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Model-based regulation aims to safeguard individual banks’ solvency by dynami-
cally adjusting capital requirements to reflect underlying asset risk. During crises,
these dynamics can cause macroprudential conflicts by tightening requirements for
many banks when equity is expensive and limited, forcing these banks to cut lend-
ing contemporaneously. We explore this trade-off by exploiting a large non-financial
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1 Introduction

Does bank lending in times of crisis strengthen or weaken financial stability? The answer

depends on the supervisory lens. From a microprudential perspective, the aim is to

safeguard individual banks’ solvency: as borrowers’ creditworthiness declines, banks are

expected to hold more capital. Under a macroprudential lens, the goal is to maintain the

flow of credit to viable borrowers over the business cycle. When credit markets operate

smoothly, these aims tend to align: when one lender refuses credit, borrowers can typically

turn to alternative sources of finance, so the broader economic effects of microprudential

constraints are limited. In systemic crises, however, these safety valves break down. As

borrower risk deteriorates when alternative funding is scarce and raising new equity is

most expensive, the economic downturn is exacerbated (Danielsson et al., 2001; Kashyap

and Stein, 2004; Rivera, 2025). Microprudential policies designed to strengthen individual

banks can therefore generate adverse macroeconomic consequences (Osiński et al., 2013;

Pennacchi et al., 2019).

Model-based capital regulation lies at the heart of the tension. Whereas Basel I im-

posed uniform risk weights across broad exposure categories, Basel II introduced a dual

framework: banks with supervisory approval use Internal Ratings-Based (IRB) models

to estimate key credit risk parameters (most notably the probability of default, PD, and

loss given default, LGD), while others apply the Standardized Approach (SA), which

assigns fixed regulatory risk weights. By linking capital to estimated exposure risk, the

IRB framework enhances risk sensitivity but creates an amplification channel absent un-

der the SA: in downturns, upward revisions to PDs and LGDs raise required capital

precisely when deleveraging is most disruptive, compressing balance sheets and deepen-

ing credit contractions. Despite early recognition of this tension by academics (Kashyap
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and Stein, 2004) and regulators (Basel Committee on Banking Supervision, 1999), direct

empirical evidence on the underlying mechanisms remains scarce, owing to well-known

identification challenges and data limitations.

The central identification challenge is the credit cycle itself. During expansions, banks

tend to loosen credit standards (Fishman et al., 2024). The IRB framework introduces

an additional amplifying layer for IRB banks: low volatility, falling default rates, and

easing collateral requirements mask risk accumulation, yielding lower estimated PDs and

LGDs that further reduce capital requirements and fuel credit growth (Farboodi and

Kondor, 2023). Symmetrically, in downturns, mechanical upward revisions to PDs and

LGDs tighten capital requirements on top of the natural deterioration in credit conditions,

compounding the contraction beyond what the cycle alone would predict. Identification

is further confounded by simultaneous cleansing effects (e.g., the exit of low-productivity

firms that would have been funded during the expansion, Asriyan et al., 2021) and by

systematic differences between IRB and SA banks along observable and unobservable

dimensions.

We address these challenges through four design choices. First, we focus on the

COVID-19 pandemic. While IRB models are not designed to account for non-financial

shocks, the COVID-19 pandemic provides a compelling setting for our purposes. As a

sudden shock originating outside the financial sector, COVID-19 deteriorated borrowers’

creditworthiness through channels largely orthogonal to banks’ pre-existing portfolio con-

ditions, generating plausibly exogenous variation in the credit risk parameters that IRB

models use to set capital requirements. To support this claim, we verify that pre-shock

borrower performance and bank portfolio characteristics are balanced across treated and

control banks, mitigating concerns about selection into exposure. Second, to address
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IRB–SA selection bias, we focus on the universe of IRB banks, which form a relatively

homogeneous group (Behn et al., 2022): large, sophisticated institutions (Mariathasan

and Merrouche, 2014) operating under a common regulatory regime and facing similar

supervisory pressures. We thus exploit variation within the IRB framework by com-

paring capital-constrained IRB banks near their regulatory minima (treated) with well-

capitalized IRB banks that can sustain lending by drawing down buffers (control). As

a placebo, we replicate the analysis for SA banks, whose fixed risk weights do not ad-

just mechanically to changes in estimated credit risk. Third, we focus on Europe, which

provides an excellent laboratory: IRB models are more prevalent than elsewhere, the

COVID-19 shock was severe and broadly felt, and confidential ECB supervisory data,

including results from the Targeted Review of Internal Models (TRIM),1 allow for identi-

fication strategies unavailable elsewhere and enable us to look inside the black box of IRB

models. Fourth, to address the confounding influence of public support measures during

the pandemic (government guarantees and insolvency moratoria), we exploit two comple-

mentary sample restrictions. First, we focus on large credit exposures (those exceeding

10% of a bank’s eligible capital or e300 million), for which public guarantees were uncom-

mon by design. Second, we restrict the analysis to the early phase of the pandemic, before

large-scale support programs were fully deployed. Together, these restrictions ensure that

public interventions have a negligible impact on our sample.

This unique combination of supervisory data with an exogenous crisis episode allows us

to tackle three questions. First, did IRB regulation unambiguously cause banks to curtail

lending during the crisis? Yes, model-based regulation led to a contraction in credit.

Leveraging the depth and cross-country scope of ECB supervisory data, we generalize

1TRIM was the first standardized assessment of IRB models conducted by the ECB across 65 super-
vised institutions between 2016 and 2020, comprising 200 on-site reviews of internal credit, market, and
counterparty risk models, with the aim of improving their comparability and credibility.
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the single-country evidence of Behn et al. (2022) to a multinational context. Second,

were these contractions driven by binding capital constraints or by better screening of

low-quality borrowers, and does this distinction matter for real outcomes? We show

that pre-crisis borrower performance is indistinguishable between treated and control

banks, ruling out superior screening; post-crisis patterns are inconsistent with efficient

reallocation of credit, including zombie lending (Acharya et al., 2022). The lending cuts

instead reflect capital-driven rationing with tangible real effects. Third, can specific

IRB model parameters help banks sustain lending in stress? Using TRIM data, we

underscore the key role of Downturn LGD (DLGD), which captures expected losses in

adverse macroeconomic scenarios: lending falls most at banks whose DLGD estimates are

insufficiently conservative. Overall, our results suggest that supervisors can, even before

the shock, identify banks most likely to restrict credit.

The paper proceeds as follows. Section 2 reviews the related literature and positions

our contribution. Section 3 describes the data and variables. Section 4 presents the

empirical strategy. Section 5 reports the main results. Section 6 examines the real effects

on firm investment. Section 7 presents robustness analyses. Section 8 rules out alternative

explanations. Section 9 concludes.

2 Literature and Hypotheses

Our research sits at the intersection of two strands of the economic literature. First, our

paper falls within the literature on the economic effects of crises, which largely focuses

on financial crises (Baron et al., 2021; Peek and Rosengren, 2005; Huber, 2018) and

documents significant impacts; for example, U.S. banks nearly halved lending to large

corporations after Lehman Brothers’ collapse (Ivashina and Scharfstein, 2010). Recent

4



papers on COVID-19 show that banks exposed to the pandemic or with larger credit lines,

increased rates and reduced credit (Hasan et al., 2021; Dursun-de Neef and Schandlbauer,

2022; Kapan and Minoiu, 2021).

A second strand examines how prudential regulation affects bank lending, generally

finding that tighter requirements reduce credit supply (Jiménez et al., 2017; Fraisse et al.,

2020). In particular, increases in capital requirements (Bridges et al., 2014; Aiyar et al.,

2014a; De Marco et al., 2021; Fraisse et al., 2020; De Jonghe et al., 2020) and the imple-

mentation of supervisory stress tests (Mésonnier and Monks, 2015; Gropp et al., 2019;

Acharya et al., 2018; Cortés et al., 2020) are associated with lower loan origination.

Within this broad literature, only a small number of studies explicitly focus on model-

based capital regulation. The staggered introduction of IRB models has been shown to

lead banks to underestimate actual default rates (Behn et al., 2022), and IRB banks

have been shown to respond to financial shocks by reallocating assets toward less capital-

intensive activities (Bruno et al., 2017).

Most related to our work is the seminal paper by Behn et al. (2022), who document a

sharp decline in lending under model-based regulation in Germany following the Lehman

Brothers failure. Building on their findings, our first hypothesis is that model-based

capital regulation causes banks to curtail lending during systemic crises, and that this

result generalizes beyond a single-country setting (H1). Our second hypothesis concerns

the mechanism behind any such contraction. Lending reductions could reflect binding

regulatory capital constraints—a regulatory distortion that rations credit to viable bor-

rowers (H2A)—or changes in bank behavior consistent with either improved screening

that efficiently reallocates credit away from lower-quality borrowers or zombie lending

that sustains credit to unviable ones (H2B). Distinguishing between these channels is
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essential for assessing whether model-based regulation amplifies or efficiently moderates

credit supply during stress. Our third hypothesis is that specific IRB model parame-

ters modulate the lending response: conservative calibration of certain parameters can

sustain credit supply during crises, easing the tension between microprudential solvency

objectives and the macroprudential goal of maintaining credit flow (H3).

3 Data and Variables

The main dataset used is the proprietary loan-level ECB’s large exposures supervisory

dataset.2 The choice to use these data is driven by the consideration that the support

provided to corporations to address the economic consequences of the pandemic could

constitute a confounding factor in our analysis. Most notably, the European Commis-

sion allowed member states to implement state-aid programs to support their companies,

either by providing public guarantees for loans extended by banks or by imposing mora-

toria on insolvencies arising from the pandemic. Public guarantees were substantially

more prevalent for smaller loans, with both coverage rates and guaranteed volumes de-

clining sharply with loan size. As shown in Table A1 of Appendix A, public guarantees

were negligible for large exposures: above e250 million, they accounted for less than

1% of credit in 2020Q2 and less than 2% in 2020Q3. In France, Italy, and Spain, the

share was even lower. This institutional alignment ensures that our sample restriction

effectively isolates lending decisions from the confounding influence of public guarantees.

Notably, this restriction does not affect sample representativeness: at the end of 2019,

large exposures in our sample amount to e 4.5 trillion, representing 43% of total loans

2Introduced by the Basel Committee on Banking Supervision in 2014 and implemented in the EU
through the Capital Requirements Regulation and Capital Requirements Directive IV (June 26, 2013),
the framework defines a large exposure under Article 392 as any exposure to a client or group of connected
clients whose value equals e300 million or exceeds 10% of the institution’s Tier 1 capital.
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to non-financial corporations across both IRB and SA banks.

The large-exposure dataset provides additional benefits for our empirical approach.

First, the presence of multiple lending relationships for the same borrower across different

banks allows us to separate supply from demand-side movements in credit, using within-

borrower variation across lenders to identify bank-specific shocks. Second, the loans in

our sample are granted to large, strategically important counterparties that constitute

substantial capital commitments for IRB banks—exactly the segment where TRIM-driven

model revisions are most likely to be binding. Third, the dataset covers a global set

of borrowers, extending far beyond the euro area, offering a clear advantage over more

domestically oriented datasets. Yet, credit to large corporations is inherently less sensitive

to cyclical shocks (Cortés et al., 2020), and banks may be particularly reluctant to curtail

strategic, long-standing relationships, so our estimates probably constitute a lower bound

on the true effect.

We link the large exposures dataset to three additional data sources. First, we merge

it with the ECB Financial Reporting (FINREP) supervisory database, which contains

administrative, bank-level supervisory information on balance sheets and income state-

ments for virtually all euro-area deposit-taking institutions from 2015 onward. Second,

we connect it to the Bureau van Dijk Orbis (ORBIS) database, which reports publicly

available balance sheets and income statements for corporations. To match our sample of

borrowers to firms in Orbis, we rely on Legal Entity Identifier (LEI) codes and keep only

non-financial corporations (NFCs)3. Third, at the bank level, we also merge our data with

the results of an external assessment of selected IRB model features. This assessment,

3We exclude public sector entities (central governments, central banks, and municipalities), financial
sector borrowers (credit institutions, mutual funds, and insurance companies), and households. For
counterparties without an LEI code, we manually match observations across banks and countries using
reported counterparty names, and retrieve the missing characteristics from gleif.org and SNL.
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known as the Targeted Review of Internal Models (TRIM), was conducted between 2016

and 2020 through 200 on-site examinations of internal credit, market, and counterparty

risk models, with the objective of enhancing the comparability and reliability of banks’

internal models by promoting greater standardization (ECB, 2017).

Descriptive statistics of IRB banks are reported in Table 1 (Panels A and B, respec-

tively) while variable definitions are in Table B1 of Appendix B. Between 2019Q2 and

2020Q3, low capitalized IRB banks—those operating closer to their minimum capital

requirements—exhibit lower growth in on-balance-sheet items and loans relative to other

banks, while the opposite holds for off-balance-sheet exposures and loan commitments

(Panel A). Panel B shows that low capitalized IRB banks tend to be larger and more

reliant on market funding, whereas both groups report similar profitability and risk-

weighted asset (RWA) density.

[Insert Table 1 here]

4 Identification

Identifying the causal effect of model-based regulation on lending requires addressing four

challenges. The first is the endogeneity of the credit cycle: we exploit the COVID-19 pan-

demic as a sudden, non-financial shock orthogonal to banks’ pre-existing conditions, gen-

erating exogenous variation in borrower credit risk. The second is selection bias between

IRB and SA banks: although comparing these groups is intuitive, systematic differences

confound direct inference, leading us to focus on variation within the IRB framework

instead. The third is separating credit supply from demand: granular bank–borrower

matched data in a multiple-lending setting allows us to hold the borrower fixed and com-

pare lending across banks (Khwaja and Mian, 2008), isolating regulatory supply effects
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from cleansing dynamics and contemporaneous demand shifts. The fourth is the con-

founding role of pandemic-era public support, which we address by restricting the sample

to large exposures where government guarantees were rare. The next sections examine

each of these issues in detail. Specifically, Section 4.1 outlines the within-IRB identifica-

tion strategy, while Section 4.2 describes the TRIM-based method used to pinpoint the

IRB parameters that drive the lending response.

4.1 The risk sensitivity of IRB parameters

We first test whether the adoption of IRB models is associated with greater risk sensitivity

in banks’ internal parameters. Specifically, whether PD estimates rise more sharply for

IRB banks in response to the pandemic-induced deterioration in borrower credit quality

than those of SA banks and find that this is the case even comparing PDs reported

by IRB and SA banks assessment for the same firm (Appendix D, Table D3). Higher

PDs, ceteris paribus, mechanically translate into higher expected credit losses and higher

regulatory capital requirements.4 Consequently, during the COVID-19 period, IRB banks

faced higher capital requirements on their existing credit exposures.

We then test whether this pressure translates into tighter credit supply and whether

it depends on banks’ capital buffers. Institutions operating well above regulatory min-

ima can absorb higher requirements without curtailing lending, whereas those closer to

the minimum face binding constraints and stronger incentives to restrict credit. We ex-

ploit this variation in capital buffers to sharpen identification within the universe of IRB

banks, comparing the lending behavior of capital-constrained institutions—whose lim-

ited headroom leaves little capacity to absorb additional capital charges—against that

4Under Basel II, minimum capital requirements are computed using a mapping function based on
Merton (1974) and Vasicek (2002), which depends on PD and LGD estimates produced by IRB models.
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of capital-unconstrained banks, which can accommodate higher requirements without

reducing credit supply.

Our baseline difference-in-differences (DiD) specification takes the following form:

∆Log(Yi,j,t) = β0 + β1Postt × LowCapi + β2Xi,t−1 + γi + γj×t + ϵi,t (1)

where the dependent variable is the quarter-on-quarter growth of credit from bank

i to borrower j, defined as ∆ log(Yi,j,t) = log(Yi,j,t) − log(Yi,j,t−1). The indicator Postt

equals one in the two quarters following the COVID-19 outbreak (2020Q2–2020Q3) and

zero in the pre-shock period (2019Q2–2020Q1). The treatment group (LowCapi = 1)

comprises banks in the bottom quartile of the Capital Surplus distribution, measured

as the Common Equity Tier 1 (CET1) ratio minus total SREP capital requirements,5

computed as of 2019Q4. The vector Xi,t−1 contains lagged bank-level controls for size

(Total Assets in logs), profitability (Return on Assets, ROA), funding structure (Deposit

Ratio), risk profile (RWA density, defined as Risk-Weighted Assets to Total Assets), and

exposure concentration (the share of bank i’s large exposure to borrower j in its non-

financial corporate portfolio). Bank fixed effects (γi) and borrower-by-time fixed effects

(γj×t) absorb time-invariant bank heterogeneity and borrower-specific demand shocks,

respectively.

A major challenge is to control for credit demand shocks. We address this by following

the multiple-lending identification strategy of Khwaja and Mian (2008), restricting the

sample to firms that borrow simultaneously from at least one low-capitalized and at least

one high capitalized IRB bank. We include borrower-by-time fixed effects (γj×t), to absorb

5The Supervisory Review and Evaluation Process (SREP) is the ECB’s annual review of banks’ risk
profiles; Total SREP Capital Requirements (TSCR) include Pillar 1 and Pillar 2 requirements.
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time-varying, borrower-specific demand shocks (Jiménez et al., 2014; Schiantarelli et al.,

2020; Altavilla et al., 2020). This is particularly valuable in the context of COVID-19,

where heterogeneity across borrowers has generated differential demand responses across

firms. Standard errors are clustered at the bank level to account for within-bank serial

correlation (Bertrand et al., 2004).

To address the concern that the classification of banks as high- or low-capitalized

may be correlated with other characteristics, we employ a matching procedure that

balances bank characteristics across the two groups prior to estimation. We imple-

ment a Coarsened Exact Matching (CEM) procedure, matching low-and high capital-

ized IRB banks based on Total Assetsi,t, Loans Growthi,t, Loan-to-Asset ratioi,t, and

Securities-to-Asset ratioi,t, and re-estimate equation (1) on the matched sample. To shed

light on the underlying mechanism, we apply the same specification to SA banks only as

their borrowers’ default probabilities remained largely stable in the immediate aftermath

of the COVID-19 outbreak. If lending does not differ systematically between high- and

low-capitalized SA banks following the shock, the effects in equation (1) are more likely

to reflect the impact of model-based risk dynamics. Conversely, if credit declines dis-

proportionately among low-capitalized SA banks despite stable PDs, this would indicate

that capital ratios alone are the primary driver.

4.2 Opening the Black Box of the IRB model

We then examine whether any IRB model parameter, ceteris paribus, did influence banks’

lending decisions during economic downturns. Choosing model parameters appropriately

can help ease the conflict between micro-level and macro-level objectives during periods

of shock.
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We draw on confidential data from TRIM inspections. We focus on the DLGD param-

eter, which captures banks’ expected LGD under stress conditions within the Basel II/III

regulatory framework.6 The DLGD is estimated using historical economic data spanning

at least 20 years, with an explicit requirement to cover downturn episodes character-

ized by elevated realized LGDs. The key insight is that banks with properly calibrated

DLGD models would, on average, already carry higher expected losses—thereby incurring

higher capital requirements—before a shock materializes. This pre-built buffer shields

them against the abrupt rise in risk weights that accompanies a severe downturn such as

the COVID-19 pandemic. Conversely, banks that do not apply this adjustment, or rely

on poorly calibrated DLGD models, are more likely to experience a sudden increase in

risk weights at the onset of the crisis, amplifying pressure on their capital positions and

constraining their ability to lend.

