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Abstract

Using 615 banks across 68 countries, we show that adoption of the Expected Credit

Loss (ECL) model under IFRS 9 increases systemic risk by 11%. The effect is strongest

in bank-centric economies and during downturns, when synchronized de-risking amplifies

fire-sale loops. The rise in fragility does not stem from weaker individual banks but from

greater homogeneity in provisioning, portfolios, and risk models. Loan-level evidence

confirms convergence in maturities and borrower risk, while common auditors propagate

standardized methodologies. Our results highlight a fundamental tradeoff: accounting

convergence enhances transparency and bank-level resilience but reduces heterogeneity,

raising systemic fragility, and amplifying contagion channels.
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1 Introduction

The global financial system remains vulnerable to systemic risk not only because of bank-

specific weaknesses but also due to the unintended consequences of regulation. A central

paradox in financial regulation is that rules designed to strengthen individual institutions

may increase fragility at the system level. By standardizing balance sheet structures and

risk management practices, prudential reforms can reduce idiosyncratic risk but amplify

correlated exposures, fire-sale risks, and contagion (Acharya, 2009; Wagner, 2011; Goldstein

et al., 2024). As Acharya et al. (2017) highlight, “current financial regulations. . . they are not

sufficiently focused on systemic risk even though systemic risk is often the rationale provided

for such regulation.”

The introduction of the Expected Credit Loss (ECL) model under IFRS 9 provides

a natural setting to study the regulatory tradeoff between microprudential resilience and

systemic fragility. By requiring banks to provision based on forward-looking macroeconomic

forecasts, ECL was designed to strengthen buffers and improve transparency (Kim et al., 2021;

López-Espinosa et al., 2021; Qiang and Wang, 2024; Yang, 2025).1 However, this uniform

reliance on common indicators also convergent provisioning cycles, concentrates demand for

scarce safe assets (Andolfatto and Williamson, 2015; Caballero et al., 2016, 2017), and aligns

risk models across institutions. In doing so, ECL may reduce heterogeneity among banks,

creating a sector where institutions not only assess risk in similar ways but also respond to

shocks with similar portfolio adjustments.

While such a change may benefit individual banks, it increases systemic vulnerability.

When downturns occur, common risk triggers can prompt simultaneous de-risking, leading to

asset liquidations that depress prices, erode collateral values, and propagate losses across the

financial system (Pukthuanthong and Roll, 2009; Shleifer and Vishny, 2011; Karolyi et al.,

1Under the prior incurred loss (IL) model (IAS 39), provisions were recognized only after an objectively
identified loss event occurred. This delayed recognition constrained banks’ ability to preemptively buffer
against credit risk. The reform aims to promote forward-looking recognition (Beatty and Liao, 2014; Acharya
and Ryan, 2016; Borio and Restoy, 2020). Prior literature applauds the ECL framework for improving loan loss
transparency and reducing bank-specific fragility at the institutional level (Kim et al., 2021; López-Espinosa
et al., 2021; Qiang and Wang, 2024; Yang, 2025).
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2012; Greenwood et al., 2015; Goldstein et al., 2024). This “risk–fire-sale loop” highlights

how accounting reforms intended to promote safety at the micro level may unintendedly

amplify fragility at the banking system level.

This paper provides the first large-scale international evidence on how a global accounting

reform affects systemic risk. We utilize the Datastream database to compile a sample of

banks across 68 countries. We adopt the CoVaR measure by Tobias and Brunnermeier

(2016) to calculate the systemic risk for banks from 2014 to 2021, examining how the global

implementation of ECL changes their systemic risks. Using a difference-in-differences (DiD)

approach, we compare systemic risk changes between banks that adopted ECL and those that

did not. In our main tests, the treatment sample includes only countries that implemented

ECL on January 1, 2018, and excludes regions where ECL was implemented on different

dates. To mitigate the negative weighting issue (De Chaisemartin and d’Haultfoeuille, 2020;

Baker et al., 2022), we use only countries that have never adopted ECL as the control group.2

Relying on DiD estimation, we first show that the implementation of ECL leads to

a higher level of systemic risk. In particular, the systemic risk of banks under the ECL

approach increases by 11.13% following the implementation of the policy, which is economically

significant. This finding is consistent with the theoretical concern expressed by Goldstein et al.

(2024) and shifts attention from the well-documented micro benefits of ECL, such as improved

transparency and resilience at the individual bank level (Kim et al., 2021; López-Espinosa

et al., 2021; Qiang and Wang, 2024; Yang, 2025), to its unintended costs. By showing

how accounting convergence raises systemic fragility through homogeneity, we contribute to

debates on prudential design and highlight the need for regulation that balances individual

bank safety with banking system stability.

To corroborate our findings of increased systemic risk, we conduct multiple cross-sectional

tests. First, we investigate whether the implementation of the ECL leads to a significant

2As an alternative identification strategy, we conduct staggered implementation of ECL globally in a
robustness test. We further illustrate the parallel trend test in a figure. The figure reveals that this rise in
systemic risk is unique to the post-implementation period of ECL and is not evident before its implementation.
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increase in the systemic risk of banks in bank-centric countries. In market-based systems,

convergent banking activities may matter less because firms and households can turn to

capital markets when banks pull back. A bank-centric system leaves firms and households

with few alternative financing/investment channels, making credit contractions and asset

liquidations more acute (Levine et al., 2016). We proxy for the bank-centric countries using

the larger total assets of the banking sector in the financial system, large banks’ equity market

beta, and higher domestic credit to the private sector. We then estimate the DiD model

using subsamples divided based on the median value of each proxy. Consistent with our

conjecture, we find that the increase in systemic risk is more pronounced for subsamples with

larger banking market share, larger equity market beta, and higher domestic credit to the

private sector.

Considering that the increase in systemic risk due to bank homogeneity is more pronounced

during economic recessions, which are characterized by a risk-fire sale loop (Goldstein et al.,

2024), we further stratify our sample based on the GDP growth rate of each country. Consistent

with this theoretical prediction, we observe that the increase in systemic risk following ECL

implementation is more significant in countries experiencing slower economic growth.

We take further steps to examine the time-series variation in the ECL effect on systemic

risk. Three patterns emerge. First, the increase in systemic risk is not driven by the day-

one adoption of ECL, suggesting that the effect arises from ongoing implementation rather

than transitional adjustments of preexisting loans. Second, the effect is more pronounced

around fiscal year-end, when banks face the greatest ECL compliance pressure. Third,

the increase is evident in both pandemic and non-pandemic periods, but is significantly

stronger during COVID-19. We view this as an additional validation of our mechanism:

the pandemic represented an extreme macroeconomic shock that simultaneously stressed

provisioning models, asset valuations, and funding conditions. The amplification of systemic

risk during this period is consistent with the fire-sale externality channel, where homogeneity

in provisioning and portfolio responses magnifies losses in downturns.
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We then explore potential mechanisms driving the increases in systemic risk following

ECL implementation, focusing specifically on the possibility of increased homogeneity

among banks (Wagner, 2011; Goldstein et al., 2024). Specifically, we focus on three

homogenization channels: (1) convergent provisioning cycles under uniform macroeconomic

inputs; (2) portfolio convergence due to constrained safe asset supply; and (3) shared auditors

disseminating standardized risk methodologies.

First, we examine the convergence of loan-loss provisions. Using three-year windows

around the adoption date, we compare the similarity of provisioning behavior before and after

ECL. We find that banks’ LLPs become markedly more aligned following the reform, reducing

cross-bank heterogeneity. Importantly, the increase in systemic risk is more pronounced for

banks that exhibit larger gains in provisioning convergence, consistent with synchronized

buffers amplifying common responses to shocks.

Second, we study portfolio effects. Because forward-looking provisioning encourages

banks to hold liquid assets as precautionary buffers, and the supply of such assets is limited

(Caballero et al., 2016, 2017), ECL would push banks into increasingly similar asset positions.

Consistent with this idea, we find higher asset similarity at the bank year level (Chu et al.,

2020) after adoption, with stronger systemic risk effects among banks that converge the most

(Goldstein et al., 2024). To further pin down this mechanism, we turn to DealScan loan-level

data. We construct a measure of maturity similarity across banks. Using global syndicated

loan data, we find that ECL adoption leads to stronger maturity similarity, shorter loan

maturities, and a reallocation toward safer borrowers, a pattern we interpret as “flight to

liquidity and quality.” These loan-level adjustments reduce cross-bank variation in lending

strategies and provide direct micro evidence of how ECL induces portfolio convergence

aggregates into systemic fragility.

Third, we examine the role of common ECL models in driving convergence in banks’ risk

assessment methodologies. Although banks’ internal ECL models are not directly observable,

prior work shows that auditors influence firms’ risk modeling and reporting practices, creating
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similarities across clients (Chen et al., 2020; Mauritz et al., 2023). Building on this evidence,

we use common auditors as a proxy for similarity in ECL methodologies. Auditors review

and challenge banks’ assumptions about credit losses, including probability of default and

loss given default, and enforce consistency with regulatory guidance. When the same auditor

oversees multiple banks, this scrutiny can generate convergence in modeling practices and

parameter choices. Consistent with this mechanism, we find that systemic risk increases

more among banks sharing auditors, especially when those auditors serve a larger share of

the domestic banking sector.

Our paper contributes to multiple streams of literature. First, we contribute to the

systemic risk and financial stability literature. Prior work emphasizes how asset commonality,

correlated risk models, and fire-sale externalities magnify systemic fragility (Acharya, 2009;

Wagner, 2011; Fecht et al., 2012; Anginer et al., 2014; Acharya et al., 2017; Chu et al., 2020;

Goldstein et al., 2024). We provide the first international evidence that a global accounting

reform increases systemic risk by making banks more homogeneous. This finding highlights

a fundamental regulatory tradeoff: measures that make individual institutions safer may,

paradoxically, undermine system-wide stability. While theory has emphasized homogeneity

as a source of systemic risk, our bank- and loan-level evidence shows how regulatory design

concretely reshapes provisioning cycles, balance-sheet portfolios, and contract terms, thereby

amplifying fire-sale dynamics. Specifically, we document multiple layers of convergence:

provisioning cycles become more synchronized, balance-sheet portfolios more alike, and

risk models more standardized through auditors. Most importantly, global loan-level data

reveal that ECL induces greater loan contract maturity similarity, shorter maturities, and a

reallocation toward safer borrowers, a manifestation of “flight to liquidity and quality.”

Second, we extend the literature on ECL in several dimensions. While prior empirical

studies document that ECL achieves its intended goal of improving transparency at the

bank or borrower level (Kim et al., 2021; López-Espinosa et al., 2021; Qiang and Wang,

2024; Yang, 2025), we examine its impact on interconnectedness among banks and highlight
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unintended systemic consequences. We show that individual bank-level benefits of ECL

can be accompanied by higher systemic risk. By revealing this negative effect of the model,

our findings align with Chen et al. (2025), who document increased procyclicality of U.S.

banks’ credit supply under CECL during the COVID period. Unlike Chen et al. (2025)

and Granja and Nagel (2025), who focus on domestic lending procyclicality, we provide

large-sample international evidence that ECL amplifies systemic risk through homogeneity

and the associated risk–fire-sale loop, consistent with the predictions of Goldstein et al.

