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ABSTRACT

This paper explores how climate change affects bank fragility. The
main results show that both physical and transitional climate
changes lead to substantial increases in systemic risk. The effect is
more pronounced for banks with higher climate change exposure,
higher loan portfolio synchronicity, and higher bank default proba-
bility. These results are robust to using an instrumental variable
approach. Further, by exploiting staggered adoptions of climate
adaptation policy across states, this study documents that climate
adaptation can reduce systemic risk caused by climate change.
Overall, the findings in this paper provide suggestive evidence that
climate change exacerbates financial instability, but adaptation
policy can build resilience to climate impacts.
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128 Yuna Heo

1 Introduction

Climate change is one of the most pressing issues of our time.1 Physical
climate change, such as severe storms, more frequent floods, and catastrophic
wildfires, disrupts firms’ businesses and operations. Some firms are adversely
affected by climate regulations and transition policies. The crucial impacts of
climate change generate attention to corporate managers, governments, and
economists. On this point, central banks and international institutions also
have expressed concerns that climate change can imperil financial stability
and could cause next financial turmoil.2

Climate change, undoubtedly, can be a source of systemic risk.3 It is
intuitive that climate change can generate cascading damage to the financial
markets and institutions. A group of recent research shows that climate-related
shocks can generate both micro- and macro-prudential risks (e.g., Battiston
et al. (2021) and Brunetti et al. (2021)). According to the Bank of International
Settlements (BIS), climate change could trigger the next financial crisis by
exacerbating financial vulnerabilities (e.g., Bolton et al. (2020)). Previous
studies have well documented that the interconnectedness in financial markets
could easily amplify the detrimental impacts of climate change (e.g., Battiston
et al., 2017; Stolbova et al., 2018). Motivated by these studies and the
dramatic impacts of climate change, this paper examines how both physical
and transitional climate changes lead to increases in systemic risk.

This analysis begins by examining the relationship between climate change
and bank fragility. The baseline results show a positive relationship between
climate change and systemic risk. In terms of economic significance, a one
standard deviation increase in physical climate change exposure leads to about
a 4.03% increase in systemic risk. The impact of transitional climate change is
stronger. A one standard deviation increase in the environmental and climate
policy uncertainty leads to about a 28.8% increase in systemic risk. The
results indicate that climate change exacerbates bank fragility. In the next
step, potential channels through which climate change impacts bank fragility
are explored; the test results show that the impacts of climate change are

1See, for example, Nordhaus (2019) and Giglio et al. (2021) and Hong et al. (2020).
2For example, the European Central Bank published the first climate-related scenario

analysis in January 2021, and the Bank of England followed shortly afterward in June 2021.
Canada and France also began incorporating climate change analyses in their assessments.
In September 2022, the Federal Reserve announced the start of a pilot project to assess the
climate risk exposure of the six largest U.S. banks (Federal Reserve, 2022).

3“Systemic risk” is the risk associated with the collapse or failure of a financial institution.
The significant feature of systemic risk is that the risk from a broken-down financial institution
spreads to relatively healthier institutions. The threats from climate change can be divided
into two categories: physical and transitional risks. The physical climate risk is from climate
events such as hurricanes or floods, which disrupt existing operations and impair the value
of assets. Transitional climate risk is from new policies and regulations affecting current
businesses and increasing adjustment costs.
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more pronounced for banks with higher climate change exposure, higher loan
synchronicity, and higher bank default probability.

Further, endogeneity concerns are addressed using the instrumental variable
approach. A proper instrumental variable carries a significant relationship
with climate change and affects systemic risk only through this channel.4
Two instruments are employed: the percentage of buildings in a flood zone
and climate change concern (the estimated percentage of adults who believe
global warming is already harming people in the U.S. now or within 10 years).
The coefficients of instrumented variables are consistent with the baseline
results, meaning that the relationship between climate change and systemic
risk remains significantly positive under the instrumental variable specification.

Lastly, we investigate whether climate adaptation policy can build resilience
to climate change. By exploiting the climate change adaptation plans across
U.S. states, we analyze whether the climate adaptation policy can help mitigate
the impacts of climate change. The test results show a significantly negative
coefficient of the interaction term between climate change and adaptation policy.
The results imply that climate adaptation can shield banks from the detrimental
impacts of climate change, which in turn contributes to financial stability.
Overall, the findings indicate that systemic risk with a climate adaptation
policy differs from systemic risk without a climate adaptation policy.

This paper contributes to several strands of literature. First, this paper
adds to the climate finance and sustainability literature. Previous studies
document that it is important to understand the impact of climate change
on corporate policies and financial markets (e.g., Gillingham et al., 2018;
Vismara, 2019; Henderson and Serafim, 2020; Hong et al., 2020). Recent
studies show that climate change is a new source of uncertainty, and it has
potentially serious economic consequences (e.g., Barnett et al., 2020; Bolton
and Kacperczyk, 2021; Engle et al., 2020; Giglio et al., 2021; Hong et al.,
2020). Many studies provide empirical evidence that climate change poses
large aggregate uncertainties to the economy and the financial system (Bolton
and Kacperczyk, 2021; Choi et al., 2020; Painter, 2020; Sautner et al., 2023).
This paper adds to that literature, providing evidence that climate change
significantly affects systemic risk.

This study adds to the broader debate on the nature of systemic risk and its
determinants. Previous literature finds that systemic risk is affected by bank
size (e.g., Rochet and Tirole, 1996; De Jonghe, 2010; Leaven et al., 2016), by as-
set price bubbles (e.g., Brunnermeier et al., 2020), and by geographic diversifica-
tion (e.g., Chu et al., 2020). Our study is also related to recent studies on finan-
cial networks (e.g., Acemoglu et al., 2015; Brunetti et al., 2019). In addition to
these studies, we provide evidence that climate change increases systemic risk.

4Climate change could be exogenous to systemic risk. Nevertheless, we used instrumental
variable analysis to address endogeneity concerns. A detailed discussion is in Section 3.3.
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Our paper also contributes to a growing literature on the impact of sea level
rise exposure. Several recent studies investigate the impact of sea level rise on
residential property values (e.g., Baldauf et al., 2020; Murfin and Spiegel, 2020;
Nguyen et al., 2020). This study is also related to the literature on disaster
experiences and risk attitudes (e.g., Bharath and Cho, 2021). In line with this
literature, this paper provides supportive evidence that sea level rise exposure
has a negative impact on financial stability.

The remainder of the paper is organized as follows. Section 2 describes the
data and sample statistics. Section 3 presents the main empirical results. In
Section 4, the impact of climate adaptation actions is tested. In Section 5, we
provide a conclusion.

