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Abstract

Increased access to finance is widely viewed as a key driver to increase adaptive capacity in
response to climate change. However, apart from limited studies on borrowing behavior, little
is known about how exposure to extreme heat impacts microfinance clients’ financial behav-
ior. This study addresses this gap by investigating the short-run effects of unusual heat on
microfinance clients’ saving and withdrawal behavior. In a case study, it combines geo-located
temperature data with a unique dataset of around 50,000 clients of a leading Microfinance In-
stitution (MFI) in Benin. Applying two-way fixed effects, seemingly unrelated regression, and
ordinary least square models, the study finds that exposure to extreme heat is heterogeneously
associated with microfinance clients’ financial behavior. Specifically, non-agricultural clients
show suggestive evidence for the accumulation of precautionary savings after extreme heat days
in the precedent quarter, while agricultural clients statistically significantly reduce their savings
following exposure to extreme heat in the precedent quarter. Microfinance clients increase their
withdrawals when exposed to extreme heat within the precedent quarter, but the association is
not robust to agricultural clients’ withdrawals in response to an increase in annual extreme heat
days. Addressing the heterogeneous financial responses across different clients to extreme heat
consequently requires explicit policy attention. Our findings contribute to a better understand-
ing of the impact of extreme weather events on individual economic outcomes, how financial
behavior relates to weather risk, and how microfinance clients respond to shocks.
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1 Introduction

Despite having among the lowest greenhouse gas emissions globally, Benin is one of the most
exposed countries to climate change by percentage of landmass. Under a business as usual scenario,
by 2070, 98 % of Benin’s territory is expected to be exposed to extreme temperatures. Without
adequate coping mechanisms, these extreme temperatures may have adverse effects on its economic
growth, food security, and overall welfare (World Bank, 2023). Thus, from a policy perspective,
understanding the impact of climate change in Benin is important.

Increased access to finance may enhance adaptive capacity, address constraints to adaptation,
and mitigate rising risks (IPCC, 2023; Chhatre et al., 2023; Klapper, 2025). In Benin, like in other
low and middle income countries (LMICs), many people lack access to formal financial services
through commercial banks (Klapper et al., 2025). In such settings, microfinance plays an important
role as it aims to provide vulnerable populations with formal financial instruments. Ultimately,
microfinance allows clients to build up and draw down funds to enhance welfare outcomes, such
as food security, resilience, or empowerment (Van Rooyen et al., 2012). Microfinance is one of the
largest development programs worldwide, both in financial terms and in relation to the number
of poor people targeted (Van Rooyen et al., 2012). Linking the research on impacts of extreme
temperatures in Global South countries and usage of microfinance instruments therefore has a high
leverage. Still, apart from limited studies focusing on microcredit and weather (Aguilar-Gomez
et al., 2024; Mollmann et al., 2020; Pelka et al., 2015; Bauchet et al., 2018), it remains largely
unknown how microfinance clients’ financial behavior may be impacted by climate risk.

In this paper, we investigate the short-run associations of financial behavior and weather shocks,
in particular exposure to days of extreme heat in Benin in 2024. Our main model explores how much
a microfinance client saved into or withdrew from their bank account following exposure to extreme
heat during the precedent quarter. Moreover, we seek to investigate whether agricultural and non-
agricultural clients respond differently to extreme heat days. This distinction between clients
is particularly relevant: Given the close link between environmental conditions and agricultural
production, weather in general and temperatures in particular constitute a fundamental input
into the biological processes of plant growth. Consequently, individuals whose livelihoods depend
primarily on agriculture have been found to be particularly vulnerable to extreme temperatures
induced by climate change (Dell et al., 2014; Letta et al., 2018). This may also give rise to differences
in financial patterns. Apart from climate-induced production risks, agricultural clients commonly
face lower liquidity (Imai & Malaeb, 2015; Matter et al., 2021; Key et al., 2017). Therefore,
agricultural clients may be particularly vulnerable to shocks, especially in LMICs (Binswanger &
Rosenzweig, 1986; Imai & Malaeb, 2015).

Due to its high (expected) exposure to heat and the potential adverse effects on its welfare
(World Bank, 2023), we focus on Benin as a case study. Our empirical strategy is based on two-
way fixed effects (TWFE), seemingly unrelated regression (SUR), and ordinary least square (OLS)
models and exploits an extraordinary dataset of around 50,000 clients of a leading microfinance in-
stitution (MFI) from the entire year 2024. The MFI data enables us to track over 120,000 individual
saving (cash-in) and over 130,000 withdrawal (cash-out) transactions. The MFI data further in-
cludes personal information of clients such as age, agricultural employment, gender, marital status

and the region of residency. With regard to the climatic variables, two types of temperature data
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are used, i.e., grid data and data of local weather stations (NOAA, 2025a,b). We merge the MFI
and the weather datasets based on the location of the MFI agency of the client. To define exposure
to extreme heat, we follow Aguilar-Gomez et al. (2024), Addoum et al. (2020), and Somanathan
et al. (2021), and employ an absolute threshold approach in our main specification.

