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Abstract

This paper investigates how climate shocks affect banking stability in a large panel of 1208
banks observed at annual frequency over the period 2005-2019 for 16 Latin American countries.
We use strong EI Nifio Southern Oscillation (ENSO) events as a natural experiment for climate
shocks related to climate change, as they produce quasi-periodic climate oscillations that can
lead to unpredictable natural disasters. Our results show that, when considering Latin American
countries, weather shocks associated with strong ENSO events can have adverse financial
consequences that lead to a decline in banking stability. We also reveal that strong El Nifio and
La Nifia shocks have asymmetrical effects on banking stability. Strong El Nifio shocks are
associated with lower banks’ stability, resulting from decreased performances associated with
increased credit and liquidity risks. In contrast, strong La Nifia shocks appear to have economic
benefits, with no significant impact on banking stability, but higher banks’ performances and
lower credit risk. Finally, further estimates identify some key characteristics of "climate-
resilient banks". Banks with a larger size, a higher capital ratio, and less market-oriented
activities are more resilient to adverse climate shocks resulting from ENSO events. As climate
change should intensify the frequency and magnitude of ENSO’s cyclical pattern, these findings
can help estimate the potential adverse effects of climate change-induced physical risks on

banking stability and inform future mitigation and adaptation policies.
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l. Introduction

In  November 2023, National Oceanic and Atmospheric Administration (NOAA)
meteorologists confirmed the imminent occurrence of “strong EI Nifio” events. Simultaneously,
Ralph Keeling, director of the CO2 Program at UC San Diego's Scripps Institution of
Oceanography, reported that "we continue to break records in the CO2 rise rate," attributing
this to the ongoing global growth in fossil fuel consumption. The confluence of strong El Nifio
events and record CO2 rise rates has ushered society into a period of global temperature
increases exceeding 1.5 degrees Celsius. According to the Intergovernmental Panel on Climate
Change (IPCC) reports (Masson-Delmotte et al., 2021), this temperature rise will lead to a
sustained increase in extreme weather phenomena, which is already having a detrimental impact
on the global economy. The natural disasters of 2023 have particularly affected developing and
rural countries. For example, since June 21, Chile has experienced its most severe weather front

in a decade, with heavy rainfall causing significant river flooding.

In response, the effects of climate change on society and the economy are increasingly being
studied (Dell et al., 2014; Carleton & Hsiang, 2016). From this perspective, the ability of the
financial sector to facilitate adaptation and recovery plays a crucial role in mitigating the effects
of climate change (Klomp, 2014; Keerthiratne & Tol, 2017; Ritchie et al., 2021). For instance,
financial institutions play a fundamental role in financing post-disaster recovery and
reconstruction (Hallegatte, 2014). Moreover, inadequate insurance markets exacerbate direct
losses (Koetter et al., 2020; Wagner, 2022).

Consequently, an increasing number of studies are devoted to the analysis of the impact of
climate change-related natural disasters on the stability of financial institutions (Noth &
Schiwer, 2023). Climatic disruptions can lead to natural disasters and extreme weather events
that are likely to impact financial institutions (Chabot & Bertrand, 2023) due to their exposure
to households, businesses, and governments. In this context, policymakers worldwide have
launched initiatives aimed at analyzing and mitigating the consequences for the financial sector
of these adverse climate shocks (BIS, 2020, 2021), for instance, through climate stress testing
(Jung et al., 2021; Acharya et al., 2023).

Climate, ENSO and financial stability in Latin America. The vast array of physical risks
associated with climate change, spanning from droughts to hurricanes and flooding, coupled
with their unpredictable outcomes and the existence of tipping points, entail radical uncertainty

regarding their impact on the economy, depending on sectors and geographical areas concerned



(NGFS, 2019). Bolton et al. (2020) coined the term "Green Swan" to characterize this
phenomenon, emphasizing the underestimation of climate change's impact on the financial
sector, and especially banking institutions. Against this backdrop, our paper proposes a novel
approach to assess, at a microeconomic level, how climate shocks may affect banking stability.
At the core of our investigation lies the use of a recurring climatic phenomenon that deeply
influences local weather conditions and natural disasters worldwide, and especially in Latin
American countries, namely, the EI Nifio-Southern Oscillation (ENSO) (Cai et al., 2020). The
magnitude and duration of the ENSO teleconnection determine the extent of its impact among
countries. For instance, Collier et al. (2011) showed that the 1997-98 EI Nifio had detrimental
effects on vulnerable microfinance intermediaries in northern Peru, due to a significant surge
in non-performing loans. These findings underscore the critical need to understand the intricate
relationship between climate-induced natural disasters and banking stability, especially in
emerging regions like Latin America that are disproportionately vulnerable to such events.
Hence, our objective is to assess the relationship between adverse climate shocks and banking
stability, shedding light on the transmission channels through which ENSO events can affect
the performances and risk exposure (in terms of both credit and liquidity risks) of the Latin
American banking sector. More generally, we aim to contribute to a deeper understanding of
the resilience of financial institutions in the face of climate-related challenges, particularly in

vulnerable regions.

The choice of ENSO instrument. By using ENSO as a proxy for the physical risks induced by
climate change, similar to the approach of Hsiang et al. (2011), our paper provides deeper
insights into how climate change could impact banking stability. Previous literature has
predominantly focused on the effects of natural disasters rather than climate change. However,
by considering ENSO as a climatic shock, we are able to capture unpredictable quasi-periodic
climatic oscillations, i.e., structural climatic oscillations, which, at specific times, frequencies,
and magnitudes, can induce natural disasters. Additionally, considering that the frequency and
magnitude of ENSO events are expected to increase with climate change (Cai et al., 2014, 2021,
Yeh et al., 2022), focusing on ENSO provides a relevant means to approximate the potential

effects of climate change on banking activity in the near future.

Literature and gaps. Natural disasters induced by climatic oscillations can affect the solvency
of financial institutions. Indeed, the damage caused by a catastrophe reduces the value of
borrowers' collateral and their solvency, leading to business interruptions and negative effects

on the economic growth in areas where banks operate. A body of work initially focused on the



effects of natural disasters on economic growth (Noy, 2009; Cavallo & Noy, 2009; Strobl, 2011,
Cavallo et al., 2013; Botzen et al., 2019), as well as the negative effects of ENSO events on
economic growth (Smith & Ubilava, 2017; Generoso et al., 2020; Callahan & Mankin, 2023).
Recently, in the case of Latin American countries, Damette et al. (2024b) document that
sovereign risk increases following strong ENSO events, which might hinder the ability of
governments located in this region to act as a “climate rescuer” of last resort in the aftermath
of these adverse climate shocks. More specifically, some empirical studies have tested the
effects of natural disasters on credit and liquidity risks (e.g., Brei et al., 2019; Koetter et al.,
2020; Marco & Limodio, 2023; Noth & Schiwer, 2023). However, for now, no study has sought
to assess the effect of adverse climate shocks associated with ENSO events on banking stability
and the transmission mechanisms at work in terms of banks’ performances and risk exposure.
In addition, despite the critical importance of understanding the determinants of financial
institutions’ resilience in the face of adverse climate shocks, there is a notable gap in the
literature regarding the specific factors that could contribute to their ability to withstand
climate-related physical risks. This issue is particularly critical in developing and emerging
countries, where banks are more vulnerable to natural disasters due to greater geographic and

sectoral concentration in their portfolios (Brei et al., 2019).

Contribution. This paper aims at contributing to the existing climate finance literature by
studying for the first time the relationship between ENSO-induced natural disasters and banking
stability in a sample of Latin American countries. Moreover, to deepen the study of the
determinants of Latin American banks’ financial fragility in response to adverse ENSO events,
we consider different financial mechanisms that could be at work, in terms of performances and
risk exposure (focusing on credit and liquidity risks), and also account for three key banks’
characteristics that could influence their resilience to these shocks, namely, their size,
capitalization and business model. Therefore, three questions are addressed in this paper,
corresponding to its three contributions: 1) What is the impact of ENSO events on the stability
of Latin American banks? 2) What are the transmission channels that could explain the impact
of ENSO events on the stability of Latin American banks? 3) What are the resilience factors at
the bank level that could explain the impact of ENSO events on the stability of Latin American

banks?

To this end, we use a large panel of 1208 banks observed at annual frequency over the period
2005-2019 for 16 Latin American countries. Based on panel fixed-effects estimates, we use

strong El Nifio Southern Oscillation (ENSO) events as a natural experiment for climate shocks



related to climate change, as they produce quasi-periodic climate oscillations that can lead to
unpredictable natural disasters. We consider several indicators to assess the stability (z-score),
the performances (ROE and ROA) and the exposure to credit risk (non-performing loans) and
liquidity risk (bank deposits to total assets) of Latin American banks in response to ENSO
events. To account for the heterogeneous effect of these climate shocks depending on banks’
characteristics, we carry out further subsample estimates based on three key features of banks
included in our sample: their size (total assets), capitalization (total equity to total assets) and
business model (non-interest income to total income). This econometric set up enables to assess
the effect of ENSO-induced climate shocks on banking stability, the financial transmission
channels at work and the resilience factors that could dampen these adverse effects in a sample
of emerging countries that are particularly vulnerable both climatically and financially.

Our results show that, when considering Latin American countries, weather shocks associated
with strong ENSO events can have adverse financial consequences that lead to a decline in
banking stability. We also reveal that strong EI Nifio and La Nifia shocks have asymmetrical
effects on banking stability. Strong El Nifio shocks are associated with lower banks’ stability,
resulting from decreased performances associated with increased credit and liquidity risks. In
contrast, strong La Nifia shocks appear to have economic benefits, with no significant impact
on banking stability, but higher banks’ performances and lower credit risk. Finally, further
estimates identify some key characteristics of "climate-resilient banks"”. Banks with a larger
size, a higher capital ratio, and less market-oriented activities are more resilient to adverse

climate shocks resulting from ENSO events.

As climate change should intensify the frequency and magnitude of ENSQO’s cyclical pattern,
these findings can help estimate the potential adverse effects of climate change-induced
physical risks on banking stability and inform future mitigation and adaptation policies. This
issue is even more critical as banks are a key source of external financing for post-natural
disaster reconstruction, economic recovery, and the implementation of measures aiming at

dealing with the consequences of physical risks associated with climate change.

Outline. The remaining sections of the paper are organized as follows. Section Il provides an
overview of the potential mechanisms explaining the impact of ENSO events on the stability of
Latin American banks. Data and stylized facts are presented in section IlIl. The econometric
methodology is detailed in section IV. Section V presents and discusses our main results
regarding the ENSO events-banking stability relationship in Latin America and the potential
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financial transmission channels at work. Section V1 checks the robustness of our main findings.
Section VI presents the result associated with the extension of our baseline econometric set-up
when considering how banks’ size, capitalization, and business model could play a role in

offsetting the impact of ENSO events on banking stability. Section VIII concludes the paper.

Il. From climate physical risks to banking stability: overview of mechanisms at work

We first review the literature studying the impact of climate physical risks on banking stability,
considering the main financial mechanisms at work. Then, we summarize the main findings
associated with the empirical literature dealing with the economic consequences of ENSO
events and derive testable hypotheses for our econometric analysis.

2.1. Climate and banking stability

The existing literature indicates that natural disasters influence banking stability through
various channels. Klomp (2014) shows that natural disasters, especially meteorological (e.g.,
storms and hurricanes) and geophysical (e.g., earthquakes, tsunamis and volcanic eruptions) are
associated with a significant decrease in banking sector distance-to-default. The author also
shows that these natural disasters have a significantly smaller impact on banking sector
instability in countries with a developed financial system and a well-functioning regulation and
supervision of the financial sector. Complementing these findings, Noth & Schiwer (2023)
show that, in the case of the United States, weather-related disasters (meteorological,
hydrological and climatological) have an adverse short-term (up to one year) significant effect
on banks’ return-on-assets, solvability (equity-to-asset ratio), non-performing assets, distance-
to-default and probability of default. However, these adverse effects are short-lived and not
significant in the medium-term (from two to three years following a given disaster). Similarly,
Ozsoy et al. (2020) found that drought periods in the United States lead to more frequent branch
closures, higher default probabilities, and lower z-scores, despite the presence of insurance
payouts and government aid. Furthermore, Brei et al. (2019) assess the impact of hurricanes
strikes on banking sector stability and performances. Their results show that the banking sector
of Caribbean countries is significantly and negatively impacted by these natural disasters, with
a decrease in banks’ external sources of financing (deposits, interbank and money markets)
associated with a contraction in credit supply and banks’ return-on-equity, which in the end,

reduce the banking sector’s distance-to-default.



These effects of adverse climate shocks on banking stability can be explained by three main
risk channels: a direct operational risk channel and two indirect credit and liquidity risk

channels.

Operational risk. Extreme weather events adversely impact both physical capital and human
resources (Zheng et al., 2022). These hazards can directly disrupt bank operations by damaging
critical infrastructure, such as office buildings, telecommunications, and information systems,
including data centers. Such damages can reduce staff productivity, interrupt financial

operations, and hinder customer access to banking services.?

Credit risk. Natural disasters indirectly increase banks' credit risk due to borrowers’ reduced
ability to service their debts as a result of decreasing income and wealth. At the firm level, key
impacts include reduced profits and cash flows, heightened investment costs, and asset
depreciation (Hugon & Law, 2019; Lanfear et al., 2019), as extreme climate events impair
business operations and disrupt supply chains (Abe & Ye, 2013; Pankratz & Schiller, 2021).
Such events are also associated with a decrease in household income, particularly in agriculture
and fishing, leading to lower private consumption (Batten et al., 2020). Temperature anomalies
can diminish labor supply and productivity (Burke et al., 2015; Day et al., 2019; Letta & Tol,
2019), while property values suffer from climatic damages like flooding (Bin & Polasky, 2004;
Ortega & Taspinar, 2018). Moreover, due to increased non-performing loans (NPLs), adverse
climate events can lead banks to proactive loan loss provisioning (Schiiwer et al., 2019). Thus,
by elevating NPL ratios, and diminishing banks’ capital ratios and returns on assets, these
conditions threaten banks’ solvency and thus their financial stability (Dafermos et al., 2018;
Noth & Schuwer, 2023).

Liquidity risk. Following a natural disaster, banks may suffer from solvency issues because of
liquidity shortages associated with significant withdrawals from households, firms, and
financial institutions. Indeed, climatic shocks can increase banks' liquidity risk by triggering
increased liquidity demands from customers for repairs, withdrawal of deposits, or access to
emergency credit (Chabot & Bertrand, 2023). In this case, banks can be unable to meet their
obligations without incurring significant losses due to important asset liquidations. In response,
central banks may intervene to maintain banks access to liquidity and preserve financial

stability. For instance, Brei et al. (2019) documented rapid and substantial deposit withdrawals

2 For instance, following the 2011 Tohoku earthquake in Japan, banks in the affected areas faced operational challenges,
impacting their ability to process loans and imposing borrowing constraints on firms outside the earthquake zone (Hosono et
al., 2016).



in the Caribbean following hurricanes, while Ichimura et al. (2009) found that savings were
used to offset asset losses after the 1995 Hanshin-Awaji earthquake. Similarly, Barth et al.
(2019) observed increased lending and deposit rates in affected US bank branches, while Steindl
& Weinrobe (1983) noted deposit increases post-floods, alongside increased demand for

emergency loans.

2.2. ENSO and banking stability

ENSO stands as one of the Earth's most influential climate phenomena, significantly impacting
weather patterns and natural disasters, particularly in Latin American countries (Cai et al.,
2020). The severity and duration of these events, coupled with the strength of the ENSO
teleconnection, dictate their repercussions. Different weather patterns emerge during El Nifio
and La Nifia phases, affecting various regions differently. Empirical studies indicate that severe
climate shocks tied to ENSO events often affect economic growth (Cashin et al., 2017; Smith
& Ubilava, 2017; Generoso et al., 2020). Emerging and developing countries reliant on
agriculture face more pronounced adverse impacts on GDP from ENSO, stemming from
reduced productivity and production in agriculture and fishing (Adams et al., 1999; Hsiang &
Meng, 2015). Furthermore, Atems & Sardar (2021) and Dufrénot et al. (2021) find that La
Nifia-induced ENSO shocks increase global food and agricultural commodity prices, potentially
propagating aggregate inflation. Additionally, the tourism sector suffers adverse effects, as
evidenced by Oduber & Ridderstaat (2017) showing a decreased tourism demand in the USA,
Venezuela, and the Netherlands during ENSO events. On the financial front, Damette et al.
(2024b) find that strong El Nifio or La Nifia shocks correlate with short- to medium-term
increases in sovereign spreads in a sample of seven Latin American countries. These results
suggest heightened volatility in sovereign spread dynamics that may reflect investor
overreactions to ENSO-related macroeconomic and financial consequences, which can hinder
governments’ ability to act as a ‘climate rescuer’ of last resort. Finally, political and social
factors can exacerbate the macroeconomic and financial effects of ENSO, with Hsiang et al.

(2011) highlighting a link between ENSO events and increased civil conflicts.

As a result, in line with the analysis carried out in section 2.1, severe climate shocks linked to
ENSO events can impact banking stability and performances through various channels,
including operational, liquidity, and credit risks. Firstly, weather extremes and natural disasters
stemming from ENSO can damage bank assets and hinder staff productivity, resulting in an

increased operational risk. Secondly, due to adverse macroeconomic and financial



consequences affecting firms’ profits, cash flows, and investment costs, and households’
income, ENSO events can elevate credit risk in response to reduced borrowers’ collateral value
and solvency. For instance, Collier et al. (2011) highlight the adverse effects of the 1997-98 El
Nifio event on microfinance institutions in northern Peru, where NPLs significantly surged.
Lastly, in response to ENSO-induced climate shocks banks can face liquidity risk due to
increased demands from customers for repairs, withdrawals, or emergency credit that can entail
significant losses associated with important asset liquidations. Overall, as summarized in Figure
1, ENSO events are likely to have adverse effect on banking stability and performances through
several channels associated with direct physical exposures and indirect credit and liquidity
risks. The expected effects, however, are asymmetrical: while the effects of El Nifio are
expected to be predominantly negative, the effects of La Nifia are likely to be neutral or even
positive. Indeed, the previous literature has shown that there are more adverse climatic and
macroeconomic consequences associated with EI Nifio shocks (Smith & Ubilava, 2017,
Generoso et al., 2020; Callahan & Mankin, 2023). The climate banking literature has
demonstrated that there is no symmetry in the effect of ENSO events on the banking sector,
particularly regarding the distance-to-default (Damette et al., 2024a). De Marco & Limodio
(2022) note that the top 5 La Nifia events are much weaker than the top 5 El Nifio events and
find that US banks with a one standard deviation higher exposure to La Nifia do not have
different loans or total assets than others. In contrast, they show that during a top 5 El Nifio
event, total assets of highly exposed banks decline by about 0.8%, and bank lending decreases

by about 1.6%. Real estate lending falls by 1.5% and commercial and industrial loans by 2.7%.

Based on this analysis relating climate physical risks, ENSO events, and banking stability, we
formulate the following two testable hypotheses:

Hypothesis 1. Climate-induced ENSO shocks have a significant negative impact on bank

stability and performances, especially when associated with EI Nifio phases.

Hypothesis 2. Considering potential transmission channels, climate-induced ENSO shocks
significantly increase both credit and liquidity risks, especially when associated with El Nifio

phases.



Figure 1. ENSO and banking stability: summary of key financial mechanisms
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I11. Data and stylized facts

Data used in this paper are based on climatic and banking indicators observed at annual
frequency from 2005 to 2019 for 16 Latin American countries and covering a large panel of
1208 banking institutions.® Apart from data availability, our choice of these countries was also
motivated by their level of exposure to strong ENSO events, since they are known to be
significantly impacted by ENSO events, especially in terms of adverse effects on their
economies (Cashin et al., 2017).