2 Data

The bank accounting data are obtained from the Commercial Bank Reports
of Income and Condition (Call Reports) quarterly. The Call Reports contain
banks’ balance sheets, income statements, and other information. The data
on market capitalization and stock returns is collected from the Center for
Research on Security Prices (CRSP). By focusing on banks, we do not include
investment banks, investment management companies, and brokers. The
list of all banks is obtained from the Federal Reserve Bank of New York’s
Federal Reserve Banks link.5 The entire sample consists of 1,301 bank holding
companies and commercial banks. The sample period runs from 1990 to 2016.

2.1 Systemic Risk Measures

The main systemic risk measures are MES (marginal expected shortfall) and ∆
CoVaR (the change in conditional value at risk). MES, constructed by Acharya
et al. (2017), estimates how individual institutions’ stock returns react to the
entire market. It assesses each financial institution’s exposure to systemic risk
by measuring the average loss of market equity of an individual institution
when the market return is in a lower tail. MES is defined as:

MESi,t = E (−Ri,t |Rm,t is in 5% tail) (1)

where Ri,t is bank i’s stock return on day t, and Rm,t is the market return on
day t. The MES is calculated using the 5% worst days of market returns over
the previous quarter of return data using the following equation:

MESi,t = − 1

#days

t∗∑
t

Ri,t (2)

5The focus on banks operating inside the U.S. ensures that all banks in the analysis are
subject to a uniform bank regulatory regime.
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where Ri,t represents the daily returns of an institution, and t to t∗ represent
the days on which the market is in the tail of its return distribution.

The next measure for systemic risk is ∆CoVaR, introduced by Adrian
and Brunnermier (2016). ∆CoVaR represents the change in the value at risk
(VaR) of the entire financial system that occurs when one institution falls
into a state of distress. Whereas MES measures banks’ exposure to systemic
risk, ∆CoVaR estimates the additional value at risk of the entire financial
system that is associated with the experiencing distress (Chu et al., 2020). We
calculate CoV aRq

i,t using the following equations:

V aRq
i,t = α̂q

i + γ̂q
i Mt−1 (3)

CoV aRq
i,t = α̂q

system|i + γ̂q
system|i + β̂q

system|iV aRq
i,t (4)

where q is the qth quantile of the return distribution. We set q as equal
to 0.05, as same as Adrian and Brunnermier (2016). Following Adrian and
Brunnermier (2016), the vector of state variables, M, is the change in the
three-month Treasury yield, the change in the slope of the yield curve, the
short-term TED spread, the change in the credit spread between Baa-rated
bonds and the treasury rate, the weekly U.S. market returns, and the VIX
index of stock market volatility. For each institution, we calculate ∆CoVaR as:

∆CoV aRq
i,t = CoV aRq

i,t − CoV aR50
i,t (5)

∆CoVaR measures the marginal contribution of an institution to overall sys-
temic risk. One of the advantages of this measure is that the variation of
∆CoVaR comes entirely from the tail dependence, instead of from the time
variation of state variables.

2.2 Climate Change Data

2.2.1 Sea Level Rise

To proxy physical climate change, sea level rise exposure (hereafter Sea level
rise) and the number of climate disaster by each state and year (hereafter
Climate disaster) are employed. The data for Sea level rise is obtained from
the National Oceanic and Atmospheric Administration (NOAA). Sea level
rise is set according to NOAA’s sea level rise “intermediate” scenario in the
year 2040. The NOAA provides detailed geographical shapefiles that describe
the latitudes and longitudes that would be inundated following an increase
in average sea level compared with the year 2000. We match the sea level
rise exposure at the city-level to be consistent with bank locations. To do
this, the city-level data is obtained from the Urban Adaptation Assessment
(UAA).6 UAA provides an interactive database led by the Notre Dame Global

6The data can be downloaded via the following link: https://gain-uaa.nd.edu/?referrer=
gain.nd.edu.
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Adaptation Initiative (ND-GAIN). The data encompass over 270 cities within
the U.S. including all 50 states whose populations are above 100,000.

2.2.2 Climate Disaster

The data for Climate disaster is obtained from the Federal Emergency Manage-
ment Agency (FEMA).7 The data we use for Climate disaster is the number
of climate disasters by state and year. FEMA provides the data for 61,344
disaster declaration cases since 1953 including flood, severe storms, hurricanes,
fire, snow, drought, and tornado by each state and year (see Figure O1 in
the Online Appendix). Figure O1 shows the cumulated number of climate
disasters from 1984. We count and summarize the disaster declarations data
by each state and year. Figure O1 documents that a large number of disasters
declarations are caused by severe storms, hurricanes, and floods.

2.2.3 Environmental and Climate Policy Uncertainty.

Proxy transitional climate change, we use Environmental and climate policy
uncertainty and Firm-level environmental risk. The data for Environmental and
climate policy uncertainty is obtained from the indices constructed by Noailly
et al. (2022).8 The indices analyze 15 million news articles extracted from the
archives of ten U.S. newspapers.9 They use machine learning techniques to
build the database. 80,045 news articles on environmental and climate policy
have been identified by using a supervised support vector machine algorithm.
The indices scale the monthly counts of environmental and climate policy
articles by the total monthly volume of news articles in order to represent the
share of articles about environmental policy across ten large newspapers.

2.2.4 Firm-Level Environmental Risk

The data for Firm-level environmental risk is constructed by Hassan et al.
(2019).10 They adopt a machine learning keyword algorithm to produce a set
of environmental policy bigrams and identify firm-level exposure. They employ
a set of training libraries Z = {P1, . . . , PZ}. Each containing the complete
set of bigrams occurring in discussion of a particular topic. Topic-specific
measures are used to identify risks associated with specific political topics.

7The data can be downloaded via the following link: https://www.fema.gov/about/
openfema/data-sets.

8We thank the authors for generously sharing their dataset.
9The New York Times, Washington Post, Wall Street Journal, Houston Chronicle, Dallas

Morning News, San Francisco Chronicle, Boston Herald, Tampa Bay Times, San Jose
Mercury News, and San Diego Union Tribune.

10The data can be downloaded via the following link: https://www.firmlevelrisk.com/links.
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Their firm-level environmental policy exposure measure is employed to proxy
Firm-level environmental risk.

2.3 Descriptive Statistics

Table 1 presents the summary statistics of the main variables used in this paper.
In our sample, the average of MES is 0.047121 and the standard deviation is
0.030846. The average of ∆CoV aR is 0.012098 and the standard deviation is
0.008249. The average of climate disaster (raw number) is 46, indicating that
there are 46 instances of climate disaster declaration in each state and each
year. The average of Environmental and climate policy uncertainty is 4.53034
and the standard deviation is 0.4235. The average of Firm-level environmental
risk is 0.004109 and the standard deviation is 0.00399.