This study contributes to the literature studying the impacts of climate change on economic
outcomes. Related studies have emphasized the detrimental effects of climate change on regional
and national economic outcomes in LMICs (Dell et al., 2012; Mendelsohn et al., 2006; Lanzafame,
2014), while noting that the effects of climate change on economic growth are not homogeneous
across climate proxies, sectoral composition, time horizon, and regions considered (Sheng et al.,
2022; Colacito et al., 2019; Donadelli et al., 2022). Despite their wide coverage, these studies fall
short to focus on weather related impacts at the individual level. We therefore make a distinct
contribution focusing on the impacts of weather on individual clients’ short-run financial behavior,
as proxied by savings and withdrawals.

Besides, we leverage the literature studying the impacts of extreme weather on individual eco-
nomic outcomes. So far, individual level studies have shown the negative impact of extreme tem-
peratures on agricultural yields (Cui & Tang, 2024; Tabe-Ojong & Lokossou, 2026; Schmitt et al.,
2022; Powell & Reinhard, 2016) and their implications on labor (Jessoe et al., 2018; Somanathan
et al., 2021; Tabe-Ojong et al., 2026; Zivin & Neidell, 2014). Likewise, individual level studies focus
on impacts of extreme weather on income (Li et al., 2024; Sitko et al., 2026; Somanathan et al.,
2021) or firm sales (Addoum et al., 2020). We contribute to this literature as we focus on a different
individual economic outcome, namely savings and withdrawals of microfinance clients.

Our study also contributes on the emerging literature of how financial behavior changes under
risk and uncertainty. Related studies investigate how commodity and food prices are affected
through market uncertainty (Guo et al., 2023; Raleigh et al., 2015; Letta et al., 2022; Kotz et al.,
2025). Closely linked to our study, Trinh et al. (2024) show how temperature shocks impact savings
and net worth by influencing risk and time preferences. Our distinct contribution is that we focus on
savings in a LMICs setting. This is particularly important, as already early theoretical research has
underlined the importance of risk and uncertainty in explaining savings (Kimball, 1990; Skinner,
1988; Cassar et al., 2017), calling for further knowledge, particularly in the context of of LMICs
where exposure to climate risk is high and liquidity is low.

Finally, we contribute to the broader literature of risk management in LMICs by studying
microfinance responses to shocks. As indicated above, most existing microfinance research focuses
on credit (Aguilar-Gomez et al., 2024; Mollmann et al., 2020; Pelka et al., 2015; Bauchet et al., 2018).
The few studies on formal savings mainly focus on accumulated savings, often providing only a one-
time snapshot (Wahbi et al., 2025; Baidoo, Samuel T. and Boateng, Emmanuel and Amponsah,
Michael, 2018; Key et al., 2017). Subsequently information is missing under which circumstances
savings are allocated. Notably, most studies in LMICs investigating dynamic responses to shocks
either focus on digital remittances through larger networks of family and friends (Riley, 2018;
Fafchamps & Lund, 2003; Jack & Suri, 2014) or examine the role of livestock and assets (Fafchamps
et al., 1998; Kazianga & Udry, 2006; Cui & Tang, 2024). As financial inclusion rates in LMICs are
increasing (Klapper et al., 2025), our approach provides important new insights through examining

withdrawal behavior, i.e., how accumulated formal savings are accessed in response to extreme heat.
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In this regard, our work particularly contributes to the literature on agricultural microfinance.
Households engaged in agriculture are especially vulnerable to climate change (Dell et al., 2014)
and mostly rely on lower financial buffers (Imai & Malaeb, 2015; Matter et al., 2021; Key et al.,
2017). Assessing their financial behavior in response to shocks is therefore particularly interesting
and policy relevant.

The remainder of the paper is organized as follows. Section 2 provides an overview of the
literature, while also discussing potential mechanisms explaining the relationship between extreme
heat and financial behavior. Section 3 introduces the study context, while section 4 describes the
data. Section 5 outlines the empirical strategy, and section 6 presents the main results. Section 7

discusses the findings, while section 8 concludes with policy implications and highlights limitations.

2 Understanding the impact of extreme weather

This paper builds on the literature examining the impacts of extreme weather on economic out-
comes, price expectations and risk preferences, and consumption smoothing. The aim of this section
is to synthesize the literature with regard to these elements and to outline mechanisms through

which the associations of extreme heat and financial behavior may be explained.

2.1 Extreme weather and economic outcomes

In a literature review, Dell et al. (2014) give an overview of how changes in weather realizations
within given spatial areas exert economically meaningful and statistically significant influences
on a variety of economic outcomes. Focusing on economic costs of climate change and using
predictions as well as calibrated climate response functions, Mendelsohn et al. (2006) indicate
that poorest countries will suffer most damages of climate change. In line, based on a historical
panel analysis of 125 countries, Dell et al. (2012) show that rising temperature levels particularly
reduce economic growth in LMICs. Using a similar empirical setup as Dell et al. (2012) but in
contrast to their results, Donadelli et al. (2022) find that higher intra-annual temperature variability
has no statistical significant effects on productivity in Africa, but stronger economic effects among
richer economies. Overall, these heterogeneous results indicate that empirical analysis investigating
climate change heavily depend on the specific time horizon of the climate proxy considered. In this
spirit, Lanzafame (2014) discusses the negative short- and long-run relations between temperature
and growth in Africa. Related, Duenas et al. (2026) show that the magnitude of the negative
impact on economic growth increases with the intensity and duration of heat in Latin America and
Colacito et al. (2019) stress the importance of seasonal effects by establishing a decrease in output
and productivity growth following an increase in average summer temperature in the United States.
Finally, it may also be important to consider the role of uncertainty. In this regard, Sheng et al.
(2022) show that the negative impact of temperature volatility on a Coincident Economic Activity
Index is increasing for higher values of uncertainty.