3.1. ENSO as a proxy for the physical risks associated with climate change

Definition. ENSO entails abnormal sea surface temperature (SST) fluctuations and alterations
in Pacific basin atmospheric circulation. During El Nifio, the eastern tropical Pacific region
experiences unusually warm SST, disrupting typical atmospheric circulation with weakened
trade winds and altered precipitation patterns. Conversely, La Nifia involves abnormally cold
SST in the eastern tropical Pacific, strengthening trade winds and increasing precipitation in
the western Pacific's tropical regions. These El Nifio or La Nifia phases are determined by
abnormal ocean surface temperature and wind circulation pattern variations. Depending on the
amount of heat (cold) transferred from the ocean to the atmosphere, El Nifio (La Nifia) events
can be classified as neutral, moderate, strong or very strong. Recurring El Nifio and La Nifia
phases represent the largest fluctuations in the global climate system, influencing local climates
near the eastern and western Pacific and exerting global climatic effects via teleconnections
with other climate phenomena (Trenberth et al., 1998).

3 Our sample includes the following countries: Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Dominican Republic,
Ecuador, Guatemala, Jamaica, Mexico, Panama, Paraguay, Peru, Trinidad and Tobago, and Uruguay.
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Identification and classification of ENSO events. In line with existing literature (Santoso et
al., 2017; Timmermann et al., 2018; Cai et al., 2020), the Oceanic Nifio Index (ONI) is widely
accepted as a reliable measure for tracking ENSO events by assessing anomalies in sea surface
temperatures (SST).* Thus, ONI provides a clear visualization of El Nifio (warm) and La Nifia
(cold) periods in the tropical Pacific region based on average SST anomalies, calculated as a
three-month moving average for the Nifio 3.4 region (Yang et al., 2021). Then, based on ONI,
El Nifio (La Nifia) events are identified if the absolute value of its three-month moving average

is equal to or above (equal to or below) + 0.5°C (-0.5°C).

In addition, event strength is determined by the peak value of the ONI index, corresponding to
the month when the absolute value of the three-month moving average reaches its maximum
during a given El Nifio or La Nifia event. An El Nifio (La Nifia) event strength is categorized as
weak if the peak falls between 0.5°C and 1°C (-0.5°C and -1°C), moderate between 1°C and
1.5°C (-1°C and -1.5°C), strong between 1.5°C and 2°C (-1.5°C and -2°C), and very strong if
the peak exceeds 2°C (-2°C). Figure 2 displays the average monthly dynamics of ONI from
January 2005 to December 2019. Over the sample period, we notice three weak El Nifio events
(2006, 2014, and 2018), one moderate (2009), and one very strong (2015). As for La Nifia
events, four were of weak amplitude (2005, 2009, 2016, and 2017), one of moderate amplitude
(2011), and two of strong amplitude (2008 and 2010).°

Figure 2. Dynamics and phases of the Oceanic Nifio Index (ONI)

Oceanic Nifio Index from 2005/M1 to 2019/M12
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Weak La Nifia Moderate La Nifia Strong La Nifia

4 ONI displays strong correlation (exceeding 90%) with other commonly used indicators like the Nifio 3.4 index and the
Southern Oscillation Index (SOI) derived from surface atmospheric pressure (Bamston et al., 1997).
5 See Table Al in appendix 1 for a detailed classification of ENSO events included in our sample.
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Note: Figure 2 displays, on a monthly basis, the dynamics of ENSO based on the Oceanic Nifio Index (ONI) and
the associated El Nifio and La Nifia events during the study period. The ONI index is sourced from the NOAA
database. The occurrence of an ENSO event is determined by the three-month moving average of the ONI index.
El Nifio is indicated by values of 0.5°C or higher, while La Nifia is indicated by values of -0.5°C or lower. Based
on the peak in monthly temperature anomaly, an EIl Nifio (La Nifia) event strength is categorized as weak if the
peak falls between 0.5°C and 1°C (-0.5°C and -1°C), moderate between 1°C and 1.5°C (-1°C and -1.5°C), strong
between 1.5°C and 2°C (-1.5°C and -2°C), and very strong if the peak exceeds 2°C (-2°C).

A quasi-random phenomenon. El Nifio and La Nifia are quasi-periodic and quasi-random
phenomena, exhibiting complex behavior that makes them difficult to predict due to their
unpredictable impacts on local climates (Timmermann et al., 2018). This "quasi-random"
nature stems from their high variability (Cobb et al., 2013). Characterized by varying intensities
and irregular frequencies (occurring every 2 to 7 years), these phases involve cyclical
mechanisms and atmospheric teleconnections that unevenly affect global meteorological
patterns (Trenberth & Hoar, 1996). ENSO is considered the most significant annual climate
variation on Earth, posing a substantial challenge for prediction, especially as human activities
alter its frequency, amplitude, and teleconnections (Cai et al., 2018; Yeh et al., 2018). In this
paper, we consider the peak years of ENSO events to capture their "quasi-random" properties.
By considering ENSO as a climatic shock, we are able to monitor quasi-periodic climatic
oscillations that occasionally lead to natural disasters. Given the expected increase in frequency
and magnitude of ENSO events due to climate change (Cai et al., 2014; Yang et al., 2021; Yeh
et al., 2022), focusing on ENSO offers a valuable lens to assess potential impacts on banking

stability associated with climate change-induced physical risks.

Duration of the event. El Nifio and La Nifia phenomena are not symmetrical opposites but
differ in their temporal and seasonal patterns, exhibiting distinct evolutionary cycles (An et al.,
2020). An ENSO event, typically starting with EI Nifio, begins in the northern hemisphere's
spring, intensifies through summer and fall, peaks in winter, and gradually wanes by the
following spring, potentially transitioning to La Nifia in the summer. Unlike El Nifio, which
usually lasts about a year, La Nifia can persist for several years. In our analysis, for consistency
with the banking data, we account for the duration of these ENSO events on a yearly basis,
considering their contemporaneous and one-year lagged impacts on banking stability to capture
their full dynamics in terms of physical risk. Indeed, ENSO events include two phases: the
ascendant phase from approximately March to December, which is crucial for understanding
the associated major climatic oscillations leading to natural disasters, and the descendant phase
from approximately January to March, reflecting the waning effects. Furthermore, in years with
multiple ENSO events of varying intensities, classification is based on the event with the
highest amplitude.
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Coding of strong ENSO events. Based on the above criteria, we consider two dummy variables
to measure ENSO events. Our analysis focuses on strong ENSO events due to their critical
impact on weather anomalies and natural disasters in Latin American countries, with significant
adverse economic consequences (Damette et al., 2024b). The dummy for strong EI Nifio shocks
equals 1 in year t if ONI is at its peak value for a given strong El Nifio event, and equals 0
otherwise; leading to the identification of one strong El Nifio shock over the studied period in
2015. Similarly, the dummy for strong La Nifia shocks equals 1 in year t if ONI is at its trough
value for a given strong La Nifia event, and equals 0 otherwise; leading to the identification of
two strong La Nifa shocks over the studied period in 2008 and 2010. In appendix 2, Tables
A2.1-A2.2 provide a comprehensive overview of the weather anomalies and natural disasters

associated with the strong El Nifio and La Nifia shocks covered in our sample.

3.2. Banking data

To assess banking stability, performances, and associated credit and liquidity risk channels, we
use bank-level data at annual frequency coming from the Moody’s Analytics BankFocus
database. Our sample includes a large unbalanced panel of 1208 banks located in 16 Latin
American countries from 2005 (the starting year of BankFocus’s data for Latin American
countries) to 2019, with heterogeneous sizes and business models, enabling a comprehensive
assessment of the relationship between banking stability and ENSO events in this region. In
this section, we first present the data treatment we implemented to account for differences in
banks’ business model, as well as missing and outlier values. Then, we detail the different
banking indicators we selected as dependent variables to assess the impact of ENSO events on

banking stability, performances, and risk channels.
Data treatment

Business model. To account for financial institutions with strong traditional (lending and
deposit-taking) banking activities, we selected from BankFocus the following four categories
of banking institutions: 1) bank holding companies, 2) commercial banks, 3) cooperative banks,
and 4) saving banks.® In addition, to include in our database financial intermediaries with

different funding access strategies, we consider both listed and unlisted banks.

6 Saving and cooperative banks tend to be less diversified than bank holding companies and commercial banks, with a more
concentrated geographical scope in their activities (Koetter et al., 2020). Thus, they can be considered as financial institutions
based on stronger relationship banking activities at the regional level.
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Missing and outlier values. To ensure data reliability, we implemented several adjustments
consistent with banking literature standards in order to address missing and outlier values.
Firstly, we account for banking institutions with consolidated accounting data according to
IFRS standards.’ This group-level measurement avoids double-counting issues and offer a more
accurate representation of banks’ activities (Kim & Sohn, 2017). Secondly, due to the limited
availability of consolidated accounting data and the lack of accounting standards harmonization
in emerging countries like Latin American ones, we expanded our sample to banking
institutions with non-consolidated accounting data.® Notably, it enables accounting for small,
independent cooperative banks without subsidiaries and with a regional focus, which are an
important source of external financing for both households and small firms in Latin America.
Thirdly, to assess the contemporaneous and lagged effects of ENSO events on banking stability,
while having a sufficient number of available observations, we only kept banks with at least
three consecutive years of non-missing data over the period 2005-2019. Fourthly, to address
potential outlier values, a logarithmic transformation was applied to all bank-specific variables.’
Fifthly, we excluded data after 2019 to avoid accounting for the consequences at the
macroeconomic and financial levels associated with the Covid-19 crisis in the following years.
Finally, for robustness purposes, we defined a dummy variable controlling for bank failures, as
well as a dummy variable controlling for banks experiencing a merger and acquisition over the

studied period.°
Banking dependent variables

Banking stability. Developed by Roy (1952), the z-score is commonly used as a proxy for
banking stability (Lepetit & Strobel, 2015; Noth & Schuwer, 2023) and is defined for each bank

i at time t as follows:

ETAi,t + ROAi't>

ORoA;¢

Zscore;y = log(

It is calculated by dividing the sum of the equity-to-asset ratio (ETA) and the return on assets
(ROA, before tax) by the standard deviation of the ROA (before tax). Thus, the z-score gauges

the number of standard deviations a bank's ROA can decline in a single period before reaching

7 In BankFocus database, it corresponds to the C1 and C2 consolidation categories.

8 In BankFocus database, it corresponds to the U1, U2, U* and C* consolidation categories.

9 For variables expressed as a growth rate, we applied the following transformation : ¥ = sign(x) - log(1 + |x|). The use of x
mitigates potential extreme values of x, while preserving its negative values and thus the size of our sample.

10 See Tables A3.1-A3.4 in appendix 3 for details about the definition, sources and descriptive statistics of these variables.
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insolvency, serving as a distance-to-default metric. Higher bank’s z-score indicate higher

distance-to-default, thus better banks’ solvency and stability.

Banking performances. We assess banking performances based on two indicators (Brei et al.,
2019; Noth & Schiwer, 2023): the return on assets (ROA) and the return on equity (ROE).
Return on assets (ROA) represents pre-tax profits divided by total assets. Following an adverse
climate shock, the decline in the quality bank’s credit portfolio can decrease earnings derived
from assets, mainly due to an increase in non-performing loans and a decrease in the credit
supply. As for return on equity (ROE), it indicates pre-tax profits divided by total equity. ROE
is a crucial measure of bank performance, principally reflecting shareholder returns. An adverse
climate shock can impact bank’s return on equity by reducing profits due to increased operating

costs, disrupted business activities, and deteriorated access to external sources of financing.

Credit risk. Based on Brei et al. (2019), we assess credit risk based on the ratio of non-
performing loans to gross customer loans. An adverse climate shock can reduce borrowers'
ability to generate income and meet their financial obligations, leading to an increase in banks’

non-performing loans.

Liquidity risk. To gauge banks’ liquidity risk, we use the following three variables. We first
use the ratio of total customer and bank deposits to total assets as a general indicator of bank’s
liquidity (Beltratti & Stulz, 2012; Laeven et al., 2014, 2016). Then, we subdivide this variable
and consider the ratio of total customer deposits to total assets and the ratio of bank deposits to
total assets as more specific indicators of the source of bank’s liquidity risk. In each case, higher
values of these variables mean more bank’s liquidity. In the aftermath of an adverse climate
shock, bank’s liquidity risk can increase due to a surge in deposits outflows from households
and firms needing funds for repairs and increased demand for emergency loans. Additionally,
in this situation, banks can face heightened refinancing pressure on the interbank market, as
deposits outflows may prompt an important increase in banks’ demand for short-term funds that

can lead to higher borrowing costs, and thus lower performances and higher instability.

3.3. Afirst look at the relationship between strong ENSO events and banking stability

Figure 3 displays the average annual dynamics of banking stability, performances, and
associated credit and liquidity risks over the period 2005-2019 for the 1208 banks from 16 Latin

American countries included in our sample in response to strong ENSO events.
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Strong EI Nifio shock. A strong El Nifio event is associated with a contemporaneous reduction
in bank stability, as evidenced by a lower z-score, and this effect is persistent, which is well
documented (Klomp, 2014; Noth & Schuwer, 2023), especially in less developed regions like
the Caribbean (Brei et al., 2019, 2024). This lagged effect may be due to the fact that financial
losses induce by a strong EI Nifio event, such as non-performing loans, are declared after a 90-
days late payment period. In this case, the adverse impact of a strong El Nifio event can span
two calendar years, even though the peak effect occurs from December to February (Cai et al.,
2020). Related to banking stability, we also notice a contemporaneous and one-year lagged
decrease in banks’ ROE, returning to its initial levels two years after the strong El Nifio events,
in line with Brei et al. (2019), as climate shocks can reduce profits due to increased operating
costs and business disruptions. We also observe a contemporaneous and lagged decrease in
return on assets (ROA) associated with a significant and persistent increase in non-performing
loans, corroborating results obtained by Noth & Schiwer (2023). Increasing non-performing
loans signal a weakened loan portfolio, reducing ROA, worsening banks’ equity and thus their
stability. As for liquidity risk, we find no significant decrease in the banks’ deposits-to-asset
ratio and its subcomponents, but a slight lagged increase in banks’ liquidity potentially due to
precautionary behaviors by customers to face the adverse consequences of climate shocks, and
also by factors like government and municipal deposits for disaster recovery, and insurance

payouts.

Strong La Nifia shock. A strong La Nifia event is associated with a contemporaneous decrease
in banking stability, as evidenced by a lower z-score, and this effect is followed by a subsequent
recovery. Moreover, we find a contemporaneous increase in banks’ financial performances
(ROE) associated with reduced credit risk, and no significant variations in liquidity risk, which
may be attributed to potential favorable climatic conditions during the peak year of a La Nifia
event, with positive effects on macroeconomic conditions across Latin American countries (see
section 2.2.). Then, except for the z-score, banks experienced a reduction in their performances
(ROE and ROA) and an increase in both credit and liquidity risks in the aftermath of a strong
La Nifla event. However, the two strong La Nifia events in our sample occurred in 2008 and
2010, thus, in a period of important financial instability associated with the consequences of
the subprime crisis. Therefore, we need to deepen these preliminary results with econometric
estimates that enables to identifies more precisely the specific impact of these climate shocks

on banking stability.
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Figure 3. Dynamics of banking stability in responses to strong ENSO events
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Note: This graph illustrates the dynamics of the annual average of several indicators of banks’ stability, performances, and
associated credit and liquidity risks in response to a strong El Nifio shock (red lines) and a strong La Nifia shocks (blue lines).
The sample includes 1208 banks located in 16 Latin American countries and observed at annual frequency over the period
2005-2019. The graph displays data from one year prior to a strong ENSO event (t-1), up to two years after (t+2). The red
vertical bars indicate the peak year of the strong ENSO event. All banking variables are expressed in logarithms to account for
potential outlier values.
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IVV. Econometric methodology

This section presents the econometric methodology used to empirically assess the impact of
strong ENSO events on banking stability for a sample of 1208 banks located in 16 Latin
American countries and observed at annual frequency over the period 2005-2019.

4.1. ldentification issues

The empirical evaluation of the economic consequences from physical risks induced by climate
change has long been recognized as a challenge in the econometrics literature (Auffhammer,
2022; Kolstad & Moore, 2019). As a result, our identification strategy relies on two key
methodological points. Firstly, following Noth & Schiwer (2023), we rely on a panel data
model with fixed effects at country, bank, and banking business model levels, to account for
different sources of unobserved heterogeneity that could bias the estimated effects of climate
shocks on banking stability.!* Secondly, in line with Damette et al. (2024b), our identification
strategy is based on the time series variability created by ENSO. Capitalizing on the usual
practice in the climate literature, we characterize the occurrence and intensity of ENSO events
as "quasi-random"” due to their unpredictability and orthogonality with respect to economic and
financial conditions. Thus, ENSO events can be considered as exogenous shocks resulting from
random or quasi-random trials, thereby mitigating concerns regarding endogeneity when
estimating their impact on banking stability. By considering ENSO events as a climate shocks,
we capture quasi-periodic climatic oscillations, i.e., structural climatic fluctuations that, at
certain times, frequencies, and magnitudes, can result in natural disasters. Moreover, since the
frequency and the magnitude of ENSO events are expected to increase with climate change,
using ENSO as a proxy for the potential physical risks induced by climate change, like Hsiang
etal. (2011), offers a relevant approach to get empirical insights regarding the impact of climate

change on banking stability.

4.2. Baseline model specification

To assess the relationship between strong ENSO events and banking stability, we estimate the

following fixed effects OLS regression model with standard errors clustered at the bank level:

Yict = ag+ B1ENy + B2ENi 1 + B3LN; + B4LNi 1 + 60, + Ve + Vim + &icr Eq. (1)

11 We cannot account for time fixed-effects due to perfect collinearity issue with ENSO events that are global shocks with no
country-specific dimension.
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We consider a set of seven dependent variables (Yic,) for bank i in country c in year t to evaluate
the effect of strong ENSO events on banking stability, accounting for the main financial
mechanisms at work: 1) z-score, 2) return on equity (ROE), 3) return on assets (ROA), 4) non-
performing loans (NPL), 5) total deposits to total assets, 6) customer deposits to total assets, 7)

bank deposits to total assets.

EN and LN are contemporaneous and one-year lagged dummy variables for strong El Nifio and
La Nifa shocks respectively. As mentioned in section 3.1, the adverse physical risks induced
by strong ENSO events cover two calendar years, typically extending from November of the
peak year to March of the following year (Cai et al., 2020). Specifically, the peak year captures
the period when ENSO entails the most severe natural disasters. Then, the impact of ENSO
decreases in intensity the subsequent year, reflecting the waning effects of a given ENSO phase
(Cai et al., 2018, 2021). Thus, to account for the potential seasonal effects associated with
strong EI Nifio and La Nifia shocks, we consider both their contemporaneous and the one-year
lagged effects on banking stability. Considering banking data, this specification choice appears
even more important due to the timing of registration in banks’ balance sheet and income state
of losses stemming from the adverse economic and financial consequences of strong ENSO
events. For instance, non-performing loans are typically reported after a 90-day period of late
payment. In this case, we expect a heightened credit risk in the year following the peak of a
strong ENSO event.