For the control variables, this study includes Ln(Assets), Ln(Asset)2,
Bank Capital, Profitability (ROA), Loan-to-Assets, Loan Growth, Loan Loss
Provisions-to-Assets, Liquidity-to-Assets, Deposit-to-Assets, and Non-interest
income-to-Assets. All of these control variables, which are common to the
banking literature, are defined in Table O1 in the Online Appendix.

3 Empirical Results

3.1 Baseline Results

We start by running an ordinary least squares (OLS) regression to understand
the relationship between climate change and systemic risk. To do so, we
analyze the effect of climate change on systemic risk by estimating the following
regression model:

Systemic Riski,t+1 = α+ β ∗ Climate change + γ ∗Xi,t + ϵ (6)

where Systemic Riski,t+1∆ is measured by MES and CoV aR of bank i in
quarter t + 1. β is the coefficient of interest that captures the change in a
bank’s exposure to systemic risk in response to climate change. Climate change
is divided into two categories: physical climate change and transitional cli-
mate change. To proxy physical climate change, we use Sea level rise, and
alternatively, Climate disaster. To proxy transitional climate change, we use
Environmental and climate policy uncertainty, and alternatively, Firm-level
environmental risk. Xi,t denotes the bank-level control variables for bank i in
quarter t. We include the bank-level fixed effects and quarter dummy variables
to control for possible seasonality. Standard errors are clustered at the bank
level to correct for potential cross-sectional and serial correlation in the error
term (Petersen, 2009).
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The baseline regression results are presented in Table 2. Panel A presents
the estimation results using Sea level rise. Panel B presents the estimation
results using Environmental and climate policy uncertainty. Across all the
panels in Table 2, the results for four different regression specifications are
presented. In columns (1) and (2), the dependent variable is MES, while in
columns (3) and (4), the dependent variable is ∆CoV aR. In columns (1) and
(3), we conduct multivariable regression including Ln(Assets), Ln(Asset)2,
Bank Capital, Profitability (ROA), Loan-to-Assets and Loan Growth. In
columns (2) and (4), we add additional control variables such as Loan Loss
Provisions-to-Assets, Liquidity-to-Assets, Deposit-to-Assets, and Non-interest

Table 2: Baseline regressions: Climate change and systemic risk.

Panel A: Sea level rise

(1) (2) (3) (4)
MESt+1 MESt+1 ∆CoVart+1 ∆CoVart+1

Sea level rise 0.0043∗∗ 0.0035∗ 0.0007∗∗∗ 0.0005∗∗∗

(2.23) (1.82) (3.81) (2.93)
Ln(Assets) −0.0460∗∗∗ −0.0479∗∗∗ −0.0020∗∗∗ −0.0022∗∗∗

(−7.98) (−8.24) (−3.64) (−3.99)
Ln(Assets)2 0.0015∗∗∗ 0.0015∗∗∗ 0.0001∗∗∗ 0.0001∗∗∗

(7.82) (7.99) (3.72) (3.90)
Bank Capital −0.1351∗∗∗ −0.1430∗∗∗ −0.0074∗∗∗ −0.0075∗∗

(−8.34) (−8.72) (−3.72) (−4.00)
Profitability (ROA) −1.8493∗∗∗ −1.0753∗∗∗ −0.0877∗∗ −0.0202∗∗

(−24.25) (−11.52) (−10.84) (−1.99)
Loan-to-Assets 0.0431∗∗∗ 0.0368∗∗∗ 0.0050∗∗∗ 0.0046∗∗∗

(9.30) (7.65) (9.40) (8.94)
Loan Growth −0.0309∗∗∗ −0.0228∗∗∗ −0.0033∗∗∗ −0.0021∗∗

(−8.17) (−6.27) (−7.04) (−4.82)
Loan Loss Provisions-to-Assets 1.5796∗∗∗ 0.1499∗∗∗

(13.29) (10.32)
Liquidity-to-Assets −0.0257∗∗ −0.0052∗∗∗

(−2.43) (−5.18)
Deposit-to-Assets −0.0027 −0.0019∗∗∗

(−0.66) (−4.35)
Non-interest income-to-Assets 0.1327∗∗∗ 0.0197∗∗∗

(2.61) (3.42)
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Cluster by firm Yes Yes Yes Yes
Observations 36854 36820 36854 36820
Adjusted R2 0.3567 0.3706 0.8671 0.8694

Note: This table reports the regression results regarding the impact of climate change and
controls on bank fragility. The data are quarterly and extend from January 1990 to December
2016. The dependent variable has a lead of one period with respect to the independent variables.
Standard errors are clustered at the firm level. t-statistics are reported in parentheses. ∗, ∗∗, and
∗∗∗ indicate statistical significance at the 10%, 5%, and 1% level, respectively.
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Table 2: Continued.

Panel B: Environmental and climate policy uncertainty

(1) (2) (3) (4)
MESt+1 MESt+1 ∆CoVart+1 ∆CoVart+1

Environmental and cli-
mate policy uncertainty

0.0212∗∗∗ 0.0210∗∗∗ 0.0016∗∗∗ 0.0016∗∗∗

(28.55) (28.30) (18.69) (19.09)
Ln(Assets) −0.0592∗∗∗ −0.0607∗∗∗ −0.0030∗∗∗ −0.0032∗∗∗

(−10.14) (−10.60) (−5.30) (−5.81)
Ln(Assets)2 0.0017∗∗∗ 0.0018∗∗∗ 0.0001∗∗∗ 0.0001∗∗∗

(9.02) (9.35) (4.67) (4.94)
Bank Capital −0.1634∗∗∗ −0.1652∗∗∗ −0.0098∗∗∗ −0.0094∗∗∗

(−10.06) (−10.29) (−4.65) (−4.77)
Profitability (ROA) −1.4030∗∗∗ −0.7508∗∗∗ −0.0533∗∗∗ 0.0051

(−19.45) (−8.73) (−6.99) (0.51)
Loan-to-Assets 0.0365∗∗∗ 0.0311∗∗∗ 0.0046∗∗∗ 0.0043∗∗∗

(8.09) (6.62) (8.57) (8.01)
Loan Growth −0.0159∗∗∗ −0.0070∗∗ −0.0021∗∗∗ −0.0009∗∗

(−4.26) (−1.97) (−4.65) (−2.08)
Loan Loos Provisions-to-
Assets

1.4202∗∗∗ 0.1377∗∗∗

(12.26) (9.84)
Liquidity-to-Assets −0.0492∗∗∗ −0.0072∗∗∗

(−4.46) (−6.86)
Deposit-to-Assets −0.0086∗ −0.0024∗∗∗

(−1.96) (−5.21)
Non-interest income-to-
Assets

0.1681∗∗∗ 0.0228∗∗∗

(3.55) (3.79)
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Cluster by firm Yes Yes Yes Yes
Observations 36854 36820 36854 36820
Adjusted R2 0.4001 0.4130 0.8704 0.8729

income-to-Assets. If the coefficient β to be significantly positive, it indicates
that climate change leads to substantial systemic risk.