To test this hypothesis, we extend equation (1) to a triple DiD specification, ex-

ploiting TRIM data on the number and severity of supervisory findings related to the

DLGD parameter. The identifying variation rests on the premise that banks with more

severe DLGD findings had models with poorer calibration and thus faced larger capital-

requirement adjustments as borrower risk rose during the pandemic. We defineHighSeverityi

as an indicator equal to one for banks that received at least one high- (F3) or very-high-

severity (F4) finding, or three or more low- (F1) or moderate-severity (F2) findings,

related to the DLGD parameter.7 We estimate the following specification on a sample

restricted to multiple-lending relationships, as in equation (1):

6In March 2019, the European Banking Authority issued guidelines detailing how institutions should
quantify appropriate LGD estimates in an economic downturn.

7TRIM investigations yielded multiple supervisory “findings” classified from low severity (F1) to high
severity (F4). For each model under review, the supervisory team delivered an assessment summarising
the number and severity of these findings.
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∆Log(Yi,t,j) = β0 + β1Postt ×HighSeverityi × LowCapi

+ β2Postt ×HighSeverityi + β3Postt × LowCapi

+ β4Xi,t−1 + γi + γb×t + ϵi,t

(2)

As a placebo, we re-estimate this model for two additional IRB parameters examined

during TRIM: the Long-Run Average Default Rate (the average default rate over a full

economic cycle that embeds both downturn and upturn periods) and the realized LGD

(the empirical loss given default based on a bank’s credit history).

5 Results

This section presents the main results and examines how IRB models shape lending dy-

namics during crises. We begin with preliminary evidence on lending volumes and assess

parallel trends before the crisis (Section 5.1). We then analyze the effect of IRB models

on lending as the estimated PDs rise during the crisis (Section 5.2). Finally, we study in

particular the role of the downturn loss-given-default parameters (Section 5.3).

5.1 Preliminary evidence

Before presenting the results from our DiD specifications, we first discuss two preliminary

points. First, we offer a graphical depiction of the absolute changes in lending volumes

across IRB bank groups.8 Figure 1 offers a descriptive view of the evolution of the

large exposures portfolio, considering both on-balance sheet credit exposures (Panel A)

and loans and securities (Panel B), across the four IRB bank groups analyzed in this

8We thank a referee for suggesting this exercise.
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study. These groups are defined by the intersection of the level of capitalization and the

quality of IRB models as assessed by supervisors during TRIM: (i) high-capitalized banks

(LowCap=0) with non-severe TRIM findings on the DLGD model (HighSeverity=0); (ii)

high-capitalized banks with severe TRIM findings (HighSeverity=1); (iii) low-capitalized

banks (LowCap=1) with non-severe TRIM findings; and (iv) low-capitalized banks with

severe TRIM findings. The figure shows that, following the onset of the COVID-19

pandemic, lending expanded only among high-capitalized banks with well-functioning

DLGD models, whereas no comparable increase is observed for the remaining groups.

This descriptive evidence is consistent with the cross-sectional differences documented

later in the study in Table 4 and motivates the formal DiD analysis that follows.

[ Insert Figure 1 ]

Second, we assess the validity of the identifying assumptions underlying the DiD es-

timator. A first requirement is that the treatment must be orthogonal to the outcome

variables. Given the nature of the COVID-19 shock, we argue that the pandemic con-

stitutes an exogenous event, unrelated to banks’ lending decisions prior to its outbreak.

A second requirement is that treated and control banks satisfy the parallel-trends as-

sumption. We evaluate this condition by comparing the mean growth rates of the credit

exposure measures used as dependent variables between the treatment and control groups

over the four quarters preceding the treatment period (2019Q2–2020Q1). We first com-

pare IRB banks with lower (LowCap=0) and higher (LowCap=1) capitalization levels in

Figure 2. Then, we focus on the sample of low-capitalized IRB banks, and we compare

the growth rate of credit exposures for banks with and without severe TRIM findings

on the DLGD parameter (LowCap=1 and HighSeverity=1 or 0) in Figure 3. In both

cases, Panels A and B show that pre-pandemic growth rates of on-balance-sheet credit
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exposures and loans to large borrowers are statistically indistinguishable across groups,

supporting the parallel-trends assumption prior to the crisis.

[ Insert Figures 2 and 3 ]

5.2 Results: The Risk-Sensitivity of IRB Parameters

IRB banks are more sensitive to increases in risk exposure than SA banks, as their

capital requirements adjust dynamically to estimated credit risk rather than applying

fixed regulatory risk weights. We therefore expect borrower PD estimates at IRB banks

to have risen in response to the COVID-19 shock, translating into higher expected losses

and tighter capital requirements. Thus, we compare the growth rates of PD for borrowers

of IRB and SA banks (Appendix D) following the outbreak of the pandemic. Borrowers’

PDs grew significantly faster under IRB than under SA banks (Table D3), consistent with

the greater risk sensitivity of internal models. Importantly, we also validate these results

using a Coarsened Exact Matching (CEM) approach to balance the groups of banks and

assess the validity of our results. The increase in expected PDs and the consequent

increase in capital requirements affect banks’ balance-sheet capacity to lend: capital-

constrained IRB banks face binding pressure to curtail credit supply, whereas institutions

with higher capital buffers retain the flexibility to maintain or reduce exposures at their

discretion.

Next, we move to our baseline model in equation (1), in which both banks in the

treatment and control groups use internal models (Table 2). Capital-constrained IRB

banks show significantly lower credit growth than banks with higher capital: the esti-

mated differential ranges from 4.5 to 5.3 percentage points for on-balance-sheet credit
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exposures and from 5.9 to 6.7 percentage points for loans and securities (Panel A of

Table 2). These results confirm that IRB regulation enhances procyclicality of capital

requirements during systemic shocks. Following the increase in borrowers’ risk, capital

requirements rose as well and capital-constrained institutions were therefore induced to

curtail credit supply, while higher capitalized peers retained sufficient buffer to sustain

lending. This mechanism holds across the internationally diversified borrower base in our

sample. Appendix C shows similar results for off-balance-sheet exposures. In this case,

we find no significant differences between IRB banks (Table C1), consistent with the fact

that off-balance-sheet commitments typically attract lower capital charges and do not

mechanically bind capital constraints in the same way.

We conduct two robustness checks to address residual differences between treated and

control groups. First, we augment equation (1) with interactions between each control

variable and the post-shock indicator (Postt ×Xi,t−1), ensuring that cross-sectional het-

erogeneity in bank characteristics does not confound the coefficient of interest. The results

(Panel B of Table 2) confirm the baseline: low-capitalized IRB banks experienced lower

growth in on-balance-sheet credit exposures (4.25%–5.76%) and in loans and securities

(5.14%–6.69%) relative to better-capitalized peers. Second, we implement CEM to ad-

dress the concern that low-capitalized banks may differ from high-capitalized peers along

dimensions that jointly predict capitalization and crisis-period lending—such as asset

composition, past profitability, or pre-crisis loan growth.9 We match on Total Assetsi,t,

Loans Growthi,t, Loan-to-Asset ratioi,t, and Securities-to-Asset ratioi,t, which together

capture size, lending momentum, and portfolio structure. If pre-existing imbalance along

these dimensions were driving our results, restricting the sample to matched pairs should

attenuate the estimated effects. Re-estimating equation (1) on the matched sample yields

9We thank a referee for suggesting this approach.
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coefficients (Panel C of Table 2) that are quantitatively similar in magnitude and statis-

tical significance to those in Panel A, confirming that capital constraints—rather than

pre-existing portfolio heterogeneity—drive the lending contraction.

[ Insert Table 2 ]

As a placebo exercise, we repeat the full set of baseline specifications for SA banks

to examine whether initial capital ratios account for our findings independently of the

use of internal models. Under the SA, risk weights are mostly insensitive to changes in

borrower risk, so capital requirements do not automatically adjust when credit quality

worsens. If the lending contraction at the onset of the pandemic reflects the procyclical

properties of IRB models rather than capital constraints per se, we should not observe

differential lending across SA banks with varying capital buffer levels. Table 3 confirms

this prediction: capital ratios do not yield statistically significant differences in credit

provision among SA banks during COVID-19, including within the same borrower, con-

sistent with IRB models being the primary driver of the lending contraction documented

in Table 2.10

[ Insert Table 3 ]

5.3 Results: Opening the Black Box of IRB Models

Banks using IRB models have frequently been treated as a uniform group in the existing

literature. Yet IRB models are highly complex, and their calibration depends on multiple

parameters. As outlined in Section 4.2, we use confidential information on the banks that

took part in the TRIM exercise to examine the internal structure of these IRB models in

more detail. Our goal is to understand how model parameters contribute to strengthening

10Panels A, B, and C of Table 3 mirror the structure of Table 2.
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the resilience of IRB banks during crises and to their ability to sustain lending.

We begin the analysis by focusing on the DLGD parameter, which banks may opt to

embed in their IRB models. As shown before in Figure 3, prior to the TRIM exercise,

IRB banks with non-severe DLGD findings (HighSeverity=0) do not show statistically

significant differences in the growth rate of on-balance sheet exposures relative to IRB

banks with severe TRIM DLGD findings (HighSeverity=1).

Table 4 reports the main estimation results from equation (2), where identification

stems from variation in the severity of DLGD-related findings. The estimates show that

low-capitalized banks facing HighSeverity TRIM findings on DLGD—i.e., banks whose

IRB models fail to adequately reflect losses in downturn conditions—cut their on-balance

sheet exposures (Columns 1 to 3) and their loans and securities (Columns 4 to 6) by

about 7%–8% more than other banks after the COVID-19 shock (Panel A of Table 4;

Post×HighSeverity×LowCap). The combination of a poorly specified DLGD parameter

in IRB models and limited distance to the TSCR constrains these banks’ ability to absorb

an increase in borrowers’ risk through their capital.

[ Insert Table 4 ]

In panels B and C of Table 4, we re-estimate this model for two additional IRB parame-

ters reviewed during the TRIM exercise that, in principle, should not materially constrain

banks’ lending capacity during the crisis: the Long-Run Average Default Rate (i.e., the

Average Default Rate calculated over a full economic cycle, covering both downturns and

upturns so that the historical sample reflects the likely range of one-year default-rate

variability) and the computation of realized LGD (i.e., the bank’s empirically derived

Loss Given Default based on its actual credit underwriting experience). As anticipated,

changes in lending by banks with severe TRIM findings in these two IRB parameters are
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statistically indistinguishable from those of banks with non-severe findings, both before

and after the COVID-19 shock.

To address potential pre-existing differences in severity across IRB banks in the TRIM

findings on DLGD calibration, we apply the CEM procedure as before, pairing banks by

Total Assetsi,t, Loans Growthi,t, Loan-to-Asset ratioi,t, and Securities-to-Asset ratioi,t.

We then re-estimate equation (2) on the matched sample. The results, reported in Ta-

ble 5, are consistent with those in Table 4.

[ Insert Table 5 ]

These results indicate that appropriate DLGD calibration strengthens banks’ capacity

to sustain credit supply during systemic shocks, supporting viable borrowers and easing

the tension between micro- and macroprudential objectives.11

6 The Consequences of Lending Changes

The results shown in Section 5 established that capital-constrained IRB banks reduced

lending during the COVID-19 shock. This section examines two main issues. First,

do credit contractions by capital-constrained banks reflect superior borrower screening

capacity rather than binding capital constraints? Does the additional credit extended by

highly capitalized banks go to potentially insolvent firms, i.e., zombie lending? Second,

do these credit supply changes generate real economic consequences?12 We address each

question in turn.

11More broadly, these findings offer concrete guidance to supervisors: calibrating DLGD to downturn
conditions is a direct lever for managing the procyclical consequences of risk-sensitive capital regulation
and for balancing microprudential and macroprudential objectives.

12We thank the editor and a referee for these valuable suggestions.
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6.1 Ex-Post Quality of Lending Decisions

We first identify all firms in our sample that obtain loans during the period under analysis.

For each borrower, we construct four variables capturing the lender–borrower relation-

ship. We define the variable Credit Restrictionj as a dummy equal to one for borrower j

whose total loan growth between 2019Q4 and 2020Q2 (i.e., Lj,2020Q2/Lj,2019Q4) falls be-

low the cross-sectional median. This indicates that the borrower was credit-constrained

by any IRB bank around the COVID-19 shock. Credit Expansionj is defined symmet-

rically for borrowers with loan growth ratios above the median. LowCapj equals one

if borrower j’s primary lender at end-2019 is an IRB bank in the first quartile of the

2019Q4 Capital Surplus distribution (i.e., LowCapi=1 ); HighCapj equals one if the pri-

mary lender falls in the fourth quartile (HighCapi=1). In both cases, the primary lenderj

of borrower j is defined as the bank holding the largest share of total lending to that

borrower, Li,j,t/
∑n

z=1 Lz,j,t. Variable definitions are provided in Appendix B.

We then construct a panel dataset containing firms’ economic and financial charac-

teristics from Orbis for the 2015–2024 period, augmented with variables derived from

individual bank records. Our empirical strategy employs a triple difference-in-differences

(triple-DiD) framework to evaluate the ex-post quality of the loans granted, proxied by

borrowers’ return on assets (ROA). We begin by testing whether better-capitalized IRB

banks engaged in zombie lending during the COVID-19 crisis—specifically, whether they

lent to firms with weaker fundamentals. To this end, we estimate the model below,

progressively enriching it with fixed effects capturing time-varying heterogeneity at the

country–year (γc×t) and sector–year (γs×t) levels, alongside borrower (γj) and primary-
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lender (γi) unobserved characteristics.

ROAj,t = β0 + β1

(
Postt × CreditExpansionj ×HighCapj

)
+ β2

(
Postt × CreditExpansionj

)
+ β3

(
Postt ×HighCapj

)
+ β5

(
CreditExpansionj ×HighCapj

)
+ γc×t + γs×t + γj + εj,t.

(3)

The triple interaction (Post t × CreditExpansionj × HighCapj) is the variable of main

interest. Under zombie lending, highly capitalized IRB banks channel credit to weaker

firms during the shock, and those firms subsequently underperform. A negative β1 is

therefore consistent with zombie lending.

We next assess whether the credit contraction reflects superior borrower screening

rather than binding regulatory constraints. If low-capitalized IRB banks selectively

withdrew credit from fundamentally weaker counterparties, those borrowers should sub-

sequently exhibit deteriorating performance. We test this prediction by examining the

ex-post outcomes of borrowers whose credit was reduced by low-capitalized IRB banks

during the pandemic. We estimate a parallel DiD specification with the same set of fixed

effects, replacing CreditExpansionj and HighCapj with CreditRestrictionj and LowCapj.

The key coefficients are: (i) the triple interaction (Postt×CreditRestrictionj ×LowCapj ),

which captures the effect of credit contraction by low-capitalized IRB banks; and (ii) the

double interaction (Postt × CreditRestrictionj ), which measures the broader impact of

credit reductions by IRB banks during the COVID-19 shock.

[Insert Table 6 here]

Panel A of Table 6 shows that the coefficient of the triple interaction is statistically

indistinguishable from zero across all specifications. The additional lending by high-

capitalized IRB banks during the COVID-19 shock thus had no discernible effect on
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borrowers’ subsequent performance, providing no evidence of zombie lending. The dou-

ble interaction (Postt × CreditExpansionj ) is likewise insignificant, indicating that extra

lending by IRB banks more broadly did not improve borrower outcomes. To confirm

robustness, we replace Postt with year-specific dummies (2016–2024) in a fully saturated

specification. These results are shown in Panel A of Figure 4, which plots the estimated

triple-interaction coefficients with 90% confidence intervals and corroborates the null re-

sult: additional lending by high-capitalized IRB banks is not associated with lower firm

performance in any year. Critically, pre-COVID coefficients are also indistinguishable

from zero, indicating that these borrowers were not inherently weaker before the shock—

further ruling out zombie lending.

[Insert Figure 4 here]

Panel B of Table 6 shows that credit reductions by IRB banks are generally as-

sociated with weaker borrower performance: the coefficient of the double interaction

(Postt×CreditRestrictionj ) is negative and statistically significant across three out of the

four specifications. However, the incremental tightening attributable to low-capitalized

IRB banks, captured by the triple interaction (Postt × CreditRestrictionj × LowCapj),

is not statistically significant, indicating that internal-model constraints at poorly capi-

talized banks do not impose additional harm on borrowers beyond the general effect of

credit contraction. Figure 4, Panel B, corroborates these findings, showing no differential

performance patterns in any year around the COVID-19 onset.

6.2 Ex-Post Effects on Firm Investment

We now examine whether credit supply constraints affected real economic activity. Fol-

lowing the identification strategy in Section 6.1, we estimate equation (3) with Trade
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Receivables, Other Current Assets, Tangible Fixed Assets, and Intangible Fixed Assets

as dependent variables.

[Insert Table 7 here]

Table 7 reveals a consistent pattern of investment reallocation. Firms receiving a pos-

itive credit supply shock (Panel A) direct additional credit primarily into tangible fixed

investment while simultaneously reducing other current assets. Investment responses are

notably asymmetric: the adjustment is weaker among firms facing credit contractions

(Panel B), consistent with nonlinear effects of financing frictions. Lender capital strength

introduces further heterogeneity. Firms borrowing from highly capitalized IRB banks

exhibit the opposite pattern — accumulating current assets while scaling back tangible

investment relative to other borrowers. An analogous reallocation occurs on the contrac-

tion side: firms whose credit is reduced by low-capitalized IRB lenders similarly shift

toward current assets and curtail tangible fixed investment.

These patterns speak to three strands of the investment–financing literature. First, the

result that credit expansions spur tangible investment aligns with financial frictions mod-

els (e.g., Almeida and Campello, 2007): as external financing becomes more available,

constrained firms channel incremental resources into positive-NPV long-term projects

previously deferred by financing constraints. Second, the shift toward current assets

among borrowers of highly capitalized banks points to a precautionary liquidity motive:

firms treat incremental credit from stable, well-capitalized lenders as a liquidity buffer,

directing it toward working capital rather than illiquid fixed investment (Myers and Ma-

jluf, 1984). Third, the difference between firms’ responses to expansion and contraction

of credit reflects the partial irreversibility of long-lived assets (Dixit and Pindyck, 1994):

when credit tightens, firms are reluctant to liquidate fixed capital and instead absorb the
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shock through liquid current assets, dampening the contraction in tangible investment

relative to the expansion effect.

7 Robustness checks

We extend the analysis by examining how capital-constrained IRB banks selected which

credit exposures to reduce in the aftermath of the COVID-19 shock. We investigate three

dimensions of heterogeneity: (i) the capital intensity of individual exposures, proxied by

the degree of credit risk mitigation applied; (ii) borrower industry, distinguishing sectors

most affected by the pandemic from those less exposed; and (iii) borrower geography,

comparing domestic and cross-border lending relationships.

First, we study whether IRB banks selectively reduced exposures with relatively higher

capital absorption. To this end, we augment the DiD specification in equation (1) with

a triple interaction term that captures the loan’s riskiness (Postt × LowCapi × CRMj).

Credit Risk Mitigation (CRM) techniques include institutions’ guarantees, credit deriva-

tives, on-balance sheet netting, and financial collateral agreements used to reduce credit

risk associated with exposures. Leveraging information from large-exposure data, we can

calculate a CRM factor for each loan exposure by dividing the exposure value after CRM

factors are applied by its original total value. To illustrate, a CRM value of 1 implies that

the exposure receives no credit risk mitigation, and therefore its original value must be

included in the calculation of capital requirements.13 We use the CRM factor calculated

as of 2019Q2 as a proxy for the riskiness of credit exposures pre-shock, where higher

CRM indicates riskier exposures.