0; represents bank fixed-effects that account for time-invariant unobserved heterogeneity at the
bank level, such as management quality, governance, and risk preference. v, denotes country
fixed-effects that control for time-invariant unobserved heterogeneity at the country level. The
inclusion of fixed effects for both banks and countries also help mitigate potential bias arising
from differences in state or private insurance systems across countries. In addition, y,,
represents banking business model fixed-effects accounting for time-invariant unobserved
heterogeneity associated with the different types of banks included in our sample (i.e., bank
holding companies, commercial banks, cooperative banks, and saving banks). ; .. is an i.i.d.
error term with zero mean and constant variance. For robustness purpose, given the potential
strong correlations of banking instability at country and regional levels, due to contagion
effects, we also estimate our baseline fixed effects OLS regression model using the Driscoll-

Kraay’s (Driscoll & Kraay, 1998) heteroskedasticity-robust standard errors adjusting for
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temporal and spatial dependence.*? Finally, given the relatively short time dimension of our
annual panel (with T = 15), to avoi d any Nickel bias inherent to dynamic panel models with
country or bank fixed-effects, we do not include as regressors the lagged values of our banking

dependent variables.

V. Main results

Baseline results associated with the estimates of equation (1) are displayed in Table 1. Overall,

three main results can be highlighted, in line with our testable hypotheses:

1. Our findings indicate a significant negative impact of strong El Nifio events on banking
stability, associated with decreased banks’ performances and heightened credit and liquidity

risks.

2. In contrast, we observe a positive effect of strong La Nifia events on banks’ performances,

associated with reduced credit risk.

3. Strong EI Nifio and La Nifia shocks thus have asymmetrical effects on banking stability, as

they can vary depending on geographical areas and seasonal factors in which they occur.

Table 1. Banking stability and strong ENSO events: baseline results

Stability Performances Credit risk Liguidity risk
Faeore ROE ROA NPL Total Deposits Chstomer Deposits Bank Deposiis
Lo total assels o total assets o total assels
LS DK LS DE OLS DE 0OLs DK LS DK 0OLs DK 0L DK
( (2) (1) ) 5) (6) (" (% (1) (10) (1) (12) (13) (1)
Strong El Niio LM .00 -0.084™ 00847 -(L01G 0005 -0.085TT 0085 | 0053 -0.0537T | -00035TT -00035TT | -001TETT -0LETaT
(0.006)  (0006) | (0.035)  (0036) | (0.018)  (0015) | (0013)  (0.003) | (0006)  (0.006) | (0.006)  (0006) | (0020)  (0.019)
Strong El Nifo (t-1) -0.0IETT 0L01E™T | 00887 -0L0EDTTT | 0047 0047 | 00T 0037 (LT -(LNFT 0007 0007 | -0 -
(0.006)  (0005) | (0.035)  (003) | (0.01%)  (0018) | (0013)  (0.02) | (0005)  (0005) | (0.005)  (0005) | (0017 (0.0Iv)
Strong La Mina -(L018 0018 OG3™  0.163™ 0LOGO™ 0069 | -0.097T" -0.09T 7 0017 000200 020 LKV %S 0003
(0019 (0017 | (0075 (0078) | (0.0%)  (0034) | (0038)  (0031) | (0o) (e | (7)) (o) | (00ss) (M)
Strong La Midia (t-1) -0 -0 (K= 030 0.024 0024 0.027 0.027 L8 0.009 [0 .00 -0.014 (014
(0007) (Do) | (007F)  (068) | (0031)  (0028) | (oos1)  (0.029) | (o) (ooln) | (0018)  ([D016) | (0.d3)  (0.040)
N H200 2N K200 A2 ®200 A0 200 B200 A200) H20 H2O0 H2OD A2H H2H
R-sguared adj. 08 LR nAs 043 nAs [IEE) 067 067 087 L) [LE:] n.&9 071 LT1
Bank FE Yes Yes Wem Yo Wes Yes Yes Yo Yes Yes Wes Yes Yo Wiem
Banking business model FE Yes Yes ez Yes Yes Yes Yes Yo Yes Yes Yes Yes Yes Yes
Country FE Yo Yea Wiem Yis Yo Yis Yes Yios Yea Yim Yo Yo Yis Yim

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. DK columns stand for fixed-effects OLS regressions with Driscoll & Kraay robust
standard errors in brackets. All regressions include bank, country, and banking business model fixed-effects.

12 Table A3.5 in appendix 3 shows the results of the Pesaran (2015, 2021) cross-sectional dependence test applied to our seven
banking dependent variables and confirms the presence of significant cross-sectional dependence within our panel.
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El Nifio. A strong El Nifio event is associated with a significant lagged decline in banks’ z-
score, as evidenced in columns (1)-(2), which is in line with previous studies highlighting the
adverse effects of natural disasters on banking stability due increased losses threatening banks’
solvency (Klomp, 2014; Brei et al., 2019; Noth & Schiwer, 2023). Quantitatively, a strong El
Nifio event is associated with a 1.6% decrease in banks’ z-score. As mentioned in section 4.2,
this lagged decline in stability, may be attributed to the delayed accounting of financial losses
resulting from the adverse economic and financial consequences of a strong El Nifio event,
typically overlapping two calendar years from November of the peak year to March of the

following year.

Based on the analysis presented in section I, several factors can explain this reduction in
banking stability. Firstly, as shown in columns (3)-(4), we notice a significant contemporaneous
and lagged decrease in banks’ return on equity (ROE). Considering marginal effects, a strong
El Nifio event is associated with a 8.4% contemporaneous and a 8.9% lagged reduction in
banks’ ROE. This reflects the El Nifio's adverse effects on banks’ profit due to increased
operating costs, disrupted business activities, and deteriorated access to external sources of
financing. Secondly, in columns (5)-(6), we notice only a significant lagged decrease in banks’
return on assets (ROA), with an estimated marginal effect of — 4.7%. However, there is no
significant reduction in ROA in period t, indicating that ROA takes longer to adjust to the ENSO
shock than ROE. This is because ROA measures the average profitability of a bank’s assets.
Thirdly, this decline in both ROE and ROA is associated with an increase in credit risk,
suggesting a deterioration in the quality of banks’ loan portfolio with adverse effects on asset
returns. Indeed, estimates in columns (7)-(8) show that a strong El Nifio event is associated with
a significant 3.7% lagged increase in non-performing loans. However, we notice a significant
contemporaneous decrease in credit risk. This might be explained by the fact that NPLs are only
accounted for after 90 days. Considering the dynamic, particularly seasonal, nature of El Nifio,
the negative impact of the shock on NPLs will only be visible and significant the following year
(thus in t-1 considering the estimates). Therefore, our coefficients at t most likely capture the
positive climatic consequences of the end of the previous La Nifia phase. Finally, as shown in
columns (9)-(14), there is a significant contemporaneous increase in liquidity risk, as reflected
by a 5.3% decrease in the ratio of total deposits to total assets in columns (9)-(10), which is
explained by a 3.5% decline in customers’ deposits in columns (11)-(12) and a 1.7% reduction
in banks’ deposits in columns (13)-(14). These results suggest increased customer withdrawals

for repairs and reconstruction following the outbreak of a strong EI Nifio event, with heightened
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refinancing pressures, as deposits outflows may prompt an important increase in the needs of
banks for short-term funds, which intensifies competition on the interbank market, potentially
increasing refinancing costs. We also notice that this significant adverse effect of a strong El
Nifio event on banks’ deposits is persistent, as indicated in columns (13)-(14). Contrary to what
we observe for customers’ deposits in columns (11)-(12), which could be explained by factors

such as government aid and insurance payouts.

La Nifia. A strong La Nifia event does not appear to significantly affect banking stability, as
evidenced in columns (1)-(2). Further examination reveals a noteworthy pattern. Indeed, we
notice in columns (3)-(6) that a strong La Nifia event is associated with a contemporaneous
increase in both banks” ROE and ROA. Similarly, columns (7)-(8) show a significant decline
in banks’ non-performing loans in the year of occurrence of a strong La Nifia event. However,
in columns (9)-(14), we find no significant relationship with liquidity risk. In line with the
analysis carried out in section II, this contemporaneous improvement in banks’ performances
and the associated reduction in credit risk may be attributed to the potential short-run positive
climatic effects of strong La Nifia events for Latin American countries included in our sample,
such as rain surplus in the agricultural sector for instance, with beneficial consequences on

macroeconomic conditions.

Overall, these estimates show that, regarding Latin American countries, strong ENSO events
can have adverse financial consequences that lead to a decline in banking stability. Indeed,
strong El Nifio shocks are associated with lower banks’ stability, resulting from decreased
performances associated with increased credit and liquidity risks. In contrast, we find that
strong La Nifia shocks have no significant impact banking stability and is associated with higher
banks’ performances and lower credit risk. This suggests important asymmetric effects on
banking stability from El Nifio and La Nifia shocks depending on geographical areas and

seasonal factors in which they occur.

V1. Robustness

Based on the same econometric set-up we used in section V, we now implement several

robustness checks. To save space, all results are presented in appendix 4 Tables A4.1-A4.4.g.

6.1. Alternative classifications of ENSO events

In the baseline estimates, we focused on the impact of strong El Nifio and La Nifia shocks on

banking stability. Now, we present robustness checks assessing the effects of moderate El Nifio
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and La Nifa events as an alternative classification of ENSO events based on the methodology
outlined in section 3.1.1* We identify one moderate El Nifio event in 2009 and one moderate La
Nifia event in 2011. Results in Table A4.1 indicate that a moderate El Nifio event is not
associated with a significant decrease in banking stability and performances (both ROE and
ROA). However, we notice a significant contemporaneous increase in credit risk, which is
likely to be the result of the adverse macroeconomic and financial consequences induced by the
2008-2009 subprime crisis. Conversely, lower credit and liquidity risks are observed in the year
following the occurrence of the 2009 moderate EI Nifio event, possibly reflecting the decrease
in financial instability at the international level in the aftermath of the 2008-2009 subprime
crisis. In addition, estimates reveal no significant effect of a moderate La Nifia event on banking
stability, performances and associated credit and liquidity risks. Overall, in line with our
testable hypotheses, these findings confirm that only strong El Nifio events are associated with

a significant decrease in banking stability,

6.2. Accounting for additional control variables

We now assess if our baseline results are robust when considering three different sets of control
variables that could influence banking stability, especially in the case of Latin American
countries: 1) bank-specific controls, 2) country-specific macro-financial controls, 3) country-
specific macroeconomic controls.** This choice of controls enables to ensure that our baseline
estimates are not influenced by different potential sources of omitted variables biased. For each
of these three sets of controls, we proceed in two steps. First, we re-estimate equation (1) by
sequentially including each control variable. Then, only significant controls in the first step are
jointly introduced in equation (1). This two-step procedure is applied to the seven dependent
variables we consider in baseline to assess the impact of strong ENSO events on banking

stability, performances, and risk channels.
Bank-specific controls

First, we evaluate the robustness of our baseline panel estimates by controlling for the effect of
seven additional microeconomic bank-specific variables considered as key determinants of
banking stability (e.g., De Jonghe, 2010; Betz et al., 2014; Laeven et al., 2016; Chen et al.,

13 We do not consider weak ENSO events for robustness checks due to their higher frequency and lower magnitude, which
provides the identification of a significant impact on banking stability for Latin American countries because of their limited
macroeconomic impacts. As shown in appendix 1 Table Al, we identify three weak El Nifio events (2006, 2014, and 2018)
and four weak La Nifia events (2005, 2009, 2016, and 2017).

14 1n appendix 3, Table A3.1 details the definition and source of each of these controls’ variables, whereas Table A3.2 provides
their descriptive statistics.
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2021): bank size (log of total assets), asset growth (growth rate of total assets), capital ratio
(total equity to total assets), cost to income (total operating expenses to total operating incomes),
net interest margin (net interest income to total interest earning assets), loans to total assets, and
non-interest income to total assets. Moreover, we account for the following three categories of
dummy variables: a dummy for years of banks failures, a dummy for years in which banks
undergo or engage in a merger and acquisition, and a set of dummies controlling for each type
of consolidation code used to extract banking data from BankFocus (see section 3.2).1° Results
are displayed in appendix 4 Tables A4.2.a-A4.2.g and show that overall our baseline findings
regarding the adverse effects of strong El Nifio events on banking stability, performances, and
associated credit and liquidity risks are robust to the inclusion of a large array of bank-specific
controls. We also confirm the positive effect of La Nifia events on banking performances and

credit risk.
Country-specific macro-financial controls

Then, we assess the robustness of our baseline panel estimates by controlling for the effect of
nine additional country-specific macro-financial variables also considered as key determinants
of banking stability(e.g., Betz et al., 2014): banks’ total assets to GDP, the ratio of bank credit
to deposits, banking sector concentration (the ratio of assets held by the five largest banks as a
share of total banking assets), the average real bank lending rate, total private credit to GDP,
growth of private credit, a dummy for the years 2007 to 2009 associated with the subprime
crisis'®, the annual S&P 500 Volatility Index (VIX), and the FED funds rate. Results are
displayed in appendix 4 Tables A4.3.a-A4.3.h and show that overall our baseline findings are

robust when including this large set of country-specific macro-financial controls.
Country-specific macroeconomic controls

Finally, we evaluate the robustness of our baseline panel estimates by controlling for the effect
of nine additional country-specific macroeconomic variables considered as key determinants of
banking stability (e.g., Demirgiic-Kunt & Detragiache, 1998; Demirguc-Kunt et al., 2013;
Demirgiic-Kunt & Huizinga, 2010; De Jonghe & Oztekin, 2015; Laeven et al., 2016): real GDP,

5 To account for the fact that a bank failure may take several years (from liquidation to bankruptcy), we consider the
contemporaneous and the two lagged values of the bank failures dummy. Regarding the dummy for merger and acquisition,
we follow the standard practice in the banking literature and consider that a bank experiences a merger and acquisition in a
given year if its total assets growth is equal to or above 15% (De Jonghe & Oztekin, 2015; Bakkar et al., 2020). Since a merger
and acquisition may be preceded by several stages impacting banking activity, we also consider the contemporaneous and the
two lagged values of the merger and acquisition dummy.

16 To control for the country-specific impact of the subprime crisis on banking stability, we also estimate equation (1) with the
inclusion of a set of dummy variables corresponding to the interaction between the subprime crisis dummy and country fixed-
effects. Results are displayed in appendix 4 Table A4.3.h and corroborate our baseline findings.
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real GDP growth, real GDP per capita, inflation, the growth of the nominal exchange rate, the
growth of the current account balance, the growth of terms of trade, a dummy for years of
sovereign debt crisis outbreak, and a dummy for years of currency crisis outbreak. Results are
displayed in appendix 4 Tables A4.4.a-A4.4.g and show that overall our baseline findings are

once again robust when including this large set of country-specific macroeconomic controls.

VII. Heterogeneity: strong ENSO events and banking resilience indicators

In this section, we extend our baseline results by considering potential sources of heterogeneity
at the bank-level in the relationship between strong ENSO events and banking stability. We
want to assess if some key banks’ characteristics may influence their resilience to these adverse
climate shocks. To this end, we focus on three potential factors, namely, banks’ size,
capitalization, and business model.}” Then, for each of these three variables, we define a
threshold value and re-estimate our baseline econometric specification associated with equation
(1) based on two subsamples depending on either bank in our sample has observations above
or below this threshold. To save space, in appendix 5, Table A5.1 displays descriptive statistics
for our seven dependent variables of banking stability, performances, and associated credit and
liquidity risks depending on the threshold values define for banks’ size, capitalization, and

business model.

7.1. Banks’ size

We consider a given bank as large if the averaged value of its total assets over the period 2005-
2019 is equal to or above 1 billion US dollars.*® Do et al. (2023) point that larger banks are
more resilient because they have more expertise in risk management, they also have more
branches in diversified geographical areas and they can more easily increase their liquidity
buffer through intra-group liquidity transfers. Thus, we expect larger banks to be more resilient

to the adverse consequences resulting from strong ENSO events, especially EI Nifio ones.

Regarding strong El Nifio events, Table 2.a show that results for the subsample of small banks
closely mirror those obtained in baseline for the entire sample. We notice a significant lagged
decline in banks’ z-score, associated with a decrease in banks’ performances (both ROE and

ROA) resulting from a lagged increase in credit risk and a contemporaneous increase in

7 In appendix 3, Table A3.1 details the definition and source of these three variables, whereas Table A3.2 provides their
descriptive statistics.

18 This corresponds to the standard criterion used in the banking literature to categorize large banks (e.g., Lepetit
et al., 2008; Noth & Schiwer, 2023).
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liquidity risk caused by a reduction in both customers’ and banks’ deposits. When considering
results for the subsample of large banks, we observe a significant contemporaneous and lagged
decrease in banks’ z-score, associated with a decrease in banks’ ROA and an increase in
liquidity risk. Conversely, for strong La Nifia events, we notice positive effects, except a
contemporaneous decline in banks’ z-score for the subsample of large banks that might be
explained by the adverse consequences of the subprime crisis at the international level during
the 2008 strong La Nifia event. Overall, these results suggest that both small and large banks
are adversely affected by a strong El Nifio event, but small banks appear less resilient due to
their simultaneous exposure to credit and liquidity risks. This aligns with existing literature
indicating that small banks, being less geographically diversified, face higher credit risk and
customer deposit withdrawals in response to adverse climate shocks, deteriorating their
profitability and depleting their capital further, leading to decreased stability (Koetter et al.,
2020; Noth & Schuwer, 2023).

Table 2.a. Banking stability and strong ENSO events: banks’ size subsamples

Stability Performances Credit risk Liquidity risk
Zscore ROE ROA NPL Total Deposits to Customer Depaosits to Bank Deposits to
total assets total assets total assets
Large Small Large Small Large Small Large Small Large Small Large Small Large Small
Strong El Nino -0.058 0.017 -0.106 -0.081 =0.067 -0.005 -0.046° -0.093 -0.066 -0.050 -0.059 -0.029 -0.054 -0.199

(0.013) (0.006) | (0L066) (0.041) (0.026) (0.021) | (0.025) (0.015) (0.021) (D.006) (0.017) (0.006) (0.048) (0.022)
Strong El Nino (t-1) -0.028 -0.012 -0.037  -0.100 -0.030  -0.051 0.043 0.035 -0.031 -0.001 -0.015 0.013 -0.105 -0.114
(0.012) (0.006) [ (0.045)  (0.041) (0.021) (0.022) | (0.028) (0.014) (0.017) (0.005) (0.016) (0.005) (0.046) (0.018)
Strong La Nina -0.042° 0.030 0.024  0.576" <0014 0300 | -0.036 -0.263""" | 0.032° -0.037* 0.038° -0.047" -0.047 0.183
(0.021) (0.041) | (0L072) (0.188) (0.030) (0.089) | (0.045) (0.055) (0.017) (0.020) (0.021) (0.025) (0.062) (0.114)
Strong La Nina (t-1) -0.033 0.057* | -0.029 0.192 -0.016 0.120° 0.033 0.020 0.019 -0.029 0.028 -0.071 -0.071 0.168
(0.021) (0.026) | (0.084)  (0.145) (0.033) (0.071) | (0.033) (0.074) (0.013) (0.025) (0.016) (0.0486) (0.048) (0.086)

N 2001 6289 2001 6289 2001 G289 2001 6289 2001 G289 2001 6289 2001 6289
R-squared adj. 0.75 0.83 0.36 0.41 0.54 047 0.59 0.63 0.81 0.89 0.90 0.89 0.60 0.65
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects. A
given bank is considered large if the averaged value of its total assets over the period 2005-2019 is equal to or above 1 billion
US dollars.

7.2. Banks’ capitalization

To get balanced subsamples, we consider a given bank as having a high level of capitalization
if its averaged capital ratio (total equity to total assets) over the period 2005-2019 is equal to or
above the sample median. A higher level of capitalization plays a key role in banks’ resilience
as it strengthens their ability to absorb losses resulting from adverse climate shocks. For
instance, Collier et al. (2014) shows that micro-banking institutions in Peru have high capital

ratios to prevent losses from non-performing loans resulting from natural disasters associated
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with ENSO events. Thus, we expect banks with a higher capital ratio to be more resilient to

strong ENSO events, especially El Nifio ones.