Overall, the results in Table 2 strongly support our empirical implication.
Consistent with the hypothesis that climate change increases systemic risk,
all the coefficients of climate change are significantly positive. This positive
relationship is both statistically robust and economically meaningful. The
coefficient of climate change in column (2) in Panel A is 0.0035, indicating
that a one standard deviation increase in climate change leads to about 4.03%
increase in systemic risk.11 In Panel B, the coefficient of climate change in
column (2) is 0.0210, indicating that a one standard deviation increase in the
climate change leads to about 28.8% increase in systemic risk. These findings

11The difference could be calculated as 0.0035∗0.355239/0.030846=4.03%.
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indicate that banks that are more vulnerable to climate change face higher
levels of systemic risk.

Next, we conduct different sets of tests using alternative measures of climate
change to ensure the baseline results. To proxy alternative physical climate
change, we use Climate Disaster, and to proxy alternative transitional climate
change, we use Firm-level environmental risk. Table 3 reports the test results
for these measures. Same as Table 2, we include the bank fixed effects and
time fixed effects. Standard errors are clustered at the bank level.

Consistent with the results in Table 2, the results in Table 3 support the
implications that climate change induces systemic risk. All the coefficients of
climate change are significantly positive. The positive relationships are both
statistically robust and economically meaningful. The coefficient in column
(2) in Panel A is 0.4627, indicating that a one standard deviation increases
in climate change leads to about 1.69% increase in systemic risk. In Panel B
column (2), the coefficient of Firm-level environmental risk is 1.0508, indicating

Table 3: Alternative climate change measures.

Panel A: Climate disaster

(1) (2) (3) (4)
MESt+1 MESt+1 ∆CoVart+1 ∆CoVart+1

Climate disaster 0.3953∗ 0.4627∗∗ 0.2193∗ 0.2225∗∗

(1.68) (1.98) (1.96) (1.98)

Controls Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Cluster by firm Yes Yes Yes Yes
Observations 27688 27673 27703 27688
Adjusted R2 0.3542 0.3703 0.3743 0.3779

Panel B: Firm-level environmental risk

(1) (2) (3) (4)
MESt+1 MESt+1 ∆CoVart+1 ∆CoVart+1

Firm-level environmental risk 1.1282∗∗∗ 1.0508∗∗∗ 0.1222∗∗∗ 0.1086∗∗∗

(4.75) (4.52) (4.03) (3.78)

Controls Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Cluster by firm Yes Yes Yes Yes
Observations 6952 6949 6952 6949
Adjusted R2 0.3096 0.3316 0.6738 0.6821

Note: This table reports the regression results regarding the impact of climate change and
controls on bank fragility. The data are quarterly and extend from January 1990 to December
2016. Standard errors are clustered at the firm level. t-statistics are reported in parentheses. ∗,
∗∗, and ∗∗∗ indicate statistical significance at the 10%, 5%, and 1% level, respectively.
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that a one standard deviation increases in climate change leads to about 13.6%
increase in systemic risk. Overall, the baseline results in Table 2 show that
climate change increases systemic risk.

3.2 Potential Channels

3.2.1 Bank-Level Climate Change Exposure

First, this study investigates how individual bank-level climate change exposure
can explain the elevated contribution to systemic risk. Each bank has a different
level of vulnerability to climate change conditions, therefore, climate change
can affect bank-level fragility in disparate ways. Some banks incur costs from
physical climate changes such as sea level rise or climate disasters, while
other banks are more adversely affected by climate change related policies and
regulations. Both physical climate events and costly climate transitions can
cause financial systemic losses.

One challenge of bank-level climate change exposure is that it is difficult to
quantify the climate exposure of individual bank level (Giglio et al., 2021). To
address this point, we use firm-level climate change exposure data developed by
Sautner et al. (2023).12 Sautner et al. (2023) construct firm-level time-varying
measures of climate change exposures using machine learning algorithms. They
count the frequency of certain climate change bigrams in the transcript of
earnings conference calls, then divide by the total number of bigrams in the
transcript. Using this measure, which captures firm-level exposures related
to both physical and transitional shocks associated with climate change, we
estimate the following regression model to test the potential mechanism:

Systemic Riski,t+1 = α+ β1 ∗ Climate change ∗ Bank level exposurei,t
+ β2 ∗ Climate change + γ ∗Xi,t + ϵ (7)

where Systemic Riski,t+1 is measured by MES and ∆CoVaR of bank i in
quarter t+1. Bank level exposruei,t is the bank-level climate change exposure
level of firm i in quarter t.

Panel A of Table 4 reports the test results. In all regressions, we control for
the time fixed effect and bank fixed effect. All standard errors are clustered by
bank. In column (1), the dependent variable is MES. In column (2), the depen-
dent variable is ∆CoV aR. In Panel A, climate change is proxied by sea level
rise. Since climate and environmental risks are fundamentally downside risks
for most firms (Seltzer et al., 2022), we expect to see a positive and significant
coefficient of the interaction term between climate change and systemic risk.

The regression results are presented in Panel A. In column (1), the effect
of bank-level climate change exposure on MES is positive and statistically

12We thank the authors for generously sharing their dataset.
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Table 4: Potential channels.