Table 8, column (1), reports the DiD results when controlling for the influence of the

13For example, if we observe in our data an original credit exposure of e100 million, which becomes
e80 after the application of CRM, this implies a CRM factor of 0.8.
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CRM factor. We observe a negative and statistically significant coefficient for loans and

securities (-0.1994), implying that, after March 2020, for the same CRM factor, low-

capitalized IRB banks reduced their exposures to borrowers with high capital absorption

more than highly capitalized IRB banks. This result is consistent with the notion that

model-based capital regulation might enhance procyclicality in bank lending. Banks’

internal ratings of borrowers (e.g., PDs) deteriorate rapidly following adverse macroeco-

nomic conditions, particularly during crises. Deteriorated parameters feed into regulatory

models and lead to higher capital requirements for banks, potentially incentivizing banks

to reduce lending to borrowers who absorb more capital (as proxied by the CRM factor).

In particular, we show that this reaction depends on the level of capital headroom at the

time the shock hits.

Similarly, we run a triple DiD to examine whether IRB banks that were close to their

TSCR requirements reduced exposures, particularly to borrowers from the most affected

economic sectors during the pandemic. To this end, the variable Most Affected j is a

dummy variable that takes the value 1 if the borrower j belongs to one of the sectors

identified by European Banking Authority (2020) as the most affected by the pandemic.14

Focusing on the triple interaction (Postt × LowCapi × Most Affectedj), the results in

column (2) of Table 8 document that, after March 2020, capital-constrained IRB banks

have decreased their loan supply towards the most affected sectors of the economy more

than highly capitalized banks.

Finally, we investigate a third dimension of borrowers’ characteristics, namely the

country where the borrower is headquartered, and examine whether, following a shock,

14These sectors include manufacturing energy supply, construction, wholesale and retail trade, ac-
commodation and food services, transport and storage, business and administrative activities, arts,
entertainment, and recreation. Given this classification, the borrowers with the following NACE codes
are classified as “high risk” and thus take the value of one: C, D, F, G, H, I, N, and R.
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banks differentiate between domestic and non-domestic borrowers. To this end, in column

(3) of Table 8, we include a triple interaction (Postt × LowCapi × Domesticj) where

Domestic takes the value of one if the headquarters of the firm coincides with the country

where the bank is headquartered and zero otherwise. Interestingly, we find no evidence of

retrenchment. Unlike in other studies (Giannetti and Laeven, 2012), there is no evidence

of a flight home or of portfolio rebalancing toward banks’ domestic markets after the

COVID-19 shock.

[ Insert Table 8 ]

The lending contraction among capital-constrained IRB banks was not uniform: it was

concentrated on exposures with limited credit risk mitigation and on borrowers in the

sectors most severely affected by the pandemic. This selectivity suggests that IRB mod-

els functioned as designed, accurately identifying the riskiest counterparties and reducing

exposures accordingly—consistent with the microprudential objective of capital regula-

tion. Yet this same mechanism raises macroprudential concerns: by withdrawing credit

precisely from the most vulnerable borrowers, capital-constrained IRB banks risk ampli-

fying the crisis’s macroeconomic consequences, tightening corporate funding at precisely

the moment it is most needed.

8 Ruling Out Alternative Explanations

We documented that model-based capital regulation led to a contraction in bank lending

during the COVID-19 shock. We now examine three alternative channels that could

account for this pattern: differences in risk-management capabilities across IRB banks

(Section 8.1), the intrinsic procyclicality of credit markets (Section 8.2), and indirect

government support (Section 8.3). We find no evidence that any of these alternatives
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drives our main results.

8.1 Different risk management abilities

We further assess the robustness of our results by examining whether heterogeneity in

risk-management capabilities contributed to the sharper contraction in credit supply by

low-capitalized IRB banks relative to other IRB banks. Specifically, we argue that differ-

ences in banks’ ability to identify and process emerging risks may have affected the timing

of their response to the COVID-19 shock. To investigate this hypothesis, we replicate our

baseline analyses excluding the first quarter of 2020 and compare the lending behavior

of low- and high-capitalized IRB banks during 2019 (the pre-treatment period) and the

second and third quarters of 2020 (the treatment period). The underlying rationale is

that the pandemic represented a sudden and largely unanticipated shock, and that, in its

initial phase, many European banks may not have fully internalized its macroeconomic

and financial implications. By contrast, following March 2020, the severity and persis-

tence of the COVID-19 crisis had become widely recognized, thereby reducing informa-

tional frictions across banks and enabling a more uniform assessment of pandemic-related

risks.

The results from estimating equation (1) using the revised pre-treatment period are

reported in Table 9, columns (1)–(3). For loans and securities, the estimates strongly cor-

roborate our baseline findings, documenting a pronounced contraction in credit supply

by low-capitalized IRB banks relative to other IRB banks following March 2020. Im-

portantly, these results indicate that the observed divergence in lending behavior is not

driven by a more rapid adjustment to COVID-19 by better-capitalized banks. Instead,

the effect persists after excluding the initial phase of the pandemic and appears to be
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structurally linked to differences in capital buffers. In particular, low-capitalized IRB

banks face tighter constraints in absorbing the increase in risk-sensitive capital require-

ments implied by IRB models, leading to a sustained reduction in credit supply.

[ Insert Table 9 ]

8.2 Procyclicality

A large theoretical and empirical literature argues that the adoption of IRB models ampli-

fies the procyclicality of bank lending (Danielsson et al., 2001; Kashyap and Stein, 2004;

Repullo and Suarez, 2013). Accordingly, we must consider whether the adverse lending

dynamics we document reflect the interaction between model-based regulation and the

credit-cycle phase, rather than the independent effect of IRB-driven capital constraints.

Importantly, this issue has not been addressed in prior empirical studies of model-based

regulation, which typically focus on a single country and therefore lack sufficient variation

in macro-financial conditions. By contrast, the cross-country dimension of our dataset

allows us to explicitly examine how IRB adoption interacts with credit-cycle conditions

across euro-area countries.

We partition the sample into two groups of euro-area countries based on pre-pandemic

credit conditions. The first group comprises countries that were already experiencing a

downturn in credit growth prior to the outbreak of COVID-19, defined as having a credit

growth-to-GDP growth ratio below the euro-area average. The second group includes

countries with above-average credit growth over the same period. We then augment

equation (1) with a triple interaction term (Postt × LowCapi × Country Groupi), and

estimate the model on the large exposures sample, restricting attention to borrowers with

multiple lending relationships.15 Consistent with our baseline identification strategy, we

15In each sub-sample, we include the bank-borrower relationship among banks in that same group of
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compare lending behavior across low- and high-capitalized IRB banks within each country

group.

The results, reported in Table 9, columns 4 to 6, confirm that low-capitalized IRB

banks reduce their exposures relative to better-capitalized IRB banks following the onset

of the COVID-19 pandemic, even after controlling for heterogeneous credit-cycle condi-

tions across countries. While the magnitude of the effect varies with the credit cycle

phase, the core finding associated with the Postt ×LowCapi interaction remains robust.

These results indicate that our main conclusions are not driven by differential exposure

to procyclical credit dynamics, but rather reflect binding capital constraints faced by

low-capitalized IRB banks in the wake of a large, adverse shock.

8.3 The indirect effect of government guarantees

Finally, we examine whether government guarantee schemes may have indirectly affected

banks’ portfolios of large exposures. As documented in Appendix A, large exposures

received negligible direct support from public guarantee programs during the COVID-19

outbreak, limiting potential bias that would arise if our analysis focused on guaranteed

lending segments such as SMEs. Nevertheless, government guarantees extended to other

credit portfolios could have indirectly influenced IRB banks’ lending decisions toward

large borrowers by relaxing capital constraints elsewhere on the balance sheet.

To account for this channel, we compute, for each bank i, the share of loans covered

by public guarantees relative to total lending and include this measure as an additional

control in our empirical specifications. This approach allows us to capture the possibility

that guaranteed SME lending—characterized by lower effective risk weights and reduced

countries. Thus, we do not include the case of a multiple-lending relationship in which the first lending
bank is from a high-growth country and the second lending bank is from a low-growth country.
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capital absorption—freed up regulatory capital that could be reallocated to support large

exposures. We then re-estimate our main specifications from Table 2, Table 4 and Table

8 and report the findings in Table 10. For ease of comparison, column (1) reproduces

the baseline estimates, while column (2) presents the results after explicitly controlling

for government guarantees. Across specifications, our main findings remain unchanged,

confirming that the contraction in large-exposure lending by low-capitalized IRB banks

is not driven by indirect effects of public guarantee schemes.

[ Insert Table 10 ]

9 Conclusions

When the economy is hit by a severe shock—such as the COVID-19 pandemic—the

banking system plays a critical role in channeling funds to viable firms with temporary

liquidity needs. We document that model-based capital regulation constrains this inter-

mediation function: IRB banks operating close to their minimum capital requirements

curtailed credit supply significantly more than their well-capitalized peers when the pan-

demic struck, a feature that we do not find for SA banks, therefore suggesting that

model-based regulation is a critical factor behind these results. While heightened risk

sensitivity supports the financial soundness of individual banks and aligns with the objec-

tives of microprudential supervision, it simultaneously generates a procyclical tightening

of credit conditions precisely when the real economy most needs financing.

We also show that this credit contraction does not reflect efficient reallocation. Firms

that continued to receive credit from less-constrained banks achieved no better long-run

outcomes, and there is no evidence of zombie lending. Additional credit neither improved

firms’ long-run performance nor reduced their future financing needs, suggesting that
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the contraction reflects a binding regulatory constraint rather than superior borrower

screening.

Finally, we identify a tractable lever within the IRB framework that can meaningfully

dampen this procyclicality. Appropriate calibration of the Downturn LGD parameter,

requiring banks to anchor their loss estimates to historical stress episodes, enables insti-

tutions to build a pre-shock capital buffer that absorbs the sudden rise in requirements

during downturns, reducing pressure to curtail lending and thereby supporting macroe-

conomic stability.

Taken together, our results reaffirm a core dilemma in bank capital regulation: frame-

works calibrated to prevailing risk conditions bolster the resilience of individual banks,

yet they also intensify procyclical credit tightening precisely when funding is most es-

sential. The novel contribution of our paper is to show that this dilemma need not be

managed through stark, either-or regulatory choices. Instead, parameter-level design deci-

sions—above all, the use of conservative Downturn LGD calibration—provide supervisors

with a targeted tool that enables them to foster both bank robustness and the continuity

of credit supply at the same time, without trading off microprudential soundness against

macroprudential stability.
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Mésonnier, J.-S. and Monks, A. (2015), ‘Did the EBA capital exercise cause a credit

crunch in the euro area?’, International Journal of Central Banking 40, 75–117.

Myers, S. C. and Majluf, N. S. (1984), ‘Corporate financing and investment decisions when

firms have information that investors do not have’, Journal of Financial Economics

13(2), 187–221.
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Figure 1:
Overall Amount of Large Exposure Portfolio of IRB Banks

The figure plots the time-series evolution of aggregate large exposure portfolios for IRB banks,
classified into four groups based on capital strength and the severity of TRIM findings related to the
Downturn LGD parameter: (1) well-capitalized banks with non-severe DLGD findings (LowCapi = 0,
HighSeverityi = 0); (2) well-capitalized banks with severe DLGD findings (LowCapi = 0,
HighSeverityi = 1); (3) low-capitalized banks with non-severe DLGD findings (LowCapi = 1,
HighSeverityi = 0); and (4) low-capitalized banks with severe DLGD findings (LowCapi = 1,
HighSeverityi = 1). Panel A plots total on-balance-sheet credit exposures; Panel B plots total loans.
Variables are defined in Appendix B.

Panel A: On-Balance Sheet

Panel B: Loans & Securities
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Figure 2:
Difference in Means between Low and High capitalized IRB Banks

This figure shows the pre-treatment mean comparisons between the treated (LowCapi=1) and control
groups (LowCapi=0). The sample is restricted to multiple-lending relationships in which the borrower
is associated with at least one low capitalized IRB bank and one high capitalized IRB bank. We
test the equality of means of the two groups. Panel (a) refers to the average quarterly growth
rates (LogYi,j,t − LogYi,j,t−1) of On-Balance Sheet exposures over the four quarters pre-shock (i.e.,
2019Q2-2020Q1); Panel (b) refers to Loans and Securities. Variables are defined in Appendix B.
Confidence bands are at the 5th and 95th percentiles.

Panel A: On-Balance Sheet

Panel B: Loans & Securities
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Figure 3:
Difference in Means between Low-capitalized IRB Banks with Low and

High-severity Findings on the Downturn LGD Parameter

The figure provides pre-treatment mean comparisons between IRB banks identified as having an
unsatisfactory internal model with respect to the Downturn LGD parameter—defined as banks receiving
two or more findings or at least one finding of high or very high impact, i.e., F3 or F4 severity
(High Severity =1)—and IRB banks with a satisfactory model—defined as banks receiving fewer
than two findings, none of which carries high or very high impact, i.e. F1 or F2 (High Severity =0).
We test the equality of means of the two groups. Panels (a) refers to the average quarterly growth
rates (LogYi,j,t − LogYi,j,t−1) of On-Balance Sheet exposures over the four quarters pre-shock (i.e.,
2019Q2-2020Q1); Panel (b) refers to Loans and Securities. Variables are defined in Appendix B.
Confidence bands are at the 5th and 95th percentiles.

Panel A: On-Balance Sheet

Panel B: Loans & Securities
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Figure 4:
Ex-Post Quality of Lending Decisions:

Coefficient estimates of triple interaction

The figure plots estimates from equation (3), replacing Post i with year indicators. The dependent
variable is Return on Assets (ROA). Credit Restrictionj equals one for borrowers whose loan growth
ratio between 2019Q4 and 2020Q2 (Lj,2020Q2/Lj,2019Q4) falls below the median, capturing the largest
loan reductions from IRB banks around the COVID-19 shock; Credit Expansionj is defined analogously
for borrowers above the median. LowCapj (HighCapj) equals one if borrower j’s primary lender is an
IRB bank in the bottom (top) quartile of the 2019Q4 Capital Surplus distribution, and zero otherwise.
The primary lender of borrower j is the bank with the largest share of total lending (Li,j,t/

∑n
z=1 Lz,j,t).

Plotted coefficients correspond to I (year = t) × Credit Restrictionj × LowCapj for t = 2016, . . . , 2024.
Variable definitions are in Appendix B. Confidence bands are at the 5th and 95th percentiles.

Panel A: Coefficient of the triple interaction: I (year = t)× CreditExpansion×HighCap

Panel B: Coefficient of the triple interaction: I (year = t)× CreditRestrictionj × LowCapj
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Table 1
Summary Statistics

This table reports summary statistics for the variables used in the analysis, including the number of observations (N), mean, median, and standard deviation
(SD). The sample consists of all banks operating under the Internal Ratings–Based (IRB) approach whose internal models are validated by EU supervisory
authorities. We distinguish between low-capitalized IRB banks in the treatment group (LowCapi = 1) and high-capitalized IRB banks in the control group
(LowCapi = 0). The treatment group comprises banks in the bottom quartile of the Capital Surplus distribution, defined as the Common Equity Tier 1 (CET 1)
ratio minus total SREP capital requirements, measured as of 2019Q4. All variables are defined in Appendix B. Amounts are presented in e millions (Mln) for
bank–firm-level and borrower-level variables, with the exception of Total Assets, which are expressed in e billions (Bln). Ratios are given in percent.

All IRB banks Low-capitalized High-capitalized

N Mean Median SD N Mean Median SD N Mean Median SD

Panel A. Bank–firm level variables

Loan Commitments (Mln) 4,704 295 219 275 2,490 353 299 274 2,214 229 140 262
Loans (Mln) 4,860 533 262 895 2,520 424 248 503 2,340 651 283 1,168
Total Off-Balance Sheet (Mln) 4,611 498 379.35 418 2,492 547 432 412 2,119 441 324 417
Total On-Balance Sheet (Mln) 4,860 595 310 925 2,520 512 300 612 2,340 683 320 1,165

Panel B. Bank-level variables

Capital Surplus (%) 4,860 8.41 7.77 2.32 2,520 6.89 6.72 0.97 2,340 10.04 9.54 2.23
Deposit Ratio (%) 4,860 61.30 64.46 12.83 2,520 56.42 50.99 12.65 2,340 66.56 65.94 10.79
Large Exposure Size (%) 4,860 0.64 0.24 1.35 2,520 0.35 0.19 0.36 2,340 0.97 0.31 1.85
ROA (%) 4,860 0.46 0.44 0.11 2,520 0.45 0.43 0.07 2,340 0.46 0.46 0.14
RWA Density (%) 4,860 25.02 24.87 4.27 2,520 25.70 26.01 3.93 2,340 24.28 23.66 4.49
Total Assets (Bln) 4,860 1,081.62 887.57 744.61 2,520 1,314.34 1,296.94 749.86 2,340 830.99 691.12 651.96

Panel C. Borrower-level variables

Intangible Fixed Assets (Mln) 4,635 38,419 20,769 46,122 2,400 40,869 23,963 48,256 2,235 35,788 19,230 43,573
Other Current Assets (Mln) 4,620 24,596 11,982 38,016 2,385 24,038 12,640 33,742 2,235 25,192 10,953 42,101
ROA (%) 4,539 1.64 1.90 5.97 2,355 1.70 2.12 6.01 2,184 1.58 1.82 5.94
Tangible Fixed Assets (Mln) 4,635 26,691 11,307 37,109 2,400 27,846 12,181 37,433 2,235 25,451 10,131 36,726
Trade Receivables (Mln) 4,620 6,498 3,450 8,759 2,385 6,938 4,404 9,231 2,235 6,030 2,911 8,203
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Table 2
The Risk-Sensitivity of IRB Parameters

This table reports results for the model in equation (1). The outcome variables are quarterly growth rates
of On-Balance Sheet credit exposures (Columns 1-3) and Loans & Securities (Columns 4-6). Postt takes
the value of one for the 2020Q2-2020Q3 period and zero for the 2019Q2-2020Q1 period. LowCapi takes
the value of one for IRB banks in the first quartile of the Capital Surplus variable (as of 2019Q4) and zero
otherwise. The sample focuses on large exposures and is restricted to multiple-lending relationships in
which the borrower is associated with at least one IRB bank classified as low-capitalized (LowCapi=1)
and an IRB bank in the control group (LowCapi=0). In Panel A, we include the control variables
(Xi,t−1) to account for the influence of banks’ size, profits, funding, risk, and large-exposure size. Panels
B and C are two robustness checks: First, we interact control variables with the Post variables to
capture the effect of Covid-19 on the control variables (Panel B). We report only the interaction terms;
estimates for the control variables alone are available upon request from the authors. In Panel C,
we use a Coarsened Exact Matching (CEM) approach to pair IRB LowCapi banks with other IRB
banks on observable variables, including Total Assetsi,t, Loans Growthi,t, Loan-to-Asset ratioi,t, and
Securities-to-Asset ratioi,t. Variables are defined in Appendix B. Variables are winsorized at the 5%
level. Clustered standard errors at the bank level in parentheses. *, **, and *** indicate significance at
the 10%, 5%, and 1% levels, respectively.