Considering strong El Nifio events, Table 2.b indicates that results for the subsample of banks
with a low capital ratio are very similar those obtained in baseline. We notice a significant
contemporaneous and lagged decline in banks’ z-score, associated with a decrease in banks’
performances (both ROE and ROA) resulting from a lagged increase in credit risk and a
contemporaneous increase in liquidity risk caused by a reduction in both customers’ and banks’
deposits. Regarding the results for the subsample of banks with a high capital ratio, we notice
a significant contemporaneous and lagged improvement in banking stability (increase in banks’
z-score), combined with an increase in banks’ performances (ROA) and a reduction in credit
risk. Interestingly, this increase in banking stability allows for the absorption of losses
associated with an increase in liquidity risk concerning both customers’ and banks’ deposits.
As for strong La Nifia events, similar to our baseline results, in both subsamples, we find few
instances of positive effects, except from the significant lagged increase in credit risk for banks
with a high capital ratio, possibly reflecting the adverse effect of the subprime crisis on non-
performing loans during the 2008 strong La Nifia event. Thus, these results suggest that banks
with higher capital ratios exhibit greater resilience to adverse climate shocks induced by strong
El Nifio events, due to better losses absorption capacities, despite potential exposure to liquidity
risk. This is in line with the existing literature. For instance, in the context of floods in Germany,
Rehbein & Carbo-Valverde (2020) find that the most affected firms are linked with banks
having lower regulatory capital.

Table 2.b. Banking stability and strong ENSO events: banks’ capitalization subsamples

Stability Performances Credit risk Liquidity risk
Zscore ROE ROA NPL Total Deposits to | Customer Deposits to Bank Deposits to
total assets total assets total assets

High Low High Low High Low High Low High Low High Low High Low

Strong El Nino 0.050 -0.052 0.034  -0.231 0.065% -0.115 -0.138 -0.018 | -0.083 -0.016" | -0.050 -0.016 -0.249 -0.080
(0.007) (0.009) [ (0.044)  (0.057) (0.026)  (0.023) (0.019) (0.018) (0009} (0.008) (0.009) (0.008) (0.029) (0.027)

Strong El Nino (t-1) 0.016 -0.053 <0075 -0.104 -0.029  -0.067 0.022 0.054 -0.015 0.003 0.009 0.005 -0.147 -0.070
(0.006) (0.010) [ (0.049)  (0.048) (0.029)  (0.020) (0.018) (0.017) (0007)  (0.007) (0.007) (0.008) (0.024) (0.023)
Strong La Nifia -0.040 -0.023 0.218 0.142° 0.116 0.052 -0.044 -0.099** 0.042 0.018 -0.001 0.025 0.174 -0.010
(0.065) (0.020) | (0.228)  (0.079) (0.124)  (0.035) (0.150) (0.037) (0046)  (0.015) (0.051) (0.018) (0.157) (0.058)

Strong La Nifia (t-1) 0.065"" -0.024 -0.047 0.031 0.052 0.008 0.201° 0.000 -0.40  0.022° -0.079 0.022 -0.044 0.004
(0.030) (0.019) | (0.163)  (0.082) (0.071)  (0.035) (0.103) (0.031) (0.049)  (0.013) (0.081) (0.015) (0.104) (0.047)

N 4149 4141 4149 4141 4149 4141 4149 4141 4149 4141 4149 4141 4149 4141
R-squared adj. 0.82 0.59 0.41 0.44 0.42 0.48 0.62 0.68 0.87 0.87 0.88 0.90 0.62 0.75

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects. A
given bank is considered as having a high level of capitalization if its averaged capital ratio (total equity to total assets) over
the period 2005-2019 is equal to or above the sample median.
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7.3. Banks’ business model

Finally, the relative importance of traditional (lending and deposit taking) banking activities
compared with more market-oriented activities (e.g. investment banking, proprietary trading,
securities brokerage, insurance sales) in banks’ business model is an important feature that may
also influence their resilience to adverse climate shocks. To assess the relative importance of
market-oriented activities in banks’ business model, we follow the usual practice in the banking
literature and consider the ratio of non-interest income to total income (e.g., Lepetit et al., 2008;
De Jonghe, 2010; Bakkar et al., 2020). To get balanced subsamples, we consider a given bank
as having a high level of market-oriented activities if its average non-interest income to total
income ratio is equal to or above the sample median. High levels of market-oriented activities
can have ambiguous effects on banking stability. On the one hand, banks with more market-
oriented activities are able to better diversify the risks resulting from traditional banking
activities, allowing more resilience in response to adverse shocks (Lepetit et al., 2008). On the
other hand, banks with more market-oriented activities are less prone to develop long-term
relationship with their customers, resulting in less careful risk assessments and financing
granted to potentially more risky firms and households (Beck et al., 2014; Laeven et al., 2016),

which could reduce the resilience of banks in response to adverse climate shocks.

Regarding strong El Nifio events, Table 2.c show that results for the subsample of banks with
high levels of market-oriented activities are close those obtained in baseline. We notice a
significant lagged decline in banks’ z-score, associated with a decrease in banks’ performances
(both ROE and ROA\) resulting from a lagged increase in credit risk and a contemporaneous
increase in liquidity risk caused by a reduction in both customers’ and banks’ deposits. When
considering the results for the subsample of banks with low levels of market-oriented activities,
we observe a significant lagged decrease in banks’ z-score, associated with an increase in
liquidity risk, caused by a reduction in both customers’ and banks’ deposits, but without
significant decline in banks’ performances and increase in credit risk. Concerning strong La
Nifia events, in both subsamples, we find again few instances of positive effects, except from
the significant lagged increase in liquidity risk for banks with a high level of market-oriented
activities when considering the banks’ deposits to total assets ratio. These results suggest that
both market-oriented and non-market-oriented banks are adversely affected by a strong El Nifio
event, but banks with high market-oriented activities appear less resilient due to a decrease in

performances and their simultaneous exposure to credit and liquidity risks.
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Table 2.c. Banking stability and strong ENSO events: banks’ business model subsamples

Stability Performances Credit risk Liquidity risk
Zsrore ROE ROA NPL Total Deposits to | Customer Deposits to Bank Deposits to
total assets total assets total assets

High Low High Low High Low High Low High Low High Low High Low

Strong El Nino 0.005 0.003 -0.104** -0.066 -0.027 -0.005 |-0.063"*" -0.106""" | -0.058" -0.048"" | -0.034™" -0.036"" -0.250""  -0.097
(0.008) (0.008) (0.048) (0.052) (0.023) (0.028) (0.017) (0.021) (0.008) (0.010) (0.007) (0.009) (0.030) (0.027)

Strong El Nifio [t-l) =0.016 =0.015 -0.165 -0.013 =0.090 -0.004 0.071 0.003 0.001 =0.014 0.014 0.001 =0.120 =0.104
(0.008)  (0.008) (0.049) (0.050) (0.026)  (0.027) (0.016) (0.020) (0.007) (0.008) (0.006) (0.009) (0.024) (0.024)

Strong La Nina -0.014 -0.023 0.070 0.289* 0.021 0.134" | -0.086° -0.110° (L014 0.021 0.032° 0.003 -0.079 0.110
(0.020) (0.037) (0.083) (0.135) (0.034) (0.066) (0.046) (0.063) (0.014) (0.029) (0.017) (0.034) (0.061) (0.009)

Strong La Nina (t-1) 0.007 -0.016 0.040 0.013 0.021 0.025 -0.022 0.093 0.012 0.004 0.015 -0.010 -0.007" 0.091
(0.018)  (0.032) (0.086) (0.127) (0.034)  (0.056) (0.034) (0.058) (0.013) (0.027) (0.022) (0.030) (0.050) (0.072)

N 1148 1142 1148 1142 1148 1142 1148 1142 1148 1142 1148 1142 1148 1142

R-squared adj. 0.84 0.86 0.48 0.37 .54 0.44 0.72 0.62 0.87 0.88 0.90 0.89 0.69 0.74

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects. A
given bank is considered as having a high level of market-oriented activities if its averaged non-interest income to total income
ratio over the period 2005-2019 is equal to or above the sample median.

In summary, these additional estimates point to interesting policy implications regarding the
types of banks’ characteristics that may influence their resilience to adverse climate shocks.
Indeed, results derived from Tables 2.a-2.c indicate that banks with a larger size, a higher capital
ratio, and less market-oriented activities are more resilient to adverse climate shocks resulting
from strong EI Nifio events. However, these results should be considered only as an illustration
of the potential heterogeneities that could drive the response of banking stability to strong
ENSO events depending on some key banks’ characteristics. A further in-depth analysis would

be necessary to precisely identify these heterogeneities, but it is beyond the scope of this paper.

VIIIl. Conclusion

This paper aims at contributing to the existing climate finance literature by studying for the first
time the relationship between ENSO-induced natural disasters and banking stability in a sample
of Latin American countries. To this end, we use a large panel of 1208 banks observed at annual
frequency over the period 2005-2019 for 16 Latin American countries. Based on panel fixed-
effects estimates, we use strong El Nifio Southern Oscillation (ENSO) events as a natural
experiment for climate shocks related to climate change, as they produce quasi-periodic climate
oscillations that can lead to unpredictable natural disasters. We consider several indicators to
assess the stability (z-score), the performances (ROE and ROA) and the exposure to credit risk
(non-performing loans) and liquidity risk (bank deposits to total assets) of Latin American
banks in response to ENSO events. To account for the heterogeneous effect of these climate

shocks depending on banks’ characteristics, we carry out further subsample estimates based on
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three key features of banks included in our sample: their size (total assets), capitalization (total

equity to total assets) and business model (non-interest income to total income).

Our results show that, when considering Latin American countries, weather shocks associated
with strong ENSO events can have adverse financial consequences that lead to a decline in
banking stability. We also reveal that strong El Nifio and La Nifia shocks have asymmetrical
effects on banking stability. Strong El Nifio shocks are associated with lower banks’ stability,
resulting from decreased performances associated with increased credit and liquidity risks. In
contrast, strong La Nifia shocks appear to have economic benefits, with no significant impact
banking stability, but higher banks’ performances and lower credit risk. Finally, further
estimates identify some key characteristics of "climate-resilient banks"”. Banks with a larger
size, a higher capital ratio, and less market-oriented activities are more resilient to adverse

climate shocks resulting from ENSO events.

These findings underscore the critical need to understand the intricate relationship between
climate-induced natural disasters and banking stability, especially in emerging regions like
Latin America that are disproportionately vulnerable to such events. Moreover, as climate
change should intensify the frequency and magnitude of ENSO’s cyclical pattern, these findings
can help estimate the potential adverse effects of climate change-induced physical risks on
banking stability and inform future mitigation and adaptation policies. This issue is even more
critical as banks are a key source of external financing for post-natural disaster reconstruction,
economic recovery, and the implementation of measures aiming at dealing with the

consequences of physical risks associated with climate change.
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SUPPLEMENTARY MATERIAL

Appendix 1. Classification of ENSO events

Table Al. Classification of ENSO events

Enso Type Intensity Start End Monthly Yearly
date date Peak Peak

La Nina CrP Weak 11/2005 03/2006 12,/2005 2005

El Nino EP Weak 09 /2006 01,2007 12/2006 2006

La Nina CP Strong 07,/2007 06,/2008 01,/2008 2008

La Nina CP Weak 11/2008 03,2009 01,2009 2009

El Nino CP Moderate  07/2009 03/2010 12/2009 2009

La Nina CP Strong 07,/2010 03/2011 11/2010 2010

La Nina CP Moderate  07/2011 03/2012 11/2011 2011

El Nino Mix  Weak 11,2014 02,/2015 12/2014 2014

El Nino Mix  Strong 03/2015 04,/2016 12/2015 2015

La Nina  CP Weak 08/2016 12/2016 10/2016 2016
La Nina EP Weak 10/2017 04,/2018 12/2017 2017
El Nino Cp Weak 10/2018 06,2019 11/2018 2018

Note: This table presents the different types of EI Nifio and La Nifia events over the studied period according to their intensity
(weak, moderate or strong) and according to whether the maximum warming in the tropical Pacific SST is located in the Eastern
Pacific (EP) or the Central Pacific (CP). This classification is consistent with the ENSO literature (Agus Santoso et al., 2017;
Cai et al., 2020; Timmermann et al., 2018).
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Appendix 2. Latin American natural disasters associated with the strong ENSO events
over the period 2005-2019

Table A2.1. Latin American natural disasters associated with the strong EIl Nifio event
from 2015-2016

Lucation Disnster trpe Diuter Natable event Estimated Damiage Additional mfacmation

MNorth of America

Bfesien

Central region Climatelogical  Swmmer of 2015 Dirought The nedweedd summer suinkall in Mesdeo's contral highlands, attribated ta
El Nio, resulted in decressed crop yields.

Pacific cosst Metenralogicnl Ot 2005 Hurricane Fatricia ) Husricane Patrivia halds the cticn of being the most powerful husri-

scth Pacifie basin. It Formed on October
th and rapidl fied to a Categocy 5 hurricane on the Saiz-Simpeon
sale, The 4 mamber of individuals afected by Hurricane Putricia
i approcimately 15 000

came ever reconded in the easters

Central America

PFacific Slope of Central America Hydrological Up to 6 Oct 2015 Extremss below mverage rains NA Affected conmtrics: Azuers Promsuln, Panama: Guanacaste, Costa Fseas
PFacific sloges of Micormgus, El Sabdor, Honduras, snd Guatemals, Ap-
prodouately 35 mi p imclividuals impac with over 2 million requiring
assistanee in food, sdical, and samitation.

Panama

The Pacific slape Climantological Sep 215 Dirouaght Millioms: The drought asociated with El Mo has culted i crop damsge and the
loss of 2500 cattle.

The Atlantic slope Mleteorologicnl 2015 Extreme temperatune MA NA

Comta Hica:

The Atlantic slope Hydralagical Chct-Nowe 2015 Floods 173 The Ceatral Valley, Sarapicui, and Turrialba cantons, s well as the provioce
of Limen, ha : foods and icles: e o heavy Taindall.
These events e selbed o fve fatalities and [
to USD 173 S

The Pacific sbape Cliznntelogical 2ms Dirouaght NA Dy and lrw-leved anoisture conditions mide worse by EL Nifo bas led to
drought.

Guatemala

Hydralagical Aug Ot 215 Riverioe Bood and Landstide & Frovioee: Liviagston, El Estor (Leasbel departasent), Livingston, EI Estor

(Tzake] dep: ) snel E1C o villnge (Santa Cataring Pinula district,
Guntemala province) for Landslide

Caribhean

Caribbean Island Meteorological — August 27.20 2015 Teopical stosm Erikn )

Dwminican Republic

Hydrological Sep 22 X5 Fiverine food MA Santings district (Samtiage provines), Total Deaths 250
Metenralas Hhurricune Erilas NA Tatal Deaths 250
South of America
Argeotina
Hydralagical Aug 2005 Riverine food NA
Hydrological — Dhree 2015 to jan 2016 Riverine food NA
Erazil
Northeust Cliznntelogical 2ms Dironght and heat wive 2 The draught, sxcerbsted by E] Nifin, resubted in hrightened wildfire activ-
ity, crogr damage, and a scascity of potable water reooros.
Southeastern and Metearalogical Ot 2015 Heat wave NA A devistion of approdmately 4°C-5°C from the normal temperatures b

W=t central been oboerved.

Somthern Hydralagical 2ms Floods and civerine floads T gnificant Hoods were cansed by the overBon of the main cdeers due to
abundant suintall cver Soutbern Brazil and ot of the La Flata basin,
Chile:
Central region Meteoralogical  June to Aot 2015 Extreme tempersture N In Chile, positive snomalics ranging frem +1°C to +15"C were recorded for
Climntologscal June 2015 Dirought NA Santings, the capital of Chile, experienced its most arsd conditions.
Colombia:
Country (CGlobal) Clizmntehagioal D14 MLE Drromght and Wildfine 08 The 4 taxtal o namcunts te USD 608 millioo.
Curibbenn const Meteoralogieal  Sep to Dhee 2015 Extreme temgperature NA Om the Cars const, minx pers i positive anomis-
lses of +5'C.
{ Cemenr)
Central and Narthern ze- Cliznntelogical Sep AN Dhremght and Wildfin: 170 The severe drought, attributed to El Nifio, has reslted i water supply
- ictics for samn, apgricultune, and byd ina. The
[ i ta qarend farest fires, which
s approccimately G8 000 hectares of forest and iopacted 12 out
of the country's 32 provinces.
Feruz
Pacific Const ML ieal  July ta Nove Extreme tempersture N El Nif-related chewnted temperatures (moging fom +1°C te +4°C) have
Nifio event resulted in reduced prodoctivity of cosstal cooystemns, Gopacts
i fisheries and marioe aquaciltore. Notable dranges weee ohserved o the
mipgration patberns of dea [i ler ot al., 2019) and fishing
practices [Hadway, Manley, and Mangubhai, 2016).
Ecuadar
Hydralagical Jan 2015 Riverine and flash Boad 12 Tatal Deaths 9
Paraguay
Hydralogical — New 2005 to Jan 2016 flaad NA Tatal Deaths 12
Urnguay
Hydrological Mo to Dec 2015 Enverine food NA NA

Note: compiled by authors with data from IMF’s “State of the climate” reports from 2007 to 2019, OECD and the World Bank
reports, Aon Benfield’s “Annual Global Climate and Catastrophe” reports from 2010 to 2017, EM-DAT database and national
government reports. Natural Disasters classification follows the EM-DATA guidelines. The EM-DAT was created by the
Center for Research on the Epidemiology of Disasters (CRED). Total affected corresponds to the sum of injured, affected and

homeless.
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Table A2.2. Latin American natural disasters associated with the strong La Nifia events

from 2007-2008 and 2010-2011

Location

Disaster type

Date Naotable event

Estimated Damage

Additional information

North of America

Mexico

Southern

Hydrologieal

Meteorological

Meteorological

2010 Flood and landslide

Aug to Sep 2007 Hurricane Karl, Dean and Henriette

Sep 2010 Tropical Storm Matthew

250

3 000

167

The intensified rainfall due to La Nifia resulted in numerous floods and
landslides across multiple states in Mexico. For instance, significant damage
occurred, with at least 150,000 homes being destroyed or damaged in the
states of Tabaseco, Veracruz, Chiapas, and Oaxaca, resulting in over 600,000
people being displaced from their homes.

The impact of Hurricane Karl (Category 3) was ohserved in 114 cities in
the state of Veracruz, with strong winds and heavy rainfall. Similar events
include Hurricanes Dean (13-23 August 2007) and Lorenzo (23-28 Septem-
ber 2007), which formed in the Atlantic Ocean, and Hurricane Henriette
(30 August—6 September 2007), which formed in the Pacific Ocean.

NA

Central America:

Costa Rica
The Atlantic slupe

The Atlantic slope

Guatemala

Meteorological

Meteorological

Sep 2010 Tropical Storm Nicole

Now 2010 Hurricane Tomas

330

Tropical Storm Nicole has resulted in significant damage to electric and
transportation infrastructures, housing, and agriculture.

Hurricane Tomas impacted Costa Rica, bringing about strong winds and
heavy rainfall, which led to numerous landslides, power outages, road clo-
sures, and unfortunately resulted in 28 fatalities.