Panel A: Bank-level climate change exposure

(1) (2)
MESt+1 ∆CoVart+1

Sea level rise ∗ bank-level
climate change exposure

5.2954∗ 1.1361∗∗

(1.84) (2.30)
Sea level rise 0.0080∗∗∗ 0.0006∗∗

(4.33) (2.00)

Controls Yes Yes
Firm fixed effects Yes Yes
Time fixed effects Yes Yes
Cluster by firm Yes Yes
Observations 6098 6098
Adjusted R2 0.3200 0.6503

Panel B: Loan portfolio synchronicity

(1) (2)
MESt+1 ∆CoVart+1

Sea level rise ∗ loan portfolio
synchronicity

0.0121∗ 0.0034∗∗∗

(1.81) (5.28)
Sea level rise 0.0005 0.0002

(0.40) (0.94)

Controls Yes Yes
Firm fixed effects Yes Yes
Time fixed effects Yes Yes
Cluster by firm Yes Yes
Observations 36835 36820
Adjusted R2 0.2323 0.8696

Panel C: Bank default probability

(1) (2)
MESt+1 ∆CoVart+1

Environmental and climate
policy uncertainty ∗ Bank
default probability

0.0143∗∗∗ 0.0009∗∗∗

(23.20) (11.62)

Sea level rise 0.0096∗∗∗ 0.0013∗∗∗
(12.55) (12.66)

Controls Yes Yes
Firm fixed effects Yes Yes
Time fixed effects Yes Yes
Cluster by firm Yes Yes
Observations 30961 30961
Adjusted R2 0.4076 0.8693

Note: This table reports the regression results regarding the impact of climate change and
controls on bank fragility. The data are quarterly and extend from January 1990 to December
2016. Standard errors are clustered at the firm level. t-statistics are reported in parentheses. ∗,
∗∗, and ∗∗∗ indicate statistical significance at the 10%, 5%, and 1% level, respectively.
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significant. The coefficient is 5.2954 (t-stat = 1.84). The result on ∆CoV aR in
column (2) is consistent. The coefficient of the interaction term is 1.1361 (t-stat
= 2.30), which indicates that bank-level climate change exposure increases
systemic risk. Overall, the results in Panel A of Table 4 suggest that bank-level
exposure to climate change is an important driver for substantial change in
systemic risk. These findings provide supporting evidence that banks that are
more exposed to climate change contribute more to systemic risk.

3.2.2 Bank Loan Portfolio Synchronicity

Next, we investigate whether bank loan portfolio similarity exacerbates the im-
pact of climate change on systemic risk. It is well documented in the literature
that systemic risk tends to stem from interconnectedness and interlinkages
among banks. Recent research finds that the interconnectedness across finan-
cial markets and institutions can easily amplify the effects of climate shocks
through the indirect loss of asset values or self-reinforcing feedback loops
(Battiston et al., 2017, 2021). For example, Allen et al. (2012) show that asset
commonality can lead to spillover effects. Brunetti et al. (2019) show that
correlation networks forecast financial crises. Goldstein et al. (2022) show that
the correlation across financial institutions plays a major role in increasing
their overall fragility. Moreover, it has been widely recognized that physical
and transition risks are intertwined and represent a major source of systemic
risk when they cause losses to levered financial intermediaries, generating
financial instability on both an individual and systemic level (Battiston et al.,
2016; 2021; Brunetti et al., 2021).

To test the possible mechanism, the following regression model is estimated:

Systemic Riski,t+1 = α+ β1 ∗ Climate Change ∗ Bank loan syncnronicityt
+ β2 ∗ Climate change + γ ∗Xi,t + ϵ (8)

In this regression specification, the interaction term picks up the differential
effect of bank loan portfolio synchronicity. To proxy Bank loan synchronicity,
we construct a measure capturing bank herding behaviors in lending.13 More
specifically, this measure captures the tendency of banks to issue or close (sell)
a given loan together in the same direction more often than would be expected
if they issued or closed loans independently.

13The measure is defined as follows. Under the null hypothesis, the measure for loan k, in
quarter t is expected to be zero, meaning that all banks make independent lending decisions:

Synchonicityk,t =
∣∣pk,t − E

[
pk,t

]∣∣− E
∣∣pk,t − E

[
pk,t

]∣∣
pk,t =

$amount of increased loank,t

$amount of increasedk,t + $amount of decreased loank,t
.
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Panel B of Table 4 presents the estimation results. Column (1) reports
the test result using MES, while column (2) reports the test results using
∆CoV aR. We expect the effect of climate change to be stronger for banks
with higher loan synchronicity. In column (1) of Panel B, the coefficient of
interaction term is significantly positive at 0.0121 (t-stat = 1.81), while in
column (2) the coefficient of interaction term is 0.0034 (t-stat = 5.28). These
positive associations are both statistically robust and economically meaningful.
The results indicate that the effect of climate change on systemic risk is more
pronounced for banks with higher loan synchronicity. Overall, the findings
in Table 4 suggest that bank-level climate change exposure and bank loan
portfolio similarity can potentially serve as channels through which climate
change leads to substantial systemic risk.

3.2.3 Bank-Level Default Probability

Lastly, we investigate whether bank-level default risk explains the increased
contribution to systemic risk. Banks’ assets are risky debt claims with capped
upside, as a result, bad shocks to borrowers’ asset value can lead to a rise
in banks’ asset volatility. Thus, climate-related shocks to bank asset value
could potentially increase bank default risk. To proxy the bank-level default
probability, the modified Merton model proposed by Nagel and Purnanandam
(2020) is employed.14 This model takes into account the option-on-option
nature of bank risk dynamics to ensure that the measure does not understate
the default probability of banks. Using this measure, we estimate the following
regression model to test the potential mechanism:

Systemic Riski,t+1 = α+ β1 ∗ Climate change ∗ Bank default probabilityi,t
+ β2 ∗ Climate change + γ ∗Xi,t + ϵ (9)

where Systemic Riski,t+1 is measured by MES and ∆CoVaR of bank i in
quarter t+ 1. Bank default probabilityi,t is the bank-level default probability
of bank i in quarter t.

Panel C of Table 4 reports the test results. In this panel, climate change is
proxied by Environmental and climate policy uncertainty. In all regressions,
we control for the time fixed effect and bank fixed effect. All standard errors
are clustered by the bank, as was done in the baseline analyses. In column (1),
the dependent variable is MES, while in column (2), the dependent variable is
∆CoV aR. In column (1), the effect of bank-level climate change exposure on
MES is found to be significantly positive, with a coefficient of 0.0143 (t-stat =
23.20). The result for ∆CoV aR in column (2) is consistent with this, with a
coefficient of interaction term of 0.0009 (t-stat = 11.62). Overall, the results

14We thank the authors for generously sharing their dataset.

Downloaded from http://ftp.nowpublishers.com/rcf/article-pdf/4/1-2/127/11040649/114.00000062en.pdf by guest on 22 June 2026



142 Yuna Heo

in Panel C suggest that bank-level default probability is an important driver
for substantial change in systemic risk. Thus, the findings provide suggestive
evidence that banks with higher default probability contribute more to systemic
risk.

3.3 Instrumental Variable Approach

Climate change such as extreme weather events and/or transitions in policies
and regulations are likely to be exogenous, thus the causal relation between
climate change and systemic risk is not likely to be bidirectional. Nevertheless,
in this section, we use instrumental variable analysis to address endogeneity
concerns. A proper instrument is a variable that is significantly related to
climate change and that affects systemic risk only through this channel.

