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Abstract
We investigate whether, and to what extent, banks exploit their discretion over loan loss provisions to achieve their man-
agement purposes during the pandemic. Using a sample of US banks during the current COVID-19 outbreak, we find that 
banks are more eager to use discretionary loan loss provisions in response to the worsening pandemic situation. We find in 
particular that banks use discretionary loan loss provisions to manage regulatory capital, smooth income and signal private 
information to outsiders. Overall, this paper enriches the literature on bank discretionary behaviour during the difficult time, 
especially during the current COVID-19 pandemic, and therefore, it has important implications for banking supervisor and 
bank stakeholders.
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Introduction

This paper examines how banks exploit their discretion over 
loan loss provisions (LLPs) to achieve management pur-
poses in response to the intense crisis. LLPs are critical for 
bank safety and soundness as they are a means of mitigating 
default and systemic risks (Beatty and Liao 2014). Nonethe-
less, since LLPs are heavily dependent on bank manager’s 
judgement, they can be opportunistically exploited by bank 
managers to pursue proprietary goals, rather than to purely 
represent a bank’s expected future credit losses (Kanagaret-
nam et al. 2005; Curcio and Hasan 2015; Tran et al. 2019). 

Arguably, when banks manipulate their LLPs, it could lead 
to a serious misinformation problem for shareholders, bank 
supervisors and the general market, especially in a recession 
period when economic uncertainty arises (El Sood 2012).

Given the importance of LLPs to the financial stability of 
banks, the strand of research revolving around bank LLPs 
has attracted much attention from policymakers and aca-
demics (Lobo and Yang 2001). Prior work documents that 
LLPs comprise two components: non-discretionary LLPs 
and discretionary LLPs (Kanagaretnam et al. 2004; Curcio 
and Hasan 2015). On the one hand, the non-discretionary 
component of LLPs is associated with banks’ credit risk, 
and it therefore reflects their actual performance (Wu et al. 
2016). This component aims to cover expected future losses 
on banks’ loan portfolios (Beaver and Engel 1996). On the 
other hand, discretionary LLPs are subject to managers’ 
judgement and can be exploited as a tool to smooth income, 
signal private information and manage regulatory capital 
(Kanagaretnam et al. 2005; Curcio and Hasan 2015; Laeven 
and Majnoni 2003; Leventis et al. 2011).

In this paper, we exploit the exogenous nature of the cur-
rent COVID-19 pandemic as a setting to test whether, and 
to what extent, banks exploit their discretion over LLPs in 
response to the intense crisis. Arguably, the COVID-19 
pandemic is an unprecedented health and economic shock 
that was entirely unexpected and out of the control of all 
economic entities, including banks. This shock is driven by 
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a global public health crisis, not by bad economic and finan-
cial conditions. In addition, the severity of the pandemic also 
varies across time and geographic locations. Such variations 
make COVID-19 an ideal setting that meets the purpose of 
our study. In fact, recent empirical economics and finance 
studies have actively exploited this shock for analysis (Colak 
and Öztekin 2021; Ren et al. 2021; Zhang and Hu 2021).

To empirically examine the effects of the COVID-19 pan-
demic on banks’ discretionary use of LLPs, we first con-
struct the measure of the COVID-19 exposure experienced 
by individual banks during each particular period of time. 
To do so, we follow a three-step approach. In the first step, 
we calculate the market share for each bank in each state in 
2019. Then, we collect the quarterly number of new COVID-
19 confirmed cases by state and normalise them by the state 
population. Finally, these quotients are weighted by the 
bank market shares calculated in the first step. This meas-
ure allows us to take into account the cross-sectional varia-
tion in the degree of exposure to COVID-19 across different 
banks and quarters. Given that the COVID-19 pandemic has 
imposed a purely exogenous shock to the financial system 
worldwide, it provides a unique setting that enables us to 
better establish the causal impact of bad times on banks’ 
management of LLPs.

Drawing on a sample of 262 US bank holding companies 
from 2020Q1 to 2021Q2, we find that banks suffering more 
from the COVID-19 pandemic are more eager to exploit 
their discretion over LLPs. This result is robust to different 
alternative model specifications (i.e. different fixed effects 
models and clustering methods) and to the addition of vari-
ous macro-control variables.

We further utilise difference-in-difference (DiD) estima-
tors to alleviate some endogeneity concerns and ensure the 
validity of our results. Since the severity of the pandemic is 
heterogenous across states and time, there is a variation in 
the degree of exposure for each bank. That is, some banks 
may suffer seriously from the pandemic, while others may 
experience little impact. Based on that feature, we con-
struct a DiD estimation that analyses how the most severely 
affected banks use discretionary LLPs relative to those least 
affected by the pandemic prior to and after the pandemic 
outbreak in 2020Q1. We find that COVID-19-induced 
treated banks engage more in the manipulation of LLPs than 
control banks.

Next, we conduct several additional analyses, aiming to 
obtain an insight into the motives behind banks’ use of dis-
cretionary LLPs. Prior studies suggest that banks can exploit 
their discretion over LLPs to smooth income, signal pri-
vate information and manage regulatory capital (Lobo and 
Yang 2001; Kanagaretnam et al. 2005; Morris et al. 2016). 
Our additional analyses confirm these findings. We show 
that during an intense pandemic, banks increasingly use 

discretionary LLPs to smooth income, signal private infor-
mation to outsiders and manage their capital requirements.

This paper makes important contributions to the literature 
in two main ways. First, we contribute to the broad literature 
that investigates the drivers of banks’ use of discretionary 
LLPs for management purposes (e.g. Cheng et al. 2011; Jin 
et al. 2018; Jutasompakorn et al. 2021). This literature docu-
ments that while LLPs are a significant accrual meant to 
reflect the risk of banks’ loan portfolios, bank managers can 
exploit the discretion they are given when estimating LLPs 
for management objectives (e.g., Curcio and Hasan 2015; 
Tran et al. 2019). We contribute to this literature by address-
ing the question of whether and to what extent the exposure 
to a severe pandemic induces banks to exploit LLPs. In this 
regard, we add to the specific stream of studies examining 
banks’ financial report manipulation behaviour during a cri-
sis (e.g., Flannery et al. 2013; Iatridis and Dimitras 2013; 
Pettinicchio 2020). We document that banks use LLPs for 
management purposes (i.e. income smoothing, signalling 
and capital management) during difficult times.