Panel A On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0529∗∗∗ -0.0492∗∗∗ -0.0448∗∗∗ -0.0673∗∗∗ -0.0637∗∗∗ -0.0593∗∗∗

(0.0146) (0.0150) (0.0164) (0.0212) (0.0213) (0.0219)

Total Assetsi,t−1 0.0047 0.1505 0.0064 0.2984∗

(0.0053) (0.1294) (0.0053) (0.1547)

ROAi,t−1 0.0284 -0.0747 -0.0057 -0.2063
(0.0487) (0.1241) (0.0508) (0.1807)

Deposit Ratioi,t−1 0.0014∗∗∗ -0.0023 0.0016∗∗∗ -0.0027
(0.0004) (0.0055) (0.0005) (0.0059)

RWA Densityi,t−1 0.0026∗∗ 0.0037 0.0019 -0.0045
(0.0012) (0.0074) (0.0012) (0.0121)

Large Exposure Sizei,j,t−1 -0.0049 -0.0146∗∗ -0.0026 -0.0099∗

(0.0049) (0.0058) (0.0046) (0.0057)

Observations 4,860 4,860 4,860 4,860 4,860 4,860
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE No No Yes No No Yes

Panel B On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0425∗∗ -0.0435∗∗∗ -0.0576∗∗ -0.0582∗∗∗ -0.0514∗∗∗ -0.0669∗∗∗

(0.0197) (0.0145) (0.0222) (0.0171) (0.0177) (0.0234)

Postt × Total Assetsi,t−1 0.0211 0.0194 0.0257∗ 0.0261∗ 0.0304∗∗∗ 0.0316∗∗

(0.0171) (0.0134) (0.0152) (0.0147) (0.0110) (0.0151)

Postt ×ROAi,t−1 -0.1701∗ -0.0524 -0.1362 -0.2641∗∗∗ -0.1966 -0.2406∗∗

(0.1009) (0.0991) (0.1002) (0.0971) (0.1170) (0.1139)

Postt ×Deposit Ratioi,t−1 0.0006 0.0009 0.0013 0.0016 0.0026∗∗∗ 0.0028∗∗∗

(0.0010) (0.0009) (0.0010) (0.0010) (0.0008) (0.0009)

Postt ×RWA Densityi,t−1 0.0063∗∗ 0.0018 0.0044 0.0097∗∗∗ 0.0074∗ 0.0087∗∗

(0.0029) (0.0027) (0.0030) (0.0030) (0.0038) (0.0034)

Postt × Large Exposure Sizei,j,t−1 0.0319∗∗∗ 0.0086 0.0091 0.0310∗∗∗ 0.0096 0.0098
(0.0048) (0.0055) (0.0059) (0.0054) (0.0071) (0.0078)

Observations 4,860 4,860 4,860 4,860 4,860 4,860
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes
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Panel C On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0436∗∗∗ -0.0451∗∗∗ -0.0619∗∗ -0.0445∗∗ -0.0429∗∗ -0.0677∗∗

(0.0121) (0.0137) (0.0270) (0.0142) (0.0145) (0.0220)

Total Assetsi,t−1 0.0137 -0.0909 0.0324 -0.3382
(0.0197) (0.2564) (0.0209) (0.3913)

ROAi,t−1 0.1731 0.0299 -0.1192 -0.4761
(0.2101) (0.2650) (0.2273) (0.5424)

Deposit Ratioi,t−1 0.0014 -0.0039 0.0032∗∗ -0.0111
(0.0009) (0.0104) (0.0013) (0.0098)

RWA Densityi,t−1 -0.0059 -0.0327 -0.0029 -0.0346
(0.0054) (0.0273) (0.0068) (0.0367)

Large Exposure Sizei,t−1 -0.0116 -0.0181 -0.0075 -0.0149
(0.0292) (0.0177) (0.0264) (0.0111)

Observations 1,914 1,914 1,914 1,914 1,914 1,914
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE No No Yes No No Yes
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Table 3
The Risk-Sensitivity of IRB Parameters:

A Placebo Test on Banks using the Standardized Approach

This table replicates Table 2, focusing on banks using the Standardized Approach. The outcome
variables, bank-level controls, and Postt are the same as Table 2 and are defined in Appendix B.
LowCapi takes the value of one for SA banks in the first quartile of the Capital Surplus vari-
able (as of 2019Q4) and zero otherwise. The sample focuses on large exposures and is restricted
to multiple-lending relationships in which the borrower is associated with at least one SA bank
classified as low-capitalized (LowCapi=1) and an SA bank in the control group (LowCapi=0). In
Panel A, we include the control variables. Panels B and C are two robustness checks. First, we
interact the control variables with the post variables to capture the effect of Covid-19 on the control
variables (Panel B). We report only the interaction terms; estimates for the control variables alone
are available upon request from the authors. In Panel C, we use a Coarsened Exact Matching
(CEM) approach to pair SA LowCapi banks with other SA banks on observable variables, including
Total Assetsi,t, Loans Growthi,t, Loan-to-Asset ratioi,t, and Securities-to-Asset ratioi,t. Variables are
defined in Appendix B. Variables are winsorized at the 5% level. Clustered standard errors at the
bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt × LowCapi 0.0014 0.0010 -0.0004 0.0013 0.0007 -0.0002
(0.0104) (0.0101) (0.0117) (0.0104) (0.0100) (0.0119)

Total Assetsi,t−1 -0.0004 -0.1610 -0.0005 -0.1560
(0.0020) (0.1168) (0.0022) (0.1106)

ROAi,t−1 -0.0150 -0.0335 -0.0151 -0.0393
(0.0092) (0.0235) (0.0115) (0.0251)

Deposit Ratioi,t−1 -0.0001 -0.0019∗∗ 0.0000 -0.0018∗

(0.0001) (0.0010) (0.0001) (0.0010)

RWA Densityi,t−1 -0.0005∗∗ -0.0010 -0.0007∗∗∗ -0.0012
(0.0002) (0.0015) (0.0002) (0.0016)

Large Exposure Sizei,j,t−1 -0.0003 -0.0055∗∗∗ -0.0003 -0.0058∗∗∗

(0.0003) (0.0014) (0.0003) (0.0015)

Observations 2,100 2,100 2,100 2,100 2,100 2,100
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower x Time FE No No Yes No No Yes

Panel B On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0058 -0.0008 -0.0024 -0.0072 -0.0021 -0.0035
(0.0119) (0.0109) (0.0128) (0.0130) (0.0122) (0.0141)

Postt × Total Assetsi,t−1 -0.0026 -0.0044 -0.0039 -0.0029 -0.0046 -0.0042
(0.0041) (0.0041) (0.0045) (0.0045) (0.0045) (0.0049)

Postt ×ROAi,t−1 0.0103 0.0069 0.0026 0.0020 -0.0016 -0.0061
(0.0249) (0.0270) (0.0282) (0.0264) (0.0281) (0.0298)

Postt ×Deposit Ratioi,t−1 -0.0000 0.0001 -0.0000 0.0001 0.0002 0.0002
(0.0002) (0.0002) (0.0003) (0.0003) (0.0002) (0.0003)

Postt ×RWA Densityi,t−1 -0.0001 -0.0001 0.0000 -0.0003 -0.0003 -0.0002
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

Postt × Large Exposure Sizei,j,t−1 0.0002 0.0001 0.0001 0.0003 0.0001 0.0001
(0.0004) (0.0005) (0.0005) (0.0004) (0.0005) (0.0005)

Observations 2,100 2,100 2,100 2,100 2,100 2,100
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes No Yes Yes No Yes
Borrower x Time FE No Yes Yes No Yes Yes
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Panel C On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0031 -0.0017 0.0119 -0.0017 -0.0005 0.0135
(0.0179) (0.0182) (0.0215) (0.0179) (0.0183) (0.0216)

Total Assetsi,t−1 -0.0026 0.0286 -0.0049 0.0042
(0.0026) (0.0550) (0.0033) (0.0569)

ROAi,t−1 0.0088 -0.0653∗ 0.0097 -0.0801∗∗

(0.0122) (0.0383) (0.0127) (0.0395)

Deposit Ratioi,t−1 0.0001 -0.0057 0.0001 -0.0070∗

(0.0002) (0.0040) (0.0002) (0.0038)

RWA Densityi,t−1 -0.0014∗∗ 0.0009 -0.0015∗∗∗ 0.0010
(0.0005) (0.0032) (0.0005) (0.0035)

Large Exposure Sizei,t−1 -0.0018∗∗∗ -0.0113∗∗ -0.0017∗∗∗ -0.0116∗∗

(0.0004) (0.0051) (0.0004) (0.0056)

Observations 798 798 798 798 798 798
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower Time FE No No Yes No No Yes
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Table 4
Opening the Black Box of IRB model:

The Effect of IRB Parameters on Credit Exposures

The table reports estimates from equation (2). Each panel examines a distinct IRB model parameter: Downturn LGD
(Panel A), Long-Run Average Default Rate (Panel B), and Realized LGD (Panel C). For each of these three parameters,
we built the variable HighSeverity, which takes the value of one for banks with at least one finding having a high (F3) or
very high (F4) impact or if a bank received three or more findings with a low (F1) or moderate severity (F2) impact in
relation to a given IRB parameter, and zero otherwise. The outcome variables, bank-level controls, and Postt are the same
as Table 2 and are defined in Appendix B. The sample focuses on large exposures and is restricted to multiple-lending
relationships in which the borrower is associated with at least one IRB bank classified as low-capitalized (LowCapi=1)
and an IRB bank in the control group (LowCapi=0). Clustered standard errors at the bank level are in parentheses. *,
**, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Downturn LGD

On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt ×HighSeverityi × LowCapi -0.0714∗∗ -0.0708∗∗ -0.0795∗∗ -0.0729∗∗ -0.0726∗∗ -0.0733∗∗

(0.0334) (0.0337) (0.0323) (0.0293) (0.0307) (0.0327)

Postt ×HighSeverityi 0.0515∗∗ 0.0492∗∗ 0.0550∗∗ 0.0633∗∗∗ 0.0613∗∗∗ 0.0569∗

(0.0225) (0.0222) (0.0232) (0.0199) (0.0215) (0.0288)

Postt × LowCapi 0.0282 0.0318 0.0223 -0.0022 0.0005 -0.0103
(0.0271) (0.0278) (0.0269) (0.0247) (0.0257) (0.0250)

Total Assetsi,t−1 0.0097 -0.1435 0.0072 -0.0393
(0.0085) (0.2184) (0.0067) (0.1854)

ROAi,t−1 -0.0976∗∗ -0.1970 -0.1114∗∗ -0.1850
(0.0432) (0.1609) (0.0445) (0.2014)

Deposit Ratioi,t−1 0.0016∗∗∗ -0.0022 0.0011∗∗ -0.0000
(0.0005) (0.0062) (0.0005) (0.0067)

RWA Densityi,t−1 0.0028∗∗ -0.0053 0.0028∗ -0.0115
(0.0012) (0.0101) (0.0014) (0.0116)

Large Exposure Sizei,t−1 -0.0027 -0.0196 0.0017 -0.0140
(0.0064) (0.0118) (0.0056) (0.0101)

Observations 4,542 4,542 4,542 4,542 4,542 4,542
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE Yes Yes Yes Yes Yes Yes

Panel B: Long-Run Average Default Rate

On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt ×HighSeverityi × LowCapi 0.0308 0.0323 0.0122 0.0184 0.0191 -0.0114
(0.0438) (0.0443) (0.0404) (0.0433) (0.0441) (0.0337)

Postt ×HighSeverityi 0.0033 0.0033 0.0054 0.0118 0.0111 0.0169
(0.0260) (0.0264) (0.0251) (0.0280) (0.0285) (0.0250)

Postt × LowCapi -0.0156 -0.0140 -0.0082 -0.0314 -0.0297 -0.0230
(0.0488) (0.0494) (0.0455) (0.0456) (0.0464) (0.0359)

Total Assetsi,t−1 -0.0056 -0.2773 0.0001 -0.3935
(0.0071) (0.2248) (0.0078) (0.2398)

ROAi,t−1 0.0174 -0.1608 -0.0331 -0.2743
(0.0322) (0.1655) (0.0413) (0.2024)

Deposit Ratioi,t−1 0.0005 -0.0010 0.0004 0.0001
(0.0005) (0.0044) (0.0006) (0.0048)

RWA Densityi,t−1 0.0018 -0.0054 0.0029∗∗ -0.0153
(0.0012) (0.0091) (0.0013) (0.0101)

Large Exposure Sizei,t−1 -0.0280∗ -0.0624∗∗∗ -0.0194 -0.0565∗∗∗

(0.0138) (0.0095) (0.0149) (0.0118)

Observations 2,868 2,868 2,868 2,868 2,868 2,868
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE Yes Yes Yes Yes Yes Yes
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Panel C: Realized LGD

Total On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt ×HighSeverityi × LowCapi -0.0453 -0.0481 -0.0626 -0.0355 -0.0388 -0.0526
(0.0430) (0.0424) (0.0428) (0.0414) (0.0413) (0.0430)

Postt ×HighSeverityi 0.0639∗ 0.0611∗ 0.0655∗ 0.0750∗∗ 0.0762∗∗ 0.0648∗

(0.0342) (0.0347) (0.0339) (0.0349) (0.0367) (0.0360)

Postt × LowCapi 0.0304 0.0335 0.0268 -0.0030 0.0008 -0.0157
(0.0406) (0.0410) (0.0372) (0.0471) (0.0492) (0.0434)

Total Assetsi,t−1 0.0183∗ -0.0808 0.0150 -0.2513
(0.0090) (0.2530) (0.0091) (0.2932)

ROAi,t−1 -0.0087 -0.1487 -0.0273 -0.1004
(0.0639) (0.1557) (0.0936) (0.1859)

Deposit Ratioi,t−1 0.0022∗ -0.0065 0.0016 -0.0099
(0.0012) (0.0094) (0.0014) (0.0083)

RWA Densityi,t−1 -0.0021 -0.0115 -0.0006 -0.0164
(0.0028) (0.0120) (0.0034) (0.0127)

Large Exposure Sizei,t−1 -0.0062 -0.0434∗∗ -0.0011 -0.0343∗∗

(0.0184) (0.0181) (0.0169) (0.0145)

Observations 822 822 822 822 822 822
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE Yes Yes Yes Yes Yes Yes
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Table 5
Opening the Black Box of IRB model: the Effect of IRB Parameters on

Credit Exposures (Matched Samples)

This table replicates Table 4 using a Coarsened Exact Matching (CEM) approach to pair IRB banks that received
severe findings regarding the Downturn LGD with IRB banks that did not receive such findings based on Total Assetsi,t,
Loans Growthi,t, Loan-to-Asset ratioi,t, and Securities-to-Asset ratioi,t. As usual, we built the variable HighSeverity,
which takes the value of one for banks with at least one finding having a high (F3) or very high (F4) impact or if a bank
received three or more findings with a low (F1) or moderate severity (F2) impact in relation to a given IRB parameter,
and zero otherwise. The outcome variables, bank-level controls, and Postt are the same as Table 2 and are defined
in Appendix B. The sample focuses on large exposures and is restricted to multiple-lending relationships in which the
borrower is associated with at least one IRB bank classified as low-capitalized (LowCapi=1) and an IRB bank in the
control group (LowCapi=0). Clustered standard errors at the bank level are in parentheses. *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Downturn LGD

On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt ×HighSeverityi × LowCapi -0.0946∗∗∗ -0.0977∗∗∗ -0.0980 -0.1016∗∗∗ -0.1144∗∗∗ -0.1556∗∗

(0.0109) (0.0194) (0.0664) (0.0180) (0.0211) (0.0681)

Postt ×HighSeverityi 0.0477∗∗∗ 0.0500∗∗∗ 0.0466 0.0548∗∗ 0.0629∗∗∗ 0.0825
(0.0109) (0.0137) (0.0486) (0.0180) (0.0173) (0.0471)

Postt × LowCapi 0.0692 0.0726 0.0625 0.0089 0.0169 0.0216
(0.0585) (0.0537) (0.0518) (0.0594) (0.0569) (0.0467)

Total Assetsi,t−1 -0.0060 -0.3898 -0.0005 -0.5148
(0.0323) (0.4410) (0.0289) (0.3298)

ROAi,t−1 -0.0229 0.2355 -0.1235 -0.1774
(0.2339) (0.4966) (0.2247) (0.4956)

Deposit Ratioi,t−1 0.0010 -0.0004 -0.0002 -0.0075
(0.0015) (0.0192) (0.0017) (0.0180)

RWA Densityi,t−1 0.0029 -0.0324 0.0064 -0.0277
(0.0088) (0.0191) (0.0089) (0.0198)

Large Exposure Sizei,t−1 -0.0191 -0.0181 -0.0166 -0.0142
(0.0256) (0.0281) (0.0193) (0.0210)

Observations 1,236 1,236 1,236 1,236 1,236 1,236
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE Yes Yes Yes Yes Yes Yes

Panel B: Long-Run Average Default Rate

On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt ×HighSeverityi × LowCapi 0.0624 0.0613 0.0295 0.0463 0.0438 -0.0018
(0.0574) (0.0565) (0.0445) (0.0599) (0.0604) (0.0363)

Postt ×HighSeverityi -0.0342 -0.0322 -0.0176 -0.0249 -0.0239 0.0004
(0.0222) (0.0230) (0.0239) (0.0268) (0.0284) (0.0270)

Postt × LowCapi -0.0575 -0.0545 -0.0424 -0.0649 -0.0615 -0.0447
(0.0646) (0.0642) (0.0537) (0.0638) (0.0647) (0.0469)

Total Assetsi,t−1 0.0050 -0.3732 0.0132 -0.5087
(0.0147) (0.3464) (0.0155) (0.3211)

ROAi,t−1 -0.0602 -0.2210 -0.1003 -0.4183
(0.0446) (0.2715) (0.0663) (0.2740)

Deposit Ratioi,t−1 0.0018∗∗ -0.0001 0.0012 0.0005
(0.0008) (0.0061) (0.0009) (0.0065)

RWA Densityi,t−1 0.0011 -0.0205 0.0030∗ -0.0340∗

(0.0012) (0.0144) (0.0017) (0.0168)

Large Exposure Sizei,t−1 -0.0351 -0.0715∗∗∗ -0.0237 -0.0650∗∗∗

(0.0259) (0.0179) (0.0260) (0.0183)

Observations 1,866 1,866 1,866 1,866 1,866 1,866
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE Yes Yes Yes Yes Yes Yes
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Panel C: Realized LGD

On-Balance Sheet Loans & Securities

(1) (2) (3) (4) (5) (6)

Postt ×HighSeverityi × LowCapi -0.0467 -0.0348 -0.0158 -0.0634 -0.0525 -0.0249
(0.0649) (0.0685) (0.0738) (0.0472) (0.0476) (0.0441)

Postt ×HighSeverityi 0.0584 0.0531 0.0736 0.0886∗∗ 0.0743 0.0866∗

(0.0440) (0.0441) (0.0396) (0.0368) (0.0498) (0.0424)

Postt × LowCapi 0.0009 -0.0003 -0.0229 -0.0563 -0.0637 -0.0981∗∗

(0.0748) (0.0693) (0.0531) (0.0641) (0.0592) (0.0327)

Total Assetsi,t−1 0.0285 -0.3776 0.0047 -0.7848
(0.0202) (0.4534) (0.0303) (0.4340)

ROAi,t−1 0.0837 0.0313 0.1060 0.0340
(0.1420) (0.1234) (0.1558) (0.1507)

Deposit Ratioi,t−1 0.0028∗ -0.0042 0.0005 -0.0068
(0.0013) (0.0200) (0.0024) (0.0264)

RWA Densityi,t−1 0.0045 0.0233 -0.0008 0.0193
(0.0082) (0.0239) (0.0107) (0.0219)

Large Exposure Sizei,t−1 -0.0223 -0.0225 -0.0191 -0.0147
(0.0164) (0.0238) (0.0150) (0.0180)

Observations 372 372 372 372 372 372
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE Yes Yes Yes Yes Yes Yes
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Table 6
The Ex-post Effect on Lending Decisions

The table reports estimates from equation (3) using a panel of firms whose loans appear in the ECB’s
large exposure database over 2015–2024. The dependent variable is Return on Assets (ROA). Credit
Restrictionj is an indicator equal to one for borrowers whose loan growth ratio between 2019Q4
and 2020Q2 (Lj,2020Q2/Lj,2019Q4) falls below the median, capturing the largest loan reductions from
IRB banks around the COVID-19 shock. Credit Expansionj is defined analogously for borrowers
above the median. LowCapj (HighCapj) equals one if borrower j’s primary lender is an IRB bank
in the bottom (top) quartile of the 2019Q4 Capital Surplus distribution, and zero otherwise. The
primary lender of borrower j is the bank with the largest share of total lending (Li,j,t/

∑n
z=1 Lz,j,t).

