builds on a general result from probability theory. Given T observations of a 
random variable, the r-th order statistics, denoted 𝑋𝑋(𝑟𝑟) (i.e., the r-th largest observation), has a 
known cumulative distribution function (CDF): 

ℙ�𝑋𝑋(𝑟𝑟) < 𝑥𝑥� = ∑ �𝑇𝑇𝑖𝑖 �
𝑇𝑇
𝑖𝑖=𝑘𝑘 [𝐹𝐹𝑋𝑋(𝑥𝑥)]𝑘𝑘[1− 𝐹𝐹𝑋𝑋(𝑥𝑥)]𝑘𝑘−1. (19) 

 
In the context of PD model validation, this result applies by interpreting 𝑋𝑋(𝑟𝑟) as the r-th largest ob-
served default rate. Following Blümke (2012),23 we focus on the second-highest observed default 
rate, so that 𝑋𝑋(𝑟𝑟)=𝒟𝒟𝒟𝒟𝑡𝑡

(2). The underlying CDF 𝐹𝐹𝑋𝑋(𝑥𝑥) is given by ℙ(𝒟𝒟𝑅𝑅𝑡𝑡 ≤ 𝑥𝑥), which allows the Mer-
ton-Vasicek model to be incorporated into the derivation of the test. In particular, Blümke (2012) 
makes use of (17) to account explicitly for asset correlation, yielding: 

ℙ �𝒟𝒟𝑅𝑅𝑡𝑡
(2) < 𝑥𝑥� = ∑ �𝑇𝑇𝑖𝑖 � �ℙ�

�1−𝜌𝜌Φ−1(𝑥𝑥)−𝑐𝑐
�𝜌𝜌

��
𝑘𝑘
�1 − ℙ�𝑦𝑦 ≤ �1−𝜌𝜌Φ−1(𝑥𝑥)−𝑐𝑐

�𝜌𝜌
��
𝑘𝑘−1

𝑇𝑇
𝑖𝑖=𝑘𝑘 . (20) 

 
Given a confidence level 𝛼𝛼 (in our case 𝛼𝛼 = 5%), it is necessary to determine numerically the value 
of 𝑥𝑥∗ such that: 

ℙ �𝒟𝒟𝑅𝑅𝑡𝑡
(2) < 𝑥𝑥∗� = 𝛼𝛼 = 5%. (21) 

 
The resulting quantity 𝑥𝑥∗, referred to by Blümke (2012) as the critical PD, serves as the threshold 
against which 𝒟𝒟𝒟𝒟𝑡𝑡

(2) is compared. If the observed second-highest default rate exceeds 𝑥𝑥∗, the null 
hypothesis of correct model calibration is rejected. 
 
The following example illustrates the behaviour of the critical threshold 𝑥𝑥∗. Consider a time series 
of eight annual default rates for a given rating grade, with an assigned PD of 1% and an estimated 

 
23 Selecting the second-largest value avoids reliance on a single exceptional year, which could otherwise dis-
proportionately influence the results if the maximum were used. 
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asset correlation of 5%. In this case, the critical threshold is 𝑥𝑥∗ = 2.27%. If the second-highest ob-
served default rate exceeds this value, the null hypothesis of correct model calibration is rejected. 
If instead the sample consist of 15 annual observations, with all other parameters unchanged, the 
critical threshold increases to 𝑥𝑥∗ = 2.66%. The increase in 𝑥𝑥∗ with the length of the sample is con-
sistent with the intuition that, as more observations are available, the likelihood of observing more 
extreme realizations increases. 
 

Table 10: Critical Values for the Order Test in Case the Second-highest Default Rate is Considered 

PD T 
𝝆𝝆 

0.25% 0.50% 1.00% 2.50% 5.00% 10.00% 

1% 
8 1.24% 1.35% 1.50% 1.85% 2.27% 2.93% 

15 1.29% 1.42% 1.62% 2.07% 2.66% 3.64% 

5% 
8 5.91% 6.30% 6.89% 8.13% 9.65% 12.03% 

15 6.08% 6.56% 7.29% 8.85% 10.84% 14.10% 
 
As proposed, the order test does not account for potential serial correlation in default rates. Table 
11 reports the results of a Monte Carlo simulation in which five million times series of length 8 and 
15 are generated using the model in (9) and (10), and the order test is applied to the second-highest 
observed default rate. The critical value is computed under the assumption that the PD is known 
and that asset correlation equals 5%. 
 