Meteorological
Hydrologieal
Meteorological

Hydrologieal

Sep 4 2007 Storm Felix

Sep Oct 2007 Riverine flood

Sep 25 2010 Tropical storm Matthew
Sep 4 2007 Riverine flood and Landslide

NA
NA
NA
671

Puerto Barrios, Morales districts (Izabal province).
Guatemala district (Guatemala province) Total Deaths 11
Peten, Isabel, Suchitepequez, Huehuetenango, El Progreso provinces

Chimaltenango, Quezaltenango, Escuintla, Retallulen, Suchitepequez,
Solola, Totonicapan Total Deaths provinces 53

Caribbean

Dominican Republic

Jamaica

Meteorological

Hydrologieal

Meteorological

Hydrological

Oct 28 to Dec 2007 Storm Noel, (Mga and Dean
Jun 2007 Riverine flood

Oct 29 2010 Hurricane Tomas

Jul 2010 Riverine flood

110
NA

NA

NA

Noel 110, Olga 64, Dean b6

Azua, Barahona, Distrito Nacional, La Altagracia, La Romana, Pedernales,
Peravia, San Cristobal, San Pedro de Macoris, Santiago, Santo Domingo
provinces

Azua, Baorueo, Barahona, Dajabon, Distrito Nacional, Duarte, El Seibo,
Elias Pina, Espaillat, Hato Mayor, Independencia, La Altagracia, La Ro-
mana, La Vega, Maria Trinidad Sanches, Monsenor Nouel, Monte Cristi,
Monte Plata, Pedernales, Peravia, Puerto Plata, Salcedo, Samana, San
Cristobal, San José de Ocoa, San Juan, San Pedro de Macoris, Sanchez
Ramirez, Santiago, Santiago Rodriguez, Santo Domingo, Valverde provinces

Azua, Baorueo, Barahona, Dajabon, Distrito Nacional, Duarte, El Seibo,
Elias Pina, Espaillat, Hato Mayor, Independencia, La Altagracia, La Ro-
mana, La Vega, Maria Trinidad Sanches, Monsenor Nouel, Monte Cristi,
Monte Plata, Pedernales, Peravia, Puerto Plata, Salcedo, Samana, San
Cristobal, San José de Ocoa, San Juan, San Pedro de Macoris, Sanchez
Ramirez, Santiago, Santiago Rodriguez, Santo Domingo, Valverde provinces

Meteorological

Meteorological

Oct 28 to Dec 2007 Storm Noel and Dean

Sept 20 2010 Storm Nicole

423

a0

Dean 423 Clarendon, Saint Thomas, Saint James, Saint Andrew And
Kingston provinces

Clarendon, Hanover, Manchester, Portland, Saint Andrew And Kingston,
Saint Ann, Saint Catherine, Saint Elizabeth, Saint James, Saint Mary, Saint
Thomas, Trelawny, Westmoreland provinces

Note: compiled by authors with data from IMF’s “State of the climate” reports from 2007 to 2019, OECD and the World Bank

reports, Aon Benfield’s “Annual Global Climate and Catastrophe” reports from 2010 to 2017, EM-DAT database and national

government reports. Natural Disasters classification follows the EM-DATA guidelines. The EM-DAT was created by the

Center for Research on the Epidemiology of Disasters (CRED). Total affected corresponds to the sum of injured, affected and

homeless.
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Table A2.2. Latin American natural disasters associated with the strong La Nifia events
from 2007-2008 and 2010-2011 (continued)

Location Disaster type Date Notable event Estimared Damage Additional information

South of America

Argentina

Hydrologieal Jan to Mar 2008 Riverine Hood NA Salta city (Capital distriet, Salta provines), General San Martin, Oran,
Rivadavia districts (Salta provinee)

Meteorological Jul 2000 Caold wave NA Buence Aires, Buence Aires DUL, Catamarca, Chaco, Chubut, Cordoba,
Corrientes, Entre Rics, Formesa, Tujuy, La Pampa, La Ricja, Mendoza,
Misiones, Nenguen, Rio Negro, Salta, San Juan, San Lu anta Cruz,
Santa Fe, Santisgo Del Estero, Tierra Del Fuego, Tucuman provinces Total
Dreaths 42

Brazil

Northeast Hydrological Jume L0 Flood and mudslides G0 The heavy rains, intensified by the infuence of La Nija, have led to
widespread fooding and mudslides. These events ave resulted in the de-
struction and damage of at least 115,00 homes and a loss of 72 lives.

Amazmon Climatological 2010 Drmought NA The onset of the drought occurred during the E1 Nifo event in 2009 and sub-
sequently intensified during La N the Amanon region, thes: prolonged
dry spells have had adverse effects on water availability, transportation in-
Frastructure, and fishing activities, primarily cased by exceptionally Jow
river levels

Southeastern amd Hydrological April 2010 Flood and mdslides 14 200 A total of 25 000 local bomes have been destroved, and 256 people have
been killed or injured as a vesult of foods and mudalides associated with La
Nifia.

West central

Sauthern Meteorological  April ta Sep 2010 Cold wave and drought NA The combination of reduced precipitation and lower temperatures, exac-
erbated by the presence of La Nifia, has resulted in dronght conditions
and significant damage ta agricuttural and livestack secters. These circum-
stances have farther aggravated water scarcity issues for summer crops such
as sovhean, maize, and rice, as well as pastureland.

Andes Meteorological July and Augnst Cald wave NA The severe drought associated with La Nifia has resulted in the death of
thousands of livestock. The Chilean goverment has declared an agricul-
tural emergency in respoase.

Climatological sevond kalf of 2010 Drmought NA The sectors most affected include agriculture, livescock, timber induscries,
energy. and industrial sectors.

Sauthern region Meteorological Tuly 2010 White earthouake NA On July 10th, an unprecedented drop in temperatures and a significant
white eartheuake prompted the Chilean government to declare an agricul-
tural emergency. The accumulation of over one meter of snow resulted in
severe damage to crops and livestock. This weather event, known as a
"white earthouake,” had not heen witnessed since 1005 prior to 2010

Colombia:

Country (Global) Hydrological 2010,/2011 Floods and Llandslides G300 The foods triggered by the La Nifia event of 20102011 resulted in an ap-
proximate cumulative damage cost of USD 6.3 billion. The total governient
expenditure, encompassing both immediate response and recovery efforts,
was estimated at 175D 1.5 billion.

Ceatral negion Hydrological Nov to Dec 2000 Flood + 30 The Hash Hoods and landslides associated with La Nifa have submerged
250,000 homes and a significant portion of Colombia’s agricultural regions.
The event resulted in a minimum of 176 [acalities and left 225 individoals
injured.

Northwest Hyddrological Sep 2010 Floods and Landslides + A0k The landslides and Aoods, exacerbated by La Nifa, bave resulted in exten-
sive damage. According to government authorities, over 552 municipalities
in 28 out of the country’s 32 departments have been affected, and more than
201 700 hoanes have been destroyed.

Peru:

Comntry (Global} Climatalogieal Jul to Sep 2010 Diroanght NA Precipitation levels experienced a notable decline, with ohserved deficits
reaching up to 1005

Low-lying Hydrologieal Nev 2010 Flood e} The torvential rains associated with La Nifa resulted in substantial land-

alides, resulting in the loss of life of & minimum of two individuals and

Amazen rainforest easing injuries to 10 others.

Presuvian Altiphos Meteorological Tuly 2010 Cold wave NA The Peruvian Altiplane, densely populated by impoverished Earmers, expe-
rienced recard-low temperatures of -2 degrees. Government reports indi-
cate that at least 404 individuals lost their lives as a vesult of hypotheruia,
pueumeonia, and carbon monoxide poisoning.

Ecuadaor

Hydrological Jam 2008 Riverine Hood 135 Azuay, Bolivar, Canar, Carchi, Chimboraze, Cotopaxi, El Oro, Esmeral-
ihabuta, Loja, Pichincha, Santa Elena {Adml). Alfrede Baguerizo
Moreno, Baba, Bababovo, Chone, Daule, Montalve, Salitre, nboromdon,
San Jacinto de Yaguachi, Santa Lucia, Toesagua, Urdaneta, Vinces (Adm2).
Taotal Deaths 41

Hydrological Fev 2011 Riverine Hood NA Vinees district (Los Rios provinee), Bolivar, Carchi, Chimborazo, Cotopaxi.
El Oro, Guayas, Imabura. Manabi. Zamora Chinchipe provinees

Paraguay
Climatological Sep 2007 Wildfire NA Tradition of burming crop felds, drought and lack of rain

Metearological Jul 2010 Cold wave nNA Alto Paraguay. Alto Parana, Amambay, Bogueron, Casguas, Caszapa,
Canindeyu, Cetteal, Coneepeion, Cordillers, Guaiea, Itapua, Wisiones,
Neenshuen, Paraguari, Presidente Hayes, San Pedro provinees

Urngusy

Meteorological Jul 2007 and Jul 2010 Cold wave NA Artigas, Canclones, Cerro Largo, Colonia, Durasmno, Flores, Flovida.
Lavalleja, Maldenade, Montevides, Paysandu, Rio Negro, Rivera, Rocha,
Salto, Ban lose, Soriano, Tacuaremba, Treinta ¥ Tres provinces

Note: compiled by authors with data from IMF’s “State of the climate” reports from 2007 to 2019, OECD and the World Bank
reports, Aon Benfield’s “Annual Global Climate and Catastrophe” reports from 2010 to 2017, EM-DAT database and national
government reports. Natural Disasters classification follows the EM-DATA guidelines. The EM-DAT was created by the
Center for Research on the Epidemiology of Disasters (CRED). Total affected corresponds to the sum of injured, affected and
homeless.
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Appendix 3. Data description, sources and descriptive statistics

Table A3.1. Data description and sources

Variable Description Source BankFocus
Climate indice
ONI Monthly Oceanic Nifo Index (ONI) National Oceanic
and Atmospheric
Administration
(NOAA)
Dependent variables
Stability
Z-score Z-score computed as the sum of aggregate prof- BankFocus, own 63300, 52600, 73400,
its the return of total assets and aggregate capital caleulation 63300
ratio divided by the volatility of aggregate profits
before tax, multiplied by 100.
Performances
ROE The ratio of profit(loss) before tax to total equity BankFocus 73400, 63300
multiplied by 100.
ROA The ratio of profit(loss) before tax to total assets BankFocus 73400, 52600
multiplied by 100.
Credit risk
Non-performing loans The ratio of non-performing loans to gross cus- BankFocus 99280
tomer loans multiplied by 100.
Liquidity risk
Total Deposits to total assets The ratio of total customer and Bank deposits to  BankFocus 60300, 60400, 52600
total assets multiplied by 100.
Customer Deposits to total assets The ratio of total customer deposits to total assets BankFocus 60300, 52600
multiplied by 100.
Bank Deposits to total assets The ratio of total bank deposits to total assets mul-  BankFoeus 60400, 52600
tiplied by 100.
Bank-specific controls
Size The nature logarithm of total assets (in billions of BankFocus H2600
US dollars).
Growth rate of assets The growth rate of total bank assets multiplied by BankFoeus 52600
100.
Capital ratio The ratio of total equity to total assets multiplied BankFocus 63300, 52600
by 100.
Cost to income The ratio of total operating expenses to total op- BankFocus 72100, 72800
erating revenues multiplied by 100.Total operating
expenses is the sum of Staff expenses and other ad-
ministrative and operating expenses.
Net interest margin The net interest income as a pourcentage of inter- BankFoeus 99530
est earning assets multiplied by 100.
Loans to total assets The ratio of total gross loans and advances to cus-  BankFoeus 51500, 52600
tomers to total assets multiplied by 100.
Noninterest income The noninterest income to total assets ratio, ex- BankFocus T1300, 71700, 52600

pressed as a percentage, is caleulated by multiply-
ing by 100. Total noninterest income is the sum of
the net fee commission income and the total net
trading income and the fair value.
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Variahle

Description

BankForus

Bank Failures

Binnk Mergers and Acguisitions

1

o2

[}

uz

U=

Binary varinhle, taking the wmloe 1 for banks con-
sidered "noneactive® according to the * BankFo-
ous" dntabase, and () otherwise.

Bimary warinhle, taking the valoe of 1 for the year
in which a Bnancial institation potentially under-
goes or engages in a merger and acquisition. and
0 otherwise. The selection is based on histarical
data obtamed from BankForus for each bank, and
with a threshold of a 15% or higher wriation rate
in total assets.

Binary varinble, taking the vahee of 1 for stat conent
of & mother company integrating the statements
of its controlled subsidiaries or branches with no
unconsafidnted companion, and 0 ofherwise

Binary varinble, taking the vahee of 1 for stat conent
of & mother company integrating the statements
of its controlled subsidiaries or hranches with an
upconschidated companion, and 0 otherwis:
Bimary varinble, taking the vahee of 1 for stat coeent
not integrating the statements of the posible con-
trodled subsidinries or branches of the concerped
company with o consobidated companion, amd 0
otherwise.

Bimary varinble, taking the vahee of 1 for stat coeent
not integrating the statements of the posible con-
trolled subsidinries or branches of the coneeroed
company with an consolidated companion, aml 0

Bimary varinhle, taking the wlue of 1 for additional
unconsclidated statement, and () otherwise,

BankForus

BankForus

BankForus

BankForus

BankForus

BankForus

BankForus

own caleulation

own caleulation

own caleulation

own caleulation

own cabrulation

own cabrulation

own cabrulation

Country-specific macro-financial controls

Banks' total assets to GO

Credits to deposits

Concentration Bank

Fteal bank lending rate

Private credit

Growth private credit

Subprimes crisis

VIX

FED funds rate

The mtio of total assets beld by deposit money
banks as a share of GO, expressed in percentages.
The ratio of credit provided to the private sector
by domestic deposits money banks as o share of
total deposits, expressed in percentagrs.

The ratio of aseeis beld by the five largest banks

ns a share of total commercinl banking assets by
country, expressed i peroent ages.

The difference between the average anmual bank
lending rate and the inflation mte, expressed i
percentages.

The ratio of private credit by deposit money banks
and other Anancial mstitutions to GOP, expressed
in peroentages.

Growth rate of private credit by deposit money
banks and other finnncial institutions o GO, ex-

pressed i percentages.

Bimary warinbles, taking the valoe of 1 for the year
t of ocourrence of o Subgprimes crisis (between 2007
ancd 200}, and 0 atherwise.

The anmaal S&* 500 Volatikity Index (VIX), daily
AVETEE.

The nominal of effective Fedeml funds rate, ex-
pres=ed i percentages.

Workd
GFDD
Workd
GFOD

Workl
GFDOD

Latin
Watch

Workl
GFDD

Workl
GFDOD

CBOE

CROE

Bank.

Bank,

Bank.

MasTo

Bank,

Bank,

GFLD.DL02

GFDDSLM

GEDDOLDG

GFOD.DLLZ

GFDDDLL2

own caleulat ion
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Variable

escription

Code Source

Country-specific mawcroeconsmics controls

Real GDP
Heal GDFP growth

Heal GDF per capita
Infntion

Growth nominal exchange rate

Girowth of curment account balanee

Growth of terms of trade

Sorvereign debt crisis

Currency crisis

Annual real GOF in a constant 201505 dodlar

Growth mte af Annmal real GDP m oA constant
W5 dollar US | expressed in percentages.

nnnunl real GODF per Capita in U5 dallar at cone
stant 215 prices.

Annual growth rate of the CPindex (hase 2005)
multiplicd by 10K, expressed in percentages

Growth rste of annoal exchange rte toltiplied by
1M, from the currency unit to US dollars, end of
period, expressed in percentages.

CGirowth rate of annual ourrent account balanosd
mubtiplied by 100, net [Excluding Exceptional Fi-
mAnCing ).

Girowth rate of anmal Net Barter Terms of Trde
Index |base 2015) multiplied by D).

Bimary variables, taking the value of 1 for the year
t of oorurrence of & sovereign debt orisis moconntry
i, and 0 otherwise.

Binary warinbles, taking the wloe of 1 for the year
t af occurrence of a currency crisis in country i,
andl 0 otherwise.

World Hank, W1
Workd Bank, W

Workd Bank, WD

Workd Bank, W1

Latin Marro Watch

IMF IFS

Workd Bank, W1

Laeven, L. and Ve
lencis, [ 202])

Laerven, L. and Vae
lencia, . [ 203H]))

Note: to address potential outlier values, a logarithmic transformation was applied to all dependent and control variables. For
variables expressed as a growth rate, we applied the following transformation: x =sign(x)-log(1+|x|). The use of X mitigates

potential extreme values of x, while preserving its negative values and thus the size of our sample.
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Table A3.2. Descriptive statistics

Obs Mean Min 25% Median 75% Max Std. dev. Skewness Kurtosis

Dependent variables

Z-score 8200 299 037 265 2.95 327 460 0.52 0.31 3.82
ROE 8200 226 -5.80 214 2.69 3.03 546 1.48 -2.60 9.96
ROA 8200  1.04 -4.01 074 1.17 152 3.33 0.80 -1.74 7.95
Non-performing loans 8200 187 001 130 1.87 242 455 0.77 0.06 2.64
Total Deposits to total assets 8200 406 010 392 4.23 4.38 458 0.51 -2.63 13.13
Customers deposits to total assets 8 200  3.97 0 0 4.16 4.33  4.58 .59 -2.87 14.86
Banks deposits to total assets 8200  0.795 0 0 0 1.50 445 1.13 1.16 3.03

Bank-specific controls

Size 8290 059 000 001 0.07 0.60 6.32 107 2.38 8.66
Growth rate of assets 7082 117  -4.35 -145 2.22 308 T.62 2.49 -0.64 1.93
Capital ratio 8200 288 115 254 2.83 314 457 0.52 0.63 3.70
Cost to income 8290 414 221 399 417 432 530 0.28 -0.77 6.25
Net interest margin 8290 248  -4.27 209 2.50 293 494 0.69 -1.00 8.36
Loans to total assets 8290 4.03 012 388 4.13 428  4.60 0.38 -2.22 12.22
Non-interest income 8290 226 -5.27 1.68 271 314 535 1.35 -1.46 5.61

Country-specific macro-financial controls

Banks' total assets to GDP 8200 424 253 374 4.60 468 475 0.54 -0.69 1.95
Credits to deposits 8200 4.61 390 448 4.52 476 542 0.25 1.01 4.52
Concentration Bank 8290 435 392 431 4.40 441 4.61 0.12 -1.24 5.18
Real bank lending rate 8200 271 -2.84 212 3.30 3.63 3.88 1.25 -1.81 6.76
Private credit 8290 4.00 237 354 4.26 436 4.82 0.50 -0.92 2.74
Growth private credit 8200 094 -331 -0.88 1.19 206 3.64 1.50 -0.59 212
VIX 8200 273 241 265 2.76 281 3.49 0.20 1.02 6.38
FED funds rate 8290 057 007 015 0.43 0.94 1.83 0.44 0.58 2.30

Country-specific macroeconomics controls

Real GDP 8200 27.35 23.34 2641 2819 2822 28.26 1.32 -1.26 3.06
Real GDP growth 8200 052 -2214 015 0.84 1.25  2.65 1.15 -0.77 2.39
Real GDP per capita 8290  9.07  7.70  9.04 9.06 9.19  9.84 0.26 (.82 5.97
Inflation 8200 174 -0.34 149 1.57 2,00 4.00 0.56 0.331 6.13
Growth nominal exchange rate 8200 111 -3.28 -0.20 1.61 2,80 4.64 2.12 -0L57 214
Growth of current account balance 8 290  -0.16 -8.33 -3.78 -2.75 3260 867 3.82 0.21 1.37
Growth of terms of trade 8290 -0.20 -3.26 -147 -0.31 121 343 1.65 0.09 1.73

Note: to address potential outlier values, a logarithmic transformation was applied to all dependent and control variables. For
variables expressed as a growth rate, we applied the following transformation: x =sign(x)-log(1+|x|). The use of x™ mitigates
potential extreme values of x, while preserving its negative values and thus the size of our sample.
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Table A3.3. Distribution of banks by country from 2005 to 2019