Post equals one from 2020 onward and zero for 2015–2019. Variable definitions are in Appendix B.
Standard errors, clustered at the bank level, are reported in parentheses. * p < .1, ** p < .05, *** p < .01.

ROA

Panel A (1) (2) (3) (4)

Postt × CreditExpansionj ×HighCapj 1.3803 1.3641 0.6367 0.6049
(1.0711) (1.0677) (0.9199) (0.9382)

Postt × CreditExpansionj -0.5294 -0.5442 0.0465 0.0471
(0.9257) (0.9253) (0.7953) (0.8079)

Panel B (5) (6) (7) (8)

Postt × CreditRestrictionj × LowCapj 1.1907 1.2879 1.4786 1.5396
(1.0930) (1.0559) (0.9237) (0.9405)

Postt × CreditRestrictionj -1.6386 -1.7072∗ -1.8796∗∗ -1.8798∗∗

(1.0515) (1.0096) (0.8780) (0.8922)

Observations 6,092 6,080 6,089 6,077
Country × Year FE Yes Yes Yes Yes
Sector × Country FE Yes Yes Yes Yes
Primary Bank FE No Yes No Yes
Borrower FE No No Yes Yes
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Table 7
The Ex-post Effect on Borrowers’ investments

The table reports estimates from equation (3). The sample comprises all firms with loan exposures
recorded in the ECB Large Exposures database over the period 2015–2024. The dependent variables are
Trade Receivables (Column 1), Other Current Assets (Column 2), Tangible Fixed Assets (Column 3),
and Intangible Fixed Assets (Column 4). The outcome variables are expressed in logarithmic terms
(LogYj,t). The other variables are defined as in Table 6. Specifically, Credit Restrictionj is an indicator
equal to one for borrowers whose loan growth ratio between 2019Q4 and 2020Q2 (Lj,2020Q2/Lj,2019Q4)
falls below the median, capturing the largest loan reductions from IRB banks around the COVID-19
shock. Credit Expansionj is defined analogously for borrowers above the median. LowCapj (HighCapj)
equals one if borrower j’s primary lender is an IRB bank in the bottom (top) quartile of the 2019Q4
Capital Surplus distribution, and zero otherwise. The primary lender of borrower j is the bank with
the largest share of total lending (Li,j,t/

∑n
z=1 Lz,j,t). Post equals one from 2020 onward and zero for

2015–2019. Variable definitions are in Appendix B. Standard errors, clustered at the bank level, are
reported in parentheses. * p < .1, ** p < .05, *** p < .01.

Trade Other Current Tangible Intangible
Receivables Assets Fixed Assets Fixed Assets

Panel A (1) (2) (3) (4)

Postt × CreditExpansionj ×HighCapj 0.0474 0.4137∗∗∗ -0.2919∗∗ 0.0468
(0.1318) (0.0993) (0.1221) (0.0860)

Postt × CreditExpansionj -0.0184 -0.2353∗∗∗ 0.1941∗ -0.0694
(0.1203) (0.0881) (0.1082) (0.0827)

Panel B (5) (6) (7) (8)

Postt × CreditRestrictionj × LowCapj 0.1355 0.2496∗∗ -0.4482∗∗ 0.0298
(0.1568) (0.1092) (0.1951) (0.1147)

Postt × CreditRestrictionj -0.1049 -0.2875∗∗∗ 0.4497∗∗ -0.0190
(0.1532) (0.1062) (0.1929) (0.1116)

Observations 5,933 6,222 6,035 6,113
Country × Year FE Yes Yes Yes Yes
Sector × Country FE Yes Yes Yes Yes
Primary Bank FE No No No No
Borrower FE Yes Yes Yes Yes
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Table 8
The Risk-Sensitivity of IRB Parameters: Further Evidence

The table reports estimates from equation (3) augmented with a triple interaction. The outcome variables
are the quarterly growth rates of Loans & Securities. Postt takes the value of one for the 2020Q2-2020Q3
period and zero for the 2019Q2-2020Q1 period. LowCapi takes the value of one for banks in the first
quartile of the Capital Surplus variable (as of 2019Q4) and zero otherwise. The sample focuses on large
exposures and is restricted to multiple-lending relationships in which the borrower is associated with at
least one IRB bank classified as low-capitalized (LowCapi=1) and an IRB bank in the control group
(LowCapi=0). In Column 1, CRMj is a continuous variable calculated as the exposure value after
applying CRM of the bank i to borrower j in 2019Q2, divided by the value of the original exposure. In
Column 2, Most Affected j takes the value of one for those borrowers belonging to the NACE sectors: C,
D, F, G, H, I, N, and R. In Column 3, Domesticj equals 1 if the borrower and the bank are headquartered
in the same country. Variables are defined as in Appendix B. We only show estimates for the interaction
terms (Postt × Xi,t−1). Variables are winsorized at the 5% level. Clustered standard errors at the
bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Loans

(1) (2) (3)

Postt × LowCapi × CRMj -0.1994∗∗∗

(0.0624)
Postt × LowCapi ×Most Affectedj -0.0766∗∗∗

(0.0192)
Postt × LowCapi ×Domesticj 0.0357

(0.0468)
Postt × LowCapi 0.1075∗∗ -0.0133 -0.0838∗∗∗

(0.0526) (0.0211) (0.0232)
Postt × Total Assetsi,t−1 0.0127 0.0231∗ 0.0248∗∗

(0.0090) (0.0114) (0.0121)
Postt ×ROAi,t−1 -0.1265 -0.1363∗ -0.1353∗

(0.0797) (0.0766) (0.0773)
Postt ×Deposit Ratioi,t−1 0.0013 0.0021∗∗ 0.0021∗∗

(0.0008) (0.0009) (0.0009)
Postt ×RWA Densityi,t−1 0.0049∗∗ 0.0062∗∗ 0.0064∗∗∗

(0.0023) (0.0024) (0.0023)
Postt × Large Exposure Sizei,j,t−1 0.0218∗∗∗ 0.0284∗∗∗ 0.0295∗∗∗

(0.0058) (0.0054) (0.0060)

Observations 4,860 4,860 4,860
Bank-level controls Yes Yes Yes
Bank FE Yes Yes Yes
Borrower FE Yes Yes Yes
Time FE Yes Yes Yes
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Table 9
The Effect of COVID-19 on Large Exposures: Robustness Checks

This table reports results for the model in equation (1). The outcome variables are the quarterly growth
rates of Loans & Securities. Postt takes the value of one for the 2020Q2-2020Q3 period and zero
for the 2019Q2-2020Q1 period. LowCapi takes the value of one for banks in the first quartile of the
Capital Surplus variable (as of 2019Q4) and zero otherwise. The sample focuses on large exposures and
is restricted to multiple-lending relationships, where the borrower is associated with at least one IRB
bank classified as low-capitalized (LowCapi=1) and an IRB bank in the control group (LowCapi=0).
Variables are defined as in Appendix B. We only show estimates for the interaction terms (Postt×Xi,t−1).
The estimates of the control variables (Xi,t−1) are available upon request from the authors. Variables
are winsorized at the 5% level. In Columns 1 to 3, the quarter 2020Q1 was excluded. In Columns 4 to
6, Country Groupi takes the value of 1 if the country to which bank i belongs reports a ratio between
credit and GDP growth above the median in 2019Q4 and zero otherwise. Clustered standard errors
at the bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Loans & Securities

Omitting 2020Q1 Controlling for credit cycles

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0661∗∗∗ -0.0429∗∗ -0.0506∗∗ -0.0699∗∗ -0.1552∗∗∗ -0.1676∗∗∗

(0.0197) (0.0176) (0.0214) (0.0344) (0.0445) (0.0411)

Postt × Total Assetsi,t−1 0.0359∗∗∗ 0.0287∗∗ 0.0308∗∗ 0.0270∗ 0.0376∗∗∗ 0.0409∗∗

(0.0111) (0.0112) (0.0131) (0.0155) (0.0115) (0.0158)

Postt ×ROAi,t−1 -0.2147∗ -0.1311 -0.1819 -0.2747∗∗∗ -0.2352∗∗ -0.3088∗∗∗

(0.1247) (0.1270) (0.1246) (0.1009) (0.1150) (0.1113)

Postt ×Deposit Ratioi,t−1 0.0022∗∗∗ 0.0024∗∗∗ 0.0026∗∗∗ 0.0017 0.0035∗∗∗ 0.0036∗∗∗

(0.0008) (0.0008) (0.0008) (0.0010) (0.0008) (0.0011)

Postt ×RWA Densityi,t−1 0.0085∗∗ 0.0072∗ 0.0076∗∗ 0.0098∗∗∗ 0.0083∗∗ 0.0098∗∗∗

(0.0035) (0.0037) (0.0033) (0.0031) (0.0032) (0.0032)

Postt × Large Exposure Sizei,j,t−1 0.0302∗∗∗ 0.0100 0.0126 0.0299∗∗∗ 0.0015 0.0016
(0.0048) (0.0072) (0.0079) (0.0059) (0.0084) (0.0090)

Postt × LowCapi × Country Groupi 0.0141 0.1297∗∗ 0.1183∗∗

(0.0332) (0.0569) (0.0529)

Observations 4,050 4,050 4,050 4,860 4,860 4,860
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes No Yes Yes No Yes
Borrower×Time FE No Yes Yes No Yes Yes
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Table 10
Robustness check: Results With and Without
Public Guarantees included among controls

Column 1 reports the coefficients in Tables 2, 4 (panel A), and 8 (here in Panels A, B, and C, re-
spectively). Column (2) reports the estimated coefficients of the same model while also controlling for
Public Guarantees. For each bank i, Public Guarantees is a continuous variable calculated as the share
of loans covered by a public guarantee over the total amount of loans. The outcome variables are the
quarterly growth rates of Loans & Securities. Postt takes the value of one for the 2020Q2-2020Q3 period
and zero for the 2019Q2-2020Q1 period. LowCapi takes the value of one for banks in the first quartile
of the Capital Surplus variable and zero otherwise. We show the coefficients of the interactions of main
interest. CRMj , Most Affectedj and Domesticj are defined as in Table 8. Variables are defined in
Appendix B. The estimates for the control variables are available upon request to the authors. Clustered
standard errors at the bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%,
and 1% levels, respectively.

Loans & Securities

(1) (2)

Panel A: Table 2 re-estimation

Postt × LowCapi -0.0596∗∗∗ -0.0563∗∗

(0.0219) (0.0267)

Panel B: Table 4, panel A, re-estimation

Post t × HighSeverity i × LowCapi -0.0733∗∗∗ -0.1086∗∗∗

(0.0327) (0.0388)

Panel C: Table 8 re-estimation

Postt × LowCapi × CRMj -0.1994∗∗∗ -0.1983∗∗∗

(0.0624) (0.0628)
Postt × LowCapi ×Most Affectedj -0.0766∗∗∗ -0.0766∗∗∗

(0.0196) (0.0193)
Postt × LowCapi ×Domesticj 0.0357 0.0347

(0.0468) (0.0465)

Public Guarantees control No Yes
Bank-level controls Yes Yes
Bank FE Yes Yes
Borrower × Time FE Yes Yes
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Appendix A Government Guarantees

Table A1
Government Support during Covid

This table reports the credit exposure quotas that received government support during the COVID-19
pandemic. ”Quota of loans” is the ratio of guaranteed to total exposures. All figures are in percentage
points. The sample comprises 194 banks. Ranges are in Euro (e) million (mn). Source: Anacredit.

Quota of loans

2020Q2 2020Q3

Panel A: Euro Area

<e0.1mn 11.33 15.57
e0.1-10mn 8.45 11.05
e10-100mn 3.94 4.11
e100-250mn 7.01 4.79
>e250mn 0.82 1.71

Panel B: France

<e0.1mn 5.16 12.71
e0.1-10mn 6.73 11.59
e10-100mn 6.78 6.50
e100-250mn 9.08 1.32
>e250mn 0.08 0.07

Panel C: Germany

<e0.1mn 1.12 1.35
e0.1-10mn 3.56 4.04
e10-100mn 5.87 5.63
e100-250mn 5.82 7.88
>e250mn 2.49 2.66

Panel D: Italy

<e0.1mn 15.68 21.57
e0.1-10mn 11.26 15.28
e10-100mn 0.56 1.48
e100-250mn 3.87 1.18
>e250mn 0.08 0.14

Panel E: Spain

<e0.1mn 15.50 19.47
e0.1-10mn 10.84 13.13
e10-100mn 0.99 1.12
e100-250mn 0.22 0.81
>e250mn 0.16 0.40
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Appendix B Variable Definitions

Table B1
Variables Definition and Sources

The table defines the variables used in the paper. The data sources are as follows: ∗ ECB Supervisory Data; + ECB
Statistical Data Warehouse; ⋄ ECB TRIM; # Industry classification follows EBA (2020); ⊖ AnaCredit; ⊗ Orbis; ⊕

Authors’ calculation.

Name of Variable Definition

Country Groupi
+ Indicator equal to one if country j, where bank i is headquartered, reports credit-to-GDP

growth above the median in 2019Q4, and zero otherwise
Credit Expansion∗j Indicator equal to one if borrower j ’s loan growth between 2019Q4 and 2020Q2 exceeds the

sample median, and zero otherwise
Credit Restriction∗j Indicator equal to one if the borrower j ’s loan growth between 2019Q4 and 2020Q2 falls

below the median of the distribution
CRM∗

j Credit Risk Mitigation Ratio, obtained as the ratio between bank i ’s credit exposure to
borrower j at time t after credit risk mitigation and its pre-shock value (2019Q2)

Deposit Ratio∗i,t Ratio of current, overnight, and redeemable-at-notice deposits of bank i at time t to total
liabilities

Domestic⊕j Indicator equal to one if borrower j and bank i are headquartered in the same country, and
zero otherwise

HighCap∗i Indicator equal to one for bank i in the top quartile of the capital surplus distribution
(2019Q4)

HighCap∗j
⊕ Indicator equal to one if borrower j’s primary lender is an IRB bank (i) in the fourth

quartile of the 2019Q4 capital surplus distribution (IRB HighCapi=1), and zero otherwise.
We define the primary lender of borrower j as the bank with the largest share of total
lending (Li,j,t/

∑n
z=1 Lz,j,t)

High Severity⋄i Indicator equal to one if bank i with at least one high-impact finding (F3 or F4) or three or
more low-to-moderate severity findings related to Downturn LGD in the TRIM review, and
zero otherwise

Intangible Fixed Assets⊗j,t Formation costs, goodwill, R&D, and other long-term intangible assets of borrower j at time
t

IRB∗
i Indicator equal to one if bank i uses Internal Ratings-Based (IRB) models for corporate

credit risk and zero if it uses the standardized approach, and zero otherwise
Large Exposure Size∗i,j,t Ratio of bank i ’s large exposure to borrower j relative to its total non-financial corporate

portfolio at the time t
Loans∗i,j,t Sum of all loans and advances (comprising credit card debt, trade receivables, finance leases,

reverse repurchase loans, etc) from bank i to borrower j at the time t
Loan Commitments∗i,j,t Sum of all credit commitments under pre-specified terms and conditions (e.g., acceptances,

forward deposits, and undrawn credit facilities) from bank i to borrower j at the time t
Loans Growth∗i,t Year-on-year percentage change in outstanding loan balances by bank i

Loan-to-Asset ratio∗i,t Sum of all loans and advances divided by total assets of bank i at time t

LowCap∗i Indicator equal to one for bank i in the bottom quartile of the capital surplus distribution
(2019Q4)

LowCap⊕j Indicator equal to one if borrower j ’s primary lender is an IRB bank in the bottom quartile of
the 2019Q4 capital surplus distribution, and zero otherwise. The primary lender of borrower j
is defined as the bank with the largest share of total lending (Li,j,t/

∑n
z=1 Lz,j,t)

Most Affected#j Indicator equal to one for borrower j in NACE sectors C, D, F, G, H, I, N, and R, and zero
otherwise

Number of Banks⊗j,t Number of banks providing credit to borrower j at time t

NPL∗
i,t Ratio of Non-Performing Loans to gross loans of bank i at time t

Off-Balance Sheet∗i,j,t The sum of all off-balance sheet exposures, comprising loan commitments, financial guaran-
tees, and other commitments from bank ito borrower j at time t

On-Balance Sheet∗i,j,t The sum of all on-balance sheet exposures, comprising loans, securities, equity instruments,
and derivative assets from bank ito borrower j at time t

Other Current Assets⊗j,t Receivables from non-trade sources, short-term investments, and cash holdings of borrower j
at time t

Post∗t Dummy that takes the value of one for the 2020Q2-2020Q3 period and zero for the 2019Q2-
2020Q1 period or equals one from 2020 onward and zero for 2015–2019.

Public Guarantees⊖i,t Share of loans covered by public guarantees relative to total loans

ROA∗
i,t Return On Asset, i.e., Net income divided by total assets of bank i at time t

ROA⊗
j,t Return On Asset, i.e., Net income divided by total assets of borrower i at time t

RWA Density∗i,t Ratio of total Risk-Weighted Assets (RWA) to total assets of bank i at time t

Securities-to-Asset ratio∗i,t Sum of all securities held divided by total assets of bank i at time t

Tangible Fixed Assets⊗j,t Buildings, machinery, and other tangible long-term assets of borrower i at time t

Total Assets∗i,t Natural logarithm of total assets of bank i at time t

Trade Receivables⊗j,t Natural logarithm of the amounts owed by customers (labeled “Debtors” in Orbis) of bor-
rower i at time t
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Appendix C Further Evidence on Off-Balance Sheet

Table C1
The Risk-Sensitivity of IRB Parameters

This table replicates Table 2 by using total Off-Balance Sheet credit exposures (columns 1 to 3) and Loan
Commitments (columns 4 to 6) as dependent variables. Dependent variables are expressed as quarterly
growth rates (LogYi,j,t −LogYi,j,t−1). All variables are defined in Appendix B. Variables are winsorized
at the 5% level. Clustered standard errors at the bank level in parentheses. *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Panel A Off-Balance Sheet Loans Commitments

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0125 -0.0113 -0.0084 -0.0058 -0.0056 0.0050
(0.0135) (0.0128) (0.0136) (0.0194) (0.0193) (0.0233)

Total Assetsi,t−1 0.0085∗∗ -0.0812 0.0058 0.0916
(0.0039) (0.1138) (0.0054) (0.1763)

ROAi,t−1 -0.0872∗∗∗ -0.0466 -0.0415 -0.1080
(0.0304) (0.0890) (0.0500) (0.1168)

Deposit Ratioi,t−1 0.0002 0.0013 -0.0002 0.0019
(0.0002) (0.0031) (0.0003) (0.0045)

RWA Densityi,t−1 0.0024∗∗∗ 0.0037 0.0024∗∗ 0.0124
(0.0007) (0.0038) (0.0012) (0.0081)

Large Exposure Sizei,j,t−1 0.0028 -0.0064 0.0009 -0.0098
(0.0048) (0.0068) (0.0045) (0.0065)

Observations 3,996 3,996 3,996 3,996 3,996 3,996
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE No No Yes No No Yes

Panel B Off-Balance Sheet Loans Commitments

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0106 0.0019 0.0009 0.0005 0.0069 0.0195
(0.0206) (0.0121) (0.0172) (0.0246) (0.0215) (0.0300)

Postt × Total Assetsi,t−1 0.0134 0.0094 0.0130∗ 0.0280∗ 0.0183∗∗ 0.0260∗∗

(0.0132) (0.0063) (0.0076) (0.0145) (0.0089) (0.0117)

Postt ×ROAi,t−1 -0.1146 0.0092 -0.0158 -0.3397∗∗ -0.0873 -0.2025
(0.1023) (0.0845) (0.1048) (0.1372) (0.1130) (0.1572)

Postt ×Deposit Ratioi,t−1 0.0007 0.0004 0.0005 0.0020 0.0009 0.0016∗

(0.0010) (0.0006) (0.0007) (0.0012) (0.0008) (0.0010)

Postt ×RWA Densityi,t−1 0.0035 -0.0006 0.0007 0.0075∗ -0.0015 0.0033
(0.0031) (0.0017) (0.0022) (0.0042) (0.0023) (0.0039)

Postt × Large Exposure Sizei,j,t−1 -0.0027 0.0013 0.0012 -0.0024 0.0006 0.0001
(0.0032) (0.0030) (0.0030) (0.0025) (0.0034) (0.0034)

Observations 3,912 3,912 3,912 3,912 3,912 3,912
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes
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Table C2
Opening the Black Box of IRB model:

The effect of the downturn LGD on Credit Exposures

This table replicates Table 4 by using Off-Balance Sheet exposures (columns 1 to 3) and Loan Commit-
ments (columns 4 to 6) as dependent variables. Dependent variables are expressed as quarterly growth
rates (LogYi,j,t − LogYi,j,t−1). All variables are defined in Appendix B. Variables are winsorized at the
5% level. Clustered standard errors at the bank level in parentheses. *, **, and *** indicate significance
at the 10%, 5%, and 1% levels, respectively.