(2024).

Our findings could be of interest to policymakers, as they suggest that effective regulation

should not merely focus on mitigating standalone bank risk but should also tackle systemic

risk. A policy tradeoff regarding the convergent credit model from the standpoint of bank

systemic risk deserves additional attention (Goetz et al., 2016; Acharya et al., 2017).

2 Sample Selection, Variables Construction, and Research Design

2.1 Sample selection

Our initial information on the implementation of ECL is obtained from López-Espinosa et al.

(2021). They provide the implementation date of ECL in 90 countries. We further look up

such information for another 14 countries with GDP ranked in the top 80 globally.3 Our

sample period spans from 2014 to 2021, which is four years before and after 2018. Stock

return and trading information are obtained from CRSP and Datastream. Bank-level financial

information is from BankFocus. Datastream and BankFocus databases are linked through

the bank’s ISIN code. Macro control variables are sourced from the BvD EIU Countrydata.

We construct two samples for two different identification strategies. The primary one is

a sample for the standard DiD estimation. In this sample, we only include those counties

that implemented ECL in 2018 and those that never implemented this accounting standard.

3The countries with GDP rankings up to 80 in 2022 account for 98% of global GDP, and fourteen of
these 80 countries are not included in López-Espinosa et al. (2021). We manually collected information on
these countries from the websites of central banks and financial stability reports. Appendix A.3 presents the
information about ECL in these 14 countries. Our final sample does not include these 14 countries due to
limitations in the stock price and control variable data for banks in these countries.
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The second sample is used for a staggered DiD estimation that further includes countries

that adopt ECL in the later year. The second approach allows us to reserve more sample

banks but may introduce concerns about negative weighting problems (De Chaisemartin

and d’Haultfoeuille, 2020; Baker et al., 2022). We exclude the sample of banks with missing

control variables or key dependent variables (∆CoVaR estimation). Since a much larger

number of countries implemented ECL in 2018 than in other years, we focus on the simple

DiD sample. It results in a sample of 216,993 bank-week observations corresponding to 615

banks from 68 countries. In the later section, we further utilize the staggered DiD estimation

to reserve more sample banks and find consistent results. Appendix A.1 details the sample

selection process.

2.2 Variables construction

2.2.1 Systemic risk measures

We measure systemic risk based on financial market data to maintain comparability across

countries in our cross-country sample, mitigating the limitations associated with using

accounting data. In addition, the market-based measure also allows us to avoid the mechanical

impacts of ECL implementation on banks’ reported accounting items. In particular, following

Tobias and Brunnermeier (2016), we use ∆CoVaR to measure the banks’ systemic risk. It

assesses a bank’s contribution to systematic risk based on the tail dependency between the

entire financial system and the individual bank. It represents the financial system’s value at

risk conditional on specific events of the individual bank i. Equation (1) defines CoVaR.

P
(
Xsystem

t

∣∣X i
t = V aRi

q,t ≤ CoV aRi
q,t

)
= q, (1)

whereX i
t andXsystem

t represent the loss series of the bank and the financial system, respectively.

VaRi
q,t is the value-at-risk for the individual bank i and is defined as the q%-quantile of the

bank i’s losses. The ∆CoVaR is the change as one shifts the conditioning event from the

median return of bank i to the adverse VaRi
q,t. It captures the marginal contribution of an
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institution to the overall systemic risk.

∆CoV aRi
q,t = CoV aRi

q,t − CoV aRi
50,t, (2)

Assuming firm and system losses follow a bivariate normal distribution:

(X i
t , X

system
t ) ∼ N


0

0

 ,

 (σi
t)

2 ρitσ
i
tσ

system
t

ρitσ
i
tσ

system
t (σsystem

t )2


 , (3)

where ρit is the dynamic correlation coefficient between two loss series; σi
t is the volatility

of the bank’s loss series (X i
t); σ

system
t is the volatility of the financial system’s loss series

(Xsystem
t ). By properties of the multivariate normal distribution and the definition of CoVaR,

we can write:

CoV aRi
q,t = Φ−1(q%)σsystem

t

√
1− (ρit)

2 + Φ−1(q%) ρitσ
system
t , (4)

and

CoV aRi
50,t = Φ−1(q%)σsystem

t

√
1− (ρit)

2 + Φ−1(50%) ρitσ
system
t , (5)

where Φ−1(q%) is the Gaussian quantile. Because Φ−1(50%) = 0, ∆CoVaR is constructed as

follows.

∆CoVaRi
q,t = CoVaRi

q,t − CoVaRi
50,t = Φ−1(q%)ρitσ

system
t , (6)

We employ the GARCH model for the estimation.4 First, we calculate the weekly loss series of

the bank (X i
t) and the financial system (Xsystem

t ). The return losses of the bank are based on

weekly market capitalization, X i
t = −MCapi

t/MCapi
t−1. We obtain daily market capitalization

4In Tobias and Brunnermeier (2016), ∆CoVaR can be estimated using GARCH model and quantile
regression. The authors verify that, although the GARCH model and quantile regression are different, the
resulting ∆CoVaR estimates are similar. In the estimation process, the GARCH model uses only stock price
data of banks and financial systems, while quantile regression also includes state variables such as the slope
of the yield curve and the aggregate credit spread. There is no uniform source of these state variables for
different countries. Therefore, the GARCH model is more suitable for cross-country samples.
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data from the Datastream and CRSP, and then take weekly averages.5 The loss series of the

financial system is also based on market capitalization, Xsystem
t = −MCapsystem

t /MCapsystem
t−1 .

For the market capitalization of the financial system, we take the average market equity loss

of all financial institutions, weighted by lagged market equity as Tobias and Brunnermeier

(2016).6 We estimate a bivariate diagonal vech GARCH (1,1) for each bank to get the weekly

volatility of the loss series (σsystem
t ) and dynamic correlation coefficient (ρit). Finally, we

calculate ∆CoVaR as Equation (6). Following Tobias and Brunnermeier (2016), q takes the

value of 95 in this paper. We estimate the ∆CoVaR using data from January 1, 2000, to

March 31, 2022, to ensure a better convergent estimator, while only the data from January 1,

2014, to December 31, 2020, is utilized in the empirical analysis. The results are consistent

when we use a 3-year rolling-over window to estimate the ∆CoVaR.

2.3 Research Design

For our main analysis, we focus on the countries/banks that have implemented ECL in 2018

as treatment samples and those that have never implemented ECL as control samples. By

doing so, we can avoid the negative weighting problem in staggered settings discussed in

De Chaisemartin and d’Haultfoeuille (2020) and Baker et al. (2022). Treat is an indicator

variable for those banks that have implemented ECL. The control group is the set of banks that

have never implemented ECL. Post is a dummy variable equal to one after January 1, 2018,

and zero otherwise. We assign the same treatment status to all the banks in the same country

for the majority of the cases. Some banks are required to implement ECL ahead of schedule

or are allowed to delay the implementation. For such banks, we download financial statements

from the official website of the bank and then check the effective date (López-Espinosa

et al., 2021). We adjusted the implementation time of these banks accordingly. Appendix

A.3 presents the number of banks in each country. A standard Difference-in-differences

5For the banks in the United States, we obtain the market capitalization data from the CRSP database,
following Tobias and Brunnermeier (2016). For other banks, the market capitalization data is from the
Datastream.

6We use the TRBC code from the Worldscope database as the classification criteria. The bank’s TRBC
code starts with 551010. The financial system loss data is calculated by all financial institutions corresponding
to TRBC code 55.
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model is employed for estimation. Essentially, we compare the difference in systemic risk

changes between banks that have adopted the ECL approach and those that have not. The

specification for the DID estimation in the research is as follows:

∆CoV aRict = α0 + β · Treat ic · Post t + γ Controls+ ui + vt + εict, (7)

where i represents the banks, c represents countries, and t represents the weeks. We

include a list of bank-year-level control variables and country-year-level macroeconomic

variables. Following prior research (Chu et al., 2020), we include variables that are associated

with systemic risk. Specifically, we include bank size, which is calculated as the nature

logarithm of total assets; ST funding , which is the difference between deposits and short-

term funding and total customer deposits divided by the deposits and short-term funding;

ROA, which is measured as the return on average assets; Market to book , which is measured

as the market value of equity divided by book value of equity; Noninterest , which is

measured as non-interest income divided by operating revenues; Income diversity , which

equals 1−|(net interest income − noninterest income)/operating revenues|; Asset diversity ,

which equals 1 − |(loans − other earning assets)/total earning assets|. We also include

CreditGrowth, which is the credit growth rate; GDPGrowth, which GDP growth rate; Inf ,

which is measured as the CPI growth rate. ui is the bank-fixed effect, which captures the

time-invariant characteristics of banks. vt is the week-fixed effect and captures the time-

variant shocks. We cluster the standard errors by bank and week. Detailed construction of

variables is included in Appendix A.2.

3 Empirical Results

3.1 Descriptive statistics

Panel A of Table 1 offers the descriptive statistics for our sample banks. The mean of

∆CoVaR is 2.36, which is comparable to the ∆CoVaR calculated by Tobias and Brunnermeier

(2016) using the U.S. sample. The standard deviation of ∆CoVaR stands at 1.60, which
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signifies the sample’s diversity, with a broad spectrum of banks and extensive variations in

systemic risk. The other control variables’ summary statistics match up with the prevailing

literature. The sample is bifurcated into banks adopting ECL regulation and control groups.

The banks adopting ECL contribute more towards systemic risk, as per the conditional value

at risk, in comparison to the control groups. In addition, banks adopting ECL are larger,

have a higher loan loss provision, and maintain a comparable income diversity relative to the

control groups. Countries where banks have adopted ECL also demonstrate higher credit

growth rates, GDP growth rates, and inflation. However, these banks have less non-deposit

short-term funding, engage marginally less in non-interest income activities, and display

lower profitability, market-to-book ratio, and asset diversity. We also observed the change of

the full sample in ∆CoVaR before and after ECL. Panel B shows that the mean value of

∆CoVaR increased after the implementation of ECL.

3.2 Difference-in-differences regression

To identify the impact of ECL implementation on systemic risk, we employ the DiD regression

as of Equation (7). The dependent variable is systemic risk measured by ∆CoVaR. The key

independent variable is the interaction term between Treat and Post, which captures the

incremental effect of ECL implementation.

A fundamental presumption of our Difference-in-differences (DID) identification strategy

is that the differing temporal changes are solely attributable to the adoption of the ECL

in 2018. A potential threat to this assumption could emerge from the likelihood that the

disparities between the treated and control groups may be due to pre-existing divergent time

trends among banks. To alleviate this concern, we perform parallel trend tests to ensure the

validity of the parallel trend assumption. Figure 1 illustrates the year-to-year shifts in the

mean values of ∆CoVaR from 2014 to 2021. The figure reveals that before 2018, the treated

group and the control group exhibited similar trends in ∆CoVaR. These findings bolster our

confidence that, in the absence of the ECL policy, the treated group and the control group

would have exhibited similar post-2018 trends. The figure also indicates that after 2018, the
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risk gap between the treated and control groups decreased. These outcomes lend credence to

the parallel trends assumption and suggest that the results estimated in our DiD regression

are spurred by the ECL approach implemented in 2018.