A main channel through which weather influences economic outcome is the agricultural sector.
Studies show that countries more reliant on the agricultural sector are more exposed to negative
impacts of weather shock (Dell et al., 2012). In this regard, Lesk et al. (2016) find that extreme

heat events were associated with a 9 to 10% decrease in national cereal production across the globe



Extreme heat and financial behavior in Benin June 1, 2026

between 1964 and 2007. Focusing on Africa, Lobell et al. (2011) establish that between 1999 and
2007, each day with a temperature that was both hotter than average and above 30°C reduced
crop yields by 1-1.7% depending on the rain-fed conditions. In line, Schlenker & Lobell (2010) find
that higher temperatures reduce yields of key crops in Sub-Saharan Africa (SSA).

Related, studies at the producer and household level equally depict lower agricultural production
through extreme temperatures. In China, Cui & Tang (2024) show that extreme heat substantially
decreases crop production and lowers income at the individual level. In Nigeria, Tabe-Ojong &
Lokossou (2026) equally show that extreme heat leads to agricultural production losses and declining
market participation of smallholder farmers. A negative relationship between extreme weather
events and agricultural outcome at the farm level has also been established in developed countries
(Schmitt et al., 2022; Powell & Reinhard, 2016). This negative effect also translates to a negative
impact on earnings and ultimately income. In Tanzania, weather shocks during the agricultural
season negatively impact income, particularly for lands solely managed by women (Asfaw & Maggio,
2018). Congruently, Hirvonen (2016) shows that household income co-moves with weather outcomes
in rural Malawi. Sitko et al. (2026) rely on a rural household panel of 25 different countries and
show that every day of extreme heat is associated with a reduction of the total income of poor and
female-headed households by 0.8-1.5%. Another channel that may explain a detrimental impact
on income may relate to labor productivity. The idea that higher temperatures lowers cognitive
function and subsequently labor productivity dates back at least to the ancient Greeks (Dell et al.,
2014). It has been confirmed by individual level data analysis in India, (Somanathan et al., 2021)
and the US (Zivin & Neidell, 2014). Effects of extreme heat on labor allocation and firm sales have
similarly been documented in other contexts (Tabe-Ojong et al., 2026; Jessoe et al., 2018; Addoum
et al., 2020; Dell et al., 2014).

Overall, contingent on the specific set-up, the literature above indicates that thermal stress can
reduce economic outcomes. Extreme heat may have a direct impact on agricultural households
through reduced agricultural production efficiency as well as lower yields. Through absenteeism
from work and lower labor productivity incomes may decrease as well. Consequently, in particular
in the agricultural sector, rising temperatures may induce lower individual incomes, which may

limit the capacity to save.

2.2 Extreme weather, price expectations, and risk preferences

Apart from direct effects through lower agricultural production, increasing climate risks may also
impact (financial) behavior through market uncertainties and related expectations of future devel-
opments of prices. In this regard, financial market outcomes have been shown to be impacted by
expectations induced by changes of weather. In India, Letta et al. (2022) show that market food
prices respond immediately to expected supply shortfalls through traders’ anticipations, even before
any harvest failure has materialized. In developed countries, Guo et al. (2023) show pronounced
responses of agricultural product prices to climate risk perceptions in the short-run. This literature
also relates to previous work explaining weather-related market changes and uncertainties in stock
returns (Saunders, 1993; Kramer & Runde, 1997; Hirshleifer & Shumway, 2003; Worthington, 2009;
Chang et al., 2008) and cost of equity and assets (Balvers et al., 2017; Bansal et al., 2016) through

investor mood and sentiment.
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In conjunction to the above empirical findings, early theory suggests that uncertainty about
future available income will reduce current consumption and increase current savings (Kimball,
1990). Moreover, theoretical models have shown that such precautionary savings against expected
uncertainties can comprise a large fraction of aggregate savings (Skinner, 1988). In our case study,
such expectations may be represented by the above-mentioned anticipated price increases.

Related, a growing body of literature also shows that exposure to extreme weather events
shapes individual risk preferences. For instance, in rural Thailand, Cassar et al. (2017) find that
direct exposure to extreme climate events increases concern about climate change, which in turn
can make individuals more risk averse and increase their savings. Similarly, Cameron & Shah
(2015) show that individuals in Indonesia who recently experienced floods or earthquakes exhibit
greater risk aversion. Equally focusing on Indonesia, Jaramillo et al. (2025) confirm these findings,
demonstrating that extreme weather events increase the probability that individuals become more
risk averse. Going back to the concept of precautionary savings, theoretical models have shown
that higher risk aversion unambiguously increases precautionary savings, independent of the specific
income uncertainty (Bommier & Grand, 2019).