Panel A Off-Balance Sheet Loans Commitments

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0125 -0.0113 -0.0084 -0.0058 -0.0056 0.0050
(0.0135) (0.0128) (0.0136) (0.0194) (0.0193) (0.0233)

Total Assetsi,t−1 0.0085∗∗ -0.0812 0.0058 0.0916
(0.0039) (0.1138) (0.0054) (0.1763)

ROAi,t−1 -0.0872∗∗∗ -0.0466 -0.0415 -0.1080
(0.0304) (0.0890) (0.0500) (0.1168)

Deposit Ratioi,t−1 0.0002 0.0013 -0.0002 0.0019
(0.0002) (0.0031) (0.0003) (0.0045)

RWA Densityi,t−1 0.0024∗∗∗ 0.0037 0.0024∗∗ 0.0124
(0.0007) (0.0038) (0.0012) (0.0081)

Large Exposure Sizei,j,t−1 0.0028 -0.0064 0.0009 -0.0098
(0.0048) (0.0068) (0.0045) (0.0065)

Observations 3,996 3,996 3,996 3,996 3,996 3,996
Bank-level controls No Yes Yes No Yes Yes
Bank FE No No Yes No No Yes
Borrower × Time FE No No Yes No No Yes

Panel B Off-Balance Sheet Loans Commitments

(1) (2) (3) (4) (5) (6)

Postt × LowCapi -0.0106 0.0019 0.0009 0.0005 0.0069 0.0195
(0.0206) (0.0121) (0.0172) (0.0246) (0.0215) (0.0300)

Postt × Total Assetsi,t−1 0.0134 0.0094 0.0130∗ 0.0280∗ 0.0183∗∗ 0.0260∗∗

(0.0132) (0.0063) (0.0076) (0.0145) (0.0089) (0.0117)

Postt ×ROAi,t−1 -0.1146 0.0092 -0.0158 -0.3397∗∗ -0.0873 -0.2025
(0.1023) (0.0845) (0.1048) (0.1372) (0.1130) (0.1572)

Postt ×Deposit Ratioi,t−1 0.0007 0.0004 0.0005 0.0020 0.0009 0.0016∗

(0.0010) (0.0006) (0.0007) (0.0012) (0.0008) (0.0010)

Postt ×RWA Densityi,t−1 0.0035 -0.0006 0.0007 0.0075∗ -0.0015 0.0033
(0.0031) (0.0017) (0.0022) (0.0042) (0.0023) (0.0039)

Postt × Large Exposure Sizei,j,t−1 -0.0027 0.0013 0.0012 -0.0024 0.0006 0.0001
(0.0032) (0.0030) (0.0030) (0.0025) (0.0034) (0.0034)

Observations 3,912 3,912 3,912 3,912 3,912 3,912
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes
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Table C3
The Risk-Sensitivity of IRB Parameters: Further Evidence

This table replicates Table 8 by using Loan Commitments as dependent variables. Dependent variables
are expressed as quarterly growth rates (LogYi,j,t − LogYi,j,t−1). All variables are defined in Appendix
B. Variables are winsorized at the 5% level. Clustered standard errors at the bank level in parentheses.
*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Loans Commitments

(1) (2) (3)

Postt × LowCapi × CRMj 0.0391
(0.0426)

Postt × LowCapi ×Most Affectedj 0.0536
(0.0342)

Postt × LowCapi ×Domesticj 0.0258
(0.0426)

Postt × LowCapi -0.0443 -0.0491* -0.0153
(0.0425) (0.0282) (0.0296)

Postt × TotalAssetsi,t−1 0.0267 0.0230 0.0260
(0.0174) (0.0170) (0.0160)

Postt ×ROAi,t−1 -0.2196* -0.2187* -0.2133*
(0.1207) (0.1189) (0.1115)

Postt ×Deposit Ratioi,t−1 0.0012 0.0009 0.0011
(0.0011) (-0.0010) (0.0009)

Postt ×RWA Densityi,t−1 0.0025 0.0022 0.0023
(0.0041) (0.0041) (0.0039)

Postt × Large Exposure Sizei,j,t−1 0.0011 -0.0036 -0.0056
(0.0134) (0.0121) (0.013)

Observations 4,356 4,356 4,356
Bank FE Yes Yes Yes
Borrower FE Yes Yes Yes
Time FE Yes Yes Yes
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Appendix D

IRB vs. SA banks (Internet)

This appendix presents a preliminary comparison of the responses of IRB and SA banks,

which provides a natural test of the effects of model-based regulation. At the onset

of the pandemic, IRB banks experienced a deterioration in internal borrower ratings,

which, ceteris paribus, mechanically increased risk-weighted assets (RWAs) and capital

absorption. By contrast, SA banks rely on largely fixed, less risk-sensitive risk weights and

therefore did not experience a comparable increase in RWAs or in capital requirements.

Although the comparison between IRB and SA banks creates challenges since i) the

selection between the two groups is endogenous (central banks authorize the adoption of

IRB models on the bank’s request), and ii) the two groups substantially differ in size,

funding, and other features, this analysis is necessary to show whether IRB risk weights

are more risk-sensitive than SA banks. To the best of our knowledge, this has not been

shown in the literature for an international sample.

D.1 Bank-level analysis: Identification

We begin our analysis using supervisory data at the bank level (sections D.1 and D.2)

from the ECB (FINREP reporting). Our identification strategy relies on a Difference-

In-Differences (DiD) approach, which enables us to assess whether, after the outbreak

of COVID-19 in March 2020, IRB banks reduced lending more than SA banks. The

sample of IRB and SA banks used for these analyses is shown in Table D1. Our baseline

identification strategy is based on the following model:

∆Log(Yi,t) = β0 + β1Postt × IRBi + β2Postt ×Xi,t−1 + β3Xi,t−1 + γi + γc×t + ϵi,t (D.1)
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where our dependent variable (∆Log(Yi,t) = Log(Yi,t) − Log(Yi,t−1)) is the quarter-on-

quarter growth rate of the credit exposures of bank i. We use various measures of on-

and off-balance sheet credit exposures to gain a broad understanding of the impact of

COVID-19. The analysis begins with a measure that includes all on- and Off-Balance

Sheet credit exposures (total credit origination).16 In a second step, we disentangle this

measure in total on-balance sheet and total off-balance sheet credit exposures. Finally,

we focus on bank loans. For each variable employed in the model, we also distinguish the

counterparties, thereby differentiating between exposures to NFCs, to non-NFCs (Non-

NFCs), and to retail exposures.17

Our treatment period variable (Post) takes the value of one for the quarters 2020Q2-

2020Q3 and zero for 2019Q2-2020Q1. The variable IRBi takes the value of one for banks’

IRB models for the calculation of capital requirements for their corporate credit risk

exposures (treatment group) and zero for banks using the Standardized Approach (control

group). The coefficient of main interest is β1 for the interaction variable Post×IRBi that,

ceteris paribus, captures the COVID-19 pandemic effect on IRB banks’ lending.

Eq.(D.1) includes a vector of bank characteristics (Xi,t−1) that could affect bank

lending behavior. We control for bank size using the natural logarithm of total assets

(TotalAssets), while the difference between the reported Common Equity Tier 1 (CET1)

ratio and banks’ total SREP capital requirement (TSCR) is included to control for moral

hazard incentives due to banks having less “skin-in-the-game” (Capital Surplus). Bank

profitability is controlled for by including return on assets (ROA), while the ratio of de-

posits to liabilities proxies for banks’ funding preferences (Deposit Ratio). Finally, the

RWA density (RWA Density), calculated as the ratio between total RWA and total ex-

16We thank Philip Strahan for this suggestion.
17Non-NFC includes exposures to governments, credit institutions, and other financial institutions.
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posures, controls for banks’ risk profile. The control variables are lagged by one quarter

to reduce possible endogeneity concerns. We also include the interactions between each

control variable and the treatment period. These interactions partial out the effect of

observable covariates on banks’ lending and ensure that the coefficient of main interest

(β1) is not driven by banks’ heterogeneity.

We use different sets of fixed effects (FE) to account for any remaining unobservable

factors. First, we include bank fixed effects (γi) to control for unobserved firm funda-

mentals that are not captured via Xi,t−1. Furthermore, we progressively saturate our

bank-level regressions with time FE and, in our richest specification, with country× time

fixed effects (γcxt) to control for demand effects (Kok et al., 2023).18 Demand fixed effects

are necessary to account for demand-driven differences across European banks. This is

especially important given the substantial heterogeneity in government responses across

Europe during the COVID-19 pandemic, which may have led to different demand con-

ditions. ϵ is the error term. Bertrand et al. (2004) show that the persistence of the

treatment variable in a DiD setup induces serial correlation in the regression error within

treated units. To adjust for this serial correlation, we cluster standard errors at the bank

level.

D.2 Bank-level analysis: Results

Did banks using IRB models decrease their lending more relative to other banks? We

begin with testing whether the parallel trend assumption between the treatment and

control groups holds, comparing the quarterly growth of credit exposures (on-balance

sheet and loans) to NFCs for IRB banks and SA banks. Table D2 reports the results using

18The country refers to the country where the bank is headquartered.
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difference-in-means estimations prior to the COVID-19 shock. Banks in the control and

treatment groups are largely statistically indistinguishable in the run-up to the COVID-19

outbreak.

[Insert Table D2 here]

Table D4 reports the results obtained by estimating the model in Eq.(D.1) for differ-

ent measures of credit to non-financial corporations. Specifically, we focus on i) credit

origination, measuring all on- and off-balance sheet exposures to NFCs (columns 1 and

2), ii) total on-balance sheet credit exposures to NFCs (columns 3 and 4), and iii) total

loans to NFCs (columns 5 and 6).

The main coefficient of interest is the interaction Post × IRBi, which measures the

Average Treatment Effect (ATE) of the COVID-19 pandemic for IRB banks. Overall, our

results suggest that, following the pandemic’s eruption in March 2020, credit exposure

growth differs between banks adopting an IRB or an SA approach. In particular, banks

using IRB models exhibited lower credit growth than banks using the SA approach. The

growth rate of credit origination to NFCs declined by 1.35% to 1.86% in IRB banks,

compared with 1.86% in SA. We obtain very similar results for the growth rates of on-

balance-sheet exposures to NFCs (ranging from 1.44% to 2.32%) and total loans and

advances to NFCs (ranging from 1.62% to 2.45%). We notice that controlling for demand

effects—by adding country×time fixed effects—reduces the magnitude of the coefficients

but not their significance.

All models include interactions between the treatment-period variable and each con-

trol variable. These interactions enable us to control for the possibility that IRB banks

may have anticipated the disruptive effects of COVID-19 on the economy earlier than SA

banks, leading them to cut lending more quickly than other banks. The faster reaction
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can be attributed to the fact that IRB banks are typically larger and have more developed

risk management departments. Interestingly, we find no evidence that banks’ size, capi-

talization, profitability, or RWA density played a significant role after the outbreak of the

pandemic. Across all bank-level analyses (Table D4), these interactions are insignificant

in explaining credit exposure growth. Conversely, we find evidence that credit exposures

generally increased after COVID-19 for banks with higher deposit funding shares. Indeed,

the term Post×Dep Ratio is consistently positive and highly significant, suggesting that

banks with a more stable funding base were better able to withstand the liquidity shock

caused by the COVID-19 outbreak and therefore maintained the capacity to continue

extending credit.

[Insert Table D4 here]

To gain a complete picture of the dynamics at play during the pandemic, we also

examine banks’ behavior regarding exposures other than NFCs (Table D5) and off-balance

sheet exposures (Table D6). We find no evidence that IRB banks have changed their

lending behavior toward non-NFC counterparts. Likewise, IRB banks did not change

their off-balance sheet credit exposures relative to those of SA banks.

[Insert Tables D5 and D6 here]

All specifications include bank fixed effects, together with time or country × time

fixed effects, to control for changes in credit demand induced by the pandemic shock.

As such, this set of analyses provides the first evidence that the reduction in credit

growth was driven by supply. IRB banks reduced their overall, on-balance-sheet, and

loan exposures following the outbreak of the COVID-19 pandemic relative to banks using

the standardized approach. This behavior involved only NFC exposures, while other

counterparties did not suffer the same reduction.
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D.3 Loan-level analysis: Identification

In the second step of our analysis (sections D.3 and D.4), we replicate our baseline model

using loan-level data on large exposures, and we estimate the following model:

∆Log(Yi,t,j) = β1IRBi × Postt + β2Xi,t−1 × Postt + β3Xi,t−1

+ β4Wi,j,t−1 × Postt + β5Wi,j,t−1 + γi + γb×t + ϵi,t

(D.2)

For this set of analyses, the dependent variable is measured by the quarter-on-quarter

growth rate of credit exposure volume by the bank i to the borrower j [∆Log(Yi,j,t) =

Log(Yi,j,t) − Log(Yi,j,t−1)]. To control for demand factors and assess whether changes

in lending are driven by a supply effect, we restrict our sample to firms with multiple

lending relationships, following the approach of Khwaja and Mian (2008). Specifically,

our sample is composed of companies that borrow at the same time from (at least) one

IRB bank and (at least) one SA bank. By focusing on multiple-lending relationships and

including borrower× time FE (γb×t), we control for time-varying unobserved borrowers’

characteristics and potential changes in borrowers’ credit demand at the borrower level.

This empirical setting allows us to isolate credit supply changes from shifts in loan demand

generated by a demand shock during the COVID-19 pandemic. The vector of bank

characteristics (Xi,t−1) includes those specified for Eq.(D.1). We augment the model

by adding an additional control (Wi,j,t−1) capturing the size of the large exposures of

the bank i toward borrower j relative to the size of the NFCs portfolio of the bank i

(Exp Size). gammai are bank fixed effects, γb×t are borrower × quarter fixed effects,

and ϵ is the error term. The definitions of the entire set of variables employed in our

models are reported in Appendix B.
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D.4 Loan-level analysis: Results

Estimates for Eq.(D.2) are reported in Table D7. In Panel A, we first focus on on-

balance-sheet exposures (columns 1 to 3) and total loans and securities (columns 4 to 6)

to NFCs. In Panel B, we focus on off-balance sheet exposures (columns 1-3) and loan

commitments (columns 4 and 6) to NFCs. As with the previous models, the coefficient

of primary interest is the interaction Post × IRBi, which captures the effect of higher

capital requirements induced by COVID-19 model-based regulation on lending to large

corporates by IRB banks.

[Insert Table D7 here]

The results reported in Panel A confirm the findings obtained using bank-level data.

We show a substantial decline in on-balance-sheet exposures (between 8.45% and 10.35%)

and loans and securities exposures (between 11.00% and 13.29%), suggesting that IRB

banks have a lower growth rate of exposures relative to SA banks. The decrease in

exposures corresponds to an average drop in lending per bank of about e7.2 billion.

The findings for off-balance sheet large exposures (Panel B of Table D7) show the

opposite situation. IRB banks reacted to the shock by increasing their off-balance sheet

credit exposures (between 6.97% and 9.05%) and, especially, loan commitments (between

16.49% and 20.50%) to NFCs, more than SA banks did. These positions do not directly

absorb regulatory capital; thus, we show that IRB banks supported NFCs during the

COVID-19 outbreak by increasing off-balance sheet exposures and earning higher fees,

without an immediate impact on equity.

Using a sample of multiple-lending relationships that enables us to control for borrower

demand, this second set of results provides further evidence that the contraction in on-

balance-sheet exposures and loans extended by IRB banks relative to SA banks is driven
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by bank decisions. In other words, the lower credit growth is due to a supply-side effect

rather than a demand shock.

D.5 Robustness checks: Ruling out alternative explanations

In this final set of estimates, we consider alternative channels that may explain the

documented negative link between the use of model-based regulation and the decline in

lending activity after the COVID-19 outbreak. The first concern is that IRB banks are

more sophisticated than SA banks, so they incorporated the pandemic’s negative effects

more promptly. As such, one could argue that the observed drop in credit supply is not

due to the adoption of IRB models but rather to improved risk-management skills. A

second issue is that IRB models generate procyclical effects. Thus, the lending drop after

COVID-19 is a rather mechanical consequence—more than a bank’s decision to reduce

its credit exposure—because banks experienced a credit boom before the start of the

pandemic. A third concern is the possible deterioration in borrowers’ quality and the

presence of zombie lending. After the start of the pandemic, banks may have continued

lending to large borrowers even when these became too risky (zombie); thus, the observed

drop is biased. Finally, we further investigate the role of capital buffers by restricting our

analysis to banks—both IRB and SA—with relatively low capital levels relative to their

TSCR. We address these concerns in the following subsections.

D.5.1 Different risk management abilities

In line with the analysis in Section 8.1, we first test whether the reaction of IRB banks

is attributable to superior risk management skills that enabled them to respond more

quickly after the COVID-19 outbreak. To this end, we replicate our analyses by omitting
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from the sample the first quarter of 2020 (when COVID-19 was at its early stages and SA

banks may not have understood its impact on the economy) and comparing the lending

behavior of IRB banks and SA during 2019 (pre-treatment period) and the second and

third quarter of 2020 (treatment period), when all banks widely realized the impact

of COVID-19. The results from re-running the model in Eq.(D.2) with the new pre-

treatment period are reported in Table D8. Our results strongly confirm the observed

decline in credit supply by IRB banks compared to SA banks after March 2020, suggesting

that the difference is not due to a quicker reaction of IRB banks to COVID-19, but rather

it is a persistent effect over the entire year of 2020, driven by the use of internal models

contributing to the procyclicality of lending.