In addition to the parallel trend observed previously, this figure also shows how the impact

of ECL on systemic risk evolves. Under ECL accounting standards, banks’ provisioning for

loan losses is contingent upon their assessment of macroeconomic conditions. In the next

subsection, we analyze how the COVID-19 shock affects the ECL-bank risk relationship.

Table 2 presents the DiD regression results. In column (1), we include the bank fixed

effects and week fixed effects so that the Treat dummy and Post dummy are not included in

the model. The coefficients of Treat ic × Post t are positive and statistically significant at the

level of 0.01, indicating a positive effect of the ECL approach on ∆CoVaR. Specifically, the

systemic risk of banks under the ECL approach increases by 0.19 after the implementation.

In column (2), we further include the bank characteristics and macroeconomic factors. The

signs of the coefficients on the control variables align with prior research. For instance, the

coefficient on size is significantly positive, consistent with findings by Tobias and Brunnermeier

(2016). The “too big to fail” suggests that large-scale banks contribute more to the systemic

risk than small-scale banks. We note a significantly positive coefficient on Asset diversity,

aligning with Cai et al. (2018) who find a positive correlation between diversification and

bank systemic risk. The coefficient of Noninterest is negative. Non-interest income improves

the total income stability (Smith et al., 2003), reducing the level of bank systemic risk. With

the inclusion of control variables, we obtain results consistent with column (1) that ECL

implementation would lead to higher systemic risk for the banks. The systemic risk of banks

under the ECL approach rises by 0.263 following implementation. Given a mean systemic

risk of 2.364, this implies that adoption of the ECL model under IFRS 9 increases systemic

risk by roughly 11.13%.
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3.3 Cross-sectional analysis

3.3.1 Importance of the banking sector

In a bank-centric financial system, banks, being integral to numerous financial transactions,

naturally have a more substantial impact on systemic risk. We anticipate that the ECL model

will have a more pronounced effect on a financial system dominated by banks as compared

to one that isn’t. We separate the sample into two groups based on the pre-adoption (i.e.,

the fiscal year 2017) median of the total banking sector asset to GDP ratio. We obtain the

banking sector asset information from the World Bank’s database. The results of this test

are shown in columns (1)-(2) of Table 3. Consistent with the conjecture, the implementation

of the ECL leads to a significant increase in the systemic risk of banks in those bank-centric

countries, but not statistically significant for those market-centric countries.

We use the coefficient (β), derived from a regression of individual bank return series

on market returns, as an alternative proxy for the importance of the banking sector in the

financial system. This serves as an indicator of the bank’s sensitivity to the broader economy.

The market return for each country is proxied by the MSCI index return. We hypothesize

that banks with a larger β would exhibit a larger effect on ECL implementation. To examine

this, we split our sample into two groups based on the median β value. The results presented

in columns (3)-(4) of Table 3 support our hypothesis. A positive and significant coefficient is

observed on the interaction term between the treatment and post-treatment period, but this

is solely the case for the group with a higher β value.

Private credit, which quantifies bank loans to private entities, serves as an indicator

of the banking sector’s scale, thus also emphasizing the pivotal role of banks within the

financial infrastructure. We use the domestic credit to the private sector (% of GDP) as

another measure of the importance of the banking sector. This data is taken from the World

Bank database. Countries are divided into two groups based on their domestic credit to

private sector ratio in 2017, being either below or above the sample median. The coefficient

of Treat × Post in column (5) is significantly positive for regions with larger private credit,
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indicating a more pronounced impact of the ECL model on systemic risk in these areas.

In column (6), we do not find evidence that ECL increases bank systemic risk in the low

credit supply subgroup. The Fisher’s permutation test corroborates that, in each of the

three cross-sectional analyses, the differences in coefficients across groups are statistically

significant. This finding suggests the unintended effect of the ECL model on systemic risk is

greater in bank-dependent regions.

3.3.2 Economic condition

The ECL model mandates banks to incorporate anticipatory macroeconomic data when

accounting for loan losses (Serrano, 2018). When macroeconomic conditions worsen, pessimistic

economic forecasts compel banks to bolster LLP and curtail credit supply. This reduction in

credit supply further aggravates the economic decline, triggering a negative feedback loop

that reinforces the downturn and threatens financial stability. Therefore, we conjecture that

the ECL implementation might have a greater unintended impact on systemic risk when there

is an economic downturn. Our analysis differentiates between banks in countries with higher

and lower economic growth, dividing the sample based on the median values of the GDP

growth rate in 2017. Columns (1) and (2) of Table 4 present the results for GDP growth rate

subsamples.

In columns (3)-(4), we use the stock market return as an indicator variable for future

economic conditions. Specifically, we calculate the annual MSCI index return minus the

global MSCI index return for each region (MSCIRet). A cutoff of 0 is used to distinguish

between observations in a good economic situation and those in a poor economic situation.

Positive market return suggests that the market has positive expectations of future economic

development and vice versa. We find that the unintended impact of ECL on systemic risk

matters more when the expectation of economic conditions is negative.

The Fisher’s permutation test indicates significant differences in the estimated coefficients

across subsamples in Table 4. These regression results collectively suggest the importance

of the unintended effect of provisioning for expected loss in the ECL approach: increases in
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systemic risk via intensifying fire-sale loop in economic downturns (Abad and Suarez, 2018).

3.4 Time-series patterns

The effects of IFRS 9 implementation may exhibit specific time-series patterns. For example,

in the initial year of IFRS 9 implementation, banks were required to disclose the “day-one

impact of IFRS 9.” That is, adopting banks issued a special disclosure reporting losses under

the incurred loss (IL) model and another estimated under the ECL model for all preexisting

loan portfolios. This could lead to a sharp change in investors’ expectations upon day one.

To test whether our main findings are driven by this initial day-one impact or extend

beyond it, we divide the post-adoption period into two intervals: Post stage1 equals 1 for the

first quarter of 2018, and Post stage2 equals 1 thereafter. Column (1) of Table 5 reports the

results. The coefficient on Treat × Post stage2 is significantly positive, while the coefficient

on Treat × Post stage1 is insignificant.

Second, banks may strategically recognize credit losses at the end of the fiscal year to

manage market expectations. We therefore define YearEnd as 1 if the observation falls in

the fourth fiscal quarter of a given year, and 0 otherwise. The interaction term between

Treat × Post and YearEnd is included in the model. As shown in column (2) of Table 5,

the regression coefficient on Treat × Post remains statistically positive, indicating that the

impact of ECL implementation on systemic risk is not concentrated at the year-end.

3.5 COVID-19 Pandemic as a Manifestation of the Fire-sale Loop

The COVID-19 pandemic began in 2020 and led to deteriorating macroeconomic conditions.

As an unexpected negative shock to banks’ balance sheets, it triggered a surge in corporate

bankruptcies and worsened banks’ perceptions of the macroeconomic outlook. Under the ECL

model, this shock forced banks to revise upward their projected loan default probabilities,

resulting in higher loan loss provisions and, in parallel, increased holdings of liquid and

high-quality assets. The simultaneity of these adjustments heightened the synchronicity of

bank behavior and contributed to the accumulation of systemic risk.

To test this, we define COVID-19 as 1 after the first case of COVID-19 was reported in each
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country.7 Column (3) of Table 5 shows that the coefficients on Treat×Post×COVID − 19 are

significantly positive, indicating that the effect of the ECL model on systemic risk intensified

following the COVID-19 outbreak. We also find a significant effect outside the pandemic

period, suggesting that COVID-19 acted as an accelerator rather than the sole driver of the

ECL effect. These results further validate that the systemic risk–increasing effect of ECL can

be amplified by negative macroeconomic shocks through the fire-sale channel.

4 Mechanism: Bank Homogeneity

In Goldstein et al. (2024), bank homogeneity is presented as an abstract concept, and its

empirical manifestations have not been specified. In this section, we aim to shed light on

this concept by exploring three important empirical manifestations: accounting similarity

(proxied by the convergency of LLP), asset similarity (proxied by the Euclidean distance

between banks’ asset portfolios), and risk assessment model similarity (proxied by common

auditors).

4.1 Loan loss provision convergence

The increased homogeneity among banks due to ECL implementation may be driven by

the standardized accounting practices for LLP. While comparable provision standards

aim to enhance transparency and consistency across banks, they can directly increase

interconnectedness among banks Wu and Xue (2023). Furthermore, banks that adopt the

ECL are mandated to make substantial LLP in anticipation of future losses. As economic

conditions sour, banks are compelled by the ECL model to synchronize an increase in their

LLP, amplifying the banking sector’s collective response to macroeconomic downturns and

thereby enhancing systemic risk.

To test this, we measure the convergence of LLP for each bank-pair in a country as follows:

ρAB = corr
(
LLPA,LLPB

)
, (8)

7Data on COVID-19 cases are obtained from the Our World in Data COVID-19 dataset:
https://ourworldindata.org/coronavirus.

16



where LLPA and LLPB measure loan loss provision scaled by total assets for bank A and

bank B. The loan loss provision convergence of a bank to other banks (LLPcomove) is the

mean of the correlation coefficient with each of the other banks within the country. We

measure LLP convergence before and after 2018 separately. LLPcomove in pre-period is

calculated using a 3-year window before the implementation date. LLPcomove in the post

period is calculated using a 3-year window after the implementation date. This results in

two LLPcomove values corresponding to each bank, i.e., before and after the implementation

date.

We investigate whether the adoption of ECL results in increased convergence to loan

loss provision. The results, as reported in column (1) of Table 6, show that the coefficients

on Treat × Post are significantly positive, suggesting that ECL implementation leads to

convergence in loan provision, hence reducing the heterogeneity among banks. These findings

are consistent with the idea that ECL implementation increases bank systemic risk through

its effect on the convergent behavior of the banks.8

To deepen our understanding of the role loan loss provision convergence plays in how ECL

influences systemic risk, we conduct a subgroup test. The sample is divided into two categories

based on the change in LLPcomove before and after 2018. The findings of the subsample

tests for the benchmark regression are shown in columns (2)-(3) of Table 6. The regression

coefficients for ECL are significantly positive in both subgroups. Fisher’s permutation

test reveals that the regression coefficients for the subgroup with higher LLPcomove are

significantly larger than those for the subgroup with lower LLPcomove. The influence of ECL

on systemic risk is more noticeable in samples with a larger increase in LLPcomove. These

regression results validate the channel brought about by loan loss provision convergence.