Overall, increases in expected prices or risk aversion may induce higher precautionary savings.
In our study context, expected price increases may be particularly relevant for non-agricultural
clients, who cannot rely on subsistence farming. This may translate into higher precautionary
savings and/or strategic withdrawals of non-agricultural clients to anticipate higher future liquidity

needs.

2.3 Extreme weather and consumption smoothing

The small literature on how individual consumption reacts to shock in LMICs is heterogeneous.
In Tanzania and Malawi, increases in mean growing-season temperature and temperature shocks
were decreasing rural household consumption (Hirvonen, 2016; Asfaw & Maggio, 2018). In line,
Fafchamps et al. (1998) find that livestock savings can only compensate for a small part of the
income shortfall after a drought shock in Western Africa. Similarly, Kazianga & Udry (2006) also
find little evidence of effective consumption smoothing through use of assets in an agricultural
context in Burkina Faso. In Mexico (Skoufias & Vinha, 2013) and China (Cui & Tang, 2024)
the ability to smooth consumption after a weather shock depends on the climate region and the
agricultural season. While these studies imply that, depending on the specific set-up, individuals
in LMICs face substantial difficulties in maintaining their consumption levels after shocks, they
fall short to investigate the role of microfinance. This is crucial, as microfinance products are
ultimately designed to enable consumption smoothing after negative shocks (Van Rooyen et al.,
2012). Therefore, more closely related to our study, Calis et al. (2017) shows that cyclones reduced
household income but access to microfinance partially mitigated the adverse effects through the
provision of financial buffers. Going beyond financial services provided by MFIs, Riley (2018)
and Jack & Suri (2014) show that individuals use remittances on mobile money accounts from
families and friends as an instrument for consumption smoothing in Tanzania and Kenya. Taken
together, these studies imply that if suitable financial tools are available, consumption smoothing
may be successfully implemented. However, the literature focusing on borrowing behavior within

MFTIs challenges this assumption. For example, Addoum et al. (2020) find that extreme heat days
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increase small- and medium-enterprises’ loan defaults in Mexico. Similarly, de Roux (2021) show
that exposure to extreme weather increases the probability of loan default among Colombian coffee
farmers. These loan delinquencies depict that microfinance clients are challenged by low liquidity
during extreme heat. In this regard, particularly agricultural clients often rely on relatively low
financial buffers (Imai & Malaeb, 2015; Matter et al., 2021; Key et al., 2017), which is also explained
by the negative impact of extreme heat on income. This may constrain them in their abilities to
smooth consumption (Fink et al., 2020), ultimately implying that withdrawal amounts may either
stay stable or decrease following exposure to extreme heat.

In line with the concept of precautionary savings, economic theory suggests that individuals
prefer a stable path of consumption. This implies that individuals draw on available resources to
smooth consumption when confronted with a shock (Friedman, 1957; Hall, 1978). As described
earlier, in our setting, exposure to extreme heat may lower income and increase anticipated prices
and risk aversion. Following the hypothesis of consumption smoothing, this translates to strategic
withdrawals from microfinance accounts after shocks, i.e., extreme heat days. However, the ability
to implement such withdrawals may depend on sufficient available liquidity.

Overall, if we assume that individuals want to smooth consumption following negative exposure
to extreme heat, strategic withdrawals from savings may be expected in our study. However, the
literature to what extent individuals can rely on past resources after shocks is heterogeneous.
These heterogeneous results may relate to limited resources available to smooth consumption, i.e.

to execute strategic withdrawals.

2.4 Extreme heat and financial behavior

The theoretical and empirical portrait outlines a complex relationship between extreme heat, eco-
nomic outcomes, price expectations and risk preferences, and consumption smoothing. This trans-
lates to a complex expected interplay of extreme heat and financial behavior. To begin, empirical
evidence on economic outcomes suggests that extreme heat may particularly affect agricultural
households by reducing production efficiency and lowering crop yields (Cui & Tang, 2024; Tabe-
Ojong & Lokossou, 2026; Asfaw & Maggio, 2018; Hirvonen, 2016; Sitko et al., 2026). Through
absenteeism from work and lower labor productivity incomes may decrease as well (Somanathan
et al., 2021; Zivin & Neidell, 2014; Tabe-Ojong et al., 2026; Jessoe et al., 2018; Addoum et al.,
2020). Consequently, in particular in the agricultural sector, rising temperatures may induce lower
individual economic outcomes, which may limit the capacity to save. However, our literature review
also indicates that climatic extremes may induce increasing price expectations (Letta et al., 2022;
Guo et al., 2023) and raise risk aversion (Cassar et al., 2017; Cameron & Shah, 2015; Jaramillo
et al., 2025). Early theoretical models have emphasized the importance of precautionary savings
in anticipation of increasing (expected) prices and raising risk aversion, implying an opposite,
i.e., positive, relationship (Kimball, 1990; Bommier & Grand, 2019). In the context of our study,
for agricultural clients, the impacts of extreme heat on economic outcomes through lower yields
may be particularly detrimental, implying a negative association between extreme heat and saving
amounts. For non-agricultural clients, anticipated increases in food prices may point towards a
positive relationship, as they cannot rely on their own farming products.