Country 2005 2008 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 Total [Per:ent)
Argentina 4 [ 7 7 U] 1 13 13 £ a0 0 a 30 £l 26 a7 (3.31%)
Bolivia [} 2 2 2 2 2 2 2 [ 6 [ [ 6 5 5 54 0.65%
Grazil 4 T T T 12 12 23 25 35 TEI TE3 T8 Tad 15 Lixr.3 A28 (55.85%)
Chile 1 1 E 3 13 13 13 14 15 16 i 15 15 14 13 165 {20{}%)
Colombia 2 H [ [ 17 17 A0 20 1 23 20 20 20 L] 14 Rl (2.82%)
Costa Rica 1 2 2 @ 5 3 28 29 31 32 32 331 32 30 30 A {3.55%)
Dominican Hepublic [} 3 3 3 4 £l 1 4 Hi 26 216 26 2 2l 24 03 (2.45%)
Ecuadar 0 1} 0 0 1 1 3 1 # Y a - ) £ a7 M (2T
Guatemala [} 1] (] 0 3 3 3 3 8 & & 8 & T T fiti {0.8055)
Jamaica 1 1 ) 2 ) 2 2 F] 3 1 1 1 1 1 1 i (040%)
Mexico 11 16 16 16 21 21 25 26 131 136 156 156 138 13 13 1215 (1665
FPanama [} 2 2 2 T 7 T T 14 16 i 16 16 LG 16 144 (1.74%)
Paraguay ] 1 1 1 1 1 1 1 12 12 12 12 12 12 12 a1 {1 ]LWE)
Paru b3 ) ) 20 ag 33 3 31 H 32 31 a1 it bl at] A6 (3.60%)
Trinidad and Tobago 2 2 2 2 2 2 2 3 4 3 3 5 1 1 4 48 (0.58%)
Uruguay 0 1 4 1 5 5 5 6 10 10 10 10 & T 7 a5 (1.155%)
‘Total 5 #1 His 113 138 135 183 193 415 1156 11593 1135 115% 1108 1065 B2 (]ﬂﬂ'}{z)
(Percent) (0.655%) (0.08%) (LOIG) (LOA%) (LO6%) (LG6T) (220%) (2.33%) (5.00%) (LLASY%) (LL30%) (L441%) (18.08%) (12.37%) (12.85%) | (100%)

Table A3.4. Distribution of banks by business model from 2005 to 2019
Husiness model 205G e HioT 2HiE 2ot 2 Hinl o ) 14 ) i) -ty mly U E Hns Total  [Perecal)
Bank holding company 6 8 4 El 1% 1t 15 19 = Px] £+ B 2z n ] 6 LG
Upenmecreial hank = Tl or a7 = H ¥} 136 ZE i 24 it o T M2 e (Zr22%)
Upapeialiv: bank 2 EY kS 3 & 3 19 o & THS = THE Ta% TH (4] MHis [Tr.lll':ﬁj
Havings hank T8 7 17 17 i 17 1% 1= plirg | 2] 1z (-] 1z 1) 120 a7 []I.T!l':ﬁ]
“Total = LA i k. ™ [k 143 1 L1 4 [RRL1 1= s 1159 s 1IN Hz0 []III':{\]
{Pescent) (oon%) (sl (Loe) (1) 66%) (LE) (Za%) (%) (%) (k) (o) (aak) aew®) (k) (1z=s) | (o)
Table A3.5. Cross-sectional dependence test
Stability | Performances | Credit risk Liquidity risk
Facore RO ROA NPL Total Depogits | Costomer Deposita | Bank Deposits
to total assets to total assets to total assets
(1) (2) () (1) (a) (6) (7)
Statistic 24.94 1ThA4 | 4512 TN 222 146,74 AR
P-value (1001 (.000) | (o.o00y (110000 (0000 (000 ) (IRLEAN
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Appendix 4. Robustness

Alternative classification of ENSO events

Table A4.1. Banking stability and moderate ENSO events

Stability | Performances | Credit risk Liguidity risk
Lacore ROE ROA NPL Total Deposits | Customer Deposits | Bank Deposits
to total assets to total assets to total assets
(1) (2] (3) (4} (5} (G (n
Moderate El Nino 0.005 SULLTER IR 0.075° 014 [L0VE -[L00E
(0.022) | (D.110) | (0.0d6) {0.0d1) (0.015) (0.009) [0.0G4)
Moderate El Nino (t-1) -0.009 0.115 (LM -0.0GE" 0.031°" ILRILE i -0.091
(0.024) | (0U08E) | (0.039) (0.039) (0.014) (0.01T) (N.058)
Moderate La Nina -0.004 0.069 (L0341 0008 0.016 ~0.003 0014
(00200 | (08T | (0.087) (0.042) (0.01T) (0.024) (0.049)
Moderate La Nina (t-1) -0.000 NG 0023 -0.017 .01 -0.021 -0L002
(0.018) | (0083 | (0.085) (0.041) (0.013) (0.009) [0.048)
N 2200 B230 E200 5200 B290 B290 B290
R-squared adj. 056 0.43 048 0.67 08T 0.89 0.71
Bank FE Yes Yes s Wes s ies Vs
Banking business model FE Yes Yes s Yes Yes Yes Yes
Country FE Yes Yes Yies Yies Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Accounting for additional control variables: bank-specific controls

Table A4.2.a Adding bank-specific controls: z-score

Stability (Zscore)

(R3] (B3] (k1] (4) (&) 7] (8) (9] (10} (11 (1) (13] (14 (15) (16) (7 (18)
Strong El Nid QLN A0 <0008 0004 000 EIELL 0005 0004 s <0012 RUTL ) BIELLI [LTCES [LICIR A.002 0.004 -2 BT
(0006) (0.008) (0.002 100085 [0u006) {10005 (0006 ) {10008 (L (0006 ) (0.005) (0.006) {10008 (10000 (0006 ) (DL006) (0006} (000a)
Stromg El Nifio (t-1) ALOLS 00 00087 0017 L0024 0110 00147 00157 0016 - 0012 SLOLS™ G016 0018 C0OL6™  GLOLE™ (L&
(0.005) (0L006) (0.002 100085 [ 0u006 ) 110005 (0006 ) {10008 (L (0006 ) (0006 {10008 (10000 (0006 ) (0u006) (0006} (Don2)
Strong La Nina RO 0017 -0027 0021 -2 0018 -0018 0018 002 =0.036" -me 0006 025 -0u01s -0
(0.021) {10008 (0.00] UL {0.009] (0u019) (0.01%9] (0019 UL (0019 (0.01%) (0.01%9] (0.019] UL {019y (0.01%) (0u006)
Strong La Niga (t-1) <0.035" 0 0.007 BIELL (006 0003 0003 0003 0003 0019 A.008 e -0 -2 0011 Ar00d -00L3 0001
(0019) (0.020) {10008 (0.006] (0.017) (0.017] (0.017) (0007 (0.017] (0.017) (0.7 (0.017) (0007 (0.017; (0.017) {0mm) (0.017) (0.005)
Bank-specific controls
Size 0206 0055
(a.043) {0010
Growth rate of assets 0,007+ D004
(0.002) (0000
Capital ratia L0z WL
(0004 (0.0012]
Cost to income 370" 165
(000630 (o.o1n
Net interest margin o.0a7 0007
(00L5) (0004
Loans to total assets 0.2000 0016
(000630 {0007
Noninterest income 007
(0005)
Bank Failures (t-1) 141
{020
Bank Failures (t-2) 0131 08
(OL061) (o.o1n
Bank Mergers and Acquisitions D043 0006
(0.006) (002,
Bank Mergers and Acquisitions(t-1) 0,084 0000
{10.00x) (0002,
Bank Mergers and Acquisitions(t-2) 0051 0001
(0,008 (0002,
c1 «0.082° -Da0al
(0ui22) (.01
c2 0035
(0040)
U1 0,066 iz
(0014) (0.016]
Uz <011 0,082
(0045 (0.0L0]
u= DOBT 02
(mols) (00l
N 200 082 10 BN B0 B0 20 B0 B0 200 290 10 B290 B0 200 s290 B0 082
Resquared adj. 0.86 087 0.99 087 [LE] 086 (LR 086 (L 0s6 086 .86 [LE] 0.86 086 .86 049
Bank FE Ves Yes Yes Yes Yes s Yes s Yes Yes Yis s Yes Yes Yis s Yes
Banking business model FE Ves Yes Yes Yes Yes s Yes s Yes Yes Yis s Yes Yes Yis s Yes
Country FE Ves Yes Yes Yes Yes s Yes s Yes Yes Yis Yes Yes Yes Yes Yis s Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors

clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.2.b Adding bank-specific controls: ROE

ity

Performance (ROE)

(5 ) m (0] (10 (1) (12 (3] (14) 15y (16) (1] (18]
Strong El Nidio D087 OABLTT 09T 008 0081 ALOSTT L1AETT OEET LDEST 00847 0BT 100 00827 00997 0056
(D06)  (0051) (OB (0UE2) (15) [0035) (0007 (0035 (D035 (0.035) (0035 (0035 (0035) (0048
Strong El Nifio (t-1) SOOEET LT LDOSET DS DL 009177 109 AL0ES 0,088 00887 0086
(DOE5) (0034) (S (0UE2) (5) b [0 (0035 (0.035] [0035) (0035
Strong La Niia R LS 0125 0.199 0084 0467 0468 D60 0127 (IR 01627 01627 0160 01447 0162 [T
(O79)  (0078) (0074} (0T (0.075) (00TS) [0.075) [0.074) (0L07s) (0OTS)  (0075) (0.075) (0L075) (0074)
Strong La Niia (t-1) T3] [t L0400 0003 002 0027 -z 028 0029 0028 0008 0025 ] 0.041
(O79)  (0075)  (DOTZ)  (DOST) (073) [0074) (0074 (RO73)  00T4)  (0DT4) (007X (0073 (00T3) (006
Bank-specific controls
Sime [0~
(0126}
Growth rate of assets o0oTE 0.063
(L) (0]
Capital ratio 11467 0818
(156) (0164
Cast to income ~3.353 3089
(.101) (2000
Met interest margin 0215 0021
(01.060] (a1
Loans to total assets o110
Noninterest income 0027
(0024
Bank Failures (t-1) ~2.a78 <1883
(0,755 (1560
Bank Failures (t-2) <1206 <0711
[0.408] (319
Bank Mergers and Acquisitions 0.137 0.0%4
() (053
Bank Mergers and Acquisitions (t-1) 0071 [
(0001 (6]
Bank Mergers and Acquisitions (t-2) 0.018
(0.008)
1 LK
(1066)
c2
(0,140
1 01Te 0047
(0TS (0144)
Uz 0101
(ST
u* 04077
(118)
N 200 Tz 200 ) H200 290 20 8200 200 8200 H200 200 ) 200 200 8200 Toe2
Re-squared adj. 04 048 [ [ 043 043 04 0.41 043 043 043 0.43 043 04 0.43 043 058
Bank FE Yes Y= Yes Yo Yes Y= Y= Yes Yes Yes Yes Yes Vs Y= Yes Yes Vs
Banking business model FE Yes Y= Yes Yo Yes Yes Y= Y= Yes Yes Yes Yes Yes Vs Y= Yes Yes Vs
Country FE Yes Y= Yes Yo Yes Yes Y= Y= Yes Yes Yes Yes Yes Vs Y= Yes Yes Vs

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.2.c Adding bank-specific controls: ROA

Performance (ROA)

[§H] () () 1) 0] 7 (8) 1] (10} (1) (13 (14) (15) i16) (17) (18)
Strong El Nido A0LE DAZETT 0026 0015 A6 A0S 000 07 AT LLDSTT s 0019 JETTIT LA T E V1 0014 S 049
(R018)  (R026) (ROG)  (00L8)  (0.E) (00IS)  (QME) (0008 (08) (RM8) (0018 (oS (p018)  qooez)
Strong El Nifio (t-1) -0.047 ~0.080° <0061 0044 <0046 00407 0. 0.0 047 <0047 <0055 0105
(0019)  (DLOIS)  (OANE)  (RO1T) (0AN8)  {0U08) (0] (OO 08 (i) (oEy my (0019)  (D0L19) o)
Strong La Nidia 0046 00610 A RO DOGEF 00TFC 0A068¢ DOGST 0067 003 M3 0066 00687 0069 (0SS D068 0043 0.0
(0035)  (0OSR)  (0A3L)  (DOB0)  (0034)  (0034)  (00Ed) (0B4) (0084)  (00ER) (03] (0B (0034) (0034)  (0034) (RO (0034) 0Ly
Strong La Nidia (t-1) 0006 0050 [ [T [t w0 00 oz 0022 0018 s 0.018 0023 00H [ 0z 000 0003
(D03 (O35 (00290 (025 (003 (00a1) (D031 (1) (0041 (00S1)  (0031)  (00E1 (0031 (003L)  (DA31)  (0E1)  (R0dL)  (0.028)
Bank-specific controls
Sz <0118 0122
(0L05T) (0054
Growth rate of assets 00347 0.0
(0L005) (LN
Capital ratio 0.973 07647
(0.080)
Cost to incoms: -1.81
(D)
Net interest margin 0160+ 7
[0y {0.023)
Loans to total asscts 0.123° -0.106
[0.068) (0L06T)
Moninterest income Ll
(0.012)
Bank Failures {t-1) 1281 0388
(485) (0.204)
Bank Failures {t-2) <0726 <0.370°
Bank Mergers and Acquisitions 0.ii
(R018) (0017}
Bank Mergers and Acquisitions(t-1) 0076 0023
{0.00T)
Bank Mergers and Acquisitions(t-2) D052
{020y (ooz1)
i 000 0.0
{0037} (005}
cz
u1 0155 -0.074
(001} (00TE)
U2
u* 04517 0087
(0.088)  (0.063)
N A2} T082 8290 B2 5290 8200 8290 £2) 8200 B2 5200 B2 5290 5290 8200 ] 5290 T2
Resquared adj. [ E] LR 052 ) 0.4 048 .48 [EL] 048 RS 048 [ES) 048 048 048 [EL 48 i
Bank FE Ve Wes Yo Yo Wes Yes Yes Wes Yes Vs Yes Vs Yes Yes Yes Vs Yes Vs
Banking business madel FE Yes Wes Vs Yes Vs Vs Vs Wes Vs Yes Wes Ves Yes Wes Yes Ves s Vs
Country FE Yes Yes Vs Yes Ves Vs Vs Wes Yes Yes Yes Yes Yes Yes Yes Yes Yes Vs

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.2.d Adding bank-specific controls: non-performing loans

Credit risk (NPL)

[£1] [+ 3 i 5] L] i i8) (&0 (1) [R81] (1% (13 (14 (15 {16 {7 (18]
Strong El Niifio 00847 o SLOEZT LOBSTT SLORTT L0OTET 0083 008477 00847 008577 <OOTT OS5 SD0ESTT 069 084U 00717 0.1
(0013)  (MOIS)  (ROLE)  (003)  (ROL3)  (ROL3)  (ROL3)  (0.013)  (0.013)  (00LY) (0013 (0003 (0.0 [00L) (00l (0013) (001 (0019
Strong El Nidio (t-1) OOAT" 06 D036 DOBET 0035 O8Ok G (LOAT DOBE DOST D036 00447 08T 00MET 02T
(0003)  (ROE)  (ROLE)  (0013)  (ROL3)  (ROL3)  (nol (0013)  (0013) 000 001 (0013 (0013)  (0.003)  (00L3) (0013 (0006
Strong La Nifia LB SDADETT DDA 09T D0BET L0106 00T 00067 00067 S0DELT 0048 00007 0001 0002 007 D067 A e
(0EE) (O] (ROET)  (0UBS)  (DUS8)  (DO38)  (DO38)  (0038)  (0.038) (0.007) 008)  (0.006)  (0.007 (00T} (0097} 0008
Strong La Nifia (t-1) .01 <0074 2s 0028 025 0016 0026 a7 . B [T [T [T [T 048 D025 0052 001
(0032)  (MOBL) (ROEZ)  (0UB2)  (O32)  (D0A1) (D031 (0031)  (0031)  (0032) (0032 (0001 (0.092) (0.3 (0001 (.00 (0.030) .00
Bank-specific controls
Size 001
(0051
Growth rate of assets 0025 <0.0300
(i) (0003
Capital ratic -0.226 106
(IL06T) (0.065)
Cost to income [
. [061)
Net interest margin 0.041° 00837
(0.024) [0028)
Loans to total assets 038G 0424
(0.056) (0.060)
Moninterest income [
(0010)
Bank Failures (t-1)
Bank Failures (t-2) 0306+ 0.177
[0L118)
Bank Mergers and Acquisitions. A0.1347 <0098
(0013 (0014)
Bank Mergers and Acquisitions{t-i} 14 i
(i (0014)
Bank Mergers and Acquisitions(t-2) LT 014
(iL006) [L018)
1 031
(0474
c2 D086
(0.105)
1 0177 0.204
(045 [.134)
Uz 7L
(0.121)
u= OB 0105
(0044
N B0 T2 &0 20 frl] 8200 10 E200 E290 B0 L] X0 20 OS2
Resquared adj. 0671 0T 0671 0.677 0.678 0.673 0.671 0671 0.673 0671 0ET3 073
Bank FE Yes = Yes Vi Yes Yes Yes Y= i
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yis Yes Yis Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yis Yes Yis Yo Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.2.e Adding bank-specific controls: deposits to total assets

Liquidity risk (Total Deposits to total assets)

i} (2) (3) (4) (5 (6) M (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18]
Strong El Nifia SOG4 LODTET 0051 LDOSET L0052 L0052 0051 0053 0055 00417 L0047 00517 0SS L0055 L0041 D053 004 00817
[0006)  (0.009)  (DODE) (000  (0.007)  (000E)  (O.006)  (0.00F) (000G {0.0D6) (000 (0.00B)  (0006)  (DODG)  (0005)  (0006)  (000B)  (0.006)
Strong El Nifio (t-1) ~0.006 (008 <0006 0006 ~0.00% 0003 006 -0.007 0002 ~0.009 ~0.001 ~0.006 <0006 <0001 ~0.007 0002 0.005
(0.005) OO0 0005 (0005) (0005 (0005)  (DO05)  (0.005) 005) (0.005)  (0005) (000 (000S)  (0005)  (0005) (0005 (0005
Strong La Nifia 0000 0.011 0021 00T aes 00T 007 0017 0025 00300 0019 001 0014 00S1T 0017 D0EST 0015
(0014)  (0016) (0015 (00M)  (0.004)  (0015) (0015 (0015)  (0014)  (00M4)  (0.014)  (0004)  (0014) (0014 (0014)  (0015)  (0014)  ([@016)
Strong La Nifa (t-1) -0.004 0.010 0.007 0010 000 o0ar 0007 0008 L) 0.021 0.013 am2 O00e 0007 0.025 0008 00287 0014
(0014) (00 O014)  001) (0013 (0014)  (0014)  (001)  (©014)  (00) (0013 (0013)  (0013)  (0013)  (0014)  (0018) (0013 (0014
Bank-specific controls
Size ~0.081" ~0.137
(0.028) (0.032)
Growth rate of assets -0.000
{0001)
Capital ratic -0.16
(i1.053)
Cast to in 0.1677 01017
(0.026) (027
Net interest margin 0911
{0.000)
Loans to total assets 1044
(0.059)
Nouintersst income 0017+ 0015
(0.006)
Bank Falures {t-1) 0238
(0.153)
Bank Failures (1-2) 0053
(D09ay
Bank Mergers and Acquisitions -0.052" ~0.018°
(0.005) (0.005)
Bank Mergers and Acquisitions(t-1) 00387 -0.0217
(0.006) (0.005)
Bank Mergers and Acquisitions(t-2) -0.030 0017
(0.007) (0.007)
C1
Cc2 <0.050
(0.445)
u1 01347 0.015
{0.015) (0L068)
uz 0063
(0.045)
u* 1887 0117
015y (0067
N 8200 7082 200 200 520 8200 s200 5200 5200 8200 8200 8200 200 200 £200 8200 5290 082
Resquared adj. 088 050 088 .88 087 087 088 0.87 0.87 088 058 058 08T 0.87 88 057 088 0.88
Bank FE Yeu Yes You Yeu Yes Yeu Yes Yeu Yeu Yeu Yex Yes Yex Yeu Yos Yeu Yeu Yos
Banking business model FE Yes Yes You Yeu Yis Yes Yes Yeu Yos Yes Yex Yo Yo Yes Yos Yeu You Yis
Country FE Yeu Yes You Yeu Yes Yeu Yes Yeu Yeu Yeu Yex Yes Yex Yeu Yos Yeu Yeu Yos