8In addition to LLP, non-interest income is also a factor affecting systemic risk (Smith et al., 2003).
Accordingly, we examine how the adoption of the ECL influences the synchronization of banks’ income
structures, particularly focusing on non-interest income. We calculate NIIcomove following the same
methodology as for LLPcomove. Our finding (untabulated) indicates that NIIcomove increases after banks
adopt the ECL accounting standards.
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4.2 Asset similarity

By requiring banks to estimate future expected losses instead of past incurred losses, the

ECL model may increase asset similarity among banks by exacerbating their preferences

for similar short-term assets. However, the variety of short-term liquid assets available to

banks is notably limited, as highlighted by Caballero et al. (2016, 2017), thus leading to

similar asset holding. This similarity increases vulnerability to mutual shocks, potentially

triggering joint liquidations and depressing asset prices (Greenwood et al., 2017; Goldstein

et al., 2024). For example, upon negative shocks, banks may engage in fire sales, creating

negative externalities and increasing financial fragility (Chu et al., 2020). In light of this, we

examine the potential role of asset similarity as a channel through which ECL implementation

can influence systemic risk.

We construct the Euclidean distance to proxy for asset similarity among banks. Following

Chu et al. (2020) and Girardi et al. (2021), we use four asset categories (cash and balances

with central banks, securities, gross loans and advances to customers, and intangible assets)

to depict the bank’s asset composition. We convert the percentage of four asset types of a

bank into a 1 × 4 vector. Specifically, we measure the asset similarity between bank A and

bank B (DistanceAB) as follows:

AssetSimiAB = −1×

√√√√ 4∑
i=1

(Ai −Bi)2, (9)

where Ai is a 1 by 4 vector (item 1, item 2, item 3, item 4) of asset holdings for bank A, which is

scaled by total assets and expressed as a percentage. The four items are normalized. Bi is the

vector for bank B defined in the same way. To facilitate an easier interpretation, we multiply

the Euclidean distance by -1, as shown in Equation (9). This asset similarity is between -1

and 0, with an asset similarity of 0 corresponding to the same asset structures between two

banks, and -1 corresponding to completely different asset structures. Greater AssetSimilarity

values indicate a higher degree of similarity between Bank A and Bank B. We calculate the
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pairwise European distance based on asset structures for all bank pairs in each quarter in each

country. The asset similarity of a bank to other banks (AssetSimilarityMean) is the mean of

the Euclidean distance with each of the other banks in the same country. In untabulated

results, we also compute the weighted average asset similarity (AssetSimilarityMean w),

which is the total assets weighted average European distance by total assets of a bank with

each of the other banks within a country, and find quantitatively similar evidence.

We investigate whether the adoption of ECL results in increased asset similarity. The

dependent variables in Equation (7) are replaced with measures of asset similarity. As in the

baseline results, we also include bank-fixed effects and quarter-fixed effects to account for any

bank-invariant time effects and time-invariant bank-specific effects. The results, as reported

in Table 7, show that the coefficients on Treat × Post are significantly positive, suggesting

that ECL implementation leads to higher asset similarity. To the extent that banks with

similar asset structures are subject to common shocks, these findings are consistent with

the idea that ECL implementation increases bank systemic risk through its effect on asset

similarity.

To further understand the impact of asset similarity on the relation between ECL and

systemic risk, we conduct a subgroup test. The sample is grouped based on the median

value of asset similarity in the fourth quarter of 2018. The results are displayed in columns

(2)-(3) of Table 7. The regression coefficients for the subgroup with higher asset similarity

are significantly larger than those for the subgroup with lower asset similarity. The difference

in coefficients is statistically significant, and hence, the asset similarity channel is validated.

4.3 Micro Evidence: Loan Maturity and Borrower Characteristics Similarity

Building on our analysis of bank allocations across asset classes, we examine loan-level data to

test whether ECL adoption induces homogenization in credit characteristics. We hypothesize

that ECL implementation drives convergence in banks’ loan maturity distributions and

borrower selection criteria.

We obtain facility-level loan data from DealScan (LPC), capturing loan maturities and
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borrower identities. Before using the data, we apply the following filters to loan issues: 1)

Exclude the loan is amendment; 2) Exclude loans to financial firms; 3) Exclude some banks in

our loan-level dataset have very few observations.9 To quantify homogeneity in lending terms,

we first categorize loan maturities into quintile-based groups. We then compute each bank’s

annual share of loans within each maturity group.10 Pairwise Euclidean distances between

banks’ maturity distributions are calculated within each country-year cohort. We define

Maturity Similarity as the reverse-scored average Euclidean distance between a bank and all

others in its country-year, where a lower distance signifies higher similarity. Column (1) of

Table 8 confirms that ECL adoption significantly increases maturity-structure homogeneity

(Maturity Similarity).

We next test whether ECL adoption induces systematic shortening of loan maturities—a

strategic response to mitigate front-loaded provisioning costs. Under the ECL model, longer-

term loans accelerate recognition of expected credit losses, imposing immediate capital

charges. Banks thus face strong incentives to shorten loan tenors, delaying loss recognition

while reducing regulatory capital volatility. To empirically validate this channel, we estimate

facility-level regressions modeling the logarithm of loan maturity (in months) as a function

of ECL adoption. Column (2) of Table 8 reports a statistically significant reduction in

loan maturities following ECL adoption. Critically, by compressing loan tenors industry-

wide, ECL standardization synchronizes banks’ liquidity risk profiles. This homogenization

amplifies systemic vulnerability: during stress events, concentrated maturity cliffs may force

simultaneous asset liquidations, exacerbating fire-sale spirals (Acharya et al., 2011).

Finally, we test homogenization in borrower screening by examining lending to firms with

9In the process, we rank all banks within each country based on their total loan volume over the sample
period and retain banks sequentially until the cumulative loan volume reaches 90% of the country’s total.
Banks beyond this cumulative threshold are excluded from the final sample. We also exclude banks whose
total loan volume is less than 5% of total loans in the country.

10Before grouping, we aggregate the amount of loans at the bank-year level. As each syndicated loan
from the DealScan database involves multiple lenders, this study follows the approach of De Haas and
Van Horen (2013) to compute the loan amounts provided by each lender. Specifically, we utilize the loan
share information reported in DealScan to allocate the total loan amount across individual lenders within the
syndicate. In cases where such information is unavailable, we distribute the loan amount equally among all
participating lenders.
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varying financial healthiness. Matching DealScan loans to Worldscope firm data (via WRDS)

and proxying financial healthiness with the SA index (Hadlock and Pierce, 2010), we find

ECL-adopting banks systematically shift credit toward firms with lower financial distress

(Column 3). This convergence in lending standards reinforces institutional homogeneity.

4.4 Common auditors

Calculating the ECL for a loan portfolio or financial instrument can be a complex and

challenging task involving various uncertainties and risks. A well-thought-out, integrated

approach should lend itself to a consistent framework and is more likely to be accepted by

auditors and regulators.

We argue that common auditors among the banks could lead to synchronization of the

credit risk model used by the banks for the following reasons. First, common auditors would

facilitate a more consistent application of the ECL methodology across the industry, potentially

leading to more reliable, comparable financial reporting and ensuring that banks adhere to

regulatory requirements and standards. Second, the evaluation of the ECL methodology is a

crucial part of the audit process, as it directly impacts the accuracy and reliability of financial

reporting. Auditors who work with multiple banks may develop a deeper understanding of

the financial practices and risk profiles of these institutions. As a result, they might apply

similar or adapted credit risk models to assess the creditworthiness of their clients more

accurately and consistently. Therefore, having common auditors could lead to a convergence

of the accounting practices regarding the ECL and hence reduce the heterogeneity in the

banks.

We manually collect auditor information from banks’ annual reports in 2017 and 2018 to

identify whether a bank shares the same auditor with other banks within a country. For each

bank, we calculate the number of banks as the clients of the same auditor, which captures

the intensity of common auditors. This number is scaled by the total number of banks in

the country. This ratio is between 0 and 1, with 0 corresponding to no common auditors

and 1 corresponding to sharing common auditors with all the banks in the country. First, we
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investigate whether the adoption of ECL affects banks’ choice of auditors. The results, as

reported in column (1) of Table 9, show that the coefficients on Treat ×Post are insignificant,

which suggests that banks do not change their audit firms due to the implementation of

ECL.11 However, it is important to note that, even without an increase in the incidences of a

common auditor, the systemic risk can still be increased when the common risk assessment

model is better enforced by the same auditor after the ECL implementation.

Therefore, we divide the sample into two groups based on the median intensity of

CommonAuditor in 2018. Columns (2)-(3) of Table 9 presents the results. We find that

shared audit firms, in the context of the ECL model, result in increased asset similarity

among banks, thereby exacerbating systemic risk. The Fisher’s permutation test indicates

that the observed difference in coefficients is statistically significant.

5 Robustness tests

5.1 Staggered DID

Some countries adopted the ECL on a date other than January 1, 2018. Accordingly, we

replace the standard DID model in the benchmark regression with a staggered DID model

and utilize the non-uniformity in the date of ECL implementation.12 The number of banks

in each country is presented in Appendix 10. Since the timing of ECL implementation varies

across countries in the new sample, we follow Dube and Zhu (2021) and adjust the regression

model to a staggered DID in Equation (10).

∆CoV aRict = α0 + β · ECLict + γ Controls + ui + vt + εict, (10)

The key independent variable is ECL, which takes the value of one if the financial statement

is reported under the ECL approach, and zero otherwise. Column (1) of Table 10 reports the

estimation of Equation (10). We find consistent results that the ECL implementation leads

11We use the auditor in 2018 to avoid the mis-specified impact of changed auditors. Our results (untabulated)
are robust to use the common auditor in 2017.

12The country samples added to the staggered DID model compared to the standard DID are Argentina,
Egypt, Indonesia, Israel, Mexico, Pakistan, Thailand, Tunisia, and the United States.
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to increased systemic risk for banks.

5.2 Alternative measures of systemic risk

In this subsection, we utilize four alternative measures of systemic risk to ascertain the

robustness of our findings. Firstly, we change the parameter q in the estimation process

of ∆CoVaR. ∆CoVaR is the difference between the financial system’s VaR conditional on

firm i’s distress and the financial system’s VaR conditional on firm’s median state. In the

baseline regression, ∆CoVaR is the conditional value-at-risk on the 95 percent quantile. To

exclude the effect of the quantile on the regression results, we replaced the 95th percentile

with the 99th percentile of loss to represent firm i ’s distress. Secondly, following the approach

outlined by Tobias and Brunnermeier (2016), we estimate a forward-looking ∆CoVaR. This

forward-looking measure is achieved by projecting the ∆CoVaR on one-year lagged bank

characteristics and macroeconomic conditioning variables, which include bank attributes

such as leverage, size, maturity mismatch, and boom, as well as macroeconomic conditioning

variables such as changes in the three-month yield, changes in the slope of the yield curve, a

short-term TED spread, market return, and equity volatility (Tobias and Brunnermeier, 2016).