With regard to withdrawal behavior, the theoretical literature implies that individuals may
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increase their withdrawals after extreme heat to implement consumption smoothing in response
to reduced available income, higher expected prices or risk aversion (Friedman, 1957; Hall, 1978;
Bommier & Grand, 2019). Still, the cited empirical literature on consumption smoothing after
climatic shocks is heterogeneous stressing that other factors, such as time or available liquidity
of clients, may play an important role (Calis et al., 2017; Hirvonen, 2016; Asfaw & Maggio, 2018;
Fafchamps et al., 1998; Kazianga & Udry, 2006; Skoufias & Vinha, 2013; Cui & Tang, 2024). In this
regard, particularly agricultural clients commonly rely on low financial buffer, implying potential
difficulties in accessing buffer stocks to implement strategic withdrawals (Imai & Malaeb, 2015;
Matter et al., 2021; Key et al., 2017).

To conclude, in the absence of rigorous theoretical and empirical guidance, we refrain from
formulating hypotheses about the expected effects of extreme heat on saving and withdrawal be-
havior. Still, we connect the discussed literature-based mechanisms to our results in the discussion
section. We further build our analysis on the notion that the adverse effect of extreme tempera-
tures stems from exposure to extreme heat. Research has shown that high temperatures negatively
influence (economic) outcome, while the evidence on linking extreme cold and agricultural output
is inconsistent (Schlenker & Roberts, 2009; Aguilar-Gomez et al., 2024). Nevertheless, we include
additional weather conditions, such as exposure to unusual cold temperatures or precipitation, as

control variables in our analysis.

3 Study context

Benin is a small open economy in West Africa. Its economic structure is highly dependent on
agriculture, as its gross domestic product accounted for 24.3% of its value added from agriculture,
fishing, and forestry in 2024 (World Bank Group, 2025). However, as is common in SSA, most
commercial banks focus on serving large, urban-based enterprises and are not adapted to the needs
of small (agricultural) clients often running informal enterprises (Weber & Musshoff, 2012; Benami
& Carter, 2021). MFIs address this gap, as, per their definition, they are specific types of financial
institutions that prioritize the financial inclusion of low income people who would otherwise be left
unsupported. The first MFIs have emerged in Bangladesh in the 1970s, based on the concept of
group lending at the Grameen Bank. Since then, MF1Is follow a diversity of approaches spawned by
the common idea of providing financial services to low-income households. Apart from their best-
known activity, i.e. lending, many MFIs also take deposits (Morduch, 1999). The specific role of
MF1Is heavily depends on the regional regulatory background. For example, the concept of MFIs in
Benin is broader and more legally specific than in many other countries because it includes NGOs,
associations, and other non-bank structures.! In other countries, by contrast, the term MFI often
refers more narrowly to licensed non-bank financial institutions, while NGOs may remain outside
prudential regulation or fall under separate registration regimes (Gallardo et al., 2005).

Rates of financial account ownership also depend on the world region (see Appendix Figure Al
for an overview). In Benin, between 2012 and 2022, the number of clients and members served by

MFTs tripled, and in 2024 52% of the Beninese population owns a financial account (Klapper et al.,

'Since 2025, the applicable regulatory microfinance framework for MFIs in Benin is set out in Law No. 2025-14
on the regulation of microfinance. The reform was also introduced to harmonize Benin’s MFI regulation with that
of other member states of the West African Economic and Monetary Union.



Extreme heat and financial behavior in Benin June 1, 2026

2025). Still, climate change poses new challenges to MFIs’ business. In particular, microborrowers’
vulnerability to climatic hazards are associated with increased credit risk (Dorfleitner et al., 2025;
Castellani & Cincinelli, 2015), which may incline MFIs to withdraw from climate-vulnerable areas
to reduce their exposure (Ahmed et al., 2025).

Our MFT partner network, the Faitiére des Caisses d’EpaTgne et de Crédit Agricole Mutuel
(FECECAM), was established in 1993 to coordinate, support, and supervise the decentralized
structures of the Caisses Locales d’Epargne et de Crédit Agricole Mutuel (CLCAM) (Floquet et al.,
2018; World Bank, 2018). The CLCAMs operate in a decentralized manner, mobilizing local savings
and extending credit to vulnerable populations within the applicable microfinance framework in
Benin. The CLCAMSs are member-owned and not-for-profit entities that function under cooperative
principles. Originally created to provide agricultural loans to farmers only, the deposit-taking
CLCAMSs have outgrown their original mission, and membership is a diverse mix that includes
individuals especially micro entrepreneurs as well as groups who reside or work in a particular
community (Ouattara, 2003). Since its inception, the FECECAM network has been the largest
MFT in Benin. The MFT sector in Benin is highly concentrated: the five largest MFIs, including
FECECAM, accounted for approximately 75% of total deposits and 65% of total clients (World
Bank, 2018).