The first instrument we use for Sea level rise is the percentage of building
in flood zone in 2015. We obtained the data from an Urban Adaptation
Assessment (UAA) report from Notre Dame University Global Adaptation
Initiative. We present the two-stage least square regression results in Table 5.
We predict that the instrumental variable (the percentage of building in flood
zone in 2015 ) should be positively correlated with climate change. The
first-stage regression results are consistent with this prediction, showing a
coefficient of 0.00066 (t-stat = 30.21), which indicates that the instrumental
variable is positively associated with the level of Sea level rise. Both the weak
identification F -test and the over identification J-test pass the critical value
of appropriate instrument. Next, we report the second-stage regression result
using the predicted corruption from the first-stage regression in Panel A. The
regression coefficient for MES is 0.3457 (t-stat = 2.72), while the coefficient
for ∆CoVaR is 0.1444 (t-stat = 7.73), both of which are significantly positive.
These results suggest that the coefficients of instrumented Sea level rise are
consistent with our baseline results.

The second instrument we use for Environmental and climate policy un-
certainty is climate change concern. Several groups of researchers recently
discussed climate change concerns in relation to asset pricing (e.g., Engle et
al., 2021; Pastor et al., 2021; Stroebel and Wurgler 2021). Climate change
concern is the estimated percentage of adults who believe global warming is
harming people in the U.S. either now or since 2014. The data is obtained
from the UAA report from Notre Dame University Global Adaptation Initia-
tive. The two-stage least square regression results are reported in Panel B
of Table 5. We predict that the climate change concern should be positively
correlated with climate change and find that the first-stage regression results
are consistent with this prediction, that is, the coefficient is 1.0881 (t-stat =
2.73), indicating that the instrumental variable is positively associated with
the level of Environmental and climate policy uncertainty. We then report the
second-stage regression result using the predicted corruption from the first-
stage regression in the second and third columns in Panel B. The regression
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Table 5: Instrumental variable analyses.

Panel A: Sea level rise

First-stage Second-stage Second-stage
regression regression regression

Sea level rise MESt+1 ∆CoVart+1

(1) (2) (2)

Percentage of building in
flood zone

0.00066∗∗∗

(30.21)
Sea level rise 0.3457∗∗∗ 0.1444∗∗∗

(2.72) (7.73)

Controls Yes Yes Yes
State fixed effects Yes Yes Yes
Firm fixed effects Yes Yes No
Cluster by quarter Yes Yes Yes
Observations 10666 10666 10666

Panel B: Environmental and climate policy uncertainty

First-stage
regression Second-stage Second-stage

Environmental regression regression
policy uncertainty MESt+1 ∆CoVart+1

(1) (2) (2)

Climate change concern 1.0881∗∗∗

(2.73)
Environmental and climate
policy uncertainty

0.0742∗∗ 0.0333∗

(2.02) (1.74)

Controls Yes Yes Yes
Firm fixed effects Yes Yes Yes
State fixed effects Yes Yes Yes
Time fixed effects Yes Yes Yes
Cluster by firm Yes Yes Yes
Observations 10666 10666 10666

Note: This table reports the results of a two-stage least-square approach using the number of
climate disasters as an instrument. Column (1) presents the first-stage regression result. Columns
(2) and (3) present the second-stage regression result. The dependent variable has a lead of one
period with respect to the independent variables. All specifications include quarter dummies.
Standard errors are clustered at the quarter and firm level. t-statistics are reported in parentheses.
∗, ∗∗, and ∗∗∗ indicate statistical significance at the 10%, 5%, and 1% level, respectively.

coefficient for MES is 0.0742 (t-stat = 2.02) and the coefficient for ∆CoVaR is
0.0333 (t-stat = 1.74), both of which are significantly positive. These results
demonstrate that the coefficients of instrumented Environmental and climate
policy uncertainty are consistent with our baseline results. Overall, then, the
results in Table 5 suggest that the relationship between climate change and
systemic risk remains significantly positive under the instrumental variable
specification.
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4 Climate Adaptation Policy

In this section, we explore whether climate change adaptation policy can
mitigate the effects of climate change on systemic risk. To test this, we adopt
the state-led climate change adaptation plans.15 The state-led climate change
adaptation plans set out to prepare states for the impacts of climate change. It
helps increase states’ resilience to the adverse effects of climate change. These
climate change adaptation plans are rolled out in a staggered manner across
states. As of March 2021, 19 states had finalized adaptation plans, and six
states had adaptation plans underway (see the Online Appendix, Table O2).
The climate adaptation plans include vulnerability assessments and actions to
reduce the negative impacts of climate change or to take advantage of emerging
opportunities. There are considerable variations in the content of climate
adaptation depending on each state’ characteristics. For example, a climate
adaptation plan in California is to focus on preventing wildfire and regulating
carbon emission. In Florida, the adaptation plan is focused on protecting their
lands from sea level rise.16

We analyze the effect of state-led climate change adaptation plans by
estimating the following regression model:

Systemic riski,t+1 = α+ β1 ∗ Climate change ∗AdaptationP lansj,t

+ β2 ∗ Climate change + β3 ∗AdaptationP lansj,t

+ γ ∗Xi,t + ϵ (10)

where SystemicRiski,t+1∆ismeasured byMES andCoV aR of bank i in quar-
ter t+1. β is the coefficient of interest that captures the change in banks’
exposure to systemic risk in response to climate change. Climate change is
either Sea level rise or Firm-level environmental risk. AdaptationP lansj,t is
an indicator variable equal to one if the climate change adaptation plan is
finalized in state j in quarter t and otherwise zero for others. Xi,t denotes
the bank-level control variables. We include bank fixed effects and time fixed
effects, and standard errors are clustered at the bank level.

We employ basically a difference-in-difference model. By applying this
approach, the interaction term essentially captures how the systemic risk of
banks with climate adaptation plans differs from the systemic risk of banks
without climate adaptation plans. If climate adaptation mitigates the effect of
climate change, banks that are facing high climate change should contribute
less to systemic risk. By contrast, if climate change is merely a noisy shock,

15The Georgetown Climate Center is tracking the implementation of these plans: https:
//www.georgetownclimate.org

16Ray and Grannis (2015) identify nine sectors to categorize each plan: Agriculture,
Biodiversity, Coasts/Oceans, Emergency Preparedness, Forestry, Infrastructure, Public
Health, Water, and Other.
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Table 6: Climate change adaptation plans.