Thirdly, we use the Marginal Expected Shortfall (MES ) as another alternative systemic

risk indicator. The MES is the average stock return during days when the financial system

return is in the worst 5% (Acharya et al., 2017). Following Chu et al. (2020), we utilize a

1-year forward-looking rolling window. Lastly, to prevent the ECL approach implementation

from affecting the estimation of ∆CoVaR, we estimate ∆CoVaR separately for the pre-

and post-2018 periods. The results are presented in Columns (2)-(5) of Table 10. The

coefficients of the interaction term Treat × Post are statistically positive, further supporting

the unintended effect of the ECL approach on bank systemic risk.

5.3 Placebo test

We perform a placebo test to examine whether our estimation is skewed due to the misspecification

of the estimation equation, potentially resulting from the non-random selection of ECL

implementation in 2018 and other concurrent policies. This placebo test is carried out by
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randomly assigning the adoption of the ECL to banks, thus generating random banks distinct

from the actual banks where ECL is enforced. From these banks, we create a false Treat

variable. This false Treat variable is then used to conduct a placebo DID estimation. This

test is replicated 500 times. Figure 2 illustrates the density of the estimated coefficients for

the Treat × Post interaction. The distribution is centered around zero, with our benchmark

estimate from column (2) of Table 2 (as indicated by a vertical line corresponding to the

value of 0.263) falling outside the range of coefficients estimated in our simulation.

Furthermore, we execute a placebo test for the timing of the policy implementation. The

ECL was implemented on January 1, 2018. For this test, we use hypothetical implementation

dates of January 1, 2015. We then construct a false Post variable and perform a placebo

DID estimation. To minimize the influence of 2018, we restrict the sample period to between

2014 and 2017. Column (6) of Table 10 reveals that the regression coefficients for the Treat×

Post interaction are not statistically significant. Factors other than the implementation of

ECL fail to explain our baseline regression results. These findings offer robust evidence for

our prior results.

5.4 Excluding global systemically important banks

There may be a concern that the effect of the ECL implementation is concentrated among

systemically important banks. Global Systemically Important Banks (GSIBs) are banks that

occupy an important position in the financial system, have complex systemic linkages with

other financial institutions, and contribute a high level of systemic risk. To address this

concern, we obtained the GSIB list from the Financial Stability Board (FSB) website and

excluded these banks from our sample. We re-run the analysis and the results are presented

in column (7) of Table 10. We find consistent results that non-GSIBs are also experiencing

an increase in systemic risk following the ECL implementation.

5.5 The impact of ECL implementation on banks’ risk

The accumulation of bank individual and systemic risks is fundamentally distinct. We also

empirically test the effect of ECL on individual bank risk. VaR defined as the q%-quantile of
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the bank i ’s losses is a common individual risk index (Tobias and Brunnermeier, 2016). The

dependent variable is VaR and the empirical results are displayed in column (8) of Table 10.

The regression coefficient on the interaction term (Treat × Post) is negative and statistically

significant, suggesting that the implementation of ECL appears to reduce individual bank

risk. These findings are consistent with the theoretical literature on the sharp difference

between individual and systemic risk that the safety of individual banks cannot be equated

with the stability of the whole banking system (Bouvard et al., 2015).

6 Conclusion

This study examines the systemic consequences of ECL adoptions in global banking. Using

a comprehensive international dataset and a difference-in-differences design, we document

that ECL adoption increases banks’ systemic risk. The effect is stronger in bank-centric

financial systems, where banks dominate resource allocations, and during economic downturns,

when synchronized provisioning and asset sales are most acute. These findings suggest that

standardized accounting rules can unintentionally amplify systemic fragility.

We provide evidence that the mechanism operates through greater homogenization of

bank behavior. Following ECL implementation, banks exhibit more convergent provisioning

practices, higher portfolio similarity, and increased reliance on overlapping risk models.

Such homogeneity reduces diversification within the financial system and intensifies fire-sale

dynamics, thereby elevating systemic risk.

Our analysis contributes by shifting the focus from bank-level resilience to system-wide

stability. For policymakers, the results highlight the importance of recognizing trade-offs

inherent in uniform accounting standards. While ECL improves transparency and promotes

forward-looking risk recognition at the individual bank level, it also increases the likelihood

of correlated responses across banks. These correlated responses can propagate shocks more

broadly, particularly in bank-based systems where alternative absorption channels are limited.

International policymakers should therefore weigh the benefits of standardization against its

potential to increase systemic risk.
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Figure 1: Parallel Trend Test

This figure shows the ∆CoVaR for the treated group and control group over time (2014-2021).
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Figure 2: Placebo Test

This figure reports the results of the placebo test. The density of the estimated coefficients from 500
simulations used false-treated banks. The vertical lines represent the actual estimated effects of ECL on
∆CoVaR. This estimate is 0.263, as shown in column (2) of Table 2.
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Table 1: Summary Statistics
Panel A: Sample Characteristics

Full Sample Treat Control

N Mean SD 25 Perc. 75 Perc. N Mean N Mean
∆CoVaR(p=95)(%) 216,993 2.364 1.604 1.187 3.173 58,185 3.012 158,808 2.126
VaR(p=95) (%) 216,993 6.138 3.738 4.030 7.098 58,185 6.381 158,808 6.049
Size(ln million USD) 216,993 9.677 2.178 8.237 11.003 58,185 10.071 158,808 9.533
ST funding 216,993 0.130 0.165 0.019 0.176 58,185 0.070 158,808 0.152
ROA 216,993 0.009 0.012 0.003 0.014 58,185 0.005 158,808 0.011
Market to book 216,993 0.936 0.820 0.432 1.175 58,185 0.789 158,808 0.989
Noninterest 216,993 0.360 0.189 0.241 0.452 58,185 0.358 158,808 0.360
Income diversity 216,993 0.607 0.244 0.452 0.801 58,185 0.608 158,808 0.606
Asset diversity 216,993 0.365 0.191 0.238 0.446 58,185 0.308 158,808 0.386
CreditGrowth 216,993 0.076 0.074 0.036 0.106 58,185 0.079 158,808 0.075
GDPGrowth 216,993 0.020 0.033 0.007 0.038 58,185 0.024 158,808 0.019
Inf 216,993 0.026 0.030 0.006 0.037 58,185 0.028 158,808 0.026

Panel B: Difference Between Bank Risk Before and After ECL

Treat Control Difference

N Mean SD N Mean SD ∆Means p-value

∆CoVaR(p=95)(%)
Pre 73036 2.052 1.551 27193 3.093 1.149 -1.041 0.000
Post 85772 2.190 1.754 30992 2.941 1.250 -0.751 0.000

Panel A presents descriptive statistics for the main variables of the 615 banks for weekly data from 2014:I-
2021:IV used in our analysis. Panel B presents a univariate comparison of ∆CoVaR for banks adopting
the ECL model versus banks that never adopt it during the sample period. The comparison is carried out
separately for banks in the pre- and post-implementation periods of the ECL model (January 1, 2018).
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Table 2: The Impact of ECL Implementation on Systemic Risk

(1) (2)
∆CoVaR ∆CoVaR

Treat × Post 0.190*** 0.263***
(0.033) (0.054)

Size 0.118**
(0.053)

ST funding 0.060
(0.131)

ROA 1.759**
(0.890)

Market to book -0.053
(0.048)

Noninterest -0.185**
(0.081)

Income diversity -0.034
(0.069)

Asset diversity 0.351***
(0.122)

CreditGrowth -0.276*
(0.150)

GDPGrowth 1.253**
(0.561)

Inf 1.920**
(0.893)

Constant 1.791*** 1.043**
(0.011) (0.529)

Bank FE. YES YES
Week FE. YES YES
Observations 396,656 216,993
R-squared 0.769 0.722

This table presents the results from a standard DID model on how the implementation of ECL affects systemic
risk. ∆CoVaR is the marginal contribution of an individual bank to the overall systemic risk. Treat is a
dummy variable that indicates whether or not a bank adopts the ECL approach. The variable Post equals
0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward. Controls include bank
size, funding structure, profitability, market-to-book ratio, noninterest income share, income diversity, asset
diversity, credit growth rate, GDP growth rate, and inflation rate. Bank fixed effects and week fixed effects are
included in the models. The standard errors of our estimation are clustered at the bank and week level. The
standard error is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively.
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Table 3: Cross-sectional Test by Financial Sector Structure

(1) (2) (3) (4) (5) (6)
BankShare β PrivateCredit

High Low High Low High Low
∆CoVaR ∆CoVaR ∆CoVaR ∆CoVaR ∆CoVaR ∆CoVaR

Treat × Post 0.483*** 0.013 0.371*** 0.047 0.400*** 0.101
(0.063) (0.077) (0.070) (0.085) (0.073) (0.069)

Size 0.072 0.113 0.105 0.034 0.097 0.115
(0.071) (0.076) (0.072) (0.073) (0.074) (0.072)

ST funding 0.074 0.173 0.123 0.059 0.093 0.137
(0.193) (0.179) (0.181) (0.190) (0.199) (0.185)

ROA 1.655 1.814* 0.737 2.068** 1.450 1.664
(1.297) (1.058) (1.705) (0.996) (1.322) (1.060)

Market to book -0.058 -0.066 -0.087* 0.026 -0.072 -0.056
(0.055) (0.072) (0.052) (0.076) (0.056) (0.070)

Noninterest -0.069 -0.182* -0.147 -0.083 -0.052 -0.206**
(0.111) (0.109) (0.140) (0.093) (0.120) (0.101)

Income diversity -0.041 -0.021 -0.065 -0.050 -0.088 0.014
(0.106) (0.089) (0.107) (0.081) (0.110) (0.087)

Asset diversity 0.358** -0.016 0.561*** 0.139 0.589*** -0.190
(0.160) (0.177) (0.208) (0.138) (0.187) (0.170)

CreditGrowth -1.141*** 0.153 -0.618** -0.149 -1.129*** 0.139
(0.350) (0.144) (0.301) (0.283) (0.350) (0.144)

GDPGrowth 3.594*** -0.006 1.205 0.146 3.231*** -0.061
(1.041) (0.703) (0.852) (0.803) (1.078) (0.688)

Inf 2.034 1.031 2.161* 1.329 1.688 1.225
(2.271) (0.880) (1.158) (1.354) (2.356) (0.876)

Constant 1.347* 1.502** 1.692** 1.254* 1.068 1.511**
(0.756) (0.696) (0.818) (0.648) (0.785) (0.656)

Bank FE. YES YES YES YES YES YES
Week FE. YES YES YES YES YES YES
Observations 127,572 77,656 107,026 101,403 128,270 76,775
R-squared 0.770 0.647 0.712 0.644 0.763 0.658

This table reports the results on the relationship between the implementation of ECL and systemic risk
conditional on the structure of the financial sector. We are concerned with the scale of the banking sector,
β, and the size of private credit. We measure the scale of the banking sector as the ratio of banking total
assets to real GDP in 2017 (BankShare). The value of BankShare is larger than the median value in column
(1), while the value is smaller than the median value in column (2). For the β, it represents the magnitude
of a bank’s systemic risk. The larger the β, the more sensitive the bank’s stock price is to the market. β
is estimated by the regression between the bank’s return and MSCI index yields. The value of β is larger
than the median value in column (3), while the value is smaller than the median value in column (4). The
size of private credit is used as a measure of the scale of the banking sector. The value of PrivateCredit
in 2017 is larger than the median value in column (5), while the value is smaller than the median value in
column (6). ∆CoVaR is the marginal contribution of an individual bank to the overall systemic risk. Treat
is a dummy variable that indicates whether or not a bank adopts the ECL approach. The variable Post
equals 0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward. Controls include
bank size, funding structure, profitability, market-to-book ratio, noninterest income share, income diversity,
asset diversity, credit growth rate, GDP growth rate, and inflation rate. Bank fixed effects and week fixed
effects are included in the models. The standard errors of our estimation are clustered at the bank and week
level. The standard error is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level,
respectively.