As expected, when the asset corelation used to generate default rates matches the assumed value 
(5%) and there is no serial correlation, the empirical rejection frequency is close to the nominal 
confidence level. When default rates are uncorrelated both cross-sectionally (𝜌𝜌 = 0) and serially 
(𝜓𝜓 = 0), the order test never rejects the null hypothesis, as the critical value is overly conservative 
in this case. Finally, when serial correlation is present but not accounted for in the order test, the 
rejection frequency exceeds the confidence level. 
 

Table 11: Probability of Rejecting the Hypothesis that the Model is Correctly Calibrated with the 
Order Test Knowing the PD and with Asset Correlation 𝜌𝜌 = 5% 

PD T 
𝝆𝝆 = 𝟎𝟎% 𝝆𝝆 = 𝟓𝟓% 𝝆𝝆 = 𝟓𝟓% 
𝝍𝝍 = 𝟎𝟎% 𝝍𝝍 = 𝟎𝟎% 𝝍𝝍 = 𝟒𝟒𝟒𝟒% 

1% 
8 0.0% 5.29% 11.22% 
15 0.0% 5.28% 12.01% 

5% 
8 0.0% 5.10% 11.03% 
15 0.0% 5.11% 11.81% 

 
Section 4 also presents aggregate results from applying the order test to the bank-level data. In that 
application, the critical value is computed using the PD associated with each rating grade and as-
suming an asset correlation of 5%. 

3.5 Replication of Real-world Systematic Backtesting Exercise 

In this section, we replicate our backtesting exercise for a sample of EU banks, incorporating differ-
ent levels of asset and serial correlation to provide a more nuanced perspective. Table 12 shows 
the distribution of weighted, miscalibrated exposures, where Panel A is identical to Table 4. 
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Table 12: Replication of Miscalibrations of EU Banks Weighted by the Exposure at Default (EAD) 
from Table 4 

A. Binomial Test 
Sample MCB % Mean SD P5 P25 P50 P75 P95 RG 

Total 967,444 16.7 3,214 4,716 31 372 1,394 3,895 12,071 301 
B. Binomial Test Corrected (𝝆𝝆 & 𝝍𝝍) 
𝝆𝝆 𝝍𝝍 MCB % Mean SD P5 P25 P50 P75 P95 RG 
1 40 647,671 11.1 2,699 4,023 20 271 1,018 3,388 10,984 240 
3 40 398,218 6.9 2,505 3,739 18 263 952 3,396 10,561 159 
5 40 317,281 5.5 2,498 3,957 17 184 809 3,205 10,561 127 
7 40 251,612 4.3 2,396 3,851 17 186 806 3,203 10,242 105 

10 40 205,501 3.5 2,418 4,065 15 154 772 3,205 10,242 85 
1 60 613,927 10.6 2,729 4,112 22 279 983 3,396 11,111 225 
3 60 383,287 6.6 2,625 3,870 19 186 998 3,471 10,561 146 
5 60 256,890 4.4 2,357 3,807 15 174 806 3,203 10,242 109 
7 60 214,320 3.7 2,381 3,966 15 154 789 3,205 10,242 90 

10 60 174,777 3.0 2,330 4,220 13 118 597 2,375 10,756 75 
1 80 443,935 7.6 2,466 3,619 20 235 966 3,300 9,986 180 
3 80 256,681 4.4 2,399 3,830 15 184 806 3,205 10,242 107 
5 80 204,006 3.5 2,458 4,104 15 154 772 3,396 10,242 83 
7 80 171,566 3.0 2,486 4,362 15 184 772 2,859 10,756 69 

10 80 167,916 2.9 2,624 4,498 17 169 789 3,300 10,756 64 

Note. This table presents the number and miscalibrated exposures based on the standard binomial test and the binomial 
test corrected for asset and serial correlation under the assumption of different ‘known’ parameter realisations. The 
literature suggests that asset correlations are between 5% and 10% depending on the segment (Blümke 2022b), and serial 
correlations are often estimated to be much higher, at around 80% (Blümke 2022a). 𝜌𝜌 and 𝜓𝜓 are expressed in percent-
ages, RG indicates the number of miscalibrated rating grades, % indicates the miscalibrated exposures in percentages, 
and the remaining values are in terms of the miscalibrated exposures in EUR millions. 
 