Second, we augment the recently emerging line of litera-
ture on the impacts of the COVID-19 pandemic on the bank-
ing industry. Given that banks are expected to play an active 
and indispensable part in supporting governments in the eco-
nomic recession caused by such a pandemic (Elnahass et al. 
2021), it is of paramount importance to investigate how the 
banking industry is affected and its responses. Prior studies 
have documented that the COVID-19 pandemic has led to a 
reduction in bank performance and stability (Elnahass et al. 
2021), a contraction in bank lending (Colak and Öztekin 
2021) and an increase in interest spreads (Hasan et al. 2020). 
Nevertheless, to the best of our knowledge, no empirical 
work has been dedicated to examining how bank managers 
manipulate financial reports in response to the severity of 
the COVID-19 pandemic. Thus, this paper is conducted in 
an attempt to bridge the gap in the literature.

The remainder of this paper is organised as follows. Sec-
tion 2 reviews the relevant literature, and Sect. 3describes 
the model specifications, data and sample selection. Sec-
tion 4 discusses the main results and presents the robustness 
tests, Sect. 5 provides some additional analyses, and Sect. 6 
concludes the paper.

Literature review

LLPs are one of the main accrual expenses for banks and 
thus significantly affect banks’ incomes and regulatory 
capitals. In principle, LLPs are supposed to reflect a bank’s 
estimate of future expected credit losses. However, since 
it is infeasible for banks to precisely match current provi-
sions with future expected credit losses, banks are given a 
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wide latitude for discretion when estimating their provisions 
(Beatty et al. 1995; Curcio and Hasan 2015).

As a result, bank LLPs are often dichotomised into two 
components: non-discretionary LLPs and discretionary 
LLPs (Kanagaretnam et al. 2004; Curcio and Hasan 2015). 
While the former component is related to identified future 
credit losses and is added to specific reserves, the second 
component is open to managerial judgement and can be used 
by bank managers to achieve their management objectives 
(Curcio and Hasan 2015; Zhang and McIntyre 2021). Argu-
ably, when banks exploit this discretion to opportunistically 
achieve their management objectives, it raises the concern of 
moral hazard and misbehaviour, which could obscure bank 
fundamentals and harm shareholders’ wealth (Laeven and 
Majnoni 2003).

Prior literature illustrates that banks have a high incentive 
to manage LLPs for income smoothing purposes (Collins 
et al. 1995; Pérez et al. 2008; Leventis et al. 2011). This 
can help banks to reduce income volatility and thus meet 
bank regulations and shareholders’ expectations. Specifically, 
given that LLPs and bank expenses are directly related, banks 
can overstate LLPs to contain the reported income figure 
when the pre-managed income is perceived to be high. By 
contrast, they can understate LLPs in periods of low actual 
income to boost the reported income figures (Laeven and 
Majnoni 2003; El Sood 2012; Morris et al. 2016; Skała, 
2021).

Banks can also exploit their discretion over LLPs to sig-
nal private information to outsiders. The extant literature 
documents a positive relationship between DLLPs and stock 
returns, suggesting that both investors and bank managers 
perceive LLPs as a channel to signal private information 
about banks’ future performance (Kanagaretnam et al. 2003; 
Tran et al. 2019). In fact, an increase in LLPs can be per-
ceived positively by investors, who interpret a high provision 
as a signal of good news rather than a signal of a negative 
future outlook (Elliott et al. 1991). This is because high 
LLPs may imply that the bank is able to deal sufficiently 
with future loan default problems (Beaver and Engel 1996; 
Curcio and Hasan 2015). Lobo and Yang (2001) and Morris 
et al. (2016) provide support for this view and document that 
bank managers tend to increase discretionary LLPs to con-
vey positive future cash flow prospects. Overall, high LLPs 
may well indicate that banks can absorb a greater reduction 
in future earnings caused by loan defaults and they express 
bank managements’ confidence in their future performance.

Another strand of literature proposes that banks can alter 
LLPs to manage regulatory capital (Collins et al. 1995; Lobo 
and Yang 2001; Anandarajan et al. 2007). Anecdotal evi-
dence shows that, when regulatory capital is perceived to 
be low, banks tend to overstate LLPs to boost their capi-
tal (Beatty et al. 1995). However, subsequent studies often 
found no evidence of capital management via LLPs once 

the Basel regulations (i.e. Basel I and II accords) came into 
effect (Pérez et al. 2008; Leventis et al. 2011; Curcio and 
Hasan 2015). This is because, prior to the implementation 
of the Basel regulations, LLPs were included in the calcu-
lation of primary capital. Under the guidance of the Basel 
accords, LLPs are no longer included in the calculation of 
Tier-1 capital, and they now only account for an insignificant 
proportion of the total capital (within Tier-2 capital). Thus, 
adjusting LLPs has little influence on the capital adequacy 
ratio.

Data and model specification

Data construction

In this study, we integrate data from three sources. First, we 
obtain the financial data of all the operating US bank hold-
ing companies (banks hereafter) from the FR Y-9C quarterly 
reports.1 Our sample spans over a six-quarter period, from 
2020Q1 to 2021Q2. We chose this sampling period because 
the COVID-19 pandemic started breaking out in early 2020, 
and 2021Q2 is the latest quarter for which data are avail-
able. We commence our sample construction by removing 
all observations that have missing necessary accounting 
information. We also limit the sample to banks incorporated 
in the fifty US states. Thus, banks incorporated in US ter-
ritories such as Guam and Puerto Rico are excluded. To this 
end, our final sample includes 1039 bank-quarter observa-
tions from 262 unique banks over a six-quarter period.

To estimate each bank’s level of exposure to the COVID-
19 pandemic, we require data that capture the severity of 
the pandemic at the geographic location where each bank 
is incorporated. Hence, the second set of data used in our 
study details the daily COVID-19 pandemic situation across 
the US states. We retrieve these data from the Centers for 
Disease Control and Prevention (CDC) website.2 The CDC 
website is a trusted, rich source of information about the 
COVID-19 pandemic, including the current number of 
confirmed COVID-19 cases and COVID-19-related deaths 
at the state level. It also contains information on COVID-
19-related hospitalisations, vaccinations and testing, etc. We 
collect the number of new cases of COVID-19 daily from23  
January 2020 to 30 June 2021 and then aggregate these data 
to obtain the quarterly number of cases for each state.