33



Table 4: Impact of Economic Growth

(1) (2) (3) (4)
GDPGrowth MSCIRet

High Low High Low
∆CoVaR ∆CoVaR ∆CoVaR ∆CoVaR

Treat × Post 0.037 0.430*** -0.038 0.352***
(0.080) (0.065) (0.143) (0.062)

Size 0.126 0.032 -0.023 0.112*
(0.093) (0.059) (0.123) (0.060)

ST funding 0.213 0.097 0.363 0.008
(0.171) (0.187) (0.252) (0.146)

ROA 2.390* 1.145 0.574 1.443
(1.437) (1.066) (2.258) (1.161)

Market to book -0.003 -0.146*** -0.065 -0.078
(0.073) (0.044) (0.047) (0.071)

Noninterest -0.148 -0.187* -0.224 -0.200*
(0.121) (0.107) (0.150) (0.105)

Income diversity -0.111 0.023 0.002 -0.021
(0.103) (0.086) (0.126) (0.087)

Asset diversity 0.181 0.344** 0.067 0.392**
(0.183) (0.167) (0.247) (0.156)

CreditGrowth -0.202 -0.439** -0.892 -0.586**
(0.254) (0.183) (0.676) (0.252)

GDPGrowth 0.129 2.847*** 2.603** 1.565*
(0.661) (0.826) (1.088) (0.930)

Inf 0.946 1.710 5.185* 1.655
(1.275) (1.322) (2.931) (1.022)

Constant 1.125 1.896*** 2.420** 1.119*
(0.890) (0.602) (1.215) (0.605)

Bank FE. YES YES YES YES
Week FE. YES YES YES YES
Observations 89,112 127,881 46,777 161,644
R-squared 0.648 0.775 0.782 0.726

This table reports the cross-sectional test by economic condition. The value of the GDP growth rate in 2017
is larger than the median value in column (1), while the value is smaller than the median value in column
(2). Similarly, MSCIRet is measured as annual MSCI index yields in each region minus the global MSCI
index yields from 2014 to 2021. The MSCI index return is larger than zero in column (3), while the value is
smaller than zero in column (4). ∆CoVaR is the marginal contribution of an individual bank to the overall
systemic risk. Treat is a dummy variable that indicates whether or not a bank adopts the ECL approach.
The variable Post equals 0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward.
Controls include bank size, funding structure, profitability, market-to-book ratio, noninterest income share,
income diversity, asset diversity, credit growth rate, GDP growth rate, and inflation rate. Bank fixed effects
and week fixed effects are included in the models. The standard errors of our estimation are clustered at the
bank and week level. The standard error is in parentheses. *, **, *** represent significance at the 10%, 5%,
and 1% level, respectively.
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Table 5: Time-series heterogeneities.

(1) (2) (3)
∆CoVaR ∆CoVaR ∆CoVaR

Treat × Post DayOne -0.060
(0.096)

Treat × Post After 0.284***
(0.054)

Treat × Post 0.217***
(0.056)

Treat × Post × FisYearEnd 0.165***
(0.044)

FisYearEnd -0.019
(0.028)

Treat × Post 0.173***
(0.057)

Treat × Post × COVID − 19 0.185***
(0.064)

COVID-19 -0.527***
(0.098)

Size 0.120** 0.079 0.125**
(0.053) (0.049) (0.053)

ST funding 0.056 0.043 0.057
(0.130) (0.131) (0.130)

ROA 1.828** 2.031** 2.074**
(0.893) (0.866) (0.906)

Market to book -0.055 -0.051 -0.057
(0.048) (0.049) (0.048)

Noninterest -0.188** -0.205*** -0.174**
(0.081) (0.079) (0.080)

Income diversity -0.033 -0.018 -0.036
(0.069) (0.068) (0.068)

Asset diversity 0.344*** 0.362*** 0.343***
(0.122) (0.123) (0.122)

CreditGrowth -0.286* -0.294** -0.312**
(0.151) (0.149) (0.152)

GDPGrowth 1.248** 1.496*** 1.196**
(0.561) (0.550) (0.565)

Inf 1.991** 2.036** 2.169**
(0.893) (0.896) (0.906)

Constant 1.033* 1.407*** 1.116**
(0.530) (0.495) (0.529)

Bank FE. YES YES YES
Week FE. YES YES YES
Observations 216,993 207,209 216,993
R-squared 0.723 0.729 0.723

This table reports the time series pattern of on ECL effects. To examine the “day-one impact” of IFRS 9, we
separated the sample intervals into two parts. Post DayOne takes the value of 1 from January 1, 2018, to
March 31, 2018, while Post After takes the value of 1 from April 1, 2018, onward. To capture the effect of
the fiscal year on ECL, FisYearEnd is constructed to represent the 4th quarter of each fiscal year. Based on
the baseline regression model, the cross-multiplication term between Treat × Post and FisYearEnd is also
included in this model. COVID-19 represents the time when the first case of COVID-19 appeared in each
country. It is a dummy variable that equals 1 for observations after the emergence of the first COVID-19
case in the country. ∆CoVaR is the marginal contribution of an individual bank to the overall systemic risk.
Treat is a dummy variable that indicates whether or not a bank adopts the ECL approach. The variable
Post equals 0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward. Controls include
bank size, funding structure, profitability, market-to-book ratio, noninterest income share, income diversity,
asset diversity, credit growth rate, GDP growth rate, and inflation rate. Bank fixed effects and week fixed
effects are included in the models. The standard errors of our estimation are clustered at the bank and week
level. The standard error is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level,
respectively.
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Table 6: Mechanism Test: Loan Loss Provision Convergency

(1) (2) (3)
∆LLPcomove

High Low
LLPcomove ∆CoVaR ∆CoVaR

Treat × Post 0.152*** 0.360*** 0.180*
(0.025) (0.068) (0.092)

size 0.042*** 0.083 0.023
(0.005) (0.074) (0.079)

ST funding -0.076 0.144 -0.097
(0.056) (0.247) (0.194)

ROA -1.422* 3.690** 1.126
(0.860) (1.738) (1.218)

Market to book 0.012 -0.017 -0.068
(0.012) (0.090) (0.048)

Noninterest -0.136** -0.243* -0.147
(0.063) (0.141) (0.109)

Income diversity 0.058 -0.076 0.020
(0.044) (0.110) (0.097)

Asset diversity -0.115** 0.886*** 0.290*
(0.054) (0.215) (0.169)

CreditGrowth 0.255 -0.528 -0.202
(0.164) (0.355) (0.146)

GDPGrowth -0.179 -0.130 2.348***
(0.276) (0.956) (0.679)

Inf 0.977** 3.416 1.259
(0.380) (2.104) (0.892)

Constant 0.021 1.231 1.893**
(0.053) (0.776) (0.761)

Bank FE. NO YES YES
Week FE. NO YES YES
Observations 968 89,752 89,358
R-squared 0.152 0.722 0.680

This table reports the results exploring the LLP channel to explain the causal impact of ECL on systemic
risk. The convergence of loan loss provisions is measured as the correlation coefficient between the loan loss
provisions of banks. LLPcomove is the average correlation of a bank with each of the other banks based
on loan loss provision. The window for calculating the correlation coefficient is three years. Each bank has
two LLPcomove values for 2015-2017 and 2018-2020. In column (1), we empirically test the impact of ECL
on LLPcomve. This table also reports the results on the relationship between the implementation of ECL
and systemic risk conditional on LLPcomove in columns (3)-(4). The value of LLPcomove is larger than the
median value in column (3), while the value is smaller than the median value in column (4). The variable
Post equals 0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward. ∆CoVaR is the
marginal contribution of an individual bank to the overall systemic risk. Treat is a dummy variable that
indicates whether or not a bank adopts the ECL approach. Controls include bank size, funding structure,
profitability, market-to-book ratio, noninterest income share, income diversity, asset diversity, credit growth
rate, GDP growth rate, and inflation rate. In columns (3)-(4), bank fixed effects and week fixed effects are
included, and the standard errors of our estimation are clustered at the bank and week level. The standard
error is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively.
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Table 7: Mechanism Test: Asset Similarity

(1) (2) (3)
AssetSimilarity

High Low
AssetSimilarity ∆CoVaR ∆CoVaR

Treat × Post 0.158*** 0.316*** 0.173*
(0.048) (0.079) (0.095)

Size -0.076 0.104 0.159***
(0.079) (0.116) (0.061)

ST funding -0.048 0.009 0.185
(0.169) (0.248) (0.212)

ROA 1.814 -0.649 1.827
(1.304) (2.191) (1.467)

Market to book -0.027 0.004 -0.149***
(0.032) (0.120) (0.050)

Noninterest -0.317** -0.321** 0.012
(0.126) (0.134) (0.120)

Income diversity 0.072 -0.087 -0.008
(0.078) (0.135) (0.108)

Asset diversity -0.048 0.603** 0.259*
(0.219) (0.296) (0.154)

CreditGrowth 0.304** -0.836** -0.418*
(0.122) (0.395) (0.219)

GDPGrowth 0.494 2.604*** -0.021
(0.394) (0.913) (0.778)

Inf 0.078 3.636** 1.455
(0.617) (1.569) (1.798)

Constant -1.720** 1.163 0.836
(0.799) (1.204) (0.618)

Bank FE. YES YES YES
Quarter FE. YES NO NO
Week FE. NO YES YES
Observations 7,993 80,949 77,638
R-squared 0.773 0.740 0.707

This table reports the results exploring the asset similarity channel to explain the causal impact of ECL on
systemic risk. Asset similarity is measured as -1 × Euclidean distance between asset allocations of banks.
AssetSimilarity is the average distance of a bank from each of the other banks based on asset structure.
In column (1), we test the impact of ECL on AssetSimilarity. This table also reports the results on the
relationship between the implementation of ECL and systemic risk conditional on asset similarity. The results
of subsample regression are displayed in columns (2)-(3). The value of AssetSimilarity in 2018 is larger
than the median value in column (2), while the value is smaller than the median value in column (3). Treat
is a dummy variable that indicates whether or not a bank adopts the ECL approach. The variable Post
equals 0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward. Controls include bank
size, funding structure, profitability, market-to-book ratio, noninterest income share, income diversity, asset
diversity, credit growth rate, GDP growth rate, and inflation rate. Bank fixed effects and time fixed effects
are included in the models. The standard errors of our estimation are clustered at the bank and quarter
levels. The standard error is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level,
respectively.
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Table 8: Mechanism Test: The Loan Similarity