4 Data and measurement

4.1 MFI data

To conduct the analysis, we use client-level data of daily saving and withdrawal amounts of FE-
CECAM account holders. The data include information on the amount, date, and nature of each
transaction (cash deposit/savings or cash withdrawal). It further provides information on clients’
age, agricultural employment status, gender, marital status, and whether a client has used other fi-
nancial resource management tools than savings, namely credit. Client-level data were constructed
by merging transaction and client information from FECECAM’s management information system
using a unique client identifier. Observations with missing values for key socio-economic variables,
such as for example agricultural profession, were excluded. Clients with unreasonable characteris-
tics, such as clients aged younger than 14 and older than 95 were equally excluded. Transactions
not uniquely attributable to a single client were also removed. A limitation of our client-level
data is that the sample is not representative of the general population in Benin. However, it is
comparable to the client base of other major MFIs in Benin, and to the clientele of other large
deposit-taking MFIs in SSA countries with similar market structures. The extracted MFI data
ranges from 01. January 2024 to 31. December 2024, enabling us to analyze a full annual cycle of
clients’ financial resource management. We use transaction data from 84 agencies of FECECAM.
The regions included in our data are: Atacora, Atlantique, Borgou, Couffo, Donga, Littoral, Mono,
Oueme, and Zou (see Figure 1 for the locations of the MFI agencies). Overall, we consider 122,307
saving transactions and 138,487 withdrawal transactions from 49,550 microfinance clients in our

analysis.
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Figure 1: Map of Benin with locations of weather stations and MFI agencies
Please note: In Benin Adminl-level refers to the first-level administrative division of the country, which are
represented by the departments of the country.
Source: Own visualization.
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4.2 Temperature data

To quantify local exposure to extreme temperatures, grid-level data specific to each agency serves
as the main measure. Precisely, we match daily grid minimum and maximum temperature records
at a 0.05 x 0.05-degree resolution from the CPC Global Unified Temperature dataset provided by
NOAA PSL (NOAA, 2025b) based on each client’s agency location. We also match the agency level
MFT data with daily grid rainfall data from the Climate Hazards Group InfraRed Precipitation with
Station data (CHIRPS) (CHIRPS, 2025) equally collected at the 0.05 x 0.05 degree resolution.

Figure 2 shows the distribution of daily maximum and minimum temperatures of the grid data in
2024. Minimum temperatures are moderate, averaging around 23°C. The maximum temperatures
average around 33°C. Cold extremes are defined as temperatures below the 5th percentile of the
daily minimum temperature distribution, which is 15.5°C. Extreme heat is defined as temperatures
above the 95th percentile of the daily maximum temperature, which is 39.1°C. The identification
of extreme temperatures based on absolute values has been employed by the literature before, see
for example Aguilar-Gomez et al. (2024); Somanathan et al. (2021); Addoum et al. (2020), and has
the advantage to enhance comparability towards other studies covering different time periods and
geographic contexts.

To check the robustness of the temperature measure, we also rely on daily weather station
data from the NOAA Climate Data Online (CDO) database (NOAA, 2025a), covering five stations
located in Bohicon, Cotonou, Kandi, Natitingou, and Parakou (see Figure 1 for station locations).
Unlike the gridded data, which allows us to assign temperature values to the exact locations of the
agencies, this approach matches each agency to the geographically closest weather station. Using
the weather station data, extreme cold is again defined as temperatures below the 5th percentile,
which now is 15°C. Extreme heat is defined as being above 39.4°C for the weather station data,
which again corresponds to values above the 95th percentile (see Appendix Figure A2). We do not
use the weather station data as the main measure, as the gridded data allow for a more granular
assessment of temperature at the agency level. Further, the weather station data suffer from
substantial missing values in the precipitation variable. We further discuss the comparability of

the grid and weather station data in section 6.1.

5 Empirical strategy

5.1 Main model

The main empirical strategy seeks to quantify the effect of an additional day of extreme heat within
the last quarter on financial behavior based on a TWFE model. Specifically, the aim is to estimate
the short-run association of extreme heat on how much a microfinance client deposited into or
withdrew from their account. As indicated, our main model relies on weather data measured at
the grid level.

To explore the relationship between extreme heat and microfinance clients’ financial behavior,
we estimate TWFE regression models using the daily deposited and withdrawn amounts as outcome
variables. The use of the TWFE estimator follows precedent literature where it has been extensively

used to understand the impacts of climatic extremes (Tabe-Ojong et al., 2026; Aguilar-Gomez et al.,

10



Extreme heat and financial behavior in Benin June 1, 2026

Min. temperature
Max. temperature

[ Bottom 5%

Top 5%

I 1 1 1 [ I
0 10 20 30 40 50
Temperature (°C)

Figure 2: Distribution of mazimum and minimum daily grid temperature in 2024
Please note: The figure shows the distribution of minimum (blue) and maximum (red) daily temperature. The
bottom 5% of minimum temperature (less than 15.5°C) and top 5% of maximum temperature (more than 39.1°C)
are highlighted.
Source: Own visualization based on Aguilar-Gomez et al. (2024).