1 FR Y-9C is the consolidated financial statements for holding com-
panies, which is a regulatory report form submitted to the Federal 
Reserve each quarter by bank holding companies in the US.
2 See: Trends in number of COVID-19 cases and deaths in the US 
reported to CDC, by State/Territory. [Online] Available at: https:// 
covid. cdc. gov/ covid- data- track er/# trends_ daily cases.

https://covid.cdc.gov/covid-data-tracker/#trends_dailycases
https://covid.cdc.gov/covid-data-tracker/#trends_dailycases
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Finally, we retrieve quarterly state-level macro-economic 
data (i.e. real GDP and population) for the corresponding 
period from 2020Q1 to 2021 Q2 from the Bureau of Eco-
nomic Analysis (BEA). The definitions of the main variables 
used in this study are exhibited in Table 1.

Measuring bank discretionary LLPs

LLPs consist of two components: non-discretionary and 
discretionary (Kanagaretnam et al. 2004; Curcio and Hasan 
2015). Therefore, in order to evaluate the extent to which 
the COVID-19 pandemic affects banks’ discretionary use 
of LLPs, we must disentangle the discretionary component 
of LLPs from the non-discretionary component. To do so, 
we follow the prior literature and estimate the discretionary 
component of LLPs as the absolute value of the residual 
obtained from the following model, regressing LLPs on a 
set of their normal determinants (Cheng et al. 2011; Beatty 
and Liao 2014; Tran et al. 2019; Jin et al. 2018)3:

where i denotes bank and t denotes quarter. LLPsi,t is the 
ratio of a bank’s LLPs to the beginning gross loans for bank 
i in quarter t (Kanagaretnam et al. 2004; Jin et al. 2018). 
ΔNPAi,t−1 is the change in non-performing assets during 
quarter t-1 normalised by the beginning total assets; ΔNPAi,t 

(1)

LLPs
i,t = �0 + �1ΔNPAi,t−1 + �2ΔNPAi,t

+ �3ΔNPAi,t+1 + �4ΔLoani,t + �4ΔCOsi,t

+ �
i,t

is the change in non-performing assets during quarter t nor-
malised by the beginning total assets; and ΔNPAi,t+1 is the 
one-period ahead change in non-performing assets normal-
ised by the beginning total assets. These three variables are 
included because LLPs can be adjusted by bank managers 
based on historical, current and forward-looking information 
on asset quality (McIntyre and Zhang 2020). In addition, 
we also take into account the growth rate of gross loans 
( ΔLoani,t ), measured as the change in gross loans during 
quarter t scaled by the beginning total assets, as a rapid 
acceleration in loans may worsen loan quality and ultimately 
lead to a rise in bank LLPs (Kanagaretnam et al. 2003). 
ΔCOsi,t is the change in a bank’s charge-offs during quar-
ter t scaled by the beginning total assets. Changes in loan 
charge-offs can affect managerial expectations of collecting 
current loans, and thus influence current LLPs (Jin et al. 
2018). Finally, we cluster the standard errors at the state of 
incorporation level.

Measuring COVID‑19 exposure

Arguably, banks operating in different geographic loca-
tions experience homogenous exposure to the COVID-19 
pandemic. Given that each bank can operate in a number 
of states, it is necessary for us to calculate an aggregated 
COVID-19 exposure index, capturing the severity of the 
pandemic facing banks across US states.

To do so, we adopt a three-step approach. In the first 
step, we identify the market share of each individual bank 
across the US states, using information on the proportion 
of the total bank branch’s deposit in each state. Specifi-
cally, we retrieve information on bank branch deposits in 
the year 2019 from the SNL Financial database. Then, for 
each branch of any given bank, we calculate the proportion 
of bank branch deposits to the bank’s total deposits. This 
allows us to evaluate bank market share in each state where 

Table 1  Variable definition

Variables Definition Source Expected sign

Discretionary LLP The absolute value of the residual obtained from 
the equation modelling total LLPs on its normal 
determinants

SNL Financial N/A

Weighted COVID-19 cases The total number of new COVID-19 cases per state 
population weighted by a bank’s market share

Centers for Disease Control and Preven-
tion; Bureau of Economic Analysis; SNL 
Financial

( +)

Size The natural log of total assets SNL Financial (-)
Tier-1 capital The ratio of total Tier-1 capital to total assets SNL Financial (-)
ROA The ratio of the net income to total assets SNL Financial ( +)
Risk The ratio of the non-performing loans to total loans SNL Financial ( +)
Fund The ratio of total loans to total deposits SNL Financial ( +)
Liquidity The ratio of total cash and non-interest-bearing 

deposits to total assets
SNL Financial ( +)

3 The fitted value from the LLPs prediction model represents the 
non-discretionary LLPs as it captures the notionally correct LLPs (Jin 
et al. 2018). Hence, the residuals (i.e., the unexplained portion in the 
model) shall be taken as discretionary LLP since it indicates a bank’s 
deviation from its normal level of LLPs (Kanagaretnam et al. 2009; 
Zhang and McIntyre 2021).
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they operate. In the second step, we calculate the level of 
COVID-19 severity in each state. To do so, we follow prior 
literature (i.e. Dursun-de Neef and Schandlbauer 2021) and 
normalise the quarterly number of new COVID-19 con-
firmed cases by the state population to account for differ-
ences in state sizes. Finally, in the third step, to measure the 
geographic exposure to COVID-19 pandemic for each bank, 
we calculate the weighted average number of COVID-19 
cases per 100,000 people. The bank market shares drawn 
from the first step are employed as weights. Taken together, 
the level of COVID-19 that each individual bank is exposed 
to is calculated as follows:

where i denotes bank, j denotes branch, and t denotes quar-
ter. Covidi,j,t is the number of new COVID-19 cases per 
100,000 people in the state where branch j of bank i oper-
ates in quarter t. Collectively, Covid Exposurei,t allows us to 
take into account the cross-sectional variation in the degree 
of geographic exposure to COVID-19 across different banks.