(1) (2) (3)
Maturity Similarity Loan Maturity Borrower SA Index

Treat × Post 0.535** -0.030*** -0.053***
(0.177) (0.010) (0.005)

LogMaturity 0.0004
(0.001)

LogLoanAmt 0.043 -0.001
(0.026) (0.001)

Collateral 0.015 0.007***
(0.025) (0.002)

IndCov 0.028 0.013**
(0.027) (0.006)

PLoanPurpose -0.324*** 0.007*
(0.046) (0.003)

LogAssets -0.027
(0.018)

Leverage -0.081 -0.040***
(0.111) (0.012)

Profitability 0.553** 0.058
(0.208) (0.081)

Tangibility -0.127* -0.074***
(0.074) (0.013)

MB -0.003 0.007*
(0.005) (0.004)

CreditGrowth 0.794 0.071 -0.026
(0.584) (0.076) (0.044)

GDPGrowth 3.925* -0.043 -0.126
(1.755) (0.180) (0.108)

Inf 2.102 -0.171 0.009
(6.178) (0.424) (0.060)

Constant -2.883*** 4.204*** -3.824***
(0.158) (0.349) (0.011)

Bank FE. YES NO NO
Borrower FE. NO YES YES
Year FE. YES YES YES
Observations 1,015 65,725 30,114
R-squared 0.335 0.499 0.995

This table reports the result exploring the impact of ECL on bank credit characteristics. Column (1) tests
whether ECL adoption induces homogenization in credit maturity. Maturity Similarity is a bank-level
indicator and is defined as the reverse-scored average Euclidean distance between a bank and all others in
its country-year, a calculation similar to AssetsSimilarity. Column (2) further tests whether ECL adoption
shortens the loan maturity at the facility level. The dependent variable (Loan Maturity) is measured as the
logarithm of the length in months between activation date and maturity date of a loan facility. Column (3)
focuses on the borrower characteristics at the facility level. Matching DealScan loan to Worldscope firm
data, we measure the degree of financial distress of the borrower using the SA index. The index is calculated

as: (−0.737× Size) + (0.043× Size2)− (0.040× Age), where the size is the log of total assets (in million),
and age is the number of years the firm was founded. Following Hadlock and Pierce (2010), in the process
of calculating, size is replaced with log ($4.5 billion) and age with thirty-seven years if the actual values
exceed these thresholds. The independent variable in column(1)-(3) is the interaction(Treat × Post). Treat
is a dummy variable that indicates whether or not a bank adopts the ECL approach. The variable Post
equals 0 for all periods prior to January 1, 2018, and 1 from January 1, 2018, onward. The regression model
also includes control variables at the facility, borrower, and macro levels. Loan characteristics include: loan
size, being collateralized or not, with financial covenants or not, having a primary purpose of M&A and
recapitalization or other purposes. Borrower characteristics include: borrower size, leverage, profitability,
tangibility, and the market-to-book ratio (Kang et al., 2021). Macro control variables include: credit growth
rate, GDP growth rate, and inflation rate. Since we did not find a suitable way to obtain the characteristics of
the lender, only the macro control variables are included in the regression when discussing Maturity Similarity.
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Column (1) includes bank fixed effects and time fixed effects, while columns (2) and (3) include borrower
fixed effects and time fixed effects. Standard errors for the bank-level regressions in column (1) are clustered
at the bank and year level, while those for the facility-level regressions in columns (2)-(3) are clustered at the
country level. The standard error is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1%
level, respectively..
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Table 9: Mechanism Test: Common Auditor

(1) (2) (3)
CommonAuditor

High Low
CommonAuditor ∆CoVaR ∆CoVaR

Treat × Post 0.025 0.497*** 0.001
(0.016) (0.082) (0.074)

Size -0.001 0.077 0.070
(0.004) (0.082) (0.061)

ST funding 0.048 -0.211 0.470**
(0.047) (0.217) (0.202)

ROA 1.958*** 1.811 2.521*
(0.666) (1.691) (1.292)

Market to book -0.006 -0.114* -0.052
(0.010) (0.065) (0.081)

Noninterest -0.016 0.024 -0.346***
(0.053) (0.096) (0.120)

Income diversity 0.102*** 0.117 -0.151*
(0.037) (0.106) (0.090)

Asset diversity 0.019 0.268* 0.479**
(0.045) (0.147) (0.196)

CreditGrowth 0.687*** -0.636*** 0.112
(0.155) (0.195) (0.233)

GDPGrowth -3.792*** 2.128** 1.109*
(0.398) (0.925) (0.647)

Inf -1.369*** -0.340 3.171**
(0.287) (0.948) (1.340)

Constant 0.328*** 1.323 1.592***
(0.046) (0.830) (0.612)

Bank FE. NO YES YES
Week FE. NO YES YES
Observations 940 94,225 96,209
R-squared 0.147 0.738 0.703

This table reports the results exploring the common auditor channel. Columns (1) report the results exploring
the impact of ECL on the common auditor. CommonAuditor is measured as the number of same-audit
banks as a proportion of the total number of banks within a region. We collected the annual reports to
obtain auditor information and computed the CommonAuditor for the two years 2017 and 2018. This
table also reports the results on the relationship between the implementation of ECL and systemic risk
conditional on CommonAuditor in columns (2)-(3). The value of CommonAuditor in 2018 is larger than
the median value in column (2), while the value is smaller than the median value in column (3). ∆CoVaR
is the marginal contribution of an individual bank to the overall systemic risk. Treat is a dummy variable
that indicates whether or not a bank adopts the ECL approach. The variable Post equals 0 for all periods
prior to January 1, 2018, and 1 from January 1, 2018, onward. Controls include bank size, funding structure,
profitability, market-to-book ratio, noninterest income share, income diversity, asset diversity, credit growth
rate, GDP growth rate, and inflation rate. Bank fixed effects and week fixed effects are included in the
models. The standard errors of our estimation are clustered at the bank and week level. The standard error
is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively.
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Table 10: Robustness Test

(1) (2) (3) (4) (5) (6) (7) (8)
∆CoVaR ∆CoVaR ∆CoVaR MES ∆CoVaR ∆CoVaR ∆CoVaR VaR

Treat × Post 0.177*** 0.373*** 0.610*** 0.711*** 0.666*** 0.271*** -0.359***
(0.038) (0.076) (0.182) (0.220) (0.112) (0.061) (0.114)

Treat × PseudoPost 0.012
(0.059)

∆CoVaR 0.734***
(0.055)

Size 0.285*** 0.168** 0.066 0.572 0.237** 0.166* 0.117** -0.117
(0.053) (0.075) (0.335) (0.382) (0.099) (0.090) (0.058) (0.196)

ST funding -0.027 0.084 0.878 -0.089 -0.043 0.295 -0.084 0.207
(0.101) (0.185) (0.667) (0.673) (0.183) (0.205) (0.134) (0.559)

ROA 1.859** 2.488** 4.204 -5.549 3.035* 0.926 1.716* -14.571***
(0.879) (1.259) (4.923) (6.024) (1.661) (1.420) (0.876) (4.393)

Market to book -0.078** -0.074 0.152 -0.426 -0.098 -0.110** -0.001 -0.363
(0.031) (0.069) (0.176) (0.278) (0.062) (0.045) (0.052) (0.241)

Noninterest -0.138* -0.262** 0.007 -0.148 -0.129 -0.122 -0.108 0.224
(0.082) (0.115) (0.517) (0.422) (0.130) (0.112) (0.080) (0.337)

Income diversity -0.101 -0.048 0.036 -0.185 0.006 0.145 0.025 -0.324*
(0.069) (0.097) (0.317) (0.361) (0.099) (0.093) (0.071) (0.184)

Asset diversity 0.252** 0.496*** -0.294 0.896 -0.013 -0.209 0.233* -0.725*
(0.112) (0.172) (0.474) (0.704) (0.214) (0.168) (0.126) (0.412)

CreditGrowth -0.293** -0.390* -0.776 1.450 -0.046 -0.189 -0.081 0.518
(0.147) (0.213) (0.986) (0.889) (0.172) (0.165) (0.143) (0.455)

GDPGrowth 2.018*** 1.772** -8.241*** 4.278* 2.929*** 4.286*** 1.167* -2.223
(0.593) (0.794) (2.354) (2.559) (0.835) (1.355) (0.622) (1.442)

Inf 3.007*** 2.715** -5.025 7.385** 1.839 2.148** 1.621** 7.256***
(0.716) (1.263) (3.908) (3.665) (1.292) (1.034) (0.757) (2.448)

Constant -0.596 1.475** 1.885 -1.295 -0.102 0.639 0.731 6.324***
(0.488) (0.748) (3.201) (3.741) (0.991) (0.892) (0.523) (1.917)

Bank FE. YES YES YES YES YES YES YES YES
Week FE. YES YES NO YES YES YES YES YES
Quarter FE. NO NO YES NO NO NO NO NO
Observations 369,460 216,993 7,074 215,507 123,388 100,208 147,940 216,993
R-squared 0.742 0.722 0.354 0.597 0.711 0.759 0.677 0.564

This is the result of the robustness check by five alternative measures. In column (1), we conduct the
regression by the staggered DID model. ECL takes the value of one if the financial statement is reported
under the ECL approach, and zero otherwise. The sample includes both the banks in the baseline regression
and the banks in countries where ECL is adopted at a time other than January 1, 2018. In column (2), we
re-estimate the ∆CoVaR, in which q takes the value 99. In column (3), we estimate the forward-∆CoVaR. In
column (4), MES is used as another alternative systemic risk indicator. In column (5), we estimate ∆CoVaR
separately for pre- and post-2018. In addition, we randomly assign the adoption of the ECL to banks. In
column (6), PseudoPost takes the value of 0 for all times preceding January 1, 2015, and takes the value of 1
from January 1, 2015 onward. To eliminate the confounding effects of the actual implementation of ECL,
the sample period excludes observations from 2018 onward. In column (7), we exclude global systemically
important banks from our sample. In column (8), the explanatory variable is replaced with VaR. In order
to reduce the potential interference from ∆CoVaR, we incorporate it into the set of control variables. We
explore the impact of ECL accounting standards on banks’ individual risk. Treat is a dummy variable that
indicates whether or not a bank adopts the ECL approach. The variable Post equals 0 for all periods prior
to January 1, 2018, and 1 from January 1, 2018, onward. Controls include bank size, funding structure,
profitability, market-to-book ratio, noninterest income share, income diversity, asset diversity, credit growth
rate, GDP growth rate, and inflation rate. Bank fixed effects and week fixed effects are included in the
models. The standard errors of our estimation are clustered at the bank and week level. The standard error
is in parentheses. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively.
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Table A.1: Sample Selection

Sample Selection No. of Banks No. of Countries
list by López-Espinosa et al. (2021) and manual collection 104
Banks (countries) in Datastream and CRSP from 2014 to 2021 2172 81
Banks with ∆CoVaR estimation from 2014 to 2021 1819 79
No missing data on bank and macro control variables 1022 77
Main test: further drop 9 countries where ECL had been implemented on other dates
than January 1, 2018

615 68

This table presents the process of constructing our sample. We obtain the fiscal year ending date of the bank
from the Compustats database and adjust the sample. Banks in the treatment group are excluded from our
sample if their fiscal quarter does not commence on January 1, 2018.
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Table A.2: Variable Definitions

Variable Definition Source
∆CoVaR ∆CoVaR is the marginal contribution of an individual bank to the overall

systemic risk. It is computed as the difference between CoVaR conditional on
the distress and CoVaR conditional on the normal state, following Tobias and
Brunnermeier (2016).