Panel A: Sea level rise

(1) (2) (3) (4)
MESt+1 ∆CoVart+1 MESt+1 ∆CoVart+1

Adaptation plans −0.0089∗∗∗ −0.0014∗∗∗ −0.0073∗∗ −0.0006
(−7.59) (−10.35) (−4.59) (−1.46)

Sea level rise 0.0018 0.0002 0.0017 0.0000
(1.00) (1.58) (0.94) (0.04)

Adaptation plans∗Sea level
rise

0.0150 −0.0028∗

(1.55) (−1.89)

Controls Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Cluster by firm Yes Yes Yes Yes
Observations 36821 36821 36821 36836
Adjusted R2 0.3610 0.8690 0.5728 0.3760

Panel B: Firm-level environmental risk

(1) (2) (3) (4)
MESt+1 ∆CoVart+1 MESt+1 ∆CoVart+1

Adaptation plans −0.0153∗∗∗ −0.0017∗∗∗ −0.0128∗∗∗ −0.0014∗∗∗

(−8.67) (−6.10) (−5.75) (−3.61)
Firm-level environmental risk 1.1352∗∗∗ 0.1236∗∗∗ 1.2254∗∗∗ 0.1347∗∗∗

(4.91) (4.27) (4.64) (4.07)
Adaptation plans∗ Firm-level
environmental risk

−0.5430∗ −0.0667
(−1.71) (−1.33)

Controls Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Cluster by firm Yes Yes Yes Yes
Observations 6949 6949 6949 6949
Adjusted R2 0.3288 0.6777 0.3292 0.6778

Note: This table reports the effect of climate change on bank fragility around the staggered
introduction of state-led climate change adaptation plans. Adaptation plan is a dummy variable
that equals one for states that have finalized their climate change adaptation plan. For the
expositional clarity, we show only the coefficient of estimates of the variables of interest. All
specifications include quarter dummies. Standard errors are clustered at the quarter and firm
level. t-statistics are reported in parentheses. ∗, ∗∗, and ∗∗∗ indicate statistical significance at
the 10%, 5%, and 1% level, respectively.

there should not be any differential response to the adoption of state-led
climate change adaptation plans.

Table 6 reports the test results. In columns (1) and (2), we report the
relationship between adaptation plans and climate change, while in columns
(3) and (4), we present the results of the difference-in-difference analyses. The
main finding in Panel A of Table 6 is that banks that face higher sea level rise
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Figure 1: Effect of climate change on bank fragility.
Note: This figure depicts impulse response functions (IRF) quantifying the effect of climate change
on the aggregate level of systemic risk. The IRF is obtained by estimating vector auto-regressions
(VAR).

and that operate within states that implement climate change adaptation plans
contribute less to systemic risk. The coefficient of interaction term is negative
and significant in column (4), indicating that adaptation plans reduce the effect
of sea level rise. In Panel B, we find similar results. In Panel B column (3),
the coefficient of interaction term is negative and significant, which suggests
that climate adaptation actions can reduce the systemic risk caused by climate
change. Overall, the results indicate that climate adaptation plans can shield
banks from climate change and in doing so contribute to climate resilience.

Furthermore, we take an in-depth look at how the relation between climate
change and systemic risk evolves over time. One approach to investigate the
relation is to estimate vector autoregression (VAR) at the aggregate level, and
calculate an impulse response function (IRF). It quantifies how a shock to
climate change affects future levels of systemic risk. We estimate VAR using 20
lags. The resulting IRF is reported in Figures 1 and 2. Figure 1 depicts IRF to
quantify the effect of increasing sea level rise on aggregate systemic risk using
a full sample. Figure 1 shows that a shock to sea level rise has a significant
positive effect on systemic risk more than 10 quarters into the future. These
results suggest that climate change can cause significant long-term fluctuations
in systemic risk for at least up to two and half years.
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Figure 2: Effect of climate change on bank fragility conditioning on climate adaptation
plans.
Note: This figure depicts impulse response functions (IRF) quantifying the effect of increasing
climate change on aggregate bank fragility. The IRF is obtained by estimating vector auto-
regressions (VAR). We estimate separate VAR by aggregating banks with climate change adaptation
plans (green line) and banks without adaptation plans (red line).

In Figure 2, we estimate separate VAR by aggregating firms in states
with climate change adaptation plans (green line) and firms in states without
adaptation plans (red line). The IRF in Figure 2 shows the effect of sea level
rise on aggregate systemic risk on climate adaptation plans. In Figure 2, we
find that the effect of climate change on systemic risk is more amplified for
banks in states without climate adaptation plans. Banks without climate
adaptation plans make a higher contribution to systemic risk. On the contrary,
the contribution of systemic risk of banks with climate adaptation plans (green
line) is almost flat, indicating that such banks make little contribution to
systemic risk. Overall, the results in Figure 2 suggest that climate adaptation
policies can help reduce the detrimental effects of climate change on systemic
risk, which in turn contributes to financial stability.

5 Conclusion

Given that climate change can be a source of systemic risk, climate risk
monitoring is one of the top priorities on the agenda of financial regulators
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and policy makers. Systemic risk has the potential to destabilize financial
institutions and leads to serious negative consequences for financial markets
and the broader economy. It is, thus, important to understand how climate
change poses threats to financial markets. In line with these efforts, this paper
provides evidence that climate change is the crucial driver of bank fragility
and systemic risk. We find both physical and transitional climate changes
exacerbate financial instability. Various climate change measures such as
climate change news index, firm-level climate change exposure, and climate
disasters show consistent results.

This study can be helpful for understanding the risks posed by climate
change and its impact on financial stability. For instance, findings in this
study provide supporting evidence that the impacts of climate change are
more pronounced for banks with higher climate change exposure, higher loan
synchronicity, and higher bank default probability. Equally, this study provides
suggestive evidence that climate adaptation policies can reduce the detrimental
impacts of climate change. Overall, the findings in this paper imply that climate
adaptation policy can shield financial institutions and markets from negative
impacts of climate change, contributing to climate resilience.

References

Acemoglu, D., A. Ozdaglar, and A. Tahbaz-Salehi. 2015. “Systemic risk and
stability in financial networks”. American Economic Review. 105: 564–608.

Acharya, V., L. Pedersen, T. Philippon, and M. Richardson. 2017. “Measuring
systemic risk”. Review of Financial Studies. 30: 2–47.

Adrian, T. and M. Brunnermier. 2016. “CoVaR”. American Economic Review.
106: 1705–1741.

Baldauf, M., L. Garlappi, and C. Yannelis. 2020. “Does climate change affect
real estate prices? Only if you believe in it”. Review of Financial Studies.
33: 1256–1295.

Barnett, M., W. Brock, and L. P. Hansen. 2020. “Pricing uncertainty induced
by climate change”. The Review of Financial Studies. 33: 1024–1066.