Model specification

Our primary goal is to examine whether, and to what extent, 
banks manipulate their financial reports during a pandemic 
through the use of discretionary LLPs. To do so, we employ 
the following regression model:

where i denotes banks and t denotes quarter. The dependent 
variable is DiscretionaryLLPit , which is the absolute value of 
the residuals from Eq. (1) as described in Sect. 3.2. Our pri-
mary variable of interest is Covid Exposurei,t . The coefficient 
�1 indicates the extent to which the COVID-19 pandemic 
affects banks’ discretionary LLPs. Specifically, a positive 
(negative) �1 implies that banks suffering more severely from 
the COVID-19 pandemic are more (less) eager to exploit 
their discretion over LLPs.

We follow prior literature (i.e. Kanagaretnam et al. 2004; 
Jiang et al. 2016; Jin et al. 2018; Tran et al. 2019) and 
include a number of control variables capturing bank charac-
teristics that could possibly affect their discretionary LLPs. 
In particular, we consider bank size (Size) using the natural 
logarithm of total assets. Larger banks are expected to have 
fewer discretionary LLPs as they tend to be more diversified 
and they show less earnings volatility (Dechow and Dichev 
2002). We also control for bank regulatory capital (Tier-1 
capital), measured as the ratio of a bank’s Tier-1 capital to 

(2)Covid Exposurei,t =
∑

j

Depositsi,j,t × Covidi,j,t

Depositsi,t

(3)

Discretionary LLPs
i,t = �0 + �1Covid Exposurei,t

+ Control
i,t−1 + Fixed Effects

+ �
i,t

total assets. Banks that violate the regulatory capital require-
ment (i.e. lower Tier-1 capital ratio) are more likely to man-
age LLPs to avoid the excessive regulatory costs (Leventis 
et al. 2011). We then control for bank profitability, measured 
as return on assets (ROA), and expect that bank profitability 
and discretionary LLPs are positively related. This is in line 
with prior literature contending that banks experiencing a 
decrease in income may have lower discretionary LLPs to 
write off bad debts and smoothen earnings (Leventis et al. 
2011; El Sood 2012).

We further control for bank credit risk (Risk), which is 
measured by the ratio of non-performing loans to gross 
loans. Arguably, banks experiencing a high credit risk and 
a low-quality loans portfolio are likely to have high dis-
cretionary LLPs for income smoothing purposes (Pérez 
et al. 2008). We also include the ratio of bank loans to total 
deposits (Fund) in our baseline model to control for the need 
for external financing. Given that the demand for external 
financing is a crucial motivation for income smoothing, 
banks that are reliant on borrowing to finance their loan port-
folios tend to engage in more financial report manipulation 
than those that are not reliant on borrowing (Kanagaretnam 
et al. 2004). Finally, we control for bank liquidity, measured 
by the ratio of total cash and non-interest-bearing deposits 
to total assets. Consistent with prior literature (i.e. Jin et al. 
2018), we expect that banks with larger liquid assets are 
likely to exhibit larger discretionary LLPs.

In this paper, we construct a panel dataset by compiling 
quarterly data corresponding to 262 US banks across US 
states over six quarters from 2020Q1 to 2021Q2. The use of 
panel data allows for a concomitant increase in the degrees 
of freedom and therefore mitigates the collinearity issues 
and improves the accuracy of the estimates (Hsiao 2003). In 
addition, we use the fixed effect regression model for panel 
data to take advantage of longitudinal data and control the 
effect of unobserved heterogeneity that could lead to estima-
tion bias. For this reason, prior literature studying bank’s 
discretionary behaviour often uses fixed effect models to 
eliminate any time-invariant unobserved bank specific char-
acteristics factors that could otherwise lead to biased esti-
mates (Leventis et al. 2011; Bouvatier et al., 2014; Curcio 
and Hasan 2015).

To mitigate the potential endogeneity concern, we follow 
the common practice in the empirical banking literature and 
lag all control variables by one quarter (Tran et al. 2019; 
McIntyre and Zhang 2020). As an additional attempt to 
mitigate the potential endogeneity issue arising from omit-
ted variable bias, we further control for bank and quarter 
fixed effects in our model. These fixed effects allow us to 
capture the average impact of the unobserved time-invariant 
characteristics of each bank and the omitted time-variant 
economy-wide characteristics on our dependent variable. 
Finally, we cluster the standard errors at the bank level to 
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take into account the possibility of within-cluster serial cor-
relation in the error term (Petersen 2009).

Empirical results

Correlation matrix and descriptive statistics

Table 2 reports the descriptive statistics of all the main 
variables of interest. During the COVID-19 pandemic (i.e. 
from 2020Q1 to 2021Q2), the mean of DLLP is 0.001. On 
average, the value of our independent variable (i.e. Covid 
Exposure) that captures the degree of COVID-19 exposure 
by banks and is measured as the number of COVID-19 con-
firmed cases per 100,000 people weighed by bank market 
shares, is 0.023.

As for our control variables, the mean value of bank size 
(measured as the natural logarithm of bank total assets) is 
16.115. Overall, the profitability of banks in our sample is 
relatively low, with the mean value of ROA being only 0.3%. 
However, during the sample period, banks were well capital-
ised as Tier-1 capital accounts for 9.4% of total assets (i.e. 
Tier1 Capital). Our sample banks also seem to be in good 
health, as indicated by the fact that only around 1.0% of their 
loan portfolios are non-performing. On average, the bank 

loan-to-deposit ratio (i.e. Fund) is 82.7%, and liquid assets 
account for 1.2% of banks’ total assets (i.e. Liquidity).

Table 3 provides the correlation matrix for the main vari-
ables used in our analysis along with the variance inflation 
factor (VIF) test. As can be seen from this table, Weighted 
COVID-19 Cases is positively correlated with Discretion-
ary LLP (0.029). In a similar vein, Size, Tier-1 capital, 
ROA, Risk and Liquidity are also positively correlated with 
Discretionary LLP, while Fund and Discretionary LLP are 
negatively correlated. Overall, the correlation coefficients 
amongst independent variables are relatively low. The high-
est correlation is 0.517, between ROA and Tier-1 capital. We 
then carry out a VIF test to test for the potential multicol-
linearity issue. The test result provided in the last column of 
Table 3 shows that all of the VIFs are smaller than 2, thereby 
implying that our analysis is presumably not affected by the 
multicollinearity problem.