2024).2 Based on the panel structure, we include individual level fixed effects in our main model,
accounting for possibly omitted time-constant variables, such as for example clients’ exact locations,
or long-run asset ownership. Based on the short time horizon of our database, the fraction of time-
varying individual confounders is likely to be very limited. For example, in LMICs professions and
henceforth also income opportunities and structures, tend to be stable over time, as they depend on
physical assets often passed down from one generation to the next (Daniele, 2024). While migration
induced by climatic developments (Hirvonen, 2016) may play a role for our study, the short-time
horizon again mitigates concerns. In addition, none of the individuals included in our sample
changed their official address. We also control for seasonal heterogeneity by including time-fixed
effects that account for monthly trends equal to all clients. We prefer this approach over broader
seasonal fixed effects due to substantial spatial climatic heterogeneity within the country. For
instance, southern Benin experiences two rainy seasons, from March to July and from September
to November, whereas the northern region is characterized by a single rainy season from May to
October (World Bank, 2025). Consequently, agricultural seasons also vary considerably, depending
on both crop type and exact geographic location (FAO, 2025), which is best captured by monthly

controls. The main TWFE estimation model reads as follows:

Yijt = B1 DaysUnusual Heat(;_py; + B2 W(—k)j + Om(r) + 0i + €ijt (1)

where Y;j; is the outcome variable, i.e., the logarithm of the amount of daily savings or withdrawal

2We tested whether the use of a random effects model is appropriate. Considering both potential outcomes (savings
and withdrawal amounts), the Hausman test results support the use of fixed effects rather than random effects.
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amounts, of client ¢ of agency j at day t. We use the logarithm to address skewness in the data
and to mitigate heteroskedasticity (Wooldridge, 2010) (see subsection 6.1 for a discussion on the
structure of the data concerning the outcome variables). The temporal border of days considered
before the transaction took place is indicated by k£ and is defined as 90 in the main model. This
roughly represents the number of days of extreme temperature within the last quarter preceding the
transaction and follows previous literature such as Aguilar-Gomez et al. (2024). As recommended
by Dell et al. (2012) and following the relevant literature (e.g. Aguilar-Gomez et al. (2024), Tabe-
Ojong et al. (2026)), we control for other weather conditions: w(;—k); is a vector of weather control
variables, containing precedent days of extreme cold and an average daily precipitation variable
following the same time structure as the extreme heat variable. 4,,;) and d; are the month and
individual level fixed effects. The error term ¢;;; is heteroskedasticity robust and is clustered at the
agency level in the grid data estimations.

As hypothesized, climatic conditions can directly influence agricultural production, so microfi-
nance clients engaged in agriculture may differently react to extreme heat from those outside the
sector (Aguilar-Gomez et al., 2024; Letta et al., 2018). To investigate this potential heterogeneity,
we estimate three different TWFE regression models: one for the full client sample, one for the

sample of agricultural clients and one only considering non-agricultural clients.

5.2 Extensions to the main model

As thoroughly depicted by Sitko et al. (2026), the non-experimental nature of our main TWFE
model challenges a rigorous causal interpretation of the short-run impact of extreme heat on finan-
cial behavior. Common concerns of non-experimental approaches refer to reverse causality, omitted
variable bias, unobserved seasonal pattern and measurement error. In our setting, climatic vari-
ables, like most geographic characteristics, are exogenously given, so reverse causality is unlikely
to pose a major concern (Dell et al., 2014; Aguilar-Gomez et al., 2024). However, omitted variable
bias may arise if climate variables correlate with other unobserved factors influencing microfinance
clients’ saving and withdrawal behavior. This concern is mitigated by including individual level
fixed effects in the main estimation, which control for time-constant differences of microfinance
clients. Still, one potential omitted factor that may impact daily saving and withdrawal amounts
are daily credit repayments and disbursements. While, due to data availability, we cannot directly
control for this, we implement a robustness check, by re-estimating the main model only for clients,
which were not specified as credit clients in 2024. This approach allows us to assess whether adap-
tation to extreme heat differs structurally between clients who either received or repaid credit and
those who did not. Omitted variable bias may also arise from systematic variation across days of
the week. Income, prices and behavior on financial markets often follow regular intra-week patterns
(Zhang et al., 2017; Kiymaz & Berument, 2003; Vellekoop) but may be disrupted by climate-related
shocks. To account for this, we estimate an additional specification that augments the main model
with day of the week fixed effects in addition to the monthly controls.

To account for seasonal patterns, we decided to include month fixed effects in our main estima-
tions. Still, we account for the fact that agricultural activity may follow more granular seasonal
patterns than those captured by month fixed effects. We therefore implement a robustness check

in which we replace the month fixed effects with week of the year fixed effects.
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Apart from addressing omitted variable bias and more granular seasonal pattern, we investigate
the robustness of our results with regard to the measurement of extreme heat. To address potential
measurement error in the extreme heat variable, we implement a robustness check relying on a
different climate data set, i.e., data obtained from weather stations. Measurement concerns may
also arise in connection with the definition of the extreme heat variable. We therefore consider an
alternative percentile threshold for defining extreme cold and heat, namely the 10th—90th percentiles
of the daily minimum—maximum temperature range, as a robustness check. Finally, we use a
flexible function of a temperature bin TWFE model to characterize the temperature proxy outcome
relationship. However, this differs qualitatively from the goal of our paper, as, as in Aguilar-Gomez
et al. (2024), we seek to examine how individuals deal with the cumulative impact of days of
extreme heat and are not concerned by, potentially, nonlinear temperature-outcome relationships.
The applied binned specification follows Tabe-Ojong et al. (2026) and involves the following steps:
first, we segment the maximum daily temperature data into five different bins, ranging from below
28°C to above 40°C. Next, we determine the number of days falling into each temperature bin
during the quarter preceding the transaction. The coefficients are then interpreted in reference to
the benchmark bin, which in our case is the bin characterized by lowest temperatures.