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.2.f Adding bank-specific controls: customer deposits to total assets

Liguidity risk [Customer Deposits to total assets)

il ] [t T ] 8 i a) 10 1 12 11 (14 15 [18) 17 (48]
Stromg El Nifin D0 R D05 003E e L0SEe 00 05 AL B34 A% RiAF 005
000 DO ) 00 wis) i 1006 (800 L00E) (00 1005 0L006)
Stromg El Nidin (t-1) oE -0 Wi .08 i ai [ 0.00% i s [y i
1004085 (LI () 1000405 L5 (00005 (5] (000 (0005 LmE) [LELT (L0E) (00405
Strong La Nisa .40l ez and LA s 0219 e 0.0 LT 004 L (e} iz
10,017 L0LE) (L0LE) 10007 0T (001 0LE) 0007 0oL LT 0oLT) 0007 0OLT) (0007 [y
Seromg La Mifa (1-1) A ([T LI [ [T [ [ITL153 LH [T a7 [ T D006 Wi v
{014 0Ol 0lE) s Wiks)  lAlE)  (0ils) il GOLE  (REE) (L) (TICTRTTE) 00k pledE)  oaih)
Bank-specific controls
Sizn .0 o
0l T
Growih rate of seseis (1002
{11 1-4]
Cagital raki EETLE g
T (OLIE)
[ 0005 w0
000 [T
Mot imsturrt margin i 0066
1) fRnL)
Lunss to iotal meets s
A
Nunistert incum: TS [NETR
LT (T
Bank Failures (1-1] FACY
OAET
Bank Failurss (1-2) L
LT
Bank Mergrrs and Actpsisitions FTTEEE
L) [
Bank Mergers and Acypsisitions(i-1} AT T
T )
Bank Mergers and Acguisitions(1-2) DA oz
L0ea) )
[ Az
LK)
[ et
LR
um 1o A0
(LOLE) (o ()
u2 [
008
o o
{1
N 3 sz a2 ke FH0 3 R A0 290 529 a2 a2 S2H 20 a2 0 S0 o2
H-sgpaard adj. k) o8l 050 [k asn k) G50 LB s .50 .52 L L o.R L) o6 [ [ILL
Hank FE Vi Yom Yo Yo Yim Yo Yim i Wiem Vi Vim i Vs Yo Yo Vine Yo Yo
Banking businms model FE Vim Vs Y Vi Y Vs Y Yo ¥ Yim Vs Yim Yo Wem Y Vim Y Viw
Country FE i Yiu Yo Yo Yim You Yiem Yiew i Vi Viem i Yo i Y Yoo Yeu Yeu

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.2.g Adding bank-specific controls: bank deposits to total assets

risk (Bank Deposits to total assets)
5 ) i 1) 1% g [ 1 i

Strung El Nide

Strung El Nifie (1-1)

T [007) [Ty i 005
Strung La Niga iz ek [t XUt 06 [ e s LMD aGs L7 MG 01T GOE GISET 00480
053] L0 L1055, 055, (00065 [0, [0.055) [055) i0.05) [ ] (L) i (50 L0545 L054] L05T |

Sirung La Niga [i-1} nos LME i L - R R TTE R LT LMo ame ML e @l St O1SEe
2] 0051 (NS} (NTES (043 (006 [0 06 (063 (ME) (M) (R4 (M4S] (R3] (04T (e} L0 0051

Bank-specific controls

Sian 0T
s
Ciruwihs enbi of smscts [T s
1004 [
Capital ratin 013
[T
Comt L Enesseme PESTES 0100
(0072 0008
e -3 00847
(1065 (0.
PR p—— 0,165 [
(0065 0T
Neminurid imcume Fm
[LETEY
Bank Failsres (6-1) A5
Hank Fuilisres: (53] CRET
153
Hank Murgers amd Arguisitions 0140
LD
Hank Murgers asd Acguisitions{t-1) 0146
(=Y
Hank Murgers and Aquisitions 2] L
i
= -1}
(=S
(= [
LS
Ul LM 0376
1000617 0.506)
U2 135
0147
e SLOTE 44
040L)  3E
N A2 a2 A2 e ) ) A200 M 20 S0 20 w200 20 20 = 2 = o]
—Th arl an Tl ] =3 7 un 71 07l [ (1] 071 Tl Tl 7 Tl e [
Hask FE Yim i Viae i Vi You Ve You Yo Yim Yim Yim i i i i Vi Yoo
Hasking bussinse moilel FE Yim i Yime i i Yiem Yo Yiem e Yim Yim Yim ¥im i ime i i Yiem
Country FE Yim i Vi i Vi You Yo You Yo Yim Yim im im i i i Vi Yiom

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.

55

errors



Accounting for additional control variables: country-specific macro-financial controls

Table A4.3.a Adding country-specific macro-financial controls: z-score

Stability (Zscore)

(1) (2) (3) (4) (5) (6) (7 (8) (9) (10)
Strong El Niiio 0004  -0.018 0005 0.001 0.010¢°  0.011° 0.004 0.009 -0.007 -0.010
(0.006) (0.006)  (0.006)  (D.006) (0.006) (0.006)  (0D.00G)  (0.00B)  (0.006)  (0.007)
Strong El Nifio (t-1) -0.014%  -0.015%° -0.014%  -0.020°°  -0.012°  -0.023" -0.015° -0.012°  -0.021°°  -0.015°
(0.006) (0.006)  (0.006)  (D.006) (0.006) (0.006)  (0006)  (0.006)  (0.006)  (0.009)
Strong La Niiia S0.059° 0006 -0.017 0015 -0.049°% 0020 -0.027 0.003 0,031 0,027
(0.018) (0.019)  (0.019)  (0.019) (0L.018) (0.019)  (0018)  (0.020)  (0.020)  (0.022)
Strong La Niiia (t-1) -0.038" 0.006 0002 0001 -0.030° 0,003 0015 0.019 L0016 0,009
(0.017) (0.017)  (0.017)  (0.017) (0.017) (0.017)  (0.019)  (0018)  (0.017)  (0.020)

Country-specific macro-financial controls

Banks® total assets to GDP  -0.260°** -0.213*
(0.040) (0.124)
Credits to deposits 0.199* 0.261
(0.038) (0.046)
Concentration Bank -0.035
(0.054)
Real bank lending rate 0.016** 0,021
(0.006) [ 0.006)
Private credit -0.195* -(LOST
(0.035) (0.111)
Growth private eredit -0.005** -0.003
(0.001) (0.002)
Subprimes crisis 0.033" 0011
(0L019) (0.018)
VIX =0.036°* -0.027
(0.015) (0.0189)
FED funds rate -0.021% oz

(0.010)  (0.013)

N 200 2290 2290 2290 B200) X200 X200 B290 foati] X200
R-squared adj. (186 0.86 0.86 0.86 (.86 (.86 0.86 .86 (.86 0.86
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.3.b Adding country-specific macro-financial controls: ROE

Performance (ROE)

(1) () (@ (1) (5) i6) (7 (%) i) (10)

Strong El Nifio -0.083  -D.106"* -0.115"" -0.099°° -0.081° -0.073° -0.083° -0.085" -00ME -0.154°
(0033)  (0.037)  (0.037)  (DO36)  (0.036)  (0.038)  (0.035)  (0.039)  (0.037)  (0.039)
Strong El Nifio (t-1) -0.083 -0.089° -0.124"" -0.114*° -0.075" -0.102" -0.088° -0.080" -0.068° -0.137"
(0.035)  (0.035)  (0.035)  (DO35)  (0.03)  (0L036)  (0.035)  (0.037)  (0.038)  (0.035)
Strong La Niia 028 0ATET 01340 0178 Mg 0160 0111 01600 02127 0072
(0068)  (0.073)  (0.0T6)  (DOT6) (0070} (0LOTE) (0069 (D.083)  (0.084)  (0.071)
Strong La Niiia (t-1) -0.134°  0.039 0019 004D -0.068 0050 0037 0026 0080 -0.176°

(0071 (0.074 (0073 (0.074) (0.074) (0.073) 0.081) (CL0ES 0.075) 0.082)
! ! | ) [ | I o I L )

Country-specific macro-financial controls

Banks’ total assets to GDP  -1.213"" -2.810¢*
(0.245) (DLGT0)
Credits to deposits 0.202
(0.193)
Concentration Bank 0,899 0.439
(0.255) (0.281)
Real bank lending rate 0102 0072
{0.052) (0031 )
Private credit -0.7047" L4286
{0.213) (0.572)
Growth private credit ~[1.008
(0.010)
Subprimes crisis 0.181° 0.070
(0.105) (0.088)
VIX [LRLAE
(0L085)
FED funds rate 0.078
[0.051)
N 2200 B200 2200 200 E200 B2 2200 E200 B2N) 22400
R-squared adj. .43 .43 043 .43 .43 043 043 .43 43 [LE}
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.3.c Adding country-specific macro-financial controls: ROA

Performance (ROA)

(1) 2) (3) (4) (5] (6] (7 (8) (9) (10}
Strong El Nino -(.004 -0.042° -0.027 024 (LONE2 -0.005 -0.083" -0.013 -0 000847
(0L018)  (0018)  (0019)  (0018) (0018} (0.019)  (0.035)  (0.020)  (0.018)  (0.019)
Strong El Nifio (t-1) -0.043%  -0.0477 -0.0607 -0.0617 -0.0377 -0.06877 -0L088T -D.0d4G6TT  -0.0447 000717
(019  (0019)  (0019)  (0019) (0019} (0.019)  (0.035)  (0.020) (00200 (0.019)
Strong La Nifa -0.059° 0.084% 0.059° 0077 -0.017 0. 066" 0111 0077 0077 -0.068°"
0031 (0033) (002 (0034)  (0.032)  (0.0M)  (0.069)  (0.040)  (0.039)  (0.032)
Strong La Nina (t-1) =0.086"" .036 0020 [h.0r25 -0.050 0024 0037 0033 0032 -0.097"
031 (0031)  (0031)  (0.031) (0033 (0.031)  (0.081)  (0.039)  (0.033)  (0.026)
Country-specific macro-financial controls
Banks’ total assets to GDP -0.815"" -1.201
(0.115) {0.245)
Credits to deposits 0,240 0.380%
(0.101) (LR
Concentration Bank 0322 0,337
(0.127) (L1458}
Real bank lending rate 0.0547" 0.0447
(0016 {L01G)
Private credit -0.520° (L350
(0. 102 (0.248)
Growth private credit -0.008
(0005
Subprimes crisis 0.181"° (08
(0.105) (003
VIX -0.014
{(LOM5)
FED funds rate 0012
(0.026)
N 22400 H24H) B2 B2 E200) H200 =200 =200 E2000 =200
R-squared adj. 0.49 (.48 0.48 048 0.49 .48 0.43 .48 .48 .50
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.3.d Adding country-specific macro-financial controls: non-performing loans

Credit risk (NPL)

(1 () (3 (4) (5) () ) (8) (%) {10)

Strong El Niiio S008ETT 0005 -0U098T -0.086™° -0.101° -0.085 -0.085° -D.008C 0006 0.039°
(0.013)  (0013)  (0013)  (0.0W)  (0014)  (0.015)  (D013)  (001G)  (0.013)  (0.020)

Strong El Niiio (t-1) 00337 0036 00227 003477 00277 00387 0036 0027 0088 0.0547
(0013} (0013)  (D013)  (0.013)  (0013)  (0.012)  (0.013)  (000d)  (0.013)  (0.018)

Strong La Nifia 0013 -0.148°°  -0.108°°  -0.085 0018 -0.087 -0.084° -0.146°° 0019 -0.004

(0.8 ) {003 {0.038) (L3S ) (0.037) (0.038) (0L0eR3 ) (0.037) (0.041) (00d5)
Stromg La Nina (t-1) 0121 -0.012 0.022 0.028 IUNIE Ry 0027 0043 -0.027 0145 0uLLoer
(0.0ck2) (0.032) (0.032) (10,052} (0.031) (0.031) (0.0ck3 ) (0.034) (0.032) (D0EkG)

Country-specific macro-financial controls

Banks' total assets to GDP  0.600°° 0.7297
(.08} (0.210)
Credits to deposits -0.842°" -0.8G4"
((L081) (D.0AG)
Concentration Bank 0,300 -0.267"
(0.112) (0.133)
Heal bank lending rate 0011
(0.010)
Frivate eredit 0. 485 002G
{0.071) (0.179)
Growth private credit 00
(000}
Subprimes crisis -0.044 0030
(0.040) (0,040
VIX 0.086" 0.058
(0034 ) (0.03R)
FED funds rate 0.183%  0.O0GT"

(0.020)  (0023)

N R290 200 st ] R290 200 2200 A2 /200 200 200
R-squared adj. [.68 68 06T LGT 0.G8 .67 6T 067 .68 0.70
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Y= Yes Yes Y= Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.3.e Adding country-specific macro-financial controls: deposits to total assets

Liquidity risk (Total Deposits to total assets)

(1 (2) (3) (1) (5) (6) (7) (8) (%) (10)
Strong El Nifio -0.053***  -0.020"* -0.063"* -0.056" -0.056"" -0.058*" -0.053"* -0.057** -0.012* -0.014"
(0.006) (0.005) (0.007) (0.006) (0.006) (0.007) (0.006) (0.007) (0.005) (0.007)
Strong El Nifio (t-1) -0.007 -0.007 -0.018**  -0.011* -0.008 -0.001 -0.007 -0.009 0.0167 0.009
(0.003) (0.005) (0.005) (0.005) (0.005) (0.004) (0.005) (0.006) (0.005) (0.007)
Strong La Niiia 0.037"" -0.002 0.007 0.019 0.029™ 0.018 0.013 0.002 0.069°"  0.045"""
(0.013) (0.014) (0.015) (0.015) (0.012) (0.015) (0.013) (0.014) (0.017) (0.016)
Strong La Nifa (t-1) 0.026™" -0.006 0.005 0.010 0.019 0.009 0.004 -0.007 0.062°*  0.038""
(0.012) (0.014) (0.014) (0.014) (0.012) (0.014) (0.014) (0.014) (0.015) (0.014)
Country-specific macro-financial controls
Banks' total assets to GDP  0.126" 0.237*
(0.040) (0.119)
Credits to deposits -0.310** -0.222=
(0.038) (0.044)
Concentration Bank 0297 0.101"
(0.046) (0.055)
Real bank lending rate 0.017* -0.000
(0.004) (0.005)
Private credit 0.077* -0.124
(0.040) (0.118)
Growth private credit 0.003** 0.004
(0.002) (0.002)
Subprimes crisis 0.012
(0.013)
VIX 0.025 0.003
(0.012) (0.011)
FED funds rate 0.083  0.043"
(0.009) (0.010)
N 8290 8290 8290 8290 8200 8290 8290 8290 8290 8290
R-squared adj. 0.88 (.88 (.88 (.88 0.87 0.87 .87 0.87 (.88 0.88
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.3.f Adding country-specific macro-financial controls: customer deposits to

total assets

Liguidity risk (Customer Deposits to total assets)

(1) 12] &) (4} (3) (6) (7} (8) (9} (10}
Strong El Nino 00035 00047 00045 D038 0037 -0.0390 7 -0L035e 00035 -(.0012 -0.013
(0.006) (0005 (0.006)  (RODG) (0006 (0007) (000G} (0.006)  (0.006)  (0.008)
Strong El Nino (t-1) 0.007 M7 -0.004 .03 0L 0.013° .oy 0007 0.026"" 0.0207"
(0.005) (0005 ) (0.005) (0.005) (0.005) (0.004) (005 ) (0.006) (D06 ) (0,007
Strong La Nina 0036 (.08 0010k 0.023 0.033*" 0.021 0.018 0.019 0.062° 0047
(0013  (0017)  (0.018)  {0.008)  (0014)  (D01S) {0013} (0.01T)  (0020)  (0.018)
Strong La Nina (t-1) 0.018 =[0G 0.001 0.00G 0015 (.004 (h.0Wx2 0.003 0047 0.033°
(016)  (0.018)  (0.018) (0018 (0.016)  (0.018) (018} (0.0018)  (0.019)  (0.013)
Country-specific macro-financial controls
Banks' total assets to GDP 0,106 0142
(0.044) (0,160}
Credits to deposits -0.193"" -0, 1007
(001 {Cn.051)
Concentration Bank 0201 0.158"
(0.069) {00076 )
Real bank lending rate 0.019° -0.002
(D.00G6) {0080 )
Private credit 0.080° -0.066
(0.0G) (0.156)
Growth private credit D.003" 0.004"
(0.002] {Ch.CW22)
Subprimes crisis 0.005
(D.01G)
VIX 0002
(0.012)
FED funds rate 0.066"" D040
(0010 {Ch.0L1)
N 2200 8290 2200 BN E200 2290 8290 2200 B2N) E200
R-squared adj. 039 0.0 0.90 (L] (.80 080 0.89 0.89 0.9 .00
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.3.g Adding country-specific macro-financial controls: bank deposits to total

assets

Liguidity risk (Bank Deposits to total assets)

(1 (2 () (4] (5) () (M () () (1)

Strong El Nifio SBT3 L0053 -0086TT 0173 -00T4TT -0ITETT 0T -0.1977° -0.075C 0015
(020) (0017} (002 (0021 (0021)  (0022)  (0020)  (0.022)  (0.016) (0025

Strong El Nifio (t-1) S11277 0012 012577 011107 00117 S0105°T 011077 -0.1277°  -0.066  -0.078°
(017)  {0017) (0018 (0018)  (0017)  (0018)  (001T)  (D018)  (0.016)  (0.023)

Strong La Nifia 0032 067 -0 0.002 0004 0.004 36 0081 01287 0047
(0048)  (003F)  (0DOSE)  (0055)  (0048)  (0055)  (0A4T)  (D05F) (D.062)  (0.06E)

Strong La Nifia (t-1) 0011 066 008 0004 0013 -00ld 063 -0.1047 00167 -0061

(0.0:55) (0.043) (0043} (0.0:3) (0034 (0043} (0.042) {0044 (0.047) (0050}

Country-specific macro-financial controls

Banks' total assets to GDP {187

(0.153)
Credits to deposits -1z -L019
(0.116) (0.130)
Concentration Bank 0356 -0.372"
(0.153) (0.173)
Heal bank lending rate -(h.00r2
(0.018)
Private credit 0.009
(0.123)
Growth private credit 0.00k
(0.005)
Subprimes crisis 0.133* 0039
(0.058) (0.061]
VIX [ BT 0.9z
(0041 ) (0.049)
FED funds rate 0.200°"  0.103""
(0.028) (0.033)
N R290 200 2200 B200 5200 3200 R290 8200 200 2200
H-squared adj. 0.7l 0Tz 71 0.71 0.71 0.7l .71 0.71 0Tz 073
Bank FE Yes Yes Yes s Y= Yes Yes Yes Y= Yes
Banking business model FE Yes Yes Yes s Y= Yes Yes Yes Y= Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.