Baseline results

Table 4 exhibits the main regression results for Eq. (3) to 
examine the impact of exposure to the COVID-19 pandemic 
on banks’ DLLPs. Column 1 displays the results from the 
model using bank fixed effects, while column 2 shows the 
results after controlling for both bank and quarter fixed 
effects.

Table 2  Descriptive statistics

This table provides the summary statistics of the main variables used in this paper. The number of observa-
tions (N), means (Mean), standard deviations (Std.), 25th percentiles (p25), median (p50) and 75th percen-
tiles (p75) are reported

Variable N Mean Std p25 p50 p75

Discretionary LLP 1039 0.001 0.002 0.000 0.001 0.001
Weighted COVID-19 cases 1039 0.023 0.016 0.008 0.020 0.032
Size 1039 16.115 1.529 15.168 15.748 16.702
Tier-1 capital 1039 0.094 0.031 0.081 0.089 0.100
ROA 1039 0.003 0.003 0.002 0.003 0.004
Risk 1039 0.010 0.016 0.004 0.007 0.012
Fund 1039 0.827 0.194 0.744 0.841 0.927
Liquidity 1039 0.012 0.009 0.008 0.011 0.014

Table 3  Correlation matrix 1 2 3 4 5 6 7 8 VIF

1 Discretionary LLP 1
2 Weighted COVID-19 cases 0.029 1 1.03
3 Size 0.004 − 0.014 1 1.05
4 Tier-1 capital 0.439 0.056 0.053 1 1.58
5 ROA 0.242 0.135 − 0.039 0.517 1 1.42
6 Risk 0.181 0.012 − 0.082 0.198 0.062 1 1.06
7 Fund − 0.081 − 0.085 − 0.044 − 0.010 0.086 − 0.025 1 1.09
8 Liquidity 0.408 0.057 − 0.111 0.334 0.189 0.014  − 0.231 1 1.23
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Overall, the results appear to be consistent in both col-
umns. The estimated coefficients on Covid Exposure always 
load positive and are statistically significant. This illustrates 
that banks that are more severely exposed to the COVID-
19 pandemic are more eager to exploit their discretion over 
LLPs. Our results provide support for the proposition by 
Flannery et al. (2013) and Pettinicchio (2020) that banks’ 
accounting information becomes non-transparent or even 
misleading to investors in times of crisis. In addition, this 
study corroborates recent research highlighting the dev-
astating impacts of the COVID-19 pandemic on financial 
institutions (i.e. Colak and Öztekin 2021;Duan et al. 2021; 
Elnahass et al. 2021).

The results of the other control variables also provide 
some important insights. Specifically, we find that, during 
the COVID-19 pandemic, larger banks and those that are 
well capitalised use fewer discretionary LLPs, as indicated 
by the negative and statistically significant coefficients on 
Size and Tier-1 capital. Meanwhile, we find evidence that 
riskier banks (indicated by a larger share of non-performing 
loans in their loan portfolios) tend to manage their LLPs 
more aggressively, which is consistent with the prior find-
ing by Tran et al. (2019). We find that banks’ profitability, 
liquidity and external funding have hardly any significant 

effect on their discretionary LLPs for the sample and period 
of study.

Robustness tests

In Table 5, we perform a number of robustness tests to check 
for the sensitivity of our baseline results.

First, in addition to the bank and quarter fixed effects, we 
further employ the state-quarter trend fixed effects model to 
control for state-level pre-trends in the data. Second, given 
that in the baseline model, we cluster standard errors at the 
bank level to correct for within-bank correlation, in the next 
two columns, we use different clustering methods to ensure 
the robustness of our estimations. Specifically, in column 
2, we cluster standard errors at the state level. This helps to 
mitigate the issue of potential time-varying autocorrelations 
in unobserved variables that could heterogeneously affect 
different banks incorporated in the same state (Bertrand et al. 
2004). In column 3, standard errors are double-clustered at 
both bank and quarter levels to concomitantly control for 
temporal and cross-sectional correlation (Petersen 2009). 
Overall, our main findings hold across different alternative 
model specifications.

Next, in order to mitigate the impact of potential outliers, 
we winsorise all the continuous variables at the top and bot-
tom 1% of the distribution and re-estimate baseline model 
3 accordingly. The result is presented in column 4 and it is 
consistent with those reported earlier.

Finally, to obtain a more comprehensive analysis of fac-
tors affecting bank DLLPs and to mitigate the concern that 
our result could be affected by omitted variable issues, we 
incorporate into our model specification several state-level 
macro-economic controls. Specifically, we incorporate the 
quarterly growth rate of real GDP and the quarterly popula-
tion growth rate. Data for the two above-mentioned variables 
are retrieved from the BEA. As can be seen from column 5, 
the result remains quantitatively unchanged.

Difference‑in‑difference specification

In this section, we attempt to further validate the causal 
relationship between the degree of exposure to the 
COVID-19 pandemic and banks’ accounting manipula-
tion behaviour. Specifically, we follow prior literature (i.e. 
Colak and Öztekin 2021; Zhang and Hu 2021), and use 
the pandemic as a natural experiment in our DiD model. 
DiD is a popular and effective econometric technique to 
deal with endogeneity concerns, and it is thus extensively 
used in empirical economics and finance studies (Roberts 
and Whited 2013). Technically, this identification strat-
egy allows us to compare the treated banks (those most 
severely exposed to the COVID-19 shock) with their con-
trol peers (those that are least affected) before and after the 

Table 4  Baseline Results

This table presents the regression results of the model to examine the 
impact of COVID-19 pandemic exposure on bank DLLP. Dependent 
variable is DLLP, which is the absolute value of the residual obtained 
from the equation modelling total LLPs on its normal determinants. 
Weighted COVID-19 Cases is measured as the total number of new 
COVID-19 cases per state population weighted by a bank’s market 
share. Control variables are defined in Table  1. Standard errors (in 
parentheses) are clustered at the state-quarter level. ***, **, and * 
denote significance at the 1%, 5%, and 10% levels, respectively

Bank FEs
(1)

Bank FEs & Quarter 
FEs
(2)

Dependent variable DLLP DLLP

Weighted COVID-19 
cases

0.007** (0.003) 0.010** (0.005)