Even under modest assumptions, namely an asset correlation of 𝜌𝜌 = 1% and a serial correlation of 
𝜓𝜓 = 40%, the share of miscalibrated exposures falls by 5.6 percentage points, which corresponds 
to a reduction of miscalibrated exposures of around one third. Previous literature suggests that 
asset correlations tend to be between 5% and 10% depending on the segment (Blümke 2022b), 
while the regulatory parameters are between 4% and 24% (BCBS 2020 and Article 153(4) of Regu-
lation (EU) No 575/2013). In addition, the serial correlation is often estimated to be much higher, 
at around 80% (Blümke 2022a). Under these more realistic assumptions (i.e., 𝜌𝜌 = 5 − 10% and 
𝜓𝜓 = 80%), the reduction in miscalibrated exposures is between 13.2 and 13.8 percentage points. 
As a result, the miscalibrated exposures fall between 3.5% and 2.9% of the total exposures, which 
corresponds to a reduction in the identified miscalibrations of around 80% compared to the stand-
ard binomial test. The data available to us, particularly the limited time dimension, do not allow us 
to estimate the parameters governing asset and serial correlation. Our objective here, however, is 
not parameter estimation, but rather to demonstrate how substantially the results can differ once 
the binomial test is corrected to account for cross-sectional and/or serial correlation. Put 
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differently, we aim to provide an illustrative range of outcomes (see Figure 4), with one extreme 
corresponding to the classic binomial test and the other to a correlation-adjusted version. For the 
serial correlation parameter, one could adopt the value observed in our data, approximately 40%. 
Instead, we prefer a higher value at 80%, in order to construct a range that spans two extreme 
scenarios and thereby highlights the sensitivity of the results to alternative dependence assump-
tions. 
 

Table 13: Replication of Real Effects of Miscalibrations (𝜌𝜌 = 5% & 𝜓𝜓 = 80%) 

Subset MCB % Tier 1 ∆ 
A. Overall Sample 

Total 204,006 3.5 15.7 -3.8 
B. Across Rating Categories 

IG 192,706 6.8 15.6 -6.1 
Non-IG 11,300 0.4 15.8 -0.2 

C. Over Time 
2017 22,132 3.9 14.8 -1.7 
2018 42,289 6.7 15.2 -2.5 
2019 22,195 3.0 15.7 -1.3 
2020 37,189 4.9 16.5 -2.1 
2021 42,715 5.5 15.4 -9.5 
2022 18,455 2.3 15.5 -8.9 
2023 19,033 2.4 16.3 -8.9 
2024 0 0.0 16.3 0.0 

Note. This table presents the real effects of miscalibrations based on the binomial test corrected for asset and serial 
correlation under the assumption of ‘known’ realisations of 𝜌𝜌 and 𝜓𝜓. The literature suggests that asset correlations are 
between 5% and 10% depending on the segment (Blümke 2022b), and serial correlations are often estimated to be much 
higher, at around 80% (Blümke 2022a). MCB and % indicates the miscalibrated exposures in EUR millions and percent-
ages, respectively. Tier 1 is expressed in percentages and the corresponding economic impact ∆ is expressed in basis 
points. 

 
Table 13 shows the miscalibrated exposures and their corresponding impact on the Tier 1 capital 
ratios. In all dimensions, the values are substantially lower compared to those shown in Table 6. 
Under more realistic assumptions (i.e., 𝜌𝜌 = 5% and 𝜓𝜓 = 80%) and using the hypothetical RWAs 
from (4), a prudent re-calibration of the risk models would lead to a reduction (∆) in the Tier 1 
capital ratios of 3.8 basis points at the system level across all banks. This corresponds to a reduction 
of 6.5 basis points compared to the standard binomial test. Disaggregated by rating category (Panel 
B), the effects are again more pronounced in the IG category, where the Tier 1 capital ratio falls by 
6.9 basis points compared to 13.8 basis points with the standard binomial test. Similar patterns 
emerge over time (Panel C), with no miscalibrated exposures and therefore no impact on Tier 1 
capital ratios in 2024. This indicates a relatively high margin of conservatism in the banks’ internal 
risk models. 
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4. Backtesting Dashboard 

Although backtesting of PD models used by IRB banks is common practice among both banks and 
supervisors, publicly available information on the results of these exercises remains scarce. This is 
probably due to two main factors: First, backtesting techniques are typically designed to assess a 
single model in a single institution, rather than providing insights across multiple banks and models; 
and second, none of the currently available backtesting methods are entirely free of limitations. 
These factors may raise concerns that the publication of such results could lead a non-expert audi-
ence to draw premature or misleading conclusions. 
 