[Insert Table D8 here]

D.5.2 Procyclicality

Following the analysis shown in Section 8.2, we have to consider whether our treatment

variable group (IRB) is capturing a procyclical effect and, thus, whether the negative

effect on lending that we observe results from the compounding effect of the adoption of

IRB models and procyclicality. As for our main analyses, we split our sample into two

groups: one composed of euro-area countries that were experiencing a declining phase of

credit growth (i.e., those with a ratio between credit growth and GDP growth below the

euro-area mean) and one comprising euro-area countries in a phase with higher credit

growth (i.e., those with a ratio between credit growth and GDP growth above the mean)

before the outbreak of the pandemic. We estimate our model augmenting Eq.(D.2) with a

triple interaction (Postt× IRBi×Country Groupj) and focusing on the large exposures

sample restricted to borrowers with multiple relationships.19

19In each sub-sample, we include the bank-borrower relationship among banks in that same group of
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The findings are shown in Table D9 and confirm that IRB banks generally decreased

their balance sheet exposure (loans and securities, columns 1 to 3) after the start of the

COVID-19 pandemic. However, we find no statistical evidence that this effect differs

across banks in countries at different stages of the credit cycle prior to the pandemic. In

other words, the results are not driven by banks located in countries with credit booms,

and we do not find evidence that the decline in exposures is due to excessive lending

granted before the pandemic outbreak.

[Insert Table D9 here]

D.5.3 Zombie lending

The analyses reported to date may mask a zombie lending problem. More specifically,

the observed decline in lending may be driven by the reduction in exposures to relatively

lower-quality borrowers that may have received more credit from IRB banks in the pre-

pandemic period. Following the strategy described in Section D.3, we exclude from the

estimation those borrowers with relatively lower quality, i.e., we drop borrowers with a

PD or the number of days past due in the highest 10th percentile of the distribution. We

estimate our usual DiD model and report the results in Table D10. The decline in credit

exposure, and in particular in loans and securities granted, remains more pronounced

for IRB banks than for SA banks, even when restricting the sample to high-quality

borrowers. Therefore, we conclude that lower-quality firms—zombie firms—do not affect

our results.

[Insert Table D10 here]

countries. Thus, we do not include the case of a multiple-lending relationship in which the first lending
bank is from a high-growth country and the second lending bank is from a low-growth country.
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D.5.4 Capital-constrained banks

In this subsection, we further investigate the role of capital buffers by restricting our

analysis to a group of IRB and SA banks reporting a relatively low level of capital above

their TSCR. Specifically, we compute the difference between the CET1 ratio and the

Total SREP Capital requirements for all banks and retain only those for which this

difference lies within the first quartile of the distribution. As expected, our main results

are further confirmed in this setup (Table D11), with the economic significance of the

coefficients generally higher than in Table D4. These results offer additional evidence

that the reduction in lending is driven by the use of internal models.

[Insert Table D11 here]
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D.6 Conclusions

In this appendix, we show that, following the outbreak of the pandemic in March 2020,

IRB banks responded by recognizing the increased riskiness of borrowers and deleveraging

by reducing their exposures to NFCs. This behavior of IRB banks is observed both at

the portfolio level (using bank-level data) and at the level of individual exposures (using

the ”large exposures” data). These results support the presence of tensions between

the objectives of micro- and macro-prudential policies. Indeed, from a micro-prudential

perspective, these results suggest that IRB models enhance the financial soundness of

banks by increasing the sensitivity of capital requirements to risk. However, from a

macro-prudential perspective, banks’ deleveraging might have exacerbated the crisis by

contracting credit to firms.

70



Table D1
Sample composition

This table presents the number of banks used in our bank-level em-
pirical analyses by country and by whether they use the Standardized
Approach (SA) or the Internal-Rating Based Approach (IRB) to calcu-
late corporate credit risk.

Country Total Standardized Internal-Rating
Approach Based Approach

Austria 20 17 3
Belgium 7 3 4
Cyprus 3 3 -
Germany 95 78 17
Estonia 3 1 2
Finland 10 6 4
France 14 7 7
Greece 6 5 1
Ireland 4 1 3
Italy 32 23 9
Latvia 4 2 2
Lithuania 3 1 2
Luxembourg 8 5 3
Malta 2 2 -
Netherlands 11 5 6
Portugal 6 5 1
Spain 22 16 6
Total 250 180 70
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Table D2
Difference in means between SA and IRB banks

This table presents pre- and post-treatment mean comparisons between banks using the Standardized
Approach (SA) and those using the Internal-Rating Based (IRB) Approach. In Panel A, the means
reported refer to the average quarterly growth rates (LogYi,t−LogYi,t−1) of Loans to NFC over the four
quarters pre-shock (i.e., 2019Q2-2020Q1). In Panel B, the means refer to the two quarters following the
shock (2020Q2 and 2020Q3). Column (5) reports the difference in means between SA and IRB banks.
*, **, and *** indicate the significance at the 10%, 5%, and 1% levels of the t-test for the difference in
means. Variables are defined in Appendix B.

Variable Time Obs SA Obs IRB Mean SA Mean IRB Difference (SA-IRB)

(1) (2) (3) (4) (5)

Panel A. Credit Growth: Pre-treatment Mean Comparison

Loans 2019Q2 180 70 0.0105 0.0145 -0.0040
Loans 2019Q3 180 70 0.0160 0.0065 0.0035
Loans 2019Q4 180 70 0.0075 0.0055 0.0020
Loans 2020Q1 180 70 0.0125 0.0175 -0.0045

Panel B. Credit Growth: Post-treatment Mean Comparison

Loans 2020Q2 180 70 0.0115 0.0000 0.0115**
Loans 2020Q3 180 70 0.0100 -0.0145 0.0240***
Panel C. Size: Pre-treatment Mean Comparison

Total Assets 2019Q2 180 70 22.9845 25.2765 -2.2920***
Total Assets 2019Q3 180 70 22.9965 25.2935 -2.2975***
Total Assets 2019Q4 180 70 23.0015 25.2740 -2.2730***
Total Assets 2020Q1 180 70 23.0210 25.3110 -2.2900***

Panel D. Distance: Pre-treatment Mean Comparison

Capital Surplus 2019Q2 180 70 10.4000 9.7655 0.6345
Capital Surplus 2019Q3 180 70 10.3985 9.5850 0.8135
Capital Surplus 2019Q4 180 70 10.7970 10.2350 0.5620
Capital Surplus 2020Q1 180 70 10.3835 10.4805 -0.0970

Panel E. ROA: Pre-treatment Mean Comparison

ROA 2019Q2 180 70 0.6155 0.5465 0.0690
ROA 2019Q3 180 70 0.5790 0.4880 0.0910**
ROA 2019Q4 180 70 0.6150 0.5430 0.0720
ROA 2020Q1 180 70 0.5150 0.5110 0.0040

Panel F. Deposit Ratio: Pre-treatment Mean Comparison

Deposit Ratio 2019Q2 180 70 85.1265 71.1030 14.0230***
Deposit Ratio 2019Q3 180 70 85.1270 70.5600 14.5670***
Deposit Ratio 2019Q4 180 70 85.9125 71.6430 14.2695***
Deposit Ratio 2020Q1 180 70 85.7745 71.3035 14.4710***

Panel G. RWA Density: Pre-treatment Mean Comparison

RWA Density 2019Q2 180 70 39.5190 27.1955 12.3235***
RWA Density 2019Q3 180 70 39.6050 27.1960 12.4090***
RWA Density 2019Q4 180 70 39.5610 27.0425 12.5180***
RWA Density 2020Q1 180 70 39.2645 26.9450 12.3200***
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Table D3
COVID-19 effects on the Probability of Default:

IRB vs. SA banks (bank-level analysis)

This table presents the estimated coefficients obtained from equation (D.1). The outcome variable
is the probability of Default (PD) for the entire Corporate Loans portfolio (columns 1, 2, and 3)
and for other corporate loans (i.e., non-SME Corporate Loans; columns 4, 5, 6). The outcome
variables are expressed as the log of the probability of default (LogYi,t). Postt takes the value of
one for the 2020Q2-2020Q3 period and zero for the 2019Q2-2020Q1 period. IRBi takes the value
of one for banks reporting corporate credit risk using IRB models and zero if the banks use the
standardized approach. In columns (1) and (4), the remaining columns are robustness checks: we
interact control variables with the post variables to capture the effect of Covid-19 on the control
variables (in columns (2) and (5)). In columns (3) and (6), we use a Coarsened Exact Matching
(CEM) approach to pair IRB Lowcap banks with other SA banks on observable variables, including
Total Assetsi,t, Loans Growthi,t, Loan-to-Asset ratioi,t, and Securities-to-Asset ratioi,t. Variables are
defined in Appendix B. Variables are winsorized at the 5% level. Clustered standard errors at the
bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Total Corporate

(1) (2) (3) (4) (5) (6)

Postt × IRBi 0.2569∗∗∗ 0.2415∗∗ 0.1729∗∗ 0.6058∗∗∗ 0.5627∗∗∗ 0.4457∗∗∗

(0.0748) (0.1163) (0.0797) (0.0950) (0.1094) (0.0410)

Total Assetsi,t−1 -0.2094 -0.1788 0.2638 -0.1862 -0.1339 -0.0648
(0.4690) (0.3825) (0.4232) (0.4175) (0.3136) (0.5099)

ROAi,t−1 0.2249∗ -0.0244 0.1040 0.2159 0.0613 0.1095
(0.1297) (0.1147) (0.0985) (0.2076) (0.1558) (0.1033)

Deposit Ratioi,t−1 -0.0036 -0.0019 0.0011 -0.0020 0.0000 -0.0013
(0.0043) (0.0031) (0.0011) (0.0051) (0.0043) (0.0013)

RWA Densityi,t−1 0.0121 0.0052 -0.0336∗∗ 0.0364 0.0244 -0.0077
(0.0185) (0.0166) (0.0130) (0.0286) (0.0235) (0.0085)

Large Exposure Sizei,t−1 -0.0005 0.0001 -0.0067 0.0048 0.0048 -0.0036
(0.0011) (0.0010) (0.0042) (0.0062) (0.0062) (0.0036)

Postt × Total Assetsi,t−1 -0.0766∗∗ -0.0492
(0.0307) (0.0356)

Postt ×ROAi,t−1 0.8161∗∗∗ 0.1424
(0.3002) (0.3635)

Postt ×Deposit Ratioi,t−1 -0.0080∗∗∗ -0.0117∗∗∗

(0.0028) (0.0036)

Postt × Large Exposure Sizei,t−1 -0.0104 -0.0169
(0.0067) (0.0108)

Postt ×RWA Densityi,t−1 -0.0414∗∗∗ -0.0346∗∗

(0.0095) (0.0161)

Observations 36,265 36,265 6,177 32,150 32,150 3,799
Bank-level controls Yes Yes Yes Yes Yes Yes
Post interaction No Yes No No Yes No
CEM No No Yes No No Yes
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Table D4
COVID-19 effects on credit to NFCs:

IRB vs. SA banks (bank-level analysis)

This table presents the estimated coefficients obtained from equation (D.1). The outcome variables
are various credit exposures to Non-Financial Corporations: Credit Origination (columns 1 and
2), On-Balance Sheet credit exposures (columns 3 and 4), and Loans (columns 5 and 6). The
outcome variables are expressed as quarterly growth rates (LogYi,t − LogYi,t−1). Postt takes the
value of one for the 2020Q2-2020Q3 period and zero for the 2019Q2-2020Q1 period. IRBi takes the
value of one for banks reporting corporate credit risk using IRB models and zero if the banks use
the standardized approach. Variables are defined in Appendix B. We only show estimates for the
interaction terms (Postt × Xi,t−1). The estimates of the control variables (Xi,t−1) are available upon
request from the authors. Variables are winsorized at the 5% level. Clustered standard errors at the
bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Credit Origination NFC On-Balance Sheet NFC Loans NFC

(1) (2) (3) (4) (5) (6)

Postt × IRBi -0.0186∗∗∗ -0.0135∗∗ -0.0232∗∗∗ -0.0144∗∗ -0.0245∗∗∗ -0.0162∗∗∗

(0.0063) (0.0066) (0.0062) (0.0062) (0.0058) (0.0058)

Postt × TotalAssetsi,t−1 0.0050∗∗∗ 0.0050∗∗∗ 0.0026 0.0026 0.0031∗ 0.0027
(0.0016) (0.0016) (0.0017) (0.0017) (0.0018) (0.0019)

Postt × Capital Surplusi,t−1 0.0002 0.0007 0.0001 0.0009∗ -0.0006 0.0001
(0.0005) (0.0005) (0.0006) (0.0006) (0.0006) (0.0006)

Postt ×ROAi,t−1 0.0030 -0.0116 -0.0005 -0.0137 -0.0009 -0.0099
(0.0118) (0.0136) (0.0105) (0.0115) (0.0096) (0.0105)

Postt ×Deposit Ratioi,t−1 0.0004∗∗∗ 0.0005∗∗∗ 0.0004∗∗∗ 0.0005∗∗∗ 0.0005∗∗∗ 0.0006∗∗∗

(0.0001) (0.0002) (0.0001) (0.0001) (0.0001) (0.0002)

Postt ×RWA Densityi,t−1 -0.0002 0.0001 -0.0003 0.0001 -0.0005∗∗ -0.0002
(0.0002) (0.0003) (0.0002) (0.0003) (0.0002) (0.0002)

Observations 1,500 1,500 1,500 1,500 1,500 1,500
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
Time FE Yes No Yes No Yes No
Country × Time FE No Yes No Yes No Yes
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Table D5
COVID-19 effects on credit to Financial Corporations:

IRB vs. SA banks (bank-level analysis)

This table presents the estimated coefficients obtained from equation (D.1). The outcome variables are
various credit exposures to Financial Corporations: Credit Origination (columns 1 and 2), On-Balance
Sheet credit exposures (columns 3 and 4), loans (columns 4 and 5), and Loans to retail customers
(columns 7 and 8). The outcome variables are expressed as quarterly growth rates (LogYi,t−LogYi,t−1).
Postt takes the value of one for the 2020Q2-2020Q3 period and zero for the 2019Q2-2020Q1 period.
IRBi takes the value of one for banks reporting corporate credit risk using IRB models and zero if the
banks use the standardized approach. Variables are defined in Appendix B. We only show estimates
for the interaction terms (Postt ×Xi,t−1). The estimates of the control variables (Xi,t−1) are available
upon request from the authors. Variables are winsorized at the 5% level. Clustered standard errors at
the bank level are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Credit Origination On-Balance Sheet Loans Retail Loans

(1) (2) (3) (4) (5) (6) (7) (8)

Postt × IRBi 0.0065 0.0101 0.0008 0.0045 -0.0127 -0.0186 -0.0037 -0.0008
(0.0069) (0.0078) (0.0064) (0.0070) (0.0263) (0.0300) (0.0028) (0.0031)

Postt × Total Assetsi,t−1 -0.0015 -0.0007 -0.0017 -0.0014 0.0150∗ 0.0171∗ 0.0018∗∗ 0.0018∗

(0.0022) (0.0024) (0.0020) (0.0021) (0.0082) (0.0093) (0.0008) (0.0009)

Postt × Capital Surplusi,t−1 0.0016∗∗ 0.0021∗∗∗ 0.0016∗∗ 0.0021∗∗∗ -0.0021 -0.0022 0.0001 0.0004
(0.0006) (0.0007) (0.0007) (0.0007) (0.0028) (0.0029) (0.0003) (0.0003)

Postt ×ROAi,t−1 0.0041 -0.0147 0.0035 -0.0170 0.0460 0.0057 0.0077∗ 0.0062
(0.0108) (0.0116) (0.0113) (0.0117) (0.0427) (0.0435) (0.0042) (0.0057)

Postt ×Deposit Ratioi,t−1 0.0006∗∗∗ 0.0007∗∗∗ 0.0005∗∗∗ 0.0007∗∗∗ 0.0003 0.0005 0.0002∗∗∗ 0.0003∗∗∗

(0.0002) (0.0002) (0.0001) (0.0002) (0.0006) (0.0007) (0.0001) (0.0001)

Postt ×RWA Densityi,t−1 0.0006∗ 0.0007∗∗ 0.0005 0.0006∗ 0.0001 0.0007 -0.0001 -0.0000
(0.0003) (0.0003) (0.0003) (0.0003) (0.0011) (0.0011) (0.0001) (0.0001)

Observations 1,500 1,500 1,500 1,500 1,500 1,500 1,500 1,500
Bank-level controls Yes Yes Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes No Yes No Yes No Yes No
Country × Time FE No Yes No Yes No Yes No Yes
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Table D6
COVID-19 effects on Off-Balance Sheet exposures (bank-level analysis)

This table presents the estimated coefficients obtained from equation (D.1). The outcome variables are
Off-Balance Sheet exposures (Panel A) and Loan Commitments (Panel B): we report the total amount
to all borrowers (columns 1 and 2), only to Financial Corporations (columns 3 and 4), and only to
Non-Financial Corporations (columns 5 and 6).The outcome variables are expressed as quarterly growth
rates (LogYi,t − LogYi,t−1). Postt takes the value of one for the 2020Q2-2020Q3 period and zero for
the 2019Q2-2020Q1 period. IRBi takes the value of one for banks reporting corporate credit risk using
IRB models and zero if the banks use the standardized approach. Variables are defined as in Appendix
B. We only show estimates for the interaction terms (Postt × Xi,t−1). The estimates of the control
variables (Xi,t−1) are available upon request from the authors. Variables are winsorized at the 5% level.
Clustered standard errors at the bank level in parentheses. *, **, and *** indicate significance at the
10%, 5%, and 1% levels, respectively.