Sizet-1 − 0.005** (0.002) − 0.005** (0.002)
Tier-1 capital t – 1 − 0.058* (0.033) − 0.073** (0.037)
ROAt − 1 0.005 (0.012) 0.005 (0.012)
Riskt − 1 0.033** (0.014) 0.032** (0.014)
Fundt − 1 − 0.000 (0.002) 0.001 (0.002)
Liquidityt − 1 0.076 (0.048) 0.073 (0.046)
Constant 0.087** (0.036) 0.087** (0.040)
Bank FEs Yes Yes
Quarter FEs No Yes
Observations 1039 1039
R-squared 0.709 0.726
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pandemic occurs. As a result, the DiD methodology also 
helps us alleviate the omitted variable bias by ruling out 
the impacts of unobserved trends that could affect all the 
sample banks (Colak and Öztekin 2021). To this end, we 
introduce the DiD model by modifying Eq. (3) as follows:

where i denotes banks and t denotes quarter. Treatedi,t is 
an indicator variable equal to 1 for treated banks and 0 for 
control banks. To identify treated and control banks, we first 
sort our sample bank-quarter observations into quartiles 
based on the weighted average number of COVID-19 cases 
per 100,000 people. Accordingly, treated (control) banks 
are those who consistently belong to the top (bottom) 25th 
quartile during the whole sample period. Postt is a dummy 
variable taking the value of 1 for the period from Q1 2020 
to Q2 2021 and 0 for the pre-COVID period between Q3 
2018 and Q4 2019. Affectedi,t × Postt . is the DiD term and 
�3 illustrates how the differences in bank DLLPs between 
treated and control groups changed after the outbreak of the 
COVID-19 pandemic.

We incorporate the same set of control variables as in 
Eq. (3). We also control for bank and quarter fixed effects. 
Finally, the standard errors are clustered at the bank level. 
We display the regression results in Table 6. Column 1 dis-
plays the results from the model using bank fixed effects, 
while column 2 shows the results after controlling for both 
bank and quarter fixed effects.

As can be seen from the table, the coefficients on 
Affectedi,t × Postt are always positive and statistically 

(4)

DLLPsi,t = �0 + �1Treatedi,t + �2Postt + �3Affectedi,t × Postt

+ Controli,t−1 + Fixed Effects + �i,t

Table 5  Robustness tests

This table presents the regression results of the robustness tests to examine the impact of COVID-19 pandemic exposure on bank DLLP. 
Dependent variable is DLLP, which is the absolute value of the residual obtained from the equation modelling total LLPs on its normal deter-
minants. Weighted COVID-19 Cases is measured as the total number of new COVID-19 cases per state population weighted by a bank’s market 
share. Control variables are defined in Table 1. Standard errors (in parentheses) are clustered at the state-quarter level. ***, **, and * denote sig-
nificance at the 1%, 5%, and 10% levels, respectively

Bank FEs & quarter FEs & 
state-quarter trend FEs
(1)

Clustered at the state level
(2)

Winsorised data
(3)

Adding macro-
control vari-
ables
(4)

Dependent variable DLLP DLLP DLLP DLLP

Weighted COVID-19 cases 0.010** (0.005) 0.010* (0.005) 0.010** (0.004) 0.010** (0.005)
Constant 0.079** (0.038) 0.087** (0.038) 0.048* (0.029) 0.086** (0.040)
Control variables Yes Yes Yes yes
Bank FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
State-Quarter trend FEs Yes No No No
Observations 1039 1039 1039 1039
R-squared 0.745 0.726 0.667 0.726

Table 6  COVID-19 and bank LLP–DiD result

Note: This table presents the regression results of the DiD model to 
examine the impact of COVID-19 pandemic exposure on bank DLLP. 
Dependent variable is DLLP, which is the absolute value of the resid-
ual obtained from the equation modelling total LLPs on its normal 
determinants. Treated is a dummy variable which equals 1 for a bank 
whose state of incorporation consistently has the number of new 
cases lying in the top quartile, and 0 for a bank whose state of incor-
poration consistently has the number of new cases lying in the bot-
tom quartile. Post is a dummy variable taking the value of 1 for the 
period from Q1 2020 to Q2 2021, and 0 otherwise. Control variables 
are defined in Table 1. Standard errors (in parentheses) are clustered 
at the state-quarter level. ***, **, and * denote significance at the 1%, 
5%, and 10% levels, respectively

Bank FEs
(1)

Bank FEs & quarter FEs
(2)

Dependent variable DLLP DLLP

Treated × post 0.001** (0.000) 0.001** (0.000)
Post 0.000 (0.000)
Sizet−1 − 0.003** (0.001) − 0.003** (0.001)
Tier-1 capital t-1 − 0.059** (0.029) − 0.071** (0.029)
ROAt − 1 0.005 (0.022) 0.004 (0.022)
Riskt − 1 0.002 (0.011) 0.001 (0.010)
Fundt − 1 − 0.002 (0.001) − 0.003* (0.001)
Liquidityt − 1 0.091* (0.049) 0.086* (0.047)
Constant 0.060** (0.023) 0.050** (0.020)
Bank FEs Yes Yes
Quarter FEs No Yes
Observations 763 763
R-squared 0.670 0.683
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significant. This illustrates that treated banks (i.e. those 
most severely affected by the pandemic) have engaged more 
aggressively in DLLP than control banks (i.e. those least 
severely affected by the pandemic) since the COVID-19 out-
break. Overall, these results reaffirm our main findings that 
the pandemic has forced banks to more aggressively exploit 
their discretion over LLPs.

Bank motives for LLPs manipulation

So far, we have found evidence that banks most seriously 
exposed to the COVID-19 pandemic are more eager to use 
DLLPs. In this section, we further investigate the motives 
behind such behaviour. Previous studies have documented 
that banks can use LLPs to smooth income, signal private 
information and manage regulatory capital (Lobo and Yang 
2001; Kanagaretnam et al. 2005; Morris et al. 2016). Thus, 
in this section, we attempt to examine whether the COVID-
19 pandemic induced banks to manipulate LLPs to achieve 
these management purposes.

Income smoothing

LLPs are an important accrual at bank managers’ disposal. 
Hence, bank managers can easily report lower (higher) 
LLPs when incomes are low (high). This allows banks to 
stabilise their net profits and meet opportunistic financial 
reporting goals or prudential regulatory objectives (Collins 
et al. 1995). This is referred to as the income smoothing 
hypothesis.