Nonetheless, we argue that the regular publication of backtesting results for PD models across the 
EU banking sector could increase transparency, restore confidence in internal models, and facilitate 
the identification of systematic problems. To this end, we suggest using regulatory reporting data 
to publish a dashboard summarising these results, as shown in Table 14.24 Comparing the standard 
binomial test with alternative specifications allows for a more nuanced interpretation and ensures 
the necessary caution in drawing conclusions, as each approach emphasises different aspects. Re-
call, the binomial test relies on the assumption of independent defaults, which makes the test a 
conservative benchmark; the resulting miscalibration rates can therefore be interpreted as an up-
per bound. We also introduce a novel aggregation mechanism from the rating grade level to the 
system level. While the rating grade perspective remains valuable for risk modelling and supervi-
sory purposes, the system level view is particularly relevant from a macroprudential and financial 
stability perspective. 
 
Panel A of the proposed dashboard shows the aggregate input factors by comparing the EAD 
weighted average PD reported by the different banks with the corresponding EAD weighted aver-
age annual DRs. The results show a comfortable average PD to DR ratio of 1.5, with a range between 
1.2 and 1.9. However, as the capital requirements of one bank cannot offset the risks of another, 
more formal and systematic backtesting procedures are needed to assess the calibration of the PD 
models of EU banks. 
 
Panel B applies the standard binomial test, which leads to a conservative estimate of the upper 
bound of around 12.1% miscalibrated exposures in 2024 at the aggregate level. This miscalibration 
corresponds to a decrease in the average Tier 1 capital ratio of 4.6 basis points assuming a prudent 
re-calibration of risk models. These results underline the importance of regular validation of inter-
nal models to ensure the resilience of the EU banking sector and promote financial stability. Previ-
ous literature suggests that asset correlations are typically between 5% and 10% and that serial 
correlation is around 80%. When these more realistic parameter values and our corrected binomial 
test are taken into account (Panel C), the miscalibrated exposures and their impact on Tier 1 capital 
ratios are significantly lower. Figure 4 provides further insight by illustrating the likely range of mis-
calibrated exposures (left panel) and the corresponding Tier 1 capital impact (right panel). The es-
timates range from the conservative upper bound derived from the standard binomial test to the 
more realistic values derived using the corrected binomial test. 
 

 
24 Comparative dashboards are widely used in other domains, such as used-car brand reliability, business 
school rankings, and electronic product evaluations. 
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Table 14: Dashboard on Miscalibrations of EU Banks Over Time 

 2017 2018 2019 2020 2021 2022 2023 2024 
A. Inputs 
Weighted Avg. PD 2.4 2.1 2.0 2.1 2.0 1.9 2.0 2.1 
Weighted Avg. DR 2.0 1.6 1.5 1.4 1.1 1.1 1.4 1.4 
PD / DR 1.2 1.4 1.4 1.4 1.9 1.7 1.4 1.4 
B. Binomial Test 
Weighted Avg. PD (MCB) 1.7 1.6 1.5 1.2 0.9 1.1 1.7 1.6 
Weighted Avg. DR (MCB) 3.7 2.7 2.4 2.7 2.4 2.4 3.3 2.3 
PD / DR 0.5 0.6 0.6 0.4 0.4 0.5 0.5 0.7 
EAD MCB 130.1 165.2 156.5 130.6 77.1 80.2 135.0 92.9 
% MCB 23.2 26.0 20.9 17.3 10.0 10.2 17.2 12.1 
Impact RWA % 6.5 7.2 6.0 7.3 10.9 10.2 10.6 3.2 
Impact Tier 1 bp -6.2 -9.2 -7.0 -8.4 -17.9 -17.8 -18.2 -4.6 
C. Binomial Test Corrected (𝝆𝝆 = 𝟓𝟓% & 𝝍𝝍 = 𝟖𝟖𝟖𝟖%) 
Weighted Avg. PD (MCB) 0.4 0.2 0.5 1.2 0.2 1.0 1.6 - 
Weighted Avg. DR (MCB) 3.9 1.3 1.9 4.6 1.9 3.7 7.8 - 
PD / DR 0.1 0.1 0.3 0.3 0.1 0.3 0.2 - 
EAD MCB 22.1 42.3 22.2 37.2 42.7 18.5 19.0 - 
% MCB 3.9 6.7 3.0 4.9 5.5 2.3 2.4 - 
Impact RWA % 1.8 1.9 1.1 1.8 5.8 5.1 5.1 - 
Impact Tier 1 bp -1.7 -2.5 -1.3 -2.1 -9.5 -8.9 -8.9 - 
D. Multiyear Test (𝝆𝝆 = 𝟓𝟓% & 𝝍𝝍 = 𝟎𝟎%) 
%EAD MCB        16.1 
Weighted Avg. Critical PD 
MCB        1.41 