62



Table A4.3.h Adding country-specific macro-financial controls: country-specific effect of

the subprime crisis

Stability Perlormances Tredil risk Liguidity risk
Fseore O ROA NI Total Depesits | Customer Deposits | Bank Deposils
Lar Lotal assols Ly Lolal assels Lo Loobad asscls
OLS 08 0OLS OLs OLS 0OLS OLS
(1) ) ) (4) (5) (6) (7)
Strong El Nino .004 -0.083* | -0.015 -0.085%* -0.053 -0.035 -0.172
(0006 (0u035) | (0.018) (0.013) (0.006) (0.006) (0.020)
Stromg El Nino (i-1) 0,015 | -0.0887 | -0.047" 0.0377" -0 .00 -0.110m
(0006 (0.035) | (0.019) (0.013) (0.005) (0.005) (0.017)
Strong La Nina -0.027 0103 0031 -0.081°" 0.013 0020 0044
(0.018) (0L06R) | (0U031) (0.033) (0.013) (0.015) (0.047)
Stromg La Nina (L-1) 0015 0014 -0.008 0.035 0.002 -0.002 048
(0.019) (0LORZ) | (0.035) (0.033) (0.014) (0.018) (0.042)
N #2290 #2200 R200 R200 R/290 R200 R200
R-squared adj. .86 .43 049 067 N.88 .89 0.7z
Bank FE Yen Yes Yos Yos Yes Yos Yim
Banking business model FE Yo Yo Y= Yo Yos Y= Y
Country FE Yoy Yim Yis Yo Yon Yis Yim

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects. To
control for the country-specific impact of the subprime crisis on banking stability, we also estimate equation (1) with the
inclusion of a set of dummy variables corresponding to the interaction between the subprime crisis dummy and country fixed-

effects.
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Accounting for additional control variables: country-specific macroeconomic controls

Table A4.4.a Adding country-specific macroeconomic controls: z-score

Stability (Zscore)

(1) (2) (3) (4) () (6) (7) (8) (9) (10)
Strong El Nifo 0.004 -0.032 0.003 -0.016™""  0.015° -0.005 0003 0004 =0.033""  -0.0297"
(0L.00G)  (D00T)  (0.006)  (0.006)  (0.006)  (0.006)  (0.006)  (0LO0G)  (0.008)  (0.008)
Strong El Nifio (t-1) -0.018" -0.0537° -0.0177" -0.034% 20,0327 -0.0587 -0.015°° -0.015" -0.0147 0,047
(0.006) (0.008) (0.006) (0.006) (0.007) (0.006) (0006 ) {0.006) (0,004 (0.005)
Strong La Nina -0.039° -0.010 -0.026 -0.0:30 0021 -0.017 -0.018 -0.018 -0.020 -0.041%
(0.018) (0.019) (0.0159) (0.019) (0.019) (0.019) (0.019) {0.0149) (0.019) (0.019)
Strong La Nina (t-1) -0.023 -0.018 -0.011 -0.014 -0.008 -0.007 -0.003 -0.002 -0.005 -0.040%
(0.019)  (0O17) (0019 (0.017)  (0.017)  (0017)  (0.017)  (0OAT)  (0.017)  (0.019)
Country-specific macroeconomics controls
Real GDP -0.160% -0.147"
(0.0G5) (0.067)
Real GDFP growth -0.0267 =0.015"
(0.004) (0.005)
Real GDP per capita -0.097
(0.056)
Inflation 0.056°* 0.036°*
(0.008) (0.008)
Growth nominal exchange rate =0.006° -0.001
(0.002) (0.002)
Growth of current aceount balance -0.0037 -0.001
(0.001) (0.001])
Growth of terms of trade -0.000
{0.002)
Sovereign debt crisis 0.092* 0041
(0.025) (0.027)
Currency crisis 0.055** 0.005
(0,010} (0.014])
N 8290 2290 B200 8200 8290 2290 B200 85200 8200 200
R-squared adj. (.86 086 (.86 .86 0.86 086 (.86 .86 0.86 086
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.4.b Adding country-specific macroeconomic controls: ROE

Performance (ROE)

(1) (2) (3) {4) (5 () (7} (8) (2 (10)
Strong El Niiio -0.0837 -0.10777 -0U068°  -0.114° -0061 -0.0957 0042 -0.082°7 -0.1357  -0.077
(D0a35) (0040} (0L035) (0035  (0.038)  (0.037) (L0ET) (0035)  (0054)  (0.03T)
Strong El Nifio (t-1) 01077 01137 010977 -00118 -0.1247 -00106™ 0,102 -0.087  -0.088"  -0.149°
(D036)  (0.043) ([L0E6) (0036)  (0041)  (0u0ET) (L035)  (0035)  (0035)  (0.038)
Strong La NMiia .00 0168 (LG 0.144" 0157 01647 0.141° 0163 01607 0.003
(0076)  (0.075) (0L07%) (0075 (0.074)  (0075) (0074) (0075 (D075 {0.076)
Strong La Nifia (t-1) -.123 0.020 0.0 0.012 0013 0024 0.020 0054 0026 01115
(0084)  (0.075) (0LO81) (0073) (0073 (0074) (0074)  (0074)  (0074) {0083

Country-sgpecific macroeconomies controls

Real GDP -1 -0L014
(0.377) [0.851)
Real GDF growth -(L0LG
(.01}
Real GDP per capita -1.496 -1.435%
(0.4T6) [1.105)
Inflation 0088 0107
(0.036) (0.045)
Growth nominal exchange rate (012
(0.0
Growth of current account balance -(LO0E
[(LRULSY]
Growth of terms of trade 0020 0012
(009} (.00}
Sovereign debt crisis 0456 426"
(0.133) [0.136)
Currency crisis 0.079
(.06}
N H200 H200 A0 A200) 2200 B200 BN AHN) HHM) HHN)
R-squared adj. 043 043 .43 .43 043 043 043 .43 043 043
Bank FE Yis Yes s Yes Yis Y Yes s Yes Yes
Banking business model FE Yis Yes s Yes Yis Y Yes s Yes Yes
Country FE Yis Yes s Yes Yis Y Yes s Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.4.c Adding country-specific macroeconomic controls: ROA

Performance (ROA)

(1 (2) (3 (4) (5) (G) n (8) (9) (10)
Strong El Nifo 0015 ~0L051° -CL G =0.0457 =000 =005 (001 -0.014 0GR -0.0687
(0L018) (0014 (018} {0L0LT) (018} (0.03T) ((LOLE) {(LOLE) (D024} [0L025)
Strong El Nifo (t-1) -0.0587° 00085 -0.0507° 000747 -0.0T07° -00106 -0U0527 -000467° -0.046% -0.086°
(0.019) (CLO2E) (019} {0014 (021} (0.03T) (0.019) {0014y (019} (CL0ZE)
Strong La Nifa 0052 0077 -0.002 0052 0065 0.164° 00627 0.0697  0.065° 0042
(0.034) (0.034) (0.033) (0.034) (i0.034) (0.075) (0034} (0034)  (D.034) (0.034)
Strong La MNina (t-1) -0.07T3° L0 (045 LT .016 L2 0021 (026G 0.020 -0.080°"
(0.037) (0.032) (i0.035) (0.031) (0,031} (0.074) (0031} (0031)  (D.031) [0L03T)
Country-specific macroeconomics controls
Real GDF -0.752 -0.914
(0180} (0.449)
Real GDF growth -0.026° 0011
[0.009) (0.012)
Real GDF per capita -0 8367 0.230
(0.232) (0.532)
Inflation NI R 0.046"
(0.019) (0.023)
Growth nominal exchange rate =(h0ing" 0000
(0.004) (0.005)
Growth of current account balance =0.003
(0.003)
Growth of terms of trade 0007
(0.003)
Sovereign debt erisia 0268 0219
(.086G) (0.094)
Currency erisia (IR 0.034
(0031 (0.038)
™ A200 E300) #2200 E300) £200 #3910) £200 £ #2010 £200
R-aquared adj. 0.49 0.48 0.49 0.48 0.48 0.43 048 0.48 0.48 0.49
Bank FE Yes Yea Yes Yea Yes Yes Yes Yes Yed Yes
Banking business model FE Yes Yea Yes Yea Yes Yes Yes Yes Yed Yes
Country FE Yes Yea Yes Yea Yes Yes Yes Yes Yed Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.

66



Table A4.4.d Adding country-specific macroeconomic controls: non-performing loans

Credit risk (NPL)

(1) (2) (3) (4) {a) (6) (7 (8) (a) (10)
Strong El Nino 0085 -0.OTE™*  -0.080"*  -0.041°°°  -D.069*"  -0.088°°  -D.0517° -0.085°° -0.014 ~0.005%
(0.013) (0016, (0.013) (D.014) (D.014) (D014} (D.0014) (0.013) (0.017) (0.017)
Strong El Nifio (t-1) 0.037*  0.044*  0.031* 0.078* 0.014 0.032* 0.027  0.036*  0.035" 0044
(0.013) (0016} (0.013)  (D015) (0015 (0.013)  (D013)  (0.013)  (0.013) (0.016)
Strong La Nifia -0.092+*  -0.008** -0,132** -0.070° -D.101°** -0.097 -0.114%* -0.097* -0.092* -0.008*
(0.032)  (0038)  (0.032)  (D.038)  (D.037)  (0038)  (0.038)  (0.038)  [(0.038) (0.035)
Strong La Nifa (t-1) 00351 (1.02% -0.008 0.053° (.01 0.025 0.01% 0.026 0.032 0018
(00307 (0032)  (0.020)  (D.031) (D031} (0032)  (0.032)  (0.032)  (0.031) (0.020)
Country-specific macroeconomics controls
Real GDP 0.035
(0.140)
Real GDP growth (1005
(0L008)
Real GDP per capita -0.416" -1.5324
(0200} (0.205)
Inflation =0.126 =0.130%*
(0.022) (0.025)
Growth nominal exchange rate -0.008* -0.011°*
(0.003) (0.004)
Growth of current account balance -0.001
(0,001}
Growth of terms of trade 0.015* -01.003
(0.004) (0,005 )
Sovereign debt crisis -0.104" (1054
(0.040) (0.041)
Currency crisis -0.1117"" -0.025
(0.022)  (0.025)
N B200 82200 B200 82490 B2a0 B290 8290 B2a0 82490 R200
R-squared adj. (.67 (.67 .67 067 067 0.67 067 067 0.67 .68
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yem Yes Y Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Vs Yies Yes Yes Yes Yes Yes Y

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.4.e Adding country-specific macroeconomic controls: deposits to total assets

Liquidity risk (Total Deposits to total assets)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Strong El Niiio 20053 -0.019** -0.052* -0.032°** -0.042"* -0.053"* -0.027"** -0.053"*  -0.010° 0.009
(0.006)  (0.005)  (0.006)  (0.005)  (0.006)  (0.006)  (0.006)  (0.006)  (0.005) (0.006)
Strong El Nifio (t-1) 20007 0.029° 0008 0.013%  -0.023"*  -0.007  -0.014*  -0.007 -0.008 0.012*
(0.005)  (0.006)  (0.005)  (0.005)  (0.006)  (0.005)  (0.005)  (0.005)  (0.005) (0.005)

Strong La Niia 0.012 0.009 0006 0.030° 0.014 0.017 0.003 0.017 0.020 0.008
(0.014)  (0.014)  (0.014)  (0.015)  (0.014)  (0.015)  (0.014)  (0.014)  (0.014) (0.014)

Strong La Nidia (t-1) 0.004 0.023 -0.002 0.021 0.003 0.008 0.003 0.009 0.012 0.017

(0.013)  (0.014)  (0.014)  (0.014)  (0.013)  (0.014)  (0.013)  (0.014)  (0.013) (0.014)

Country-specific macroeconomics controls

Real GDP -0.034
(0.049)
Real GDP growth 0.024** 0.020***
(0.003) (0.004)
Real GDP per capita -0.123* -0.036
(0.064) (0.063)
Inflation -0.060°** -0.043*
(0.007) (0.007)
Growth nominal exchange rate -0.006°* -0.007**
(0.001) (0.002)
Growth of current account balance -0.000
(0.000)
Growth of terms of trade 0.012* 0.004***
(0.001) (0.001)
Sovereign debt crisis -0.008
(0.020)
Currency crisis -0.068** 0.005
(0.009) (D.009)
N 8200 8290 8290 8290 8290 2290 8290 8200 8200 8290
R-squared adj. 0.87 .88 0.87 .88 (.88 0.87 .88 087 .88 (.88
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Banking business model FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.4.f Adding country-specific macroeconomic controls: customer deposits to

total assets

(1}

12)

(3)

Liguidity risk (Customer Deposits to total assets)

2 (4] () () 8] (9 {10}
Strong El Nino 0035 -0.010° 0.5 -0.022" 0027 0038 0,015 00085 0.0049 LW
(00065 ) (000 | [LERCYH] (005 ) (1AL { O | [{ARNCEY] (0006 {0006 ) (0.007)
Strong El Nino (t-1) (LS s n.ooy LUK & -0L005 [URE ] 0.001 .7 (LT LU IN &Y
[0L005) (000 | (0.005) (005 ) (.07 ) { (g} (0.005) (0005 (0.0035) (0.005)
Strang La Nina 024 URLIEY 0.019 028 0018 (0.0k210) .09 0H) (k22 0011
[0L016) (0.7) (0.01T7) [0.01T) (0017 {0L1T) (0.017) (0017 (0.1017) (0.017)
Strong La Nifa (t-1) (IR} URLIEY 004 012 LIXC LN 0 0000 g L6 0010
[0L016) (0.9} (0.01T7) (0.8 (0.018) {0LON1E) (D.015}) [018) {0.013) (.01
Country-specific macroeconomics controls
Real GDP [L032
(0L.054)
Real GDFP growth 018" 0019
(0.0 LTSY]
Real GDFP per capita -0L0R
(0.06T)
Inflation ~0L036E™" -0.020
(0007 { a0}
Growth nominal exchange rate EUNITIT 0,005
(D.00L) {0002 )
Growth of eurrent account balanee =001+ 0,001
(00N ) (L)
Growth of terms of trade L O 0004
(0.001) (0.002)
Soverelgn debt crisls 0014
(0.014)
Currency crisia -0.0417 10.008
[ Oy {0611}
N R200) 200 BN 2290 L) A0 il )] BN B0 #2200
R-squared adj. .59 [ B3] [UE:0!] [ 2] .54 .59 [IE...!] .59 .59 [IE. . ]
Bank FE Yes Wi Yis Yes Yis Vs Y Yies Ve Wes
Banking business model FE Yes Ve Yis Yes Yis Yes Yis Vs Wi Yes:
Country FE Yes Y= Yes Yes Yies Yes Vs Vs Wi Yes:

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.
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Table A4.4.g Adding country-specific macroeconomic controls: bank deposits to total

assets

Liguidity risk (Bank Deposits to total assets)

(1) e (3) [d) (5) (6) (7 (#) (9) (10}
Strong El Nifio S0ATATT -0U045°  -DG2TT -DL085TT S0L16ETT -DUSETT 012207 S0A73TT 005 0.029
[0.020)  (0.023)  (0020)  (0OI8) (0020 (0.021)  (0.01%)  (0.020)  (0.028) (0.029)
Strong El Nifo (t-1) 019 00 -D2577 -0020 -0.11877 SD0EETT 0127 S01127T -0 0003
(0.018)  (0.023)  (0018)  (DOI8)  (0.022) (0.018)  (0.018)  (001T)  (0.0L7) (0.024)
Strong La Nifia 0072 0027 0087 0.057 0001 [.00e2 0024 0.003 0015 0.003
(0.048)  (0.056) (00500  (0O55)  (0.055) (0.055)  (0.065)  (00B5)  (0.055) (0.049)
Strong La Nina (t-1) SLORST DD -001017 (L0309 -0.017 0005 0025 0014 -0.001 0028
(0.042)  (0.043)  (0042)  (0042)  (0.042) (0.043)  (0.043)  (0.043)  (0.043) (0.041)

Country-specific macroeconomics controls

Real GDP -0.557"" 2053
(0.217) (0GT2)
Real GDP growth (R IE K 058
(0.012) (0L0L5)
Real GDP per capita -1.053 " =3 ATG
(0.270) (0.848)
Inflation -0.255" -0.120%
(.027) (005
Growth nominal exchange rate (.00
{00 )
Growth of current account balance 0005 (L0001
{ CLOHZ) (0.2 )
Growth of terma of trade 0024 (000G
(LD05) (000006
Sovereign debt crisis 0054
(110}
Currency crisis S0LERO -0.080
(0.0GE4) (005
N B200 H200 L] A200 2200 A200) M) Ll ] 2200 H2200
H-squared adj. 0.7l ny2 nre 0.72 071 0.7l 071 0Tl 0.72 073
Bank FE Yea Yes Vs Yes Wi Wes Wes Yea Y= e
Banking business model FE Yes Vi Vs Yies Yes Vs Yes Yes Ve e
Country FE Yea Yes Vs Yes Wi Wes Wes Yea Y= e

Note: coefficients displayed are marginal effects. OLS columns stand for fixed-effects OLS regressions with standard errors
clustered at the bank level in brackets. All regressions include bank, country, and banking business model fixed-effects.

70



Appendix 5. Heterogeneity: strong ENSO events and banking resilience indicators

Table A5.1. Descriptive statistics of the banking dependent variables according to

residence indicators

Dependent variables (%)

Stability | Perlormances | Credil risk Ligquidity risk

Zscore | ROE ROA NPL Total Deposits | Customer deposits | Bank deposils

Lo assels Lo assels Lo assels
Large size (Tolal assels = 1bn US dollars)
Mean 2.63 272 10 1.37 4.08 3.90 1.70
Sud 0.41 1.09 0.53 (.64 0.49 0.67 0.97
Max 4.43 546 295 4.43 4.58 0 0
Min 1.03 4.24 275 0.01 0.13 4.54 4.45
Small size (Tolal assels < 1hn US dollars)
Mean 3.10 212 105 2,02 4.05 1.499 .51
St 0.50 1.56 (.86 .74 .51 .56 1.01
Max 4.60 442 333 4.55 4.58 0 0
Min 0.37 o8 4.01 0.01 .10 4.58 4.35
High Capital ratio { > Median)
Mean 3435 222 1.23 207 3.95 387 .50
Stald 0.42 1.39 .85 0.76 .56 .65 1.04
Max 4.60 hAdG 333 4.55 4.55 0 0
Min 1.26 5.52 4.01 0.01 .10 4.55 4.35
Low Capilal ratio (< Median)
Mean 2.63 231 0.85 1.66 417 4.07 1.09
Sud 0.33 1.56 0.69 0.71 0.42 0.51 1.14
Max 4.03 418 254 4.43 4.58 0 0
Min 0.37 D80 34T 0.01 0.13 4.58 4.45
High Non interest income | > Median)
Mean 2.89 241 1.04 1.90 4.07 4.00 .85
Std 0.45 141 0.74 (.76 0.43 0.47 1.10
Max 4.53 4.44 Sl 4.55 4.58 0.03 0
Min 0.37 D89 -4 0.01 0.13 4.54 4.28
Low Non-interest income (< Median)
Mean 3.09 2.11 1.04 1.83 4.05 3.94 0.74
St 0.57 1.54 (.85 0.77 (.58 .69 1.15
Max 4.60 546 S8 4.53 4.58 0 0
Min 0.79 5.2 3T 0.01 0.10 4.58 4.45

Note: A bank is considered large if the averaged value of its total assets over the period 2005-2019 is equal to or above 1 billion
US dollars. A bank is considered as having a high level of capitalization if its averaged capital ratio (total equity to total assets)
over the period 2005-2019 is equal to or above the sample median. A bank is considered as having a high level of market-
oriented activities if its averaged non-interest income to total income ratio over the period 2005-2019 is equal to or above the
sample median
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