To test the above-mentioned proposition, we follow 
prior studies and introduce the EBITi,t variable, measured 
as the earnings before income taxes scaled by total assets, 
into our baseline model (Anandarajan et al. 2007; Leventis 
et al. 2011). Furthermore, we interact this variable with 
Covid Exposurei,t . A positive and significant coefficient 
on Covid Exposurei,t × EBITi,t would imply bank income 
smoothing behaviour during the COVID-19 pandemic. The 
amended model to examine the income smoothing motive 
shall be specified as follows:

The regression results of model 5 are displayed in Table 7. 
Column 1 shows the results from the model using bank fixed 
effects, whereas column 2 reports the results of the model 
after controlling for both bank and quarter fixed effects. As 
can be seen from both columns, the estimated coefficients on 
Covid Exposurei,t × EBITi,t are always positive and strongly 
significant. This indicates that banks that are more severely 

(5)

DLLPsi,t = �0 + �1Covid Exposurei,t × EBITi,t + �2Covid Exposurei,t

+ �3EBITi,t + Controli,t−1 + Fixed Effects + �i,t

impacted by the COVID-19 are more eager to use LLPs to 
smooth their income.

Signalling

Banks can also exploit their discretion over LLPs to com-
municate private information to outsiders (Beaver and Engel, 
1996). Although the abnormal (i.e. discretionary) compo-
nent of bank LLPs may imply managerial uncertainty over 
future losses, empirical research shows that bank stock 
returns are positively associated with abnormal LLPs (Bou-
vatier and Lepetit 2008). This is because bank clients and 
investors tend to consider a rise in LLPs as “good news” 
(Beaver and Engel, 1996). This is because high LLPs may 
reflect the fact that a bank’s earning power is strong enough 
to absorb future losses (Lobo and Yang 2001). In addition, 
increased LLPs can also signal good-quality bank loan port-
folios and future earnings prospects (Vishnani et al. 2019).

We attempt to test whether banks signal private informa-
tion via LLPs during the COVID-19 pandemic. To do so, 
we follow the previous literature (Anandarajan et al. 2007; 
Bouvatier and Lepetit 2008) and modify Eq. (3) by adding 
the variable ΔEBITi,t+1 (measured by the change in earnings 

Table 7  COVID-19 and Bank capital management

This table presents the regression results of the model to examine the 
impact of COVID-19 pandemic exposure on bank DLLP. Dependent 
variable is DLLP, which is the absolute value of the residual obtained 
from the equation modelling total LLPs on its normal determinants. 
Weighted COVID-19 Cases is measured as the total number of new 
COVID-19 cases per state population weighted by a bank’s market 
share. Control variables are defined in Table  1. Standard errors (in 
parentheses) are clustered at the state-quarter level. ***, **, and * 
denote significance at the 1%, 5%, and 10% levels, respectively

Bank FEs
(1)

Bank FEs & Quarter 
FEs
(2)

Dependent variable DLLP DLLP

Weighted COVID-
19 cases * Tier-1 
capitalt-1

0.421*** (0.081) 0.424*** (0.075)

Weighted COVID-19 
cases

− 0.036*** (0.009) − 0.036*** (0.008)

Sizet − 1 − 0.004** (0.002) − 0.004** (0.002)
Tier-1 capital t − 1 − 0.061*** (0.023) − 0.044** (0.018)
ROAt − 1 0.013 (0.016) 0.014 (0.017)
Riskt − 1 0.038*** (0.014) 0.039*** (0.014)
Fundt − 1 0.003 (0.002) 0.001 (0.001)
Liquidityt − 1 0.076* (0.046) 0.078 (0.048)
Constant 0.069** (0.033) 0.065** (0.026)
Bank FEs Yes Yes
Quarter FEs No Yes
Observations 1039 1039
R-squared 0.743 0.727
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before income taxes and LLPs in the year ahead). We further 
include the interaction term between Covid Exposurei,t and 
ΔEBITi,t+1 in the modified model. A positive and statisti-
cally significant coefficient on this interaction term would 
signify bank signalling motives when experiencing a severe 
exposure to the COVID-19 pandemic. Our modified model 
is specified as follows:

We report the regression results in Table 8. The results of 
the model using bank fixed effects, and both banks and quar-
ter fixed effects are presented in columns 1 and 2, respec-
tively. As can be seen from both columns, the estimated 
coefficients on Covid Exposurei,t × ΔEBITi,t+1 always load 
positive and are statistically significant. Thus, these results 
show that banks more severely exposed to the COVID-19 
pandemic are more eagle to signal their private information 
through LLPs.

Capital management

Banks failing to meet capital requirements may face oner-
ous penalties, including stakeholder disciplinary action 
and supervisory enforcement actions (Collins et al. 1995). 

(6)

DLLPs
i,t = �0 + �1Covid Exposurei,t × ΔEBIT

i,t+1

+ �2Covid Exposurei,t + �3ΔEBITi,t+1

+ Control
i,t−1 + Fixed Effects + �

i,t

Thus, bank managers tend to have a strong incentive to 
manipulate LLPs to prevent their capital ratios from fall-
ing below the minimum required level (Beatty et al. 1995; 
Curcio and Hasan 2015).

We examine whether banks use DLLP to manage regu-
latory capital when exposed to an intense pandemic. To 
do so, we interact the variable measuring the extent to 
which a bank is exposed to the COVID-19 pandemic (i.e. 
Covid Exposure) with bank Tier-1 capital ratio (i.e. Tier1 
Capital). A positive coefficient on this interaction term 
(i.e. Covid Exposurei,t × Tier1 Capitali,t−1 ) would illustrate 
that banks more exposed to the COVID-19 pandemic are 
more eager to manage LLPs to meet capital requirements. 
Our model is specified as follows:

The regression results are exhibited in Table 9. Col-
umn 1 reports the result of the model using bank fixed 
effects, while the result of the model using both bank 
and quarter fixed effects is presented in column 2. Over-
all, the estimated coefficients on the interaction term 
Covid Exposurei,t × Tier1 Capitali,t−1 in both columns are all 
positive and statistically significant. This result corrobo-
rates our proposition that banks more severely affected by 

(7)