Weighted Avg. 2nd Highest DR 
MCB        1.84 

Note. This table presents an exemplary dashboard of miscalibrations that show a number of metrics at the system level 
to provide insights in the backtesting results of PD models across EU banks over time. The distributions reported in Panel 
A are EAD weighted and computed using all available rating grades, whereas Panels B and C consider miscalibrated rating 
grades only. We use the binomial test corrected for asset and serial correlation under the assumption of ‘known’ realisa-
tions of 𝜌𝜌 and 𝜓𝜓. The literature suggests that asset correlations are between 5% and 10% depending on the segment 
(Blümke 2022b), and serial correlations are often estimated to be much higher, at around 80% (Blümke 2022a). The mis-
calibrations are expressed in EUR billions, the Tier 1 impact in basis points, the PD/DR ratio in percentage points, and the 
remaining variables are expressed in percentages. 
 
Model validation is not a one-off exercise, but a continuous and iterative process. To support this, 
Table 14, Panel D presents the results of a novel heuristic for multiyear backtesting. First, note that 
the share of EAD associated with miscalibrated rating grades is higher than that reported for the 
binomial test in 2024 (16.1% versus 12.1%). At first glance, this may appear counterintuitive, since 
the order test assumes a non-zero asset corelation and, as shown in the previous section, this as-
sumption widens the acceptance range of the null hypothesis of correct model calibration. How-
ever, it is important to recall that the order test is applied over the entire time span of observed 
years, whereas the binomial test is conducted on a single-year basis. It is also noteworthy that the 
average PD of the miscalibrated rating grades identified by the order test is lower than the average 
PD of the rating grades that did not pass the binomial test. This indicates that the order test is able 
to detect calibration issues in rating grades with relatively low PDs that are not flagged by the bi-
nomial test. 
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Figure 4: Range of Miscalibrated Exposures and Tier 1 Capital Impact of EU Banks Over Time 

  
Note. This figure shows the range of miscalibrated exposures in the left panel and the impact on Tier 1 capital in the right 
panel based on the standard binomial test and the binomial test corrected for asset and serial correlation. We use the 
binomial test corrected for asset and serial correlation under the assumption of ‘known’ realisations of 𝜌𝜌 and 𝜓𝜓. The 
literature suggests that asset correlations are between 5% and 10% depending on the segment (Blümke 2022b), and serial 
correlations are often estimated to be much higher, at around 80% (Blümke 2022a). 

5. Conclusions 

This paper expands the current understanding of backtesting practices for PD models by mitigating 
the main limitations of conventional validation tools. Leveraging a standardised, cross-institutional 
dataset reported by banks to their supervisors, we provide a comprehensive framework that com-
bines theoretical refinements, simulation-based analysis, and empirical validation, applied to the 
IRB models of EU banks. Our generalised binomial test correction, which accounts for both asset 
and serial correlation, improves the reliability of statistical validation. Furthermore, we use order 
statistics for the evaluation of multi-period settings and provide a methodology for the aggregation 
of validation results for different institutions. Finally, we highlight the potential economic impact 
of incorrect PD model calibrations on capital adequacy. 
 
Taken together, our results provide theoretical, policy-relevant, and practical insights for model 
validation, prudential risk assessment, and banking supervision. Building on these contributions, 
the paper offers a comprehensive framework to assist banks and supervisors in the evaluation and 
monitoring of PD models, ensuring their robustness, accuracy, and compliance with regulatory 
standards. By utilising the methodologies and insights presented, institutions can enhance risk 
management practices and support the resilience and stability of the financial system. 
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Appendix 

Equation, Table, and Figure numbers not preceded by a letter refer to the main article. 
 