Datastream, CRSP,
Worldscope

VaR VaR is the tail risk of the bank. Datastream, CRSP,
Worldscope

Treat Treat equals 1 if the ECL model is used to accrue loan losses from January 1,
2018. Otherwise, Treat takes 0.

López-Espinosa et al.
(2021)

Post A dummy variable that equals 1 for observations after January 1, 2018. López-Espinosa et al.
(2021)

Size Size is the logarithm of total assets. Bankfocus
ST funding ST funding is computed as (deposits and short-term funding - total customer

deposits) / deposits and short-term funding.
Bankfocus

ROA ROA is measured as the return on average assets. Bankfocus
Market to book Market to book is measured as the market value of equity divided by the book

value of equity.
Bankfocus, Datastream

Noninterest Noninterest is measured as non-interest income divided by operating revenues. Bankfocus
Income diversity Income diversity is measured as 1-| (net interest income–non-interest income)

/ operating revenues | .
Bankfocus

Asset diversity Asset diversity is measured as 1 - | (loans – other earning assets) / total
earning assets | .

Bankfocus

CreditGrowth CreditGrowth is measured as credit growth rate. BvD, EIU Countrydata
GDPGrowth GDPGrowth is measured as the GDP growth rate. BvD, EIU Countrydata
Inf Inf is measured as the CPI growth rate. BvD, EIU Countrydata
BankShare BankShare is measured as the ratio of banking total assets to real GDP in

2017.
World Bank database

β β is estimated by the regression coefficient between the bank’s return and
MSCI index yields.

Datastream, CRSP,
Worldscope, Wind

MSCIRet MSCIRet is measured as annual MSCI index yields in each region minus the
global MSCI index yields.

Wind

PrivateCredit PrivateCredit is measured as private credit by deposit money banks to GDP
in 2017.

World Bank

Sifi A dummy variable that equals 1 for global systematically important bank
observations.

López-Espinosa et al.
(2021)

LLPcomove LLPcomove is measured as the correlation coefficient between the bank’s loan
loss provision. It is the average correlation of a bank with each of the other
banks.

Bankfocus

AssetSimilarity AssetSimilarity is measured as the Euclidean distance between the asset
structures of banks. It is the average distance of a bank from each of the other
banks.

World Bank

CommonAuditor CommonAuditor is measured as the number of same-audit banks as a
proportion of the total number of banks within a region.

Annual reports

This table lists the variables used in the regression.
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Table A.3: Number of Banks in Each Country
Panel A: Number of Banks and Observations in Our Sample Countries

Region No. Obs. Adoption Date Region No. Obs. Adoption Date
Australia 8 2862 January 1, 2018 Malaysia 11 4570 January 1, 2018
Austria 7 2362 January 1, 2018 Malta 2 829 January 1, 2018
Bahrain 6 2310 January 1, 2018 Mauritius 3 1091 January 1, 2018
Bangladesh 30 11090 No Morocco 8 2635 January 1, 2018
Belgium 2 724 January 1, 2018 Netherlands 1 416 January 1, 2018
Botswana 2 750 January 1, 2018 New Zealand 1 416 January 1, 2018
Brazil 3 1248 No Nigeria 13 4722 January 1, 2018
Bulgaria 3 959 January 1, 2018 North Macedonia 2 817 January 1, 2018
Canada 3 1197 January 1, 2018 Norway 26 8180 January 1, 2018
Chile 5 1946 No Oman 7 2666 January 1, 2018
China 9 3689 January 1, 2018 Peru 3 1197 No
Colombia 5 1615 January 1, 2018 Philippines 11 4576 January 1, 2018
Croatia 6 1634 January 1, 2018 Poland 10 4158 January 1, 2018
Cyprus 1 183 January 1, 2018 Portugal 2 451 January 1, 2018
Denmark 17 6592 January 1, 2018 Qatar 7 2679 January 1, 2018
Finland 3 989 January 1, 2018 Romania 1 416 January 1, 2018
France 17 6586 January 1, 2018 Russia 10 3163 January 1, 2018
Germany 11 3755 January 1, 2018 Saudi Arabia 9 3486 January 1, 2018
Ghana 2 729 January 1, 2018 Singapore 4 1613 January 1, 2018
Greece 4 1648 January 1, 2018 Slovenia 1 157 January 1, 2018
Hong Kong 25 6681 January 1, 2018 South Africa 5 1926 January 1, 2018
Hungary 2 831 January 1, 2018 South Korea 10 3279 January 1, 2018
Iceland 2 314 January 1, 2018 Spain 5 1804 January 1, 2018
India 29 9657 No Sri Lanka 28 9072 January 1, 2018
Ireland 2 314 January 1, 2018 Sweden 6 2121 January 1, 2018
Italy 18 6527 January 1, 2018 Switzerland 3 919 3 sample banks on

January 1, 2018
Japan 83 30708 No Taiwan 19 7060 January 1, 2018
Jordan 18 6370 January 1, 2018 Turkey 12 4147 January 1, 2018
Kazakhstan 3 602 3 sample banks on

January 1, 2018
Uganda 2 615 January 1, 2018

Kenya 9 3572 January 1, 2018 Ukraine 1 207 January 1, 2018
Kuwait 9 3382 January 1, 2018 United Arab

Emirates
16 6507 January 1, 2018

Lebanon 2 651 January 1, 2018 United Kingdom 16 4660 January 1, 2018
Lithuania 1 365 January 1, 2018 Vietnam 9 2755 No
Malawi 1 279 January 1, 2018 Zambia 3 562 January 1, 2018
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Table A.3 – Continued

Panel B: Number of banks and observations in the staggered DID model

Region No. Obs. Adoption Date Region No. Obs. Adoption Date
Argentina 7 2255 January 1, 2020 Malta 2 829 January 1, 2018
Australia 10 3694 January 1, 2018 Mauritius 3 1091 January 1, 2018
Austria 7 2362 January 1, 2018 Mexico 5 1589 January 1, 2021
Bahrain 6 2310 January 1, 2018 Morocco 8 2635 January 1, 2018
Bangladesh 30 11090 No Netherlands 1 416 January 1, 2018
Belgium 2 724 January 1, 2018 New Zealand 1 416 January 1, 2018
Botswana 3 1103 January 1, 2018 Nigeria 14 5087 January 1, 2018
Brazil 3 1248 No North Macedonia 2 817 January 1, 2018
Bulgaria 3 959 January 1, 2018 Norway 26 8180 January 1, 2018
Canada 11 4525 January 1, 2018 Oman 7 2666 January 1, 2018
Chile 5 1946 No Pakistan 20 6749 January 1, 2021
China 25 8222 January 1, 2018 Peru 3 1197 No
Colombia 5 1615 January 1, 2018 Philippines 11 4576 January 1, 2018
Croatia 6 1634 January 1, 2018 Poland 10 4158 January 1, 2018
Cyprus 1 183 January 1, 2018 Portugal 2 451 January 1, 2018
Denmark 17 6592 January 1, 2018 Qatar 7 2679 January 1, 2018
Egypt 9 3400 January 1, 2019 Romania 1 416 January 1, 2018
Finland 3 989 January 1, 2018 Russia 10 3163 January 1, 2018
France 17 6586 January 1, 2018 Saudi Arabia 9 3486 January 1, 2018
Germany 11 3755 January 1, 2018 Singapore 4 1613 January 1, 2018
Ghana 2 729 January 1, 2018 Slovenia 1 157 January 1, 2018
Greece 4 1648 January 1, 2018 South Africa 6 2342 January 1, 2018
Hong Kong 25 6681 January 1, 2018 South Korea 10 3279 January 1, 2018
Hungary 2 831 January 1, 2018 Spain 5 1804 January 1, 2018
Iceland 2 314 January 1, 2018 Sri Lanka 28 9072 January 1, 2018
India 29 9657 No Sweden 6 2121 January 1, 2018
Indonesia 37 12218 January 1, 2020 Switzerland 23 8581 3 sample banks on

January 1, 2018
Ireland 2 314 January 1, 2018 Taiwan 19 7060 January 1, 2018
Israel 8 3131 January 1, 2021 Thailand 10 3771 January 1, 2020
Italy 18 6527 January 1, 2018 Tunisia 14 4816 January 1, 2021
Japan 83 30708 No Turkey 12 4147 January 1, 2018
Jordan 18 6370 January 1, 2018 Uganda 2 615 January 1, 2018
Kazakhstan 3 602 3 sample banks on

January 1, 2018
Ukraine 1 207 January 1, 2018

Kenya 10 3981 January 1, 2018 United Arab
Emirates

16 6507 January 1, 2018

Kuwait 9 3382 January 1, 2018 United Kingdom 18 5285 January 1, 2018
Lebanon 2 651 January 1, 2018 United States 245 96015 December 15, 2019
Lithuania 1 365 January 1, 2018 Vietnam 9 2755 No
Malawi 1 279 January 1, 2018 Zambia 3 562 January 1, 2018
Malaysia 11 4570 January 1, 2018
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Table A.3 – Continued

Panel C: Implementation of ECL in other countries outside our sample

Region No. Obs. Adoption Date Region No. Obs. Adoption Date
Algeria 0 0 No Guatemala 0 0 No
Angola 0 0 No Iran, Islamic Rep. 0 0 No
Azerbaijan 0 0 No Luxembourg 0 0 January 1, 2018
Belarus 0 0 No Panama 0 0 January 1, 2018
Dominican
Republic

0 0 No Slovak Republic 0 0 No

Ecuador 0 0 No Uruguay 0 0 No
Ethiopia 0 0 January 1, 2023 Uzbekistan 0 0 No

Panel A presents the distribution of the sample banks by region in the baseline regression. The adoption
date of ECL in each country is also displayed in this table. Panel B presents the distribution of the sample
banks by region in a staggered DID model. The adoption date of ECL in each country is also displayed in
this table. Panel C shows the information on ECL implementation in the countries outside our sample. We
focus on countries that rank in the top 80 in terms of GDP but are not covered in López-Espinosa et al.
(2021). Our final sample does not include these 14 countries due to limitations in the stock price and control
variable data for banks in these countries.The adoption date reported in the table does not imply that all
banks within a country adopted ECL at that specific point in time. There is heterogeneity in the timing of
ECL adoption across banks within the same country.
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