Panel A: Off-Balance Sheet Total Financial Corporations Non-Financial Corporations

(1) (2) (3) (4) (5) (6)

Postt × IRBi 0.0211∗ 0.0199 0.0361∗ 0.0419∗ 0.0194 0.0183
(0.0115) (0.0134) (0.0190) (0.0219) (0.0157) (0.0189)

Postt × Total Assetsi,t−1 0.0012 0.0011 −0.0030 −0.0044 0.0062 0.0053
(0.0035) (0.0041) (0.0061) (0.0073) (0.0043) (0.0054)

Postt × Capital Surplusi,t−1 −0.0005 −0.0003 −0.0007 −0.0002 0.0004 0.0004
(0.0010) (0.0012) (0.0015) (0.0019) (0.0014) (0.0016)

Postt ×ROAi,t−1 0.0271 0.0302 0.0120 0.0347 0.0239 0.0148
(0.0194) (0.0244) (0.0296) (0.0380) (0.0269) (0.0306)

Postt ×Deposit Ratioi,t−1 0.0001 0.0001 0.0002 0.0001 0.0001 0.0002
(0.0003) (0.0004) (0.0004) (0.0005) (0.0004) (0.0005)

Postt ×RWA Densityi,t−1 0.0009∗ 0.0008 0.0008 0.0009 0.0012∗ 0.0012∗

(0.0004) (0.0005) (0.0008) (0.0009) (0.0006) (0.0007)

Observations 1,452 1,452 1,452 1,452 1,452 1,452
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
Time FE Yes No Yes No Yes No
Country × Time FE No Yes No Yes No Yes

Panel B: Loan Commitments Total Financial Corporations Non-Financial Corporations

(1) (2) (3) (4) (5) (6)

Postt × IRBi 0.0155 0.0080 0.0287 0.0281 0.0150 0.0151
(0.0118) (0.0133) (0.0180) (0.0205) (0.0183) (0.0220)

Postt × Total Assetsi,t−1 0.0050 0.0055 −0.0000 −0.0019 0.0088∗ 0.0067
(0.0038) (0.0043) (0.0058) (0.0068) (0.0052) (0.0064)

Postt × Capital Surplusi,t−1 −0.0012 −0.0017 −0.0018 −0.0023 0.0005 0.0005
(0.0011) (0.0013) (0.0015) (0.0017) (0.0018) (0.0021)

Postt ×ROAi,t−1 0.0339∗ 0.0281 −0.0000 0.0236 0.0399 0.0189
(0.0199) (0.0259) (0.0296) (0.0405) (0.0322) (0.0360)

Postt ×Deposit Ratioi,t−1 0.0001 0.0003 0.0001 0.0002 0.0001 0.0003
(0.0004) (0.0005) (0.0004) (0.0005) (0.0004) (0.0006)

Postt ×RWA Densityi,t−1 0.0009∗ 0.0008 0.0007 0.0004 0.0015∗ 0.0014
(0.0005) (0.0006) (0.0008) (0.0009) (0.0008) (0.0009)

Observations 1,452 1,452 1,452 1,452 1,452 1,452
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
Time FE Yes No Yes No Yes No
Country × Time FE No Yes No Yes No Yes
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Table D7
COVID-19 effects on on- and off-balance sheet exposures

(loan-level analysis)

This table reports the model estimates from equation (D.2). The sample focuses on large expo-
sures and is restricted to multiple-lending relationships where the borrower is associated with at
least one SA and one IRB bank. In Panel A, the outcome variables are total On-Balance Sheet
exposures (columns 1-3) and Loans (columns 4-6). In Panel B, the outcome variables are total
Off-Balance Sheet exposures (columns 1-3) and Loan Commitments (columns 4-6). The outcome
variables are expressed as quarterly growth rates (LogYi,j,t − LogYi,j,t−1). Postt takes the value
of one for the 2020Q2-2020Q3 period and zero for the 2019Q2-2020Q1 period. IRBi takes the
value of one for banks reporting corporate credit risk using RIB models and zero if the banks use
the standardized approach. Variables are defined in Appendix B. We only show estimates for the
interaction terms (Postt × Xi,t−1). The estimates of the control variables (Xi,t−1) are available upon
request from the authors. Variables are winsorized at the 5% level. Clustered standard errors at the
bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A On-Balance Sheet Loans

(1) (2) (3) (4) (5) (6)

Postt × IRBi -0.0931∗∗∗ -0.0845∗∗ -0.1035∗∗∗ -0.1227∗∗∗ -0.1100∗∗ -0.1329∗∗∗

(0.0285) (0.0368) (0.0378) (0.0383) (0.0437) (0.0455)

Postt × Total Assetsi,t−1 0.0198∗ 0.0217 0.0261∗∗ 0.0230∗∗ 0.0277∗∗ 0.0328∗∗

(0.0103) (0.0135) (0.0130) (0.0111) (0.0128) (0.0128)

Postt × Capital Surplusi,t−1 -0.0040 -0.0005 0.0000 -0.0031 0.0004 0.0015
(0.0033) (0.0041) (0.0042) (0.0036) (0.0041) (0.0042)

Postt ×ROAi,t−1 0.0909 0.1189∗ 0.1219 0.0908 0.1288 0.1214
(0.0634) (0.0666) (0.0820) (0.0683) (0.0821) (0.0928)

Postt ×Deposit Ratioi,t−1 0.0008 0.0003 0.0006 0.0014 0.0010 0.0014
(0.0009) (0.0010) (0.0010) (0.0009) (0.0010) (0.0010)

Postt ×RWA Densityi,t−1 0.0005 0.0012 0.0007 -0.0006 0.0008 -0.0000
(0.0013) (0.0015) (0.0018) (0.0015) (0.0019) (0.0021)

Postt × Large Exposure Sizei,j,t−1 0.0006 0.0012 0.0001 0.0002 0.0014 0.0002
(0.0027) (0.0026) (0.0028) (0.0030) (0.0032) (0.0033)

Observations 1,516 1,516 1,516 1,516 1,516 1,516
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes

Panel B Off-Balance Sheet Loan Commitments

(1) (2) (3) (4) (5) (6)

Postt × IRBi 0.0736 0.0697∗ 0.0905∗∗ 0.1775∗∗∗ 0.1649∗∗ 0.2050∗∗∗

(0.0504) (0.0411) (0.0369) (0.0631) (0.0695) (0.0582)

Postt × Total Assetsi,t−1 0.0023 0.0018 -0.0041 -0.0002 0.0006 -0.0079
(0.0094) (0.0091) (0.0093) (0.0125) (0.0131) (0.0130)

Postt × Capital Surplusi,t−1 -0.0016 -0.0057 -0.0057 0.0047 -0.0029 -0.0056
(0.0112) (0.0084) (0.0091) (0.0121) (0.0103) (0.0106)

Postt ×ROAi,t−1 -0.0730 -0.1166∗ -0.0820 -0.0296 -0.1441 -0.1234
(0.0840) (0.0630) (0.0649) (0.1025) (0.0960) (0.1021)

Postt ×Deposit Ratioi,t−1 0.0005 0.0006 0.0002 0.0000 0.0011 0.0007
(0.0012) (0.0010) (0.0010) (0.0014) (0.0014) (0.0015)

Postt ×RWA Densityi,t−1 0.0024 0.0019 0.0021 0.0060 0.0060 0.0072
(0.0031) (0.0034) (0.0033) (0.0038) (0.0044) (0.0043)

Postt × Large Exposure Sizei,j,t−1 -0.0012 0.0001 -0.0004 -0.0024 -0.0018 -0.0026
(0.0026) (0.0021) (0.0022) (0.0033) (0.0028) (0.0029)

Observations 1,224 1,224 1,224 1,224 1,224 1,224
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes
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Table D8
Robustness check: Omitting 2020Q1

This table presents the estimated coefficients obtained from equation (D.2). The outcome variables
are credit exposures to non-financial corporations: total credit origination in columns 1 and 2, total
On-Balance Sheet exposures in columns 3 and 4, and total Loans in columns 5 and 6. The outcome
variables are expressed as quarterly growth rates (LogYi,t −LogYi,t−1). Postt takes the value of one for
the 2020Q2-2020Q3 period and zero for the 2019Q1-2019Q4 period. The regression excludes 2020Q1.
IRBi takes the value of one for banks reporting corporate credit risk using IRB models and zero if the
bank uses the standardized approach. Variables are defined in Appendix B. We only show estimates
for the interaction terms (Postt ×Xi,t−1). The estimates of the control variables (Xi,t−1) are available
upon request from the authors. Variables are winsorized at the 5% level. Clustered standard errors at
the bank level are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Credit Origination to NFC On-Balance Sheet to NFC Loans to NFC

(1) (2) (3) (4) (5) (6)

Postt × IRBi -0.0194∗∗∗ -0.0124∗∗ -0.0246∗∗∗ -0.0123∗∗ -0.0255∗∗∗ -0.0139∗∗

(0.0059) (0.0062) (0.0060) (0.0060) (0.0059) (0.0060)

Postt × Total Assetsi,t−1 0.0046∗∗∗ 0.0040∗∗ 0.0034∗∗ 0.0024 0.0043∗∗ 0.0031
(0.0017) (0.0018) (0.0016) (0.0017) (0.0020) (0.0021)

Postt × Capital Surplusi,t−1 0.0002 0.0009 0.0001 0.0013∗∗ -0.0005 0.0005
(0.0005) (0.0005) (0.0006) (0.0006) (0.0006) (0.0006)

Postt ×ROAi,t−1 0.0016 -0.0092 -0.0032 -0.0138 0.0007 -0.0061
(0.0103) (0.0110) (0.0091) (0.0095) (0.0095) (0.0103)

Postt ×Deposit Ratioi,t−1 0.0004∗∗∗ 0.0006∗∗∗ 0.0004∗∗∗ 0.0006∗∗∗ 0.0005∗∗∗ 0.0006∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0002)

Postt ×RWA Densityi,t−1 -0.0002 -0.0000 -0.0003 -0.0000 -0.0004 -0.0002
(0.0002) (0.0002) (0.0002) (0.0002) (0.0003) (0.0003)

Observations 1,497 1,497 1,497 1,497 1,497 1,497
Bank-level controls Yes Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes Yes Yes
Time FE Yes No Yes No Yes No
Country × Time FE No Yes No Yes No Yes
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Table D9
Robustness check: The role of credit cycle

This table presents the estimated coefficients obtained from equation (D.2). Panel A refers to the
main identification strategy, in which the sample is restricted to multiple-lending relationships in which
the borrower is associated with at least one SA and one IRB bank. Panel B refers to the alternative
identification strategy, in which the sample includes borrowers associated with at least one IRB bank
classified as ”Low” and one IRB bank classified as ”High” distance. The outcome variables are loans
& securities (columns 1 to 3) and loan commitments (columns 4 to 6). The outcome variables are
expressed in the quarterly growth rates (LogYi,j,t − LogYi,j,t−1). Country Groupj takes the value
of 1 if country j to which bank i belongs reports a ratio between credit and GDP growth above the
median in 2019Q4 and zero otherwise. Postt takes the value of one for the 2020Q2-2020Q3 period
and zero for the 2019Q2-2020Q1 period. IRBi takes the value of one for banks reporting corporate
credit risk using IRB models and zero if the bank uses the standardized approach. LowCapi takes
the value of one for banks in the first quartile of the Capital Surplus variable and zero otherwise.
Variables are defined in Appendix B. The estimates of the control variables (Xi,t−1) are available upon
request from the authors. Variables are winsorized at the 5% level. Clustered standard errors at the
bank level in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Loans Loan Commitments

(1) (2) (3) (4) (5) (6)

Postt × IRBi × Country Groupj -0.0330 0.0090 -0.0044 -0.1597 -0.3459 -0.1262
(0.0552) (0.0589) (0.0623) (0.2162) (0.2125) (0.1746)

Postt × IRBi -0.1085∗∗ -0.1161∗ -0.1309∗∗ 0.3847∗ 0.5343∗∗ 0.4136∗∗

(0.0544) (0.0590) (0.0584) (0.2218) (0.2074) (0.1838)

Postt × Country Groupj 0.0025 -0.0194 -0.0032 0.1625 0.2953 0.0497
(0.0471) (0.0609) (0.0611) (0.2209) (0.2127) (0.1782)

Postt × Total Assetsi,t−1 0.0241∗∗ 0.0288∗∗ 0.0331∗∗ 0.0246 0.0199 0.0266
(0.0118) (0.0131) (0.0136) (0.0232) (0.0200) (0.0221)

Postt × Capital Surplusi,t−1 -0.0040 0.0004 0.0013 0.0022 -0.0102 -0.0114∗

(0.0041) (0.0047) (0.0050) (0.0078) (0.0064) (0.0067)

Postt ×ROAi,t−1 0.0827 0.1233 0.1197 -0.0499 -0.1005 -0.2077
(0.0674) (0.0818) (0.0933) (0.1617) (0.1418) (0.1464)

Postt ×Deposit Ratioi,t−1 0.0013 0.0010 0.0013 0.0018 0.0031∗∗ 0.0032∗∗

(0.0010) (0.0010) (0.0011) (0.0014) (0.0013) (0.0013)

Postt ×RWA Densityi,t−1 -0.0007 0.0009 -0.0000 0.0049 0.0039 0.0100∗∗

(0.0015) (0.0019) (0.0021) (0.0050) (0.0049) (0.0047)

Postt × Large Exposure Sizei,j,t−1 0.0002 0.0016 0.0003 0.0106 0.0156 0.0140∗

(0.0030) (0.0032) (0.0034) (0.0078) (0.0104) (0.0078)

Observations 1,516 1,516 1,516 1,276 1,276 1,276
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes
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Table D10
Robustness check: “Zombie” borrowers

This table presents the estimated coefficients obtained from equation (D.2). The sample focuses on
large exposures and is restricted to multiple-lending relationships where the borrower is associated
with at least one SA and one IRB bank. The outcome variables are Loans (columns 1-3) and Loan
Commitments (columns 4-6). The outcome variables are expressed in the quarterly growth rates
(LogYi,j,t − LogYi,j,t−1). Postt takes the value of one for the 2020Q2-2020Q3 period and zero for the
2019Q2-2020Q1 period. IRBi takes the value of one for banks reporting corporate credit risk using
IRB models and zero if the bank uses the standardized approach. LowCapi takes the value of one for
banks in the first quartile of the Capital Surplus variable and zero otherwise. Variables are defined
in Appendix B. We only show estimates for the interaction terms (Postt × Xi,t−1). The estimates of
the control variables (Xi,t−1) are available upon request from the authors. Variables are winsorized at
the 5% level. Clustered standard errors at the bank level are in parentheses. *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Loans Loan Commitments

(1) (2) (3) (4) (5) (6)

Postt × IRBi -0.1488∗∗∗ -0.1742∗∗∗ -0.1734∗∗∗ 0.1968∗ 0.2247∗∗ 0.2322∗∗

(0.0455) (0.0471) (0.0505) (0.1036) (0.0951) (0.0892)

Postt × Total Assetsi,t−1 0.0449∗∗∗ 0.0513∗∗∗ 0.0553∗∗∗ -0.0227 -0.0340∗ -0.0396∗∗

(0.0133) (0.0150) (0.0164) (0.0162) (0.0199) (0.0195)

Postt × Capital Surplusi,t−1 -0.0087 -0.0066 -0.0052 0.0005 0.0035 0.0012
(0.0054) (0.0064) (0.0066) (0.0265) (0.0177) (0.0203)

Postt ×ROAi,t−1 0.0227 0.0708 0.0263 -0.1240 -0.1517 -0.0839
(0.0656) (0.0710) (0.0797) (0.1916) (0.1624) (0.1902)

Postt ×Deposit Ratioi,t−1 0.0009 0.0004 0.0008 0.0013 0.0017 0.0010
(0.0008) (0.0011) (0.0012) (0.0025) (0.0022) (0.0025)

Postt ×RWA Densityi,t−1 0.0008 0.0003 0.0005 0.0076 0.0100∗ 0.0090
(0.0016) (0.0019) (0.0022) (0.0051) (0.0056) (0.0059)

Postt × Large Exposures Sizei,j,t−1 0.0015 0.0033∗ 0.0025 -0.0069∗∗ -0.0127∗∗ -0.0133∗∗∗

(0.0015) (0.0016) (0.0017) (0.0032) (0.0050) (0.0049)

Observations 970 970 970 738 738 738
Bank FE Yes No Yes Yes No Yes
Borrower × Time FE No Yes Yes No Yes Yes
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Table D11
Robustness check:

COVID-19 effects on on- and off-balance sheet exposures
(loan-level analysis) for ”capital-constrained” IRB and SA banks

This table reports the model estimates from equation (D.2). The sample includes all borrowers (i.e., not only
borrowers with multiple-lending relationships) but only banks with a ”Capital Surplus” variable in the first
quartile of the distribution (i.e., ”Low” distance banks). In Panel A, the outcome variables are total On-Balance
Sheet exposures (columns 1-3) and Loans (columns 4-6). In Panel B, the outcome variables are total Off-Balance
Sheet exposures (columns 1-3) and Loan Commitments (columns 4-6). The outcome variables are expressed
in the quarterly growth rates (LogYi,j,t − LogYi,j,t−1). Postt takes the value of one for the 2020Q2-2020Q3
period and zero for the 2019Q2-2020Q1 period. IRBi takes the value of one for banks reporting corporate
credit risk using IRB models and zero if the bank uses the standardized approach. Variables are defined
in Appendix B. We only show estimates for the interaction terms (Postt × Xi,t−1). The estimates of the
control variables (Xi,t−1) are available upon request from the authors. We include a set of fixed effects at the
borrower level, with Country and NACE. Variables are winsorized at the 5% level. Clustered standard errors at the
bank-quarter level are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A On-Balance Sheet Loans

(1) (2) (3) (4) (5) (6)

Postt × IRBi -0.2596∗∗∗ -0.2235∗∗∗ -0.2477∗∗∗ -0.2020∗∗∗ -0.1675∗∗ -0.1416∗

(0.0701) (0.0619) (0.0728) (0.0745) (0.0710) (0.0765)

Postt × Total Assetsi,t−1 0.0679∗∗∗ 0.0579∗∗∗ 0.0634∗∗∗ 0.0456∗∗ 0.0523∗∗ 0.0389∗

(0.0240) (0.0199) (0.0226) (0.0229) (0.0203) (0.0204)

Postt × Capital Surplusi,t−1 -0.1292∗∗∗ -0.0690∗∗ -0.0896∗∗ -0.1209∗∗∗ -0.0415 -0.0395
(0.0284) (0.0335) (0.0399) (0.0317) (0.0329) (0.0376)

Postt ×ROAi,t−1 -0.2588∗∗ 0.1722 0.0443 -0.4657∗∗∗ -0.1475 -0.1150
(0.1282) (0.1246) (0.1912) (0.1432) (0.1385) (0.1936)

Postt ×Deposit Ratioi,t−1 0.0033∗∗ 0.0044∗∗∗ 0.0048∗∗∗ 0.0030 0.0041∗∗ 0.0044∗∗

(0.0017) (0.0016) (0.0018) (0.0018) (0.0018) (0.0018)

Postt ×RWA Densityi,t−1 0.0042 -0.0142∗∗∗ -0.0093 0.0129∗∗ -0.0003 -0.0006
(0.0048) (0.0039) (0.0075) (0.0050) (0.0038) (0.0076)

Postt × Large Exposure Sizei,j,t−1 0.0086 0.0066 0.0001 0.0034 0.0020 -0.0060
(0.0056) (0.0051) (0.0060) (0.0059) (0.0063) (0.0064)

Observations 3,964 3,964 3,964 3,964 3,964 3,964
Bank FE Yes No Yes Yes No Yes
Country × NACE × Time FE No Yes Yes No Yes Yes

Panel B Off-Balance Sheet Loan Commitments

(1) (2) (3) (4) (5) (6)

Postt × IRBi 0.1749∗∗∗ 0.1230∗∗∗ 0.1076∗∗∗ 0.3314∗∗∗ 0.2614∗∗∗ 0.2422∗∗∗

(0.0429) (0.0465) (0.0400) (0.0693) (0.0757) (0.0572)

Postt × Total Assetsi,t−1 -0.0339∗∗∗ -0.0200 -0.0239 -0.0225 -0.0102 -0.0171
(0.0130) (0.0154) (0.0146) (0.0172) (0.0180) (0.0165)

Postt × Capital Surplusi,t−1 0.0672∗∗∗ 0.0272∗ 0.0277∗ 0.0713∗∗∗ 0.0131 0.0026
(0.0189) (0.0149) (0.0161) (0.0270) (0.0233) (0.0256)

Postt ×ROAi,t−1 -0.0219 0.0418 0.1356 -0.0193 0.1801∗∗ 0.2207∗

(0.0794) (0.0665) (0.1154) (0.1161) (0.0864) (0.1330)

Postt ×Deposit Ratioi,t−1 -0.0016 -0.0008 -0.0015 -0.0002 -0.0002 -0.0013
(0.0011) (0.0011) (0.0011) (0.0015) (0.0013) (0.0012)

Postt ×RWA Densityi,t−1 0.0084∗∗ 0.0007 -0.0030 0.0149∗∗∗ -0.0012 -0.0019
(0.0035) (0.0030) (0.0049) (0.0050) (0.0031) (0.0060)

Postt × Large Exposure Sizei,j,t−1 -0.0126∗∗ -0.0061 -0.0076 -0.0114∗ 0.0006 -0.0020
(0.0050) (0.0058) (0.0065) (0.0065) (0.0084) (0.0088)

Observations 3,900 3,900 3,900 3,783 3,783 3,783
Bank FE Yes No Yes Yes No Yes
Country × NACE × Time FE No Yes Yes No Yes Yes
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