Battiston, S., G. Caldarelli, R. M. May, T. Roukny, and J. E. Stiglitz. 2016.
“The price of complexity in financial networks”. Proceedings of the National
Academy of Sciences. 113(36): 10031–10036.

Battiston, S., Y. Dafermos, and I. Monasterolo. 2021. “Climate risks and
financial stability”. Journal of Financial Stability. 54: 100867–.

Battiston, S., A. Mandel, I. Monasterolo, F. Sch”utze, and G. Visentin. 2017.
“A climate stresstest of the financial system”. Nature Climate Change. 7(4):
283–288.

Downloaded from http://ftp.nowpublishers.com/rcf/article-pdf/4/1-2/127/11040649/114.00000062en.pdf by guest on 22 June 2026



Climate Change, Bank Fragility, and Systemic Risk 149

Bharath, S. T. and D. Cho. 2021. “Do natural disaster experiences limit stock
market participation?” Journal of Financial and Quantitative Analysis.
forthcoming.

Bolton, P., M. Despres, L. Pereira da Silva, F. Samama, and R. Svartzman.
2020. “The green swan: Central banking and financial stability in the age
of climate change, Bank for International Settlements”.

Bolton, P. and M. Kacperczyk. 2021. “Do investors care about carbon risk?”
Journal of Financial Economics. 142(2): 517–549.

Brunetti, C., B. Dennis, D. Gates, D. Hancock, D. Ignell, E. K. Kiser, G. Kotta,
A. Kovner, R. J. Rosen, and N. K. Tabor. 2021. “Climate Change and
Financial Stability”. FEDS Notes 19–3.

Brunetti, C., J. Harris, S. Mankad, and G. Michailidis. 2019. “Interconnected-
ness in the interbank market”. Journal of Financial Economics. in press.

Brunnermeier, M., S. Rother, and I. Schnabel. 2020. “Asset price bubbles and
systemic risk”. The Review of Financial Studies. 33: 4272–4317.

Choi, D., Z. Gao, and W. Jiang. 2020. “Attention to global warming”. Review
of Financial Studies. 33(3): 1112–1145.

Chu, Y., S. Deng, and C. Xia. 2020. “Bank geographic diversification and
systemic risk”. The Review of Financial Studies. 33: 4811–4838.

De Jonghe, O. 2010. “Back to the basics in banking? A micro-analysis of
banking systemic stability”. Journal of Financial Intermediation. 19: 387–
417.

Engle, R. F., S. Giglio, B. Kelly, H. Lee, and J. Stroebel. 2020. “Hedging
climate change news”. The Review of Financial Studies. 33: 1184–1216.

Giglio, S., B. Kelly, and J. Stroebel. 2021. “Climate risk”. Annual Review of
Financial Economics. 13: 15–36.

Gillingham, K., W. Nordhaus, D. Anthoff, G. Blanford, V. Bosetti, P. Chris-
tensen, H. McJeon, and J. Reilly. 2018. “Modeling uncertainty in integrated
assessment of climate change: A multimodel comparison”. Journal of the
Association of Environmental and Resource Economists. 5.

Goldstein, I., A. Kopytov, L. Shen, and H. Xiang. 2022. “Synchronicity and
Fragility, Working paper, University of Pennsylvania”.

Hassan, T., S. Hollander, L. van Lent, and A. Tahoun. 2019. “Firm-level polit-
ical risk: Measurement and effects”. The Quarterly Journal of Economics.
1344: 2135–2202.

Henderson, R. and G. Serafim. 2020. “Tackling climate change requires organi-
zational purpose”. AEA Papers and Proceedings. 110: 177–80.

Hong, H., A. Karolyi, and J. Scheinkman. 2020. “Climate finance”. The Review
of Financial Studies. 33: 1011–1023.

Leaven, L., L. Ratnovski, and H. Tong. 2016. “Bank size, capital, and systemic
risk: Some international evidence”. Journal of Banking and Finance. 69:
25–34.

Downloaded from http://ftp.nowpublishers.com/rcf/article-pdf/4/1-2/127/11040649/114.00000062en.pdf by guest on 22 June 2026



150 Yuna Heo

Murfin, J. and M. Spiegel. 2020. “Is the risk of sea level rise capitalized in
residential real estate?” Review of Financial Studies. 33: 1217–1255.

Nagel, S. and A. Purnanandam. 2020. “Banks’ risk dynamics and distance to
default”. The Review of Financial Studies. 33: 2421–2467.

Nguyen, D., S. Ongena, S. Qi, and V. Sila. 2020. “Climate change risk and the
cost of mortgage credit”. Review of Finance. 26: 1509–1549.

Noailly, J., L. Nowzohour, and M. van den Heuvel. 2022. “Does environmental
policy uncertainty hinder investments towards a low-carbon economy?”
Working paper.

Nordhaus, W. 2019. “Climate change: The ultimate challenge for economics”.
American Economic Review. 109: 1991–2014.

Painter, M. 2020. “An inconvenient cost: The effects of climate change on
municipal bonds”. Journal of Financial Economics. 135: 468–482.

Pastor, L., R. F. Stambaugh, and L. A. Taylor. 2021. “Sustainable investing
in equilibrium”. Journal of Financial Economics. 142: 550–571.

Ray, A. D. and J. Grannis. 2015. “From planning to action: Implementation of
state climate change adaptation plans”. Michigan Journal of Sustainability.
3.

Rochet, J. and J. Tirole. 1996. “Interbank lending and systemic risk”. Journal
of Money, Credit and Banking. 28: 733–762.

Sautner, Z., L. van Lent, G. Vilkov, and R. Zhang. 2023. “Firm-level climate
change exposure”. Journal of Finance. 78: 1499–1498.

Seltzer, L., L. T. Starks, and Q. Zhu. 2022. “Climate regulatory risks and
corporate bonds”. Federal Reserve Bank of New York Reports. 61.

Vismara, S. 2019. “Sustainability in equity crowdfunding”. Technological Fore-
casting and Social Change. 141: 98–106.

Downloaded from http://ftp.nowpublishers.com/rcf/article-pdf/4/1-2/127/11040649/114.00000062en.pdf by guest on 22 June 2026


	Climate Change, Bank Fragility, andSystemic Risk
	Introduction
	Data
	Systemic Risk Measures
	Climate Change Data
	Sea Level Rise
	Climate Disaster
	Environmental and Climate Policy Uncertainty.
	Firm-Level Environmental Risk

	Descriptive Statistics

	Empirical Results
	Baseline Results
	Potential Channels
	Bank-Level Climate Change Exposure
	Bank Loan Portfolio Synchronicity
	Bank-Level Default Probability

	Instrumental Variable Approach

	Climate Adaptation Policy
	Conclusion
	References