A. Variable Description 

Variable Description 
A. Bank Level  

RWA Total risk weighted exposure amount calculated according to 
Article 92(3) and Articles 95, 96 and 98 CRR (in EUR millions) 

Tier 1 Ratio 
Tier 1 capital ratio is the Tier 1 capital of the institution ex-
pressed as a percentage of the total risk exposure amount (in 
decimal percentage) 

B. Rating Grade Level  

Probability of Default (PD) 
Arithmetic average of PD at the beginning of the reporting pe-
riod of the obligors that fall within the bucket of the fixed PD 
range (in decimal percentage) 

Default Rate (DR) One-year DR referred to in point (78) Article 4(1) CRR (in deci-
mal percentage) 

Defaults 

Number of obligors which defaulted during the year (i.e. the 
observation period of the DR calculation). Defaults are deter-
mined in accordance with Article 178 CRR. Each defaulted ob-
ligor is counted only once in the numerator and denominator 
of the one-year DR calculation, even if the obligor defaulted 
more than once during the relevant one-year period (fre-
quency) 

Obligors All obligors carrying a credit obligation at the relevant point in 
time shall be included (frequency) 

EAD 
Exposure value calculated in accordance with Article 166(1) to 
(7) CRR without taking into account any credit risk adjustments 
(in EUR millions) 

RWA 
Total risk weighted exposure amount for credit risk calculated 
under the IRB approach for a given rating grade (in EUR mil-
lions) 

Maturity 

For all exposures included in each bucket of the fixed PD range, 
the average maturity of each exposure, weighted by the expo-
sure value post-CCF; the maturity is determined in accordance 
with Article 162 CRR (in years) 
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B. Binomial Test vs. Jeffreys Test 

Table B.1: Probability of Rejecting the Model with Known Parameters 

   PD = 0.5%  PD = 5.0% 
n 𝝆𝝆 𝝍𝝍 BT JT ∆  BT JT ∆ 

500 0.0 0.0 4.2 4.2 0.0  4.1 4.1 0.0 
500 5.0 0.0 10.3 10.3 0.0  21.9 21.9 0.0 
500 5.0 40.0 10.9 10.9 0.0  22.7 22.7 0.0 
500 5.0 60.0 11.6 11.6 0.0  23.7 23.7 0.0 
500 5.0 80.0 12.9 12.9 0.0  25.0 25.0 0.0 

1,000 0.0 0.0 6.8 6.8 0.0  4.7 4.7 0.0 
1,000 5.0 0.0 16.4 16.4 0.0  27.0 27.0 0.0 
1,000 5.0 40.0 16.9 16.9 0.0  27.6 27.6 0.0 
1,000 5.0 60.0 17.5 17.5 0.0  28.2 28.2 0.0 
1,000 5.0 80.0 17.9 17.9 0.0  28.6 28.6 0.0 
5,000 0.0 0.0 4.4 4.4 0.0  4.9 4.9 0.0 
5,000 5.0 0.0 23.7 23.7 0.0  34.7 34.7 0.0 
5,000 5.0 40.0 23.9 23.9 0.0  34.8 34.8 0.0 
5,000 5.0 60.0 24.0 24.0 0.0  34.7 34.7 0.0 
5,000 5.0 80.0 23.2 23.2 0.0  33.5 33.5 0.0 

10,000 0.0 0.0 5.1 5.1 0.0  4.7 4.7 0.0 
10,000 5.0 0.0 27.5 27.5 0.0  36.8 36.8 0.0 
10,000 5.0 40.0 27.5 27.5 0.0  36.7 36.7 0.0 
10,000 5.0 60.0 27.1 27.1 0.0  36.2 36.2 0.0 
10,000 5.0 80.0 25.4 25.4 0.0  34.6 34.6 0.0 

Note. This table shows the probability of rejecting the model for the standard binomial test (BT) and the Jeffreys test (JT). 
Light grey indicates that the probability of rejection is close to the expected value of 5% at a confidence level of 95%, and 
the darker the grey, the further away the probability of rejection is from the expected value. ∆ is the difference between 
the BT and the JT. 
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