DLLPs
i,t = �0 + �1Covid Exposurei,t × Tier1 Capital

i,t−1

+ �2Covid Exposurei,t + Control
i,t−1

+ Fixed Effects + �
i,t

Table 8  COVID-19 and bank 
income smoothing

This table presents the regression results of the model to examine the impact of COVID-19 pandemic 
exposure on bank DLLP. Dependent variable is DLLP, which is the absolute value of the residual obtained 
from the equation modelling total LLPs on its normal determinants. Weighted COVID-19 cases is meas-
ured as the total quarterly number of new COVID-19 cases per state population weighted by a bank’s mar-
ket share. Control variables are defined in Table  1. Standard errors (in parentheses) are clustered at the 
state-quarter level. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively

Bank FEs
(1)

Bank FEs & Quarter FEs
(2)

Dependent variable DLLP DLLP

Weighted COVID-19 cases * EBIT 3.757** (1.639) 3.712** (1.514)
Weighted COVID-19 cases 0.000 (0.004) 0.003 (0.005)
EBIT  − 0.081* (0.049)  − 0.078* (0.044)
Sizet − 1  − 0.003** (0.002)  − 0.003 (0.002)
Tier-1 capital t − 1  − 0.043* (0.024)  − 0.058** (0.028)
ROAt − 1 0.005 (0.015) 0.005 (0.014)
Riskt − 1 0.035*** (0.013) 0.035*** (0.012)
Fundt − 1 0.001 (0.002) 0.002 (0.002)
Liquidityt − 1 0.080 (0.050) 0.076 (0.048)
Constant 0.058** (0.029) 0.055 (0.038)
Bank FEs Yes Yes
Quarter FEs No Yes
Observations 1029 1029
R-squared 0.720 0.736
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the COVID-19 pandemic increasingly exploit their discre-
tion over LLPs as a tool for capital management.

Conclusion

This study examines an important question of whether, and 
to what extent, banks exploit their discretion to achieve 
management purposes in response to an intense pandemic. 
We exploit the variation in the level of COVID-19 exposure 
across US states and construct a COVID-19 exposure index 
reflecting the severity of the pandemic facing each bank over 
the period from 2020Q1 to 2021Q2. The empirical results 
show that banks are more eager to exploit their discretion 
over LLPs when they experience an intense COVID-19 
exposure. This result is consistent across different model 
specifications, as well as after controlling for other fac-
tors that could possibly affect bank provisioning practices. 
Furthermore, we find that banks use discretionary LLPs to 
smooth income, signal private information and manage regu-
latory capital.

Overall, this study contributes to fostering the under-
standing of the factors that shape bank discretionary behav-
iour and reporting quality during the pandemic period. 
By documenting the evidence for banks using discretion-
ary LLPs to achieve their management objectives, we also 
provide support to the earlier research which argues that 
bank accounting information becomes non-transparent or 
even misleading to outsiders in times of crisis (i.e. Flannery 
et al. 2013; Pettinicchio 2020). Therefore, banking super-
visors responsible for maintaining the compliance, safety 
and soundness of banks should impose sound accounting 
principles and additional supervisory standards to limit 
banks’ discretionary behaviour during the crisis. Given that 
accounting discipline and regulatory requirements help to 
eliminate earnings opacity and enhance transparency in the 
banking industry (Jungherr 2018), these measures may also 
strengthen the resilience of banks in adverse economic con-
ditions. Furthermore, policymakers should pay attention to 
the information disclosure standards in order to clarify the 
flow and use of funds of commercial banks. This both helps 
regulators to understand how effectively commercial banks 
adhere to regulations and also helps investors to determine 
the true financial condition of the banks.

Nevertheless, the results reported herein should be con-
sidered in the light of some limitations. First, the results 
of this study pertain to the US context and are not neces-
sarily generalisable to other nations. For this reason, future 
research could extend the research question to other coun-
tries to examine the reliability of our results across varied 
regulatory environments and with different levels of expo-
sure to catastrophes. Second, the explanatory power of the 
models could be enhanced by incorporating some corporate 
governance variables (e.g. board structure and independ-
ence, foreign directorship, CEO tenure and duality) and 
ownership structure variables in the analysis. For instance, 
prior literature has documented that the behaviour of banks 
during economic downturns may vary with bank ownership 
(Cull and Martínez Pería 2013; Fungáčová et al. 2013; Wu 
et al. 2021). Brei and Schclarek (2015) also conclude that the 
credit supply of private banks declines to a more significant 
extent than that of public banks, indicating that bank owner-
ship affects lending behaviour in response to adverse eco-
nomic shocks. To this extent, future studies could investigate 
whether these impacts differ for these different corporate 
government and ownership types.
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Table 9  COVID-19 and bank signalling behaviour

This table presents the regression results of the model to examine the 
impact of COVID-19 pandemic exposure on bank DLLP. Dependent 
variable is DLLP, which is the absolute value of the residual obtained 
from the equation modelling total LLPs on its normal determinants. 
Weighted COVID-19 cases is measured as the total quarterly number 
of new COVID-19 cases per state population weighted by a bank’s 
market share. Control variables are defined in Table  1. Standard 
errors (in parentheses) are clustered at the state-quarter level. ***, **, 
and * denote significance at the 1%, 5%, and 10% levels, respectively

Bank FEs
(1)

Bank FEs & Quarter 
FEs
(2)

Dependent variable DLLP DLLP

Weighted COVID-19 
cases * △EBITt+1

3.653*** (0.901) 2.994*** (0.960)

Weighted COVID-19 
cases

0.004 (0.003) 0.008* (0.004)

EBIT − 0.072*** (0.027) − 0.052* (0.028)
Sizet − 1 − 0.003** (0.002) − 0.003 (0.002)
Tier-1 capital t − 1 − 0.041 (0.026) − 0.057* (0.031)
ROAt − 1 0.008 (0.016) 0.008 (0.015)
Riskt − 1 0.036*** (0.013) 0.035*** (0.012)
Fundt − 1 0.000 (0.002) 0.001 (0.002)
Liquidityt − 1 0.075 (0.049) 0.072 (0.047)
Constant 0.058** (0.029) 0.055 (0.036)
Bank FEs Yes Yes
Quarter FEs No Yes
Observations 1020 1020
R-squared 0.721 0.734
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