Finally, we assess the empirical validity of the distinction between agricultural and non-agricultural
clients in our results. To do so, we re-estimate the TWFE model using agency fixed effects instead
of individual fixed effects. This allows us to include time-constant individual variables, which
have been absorbed by the individual fixed effects in the previous estimations. To investigate
a potential different association of extreme heat and financial behavior between agricultural and
non-agricultural clients, we integrate an interaction term, represented by the number of quarterly
extreme heat days and an agricultural dummy variable. To ensure that our main model is robust
to the inclusion of agency fixed effects, we also re-estimate the main model with agency fixed effects

instead of individual fixed effects as a robustness check.

5.3 Annual models

Apart from the extensive robustness checks to the main model, we leverage the data on an annual
level to investigate how a higher annual number of heat days is associated with the annual number
and volume of transactions in 2024. We estimate two different annual model types, a SUR and, as a
robustness check, an OLS model. Leveraging the data on an annual level has the advantage that we
can account for (potential) inter dependencies between savings and withdrawal amounts by applying
the SUR model (Zellner, 1962). To implement the SUR estimations, we follow the seminal work of
Zellner (1962), which accounts for potential correlations between the error terms of the savings and
withdrawal outcome variables. The SUR model relies on a generalized least-squares algorithm and
takes into account that savings and withdrawal amounts are interdependent. To implement the
SUR estimations, we aggregate the variables at the annual level because the equations for the daily
savings and withdrawal amount models contain an unequal number of observations. However, this
annual aggregation implies loss of information. In addition, in the SUR estimations individuals
who engage exclusively in either savings or withdrawal transactions cannot be considered in the
analysis. Because this results in loss of efficiency, we do not use SUR as the main estimation method.

Still, the SUR has the advantage to account for correlations between the error terms, which is also
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supported by the Breusch-Pagan test, which rejects the hypothesis that the correlation between
savings and withdrawal amounts is zero. We report the results of the Breusch-Pagan test in the
respective tables.

Aggregating the data at the yearly level allows us to estimate the annual models with four
outcome variables: total annual savings and withdrawal amounts, representing the intensive margin,
as well as the total number of savings and withdrawal transactions, which represent the extensive
margin. We add a rich set of control variables in the annual estimations, as, unlike the TWFE
model, the annual models cannot directly control for time-invariant individual differences. Based
on the microfinance literature, we include socio-economic client characteristics such as age, gender,
and marital status (Olkers & MuBhoff, 2024; Asfaw et al., 2023; Steinert et al., 2018; Agier &
Szafarz, 2013; Cull et al., 2018). We additionally control for the fact that microfinance clients may
use different financial instruments than saving to deal with extreme temperature shocks. To do
so, we include a dummy variable which marks microfinance clients that have been disbursed or
repaid at least one credit in 2024. As before, we also control for other weather conditions than heat
(extreme cold and average precipitation) and agency characteristics. We estimate the SUR system

specified as follows:

ngavings = v1 DaysUnusual Heat; +w; + C; + 0 + €45 (2)

Yi})\/ithdrawals = 61 DaysUnusualHeat; +wj + C; + 65 + €45 (3)

where Y;; is the outcome variable, representing individual annual savings or withdrawal amounts
or the total number of annual savings or withdrawal transactions. The coefficients of interest,
i.e., 71 or 41, measure how microfinance clients’ annual financial outcomes are associated with one
additional day of unusual heat within the year 2024. w; again controls for extreme cold and average
precipitation. Cj is a vector representing the socio-economic characteristics (age, credit dummy,
gender and marital status). d; controls for the different agencies. The heteroskedasticity robust
error term is €;; and clustered at the agency level in the grid data estimations. As before, we
estimate the model for the agricultural and non-agricultural client samples separately.

To implement the OLS robustness check estimations, we estimate the same set of equations
as above, but separately. While the OLS models cannot account for potential interdependencies
between savings and withdrawal amounts, they allow to include all individuals, i.e. also the in-
dividuals who exclusively engaged in savings or withdrawals. We implement the OLS robustness
check models to rule out that potential differences between the SUR and TWFEs models stem from
limited sample sizes or interdependencies between savings and withdrawals amounts.

It is important to note that the associations identified in the annual models, i.e., the SUR and
OLS models, qualitatively differ from those in the main model and its extensions, i.e., the TWFE
models. The TWFE models estimate how savings and withdrawal transaction amounts respond to
an additional number of extreme heat days in the preceding quarter of the transaction, whereas
the SUR and OLS models capture how a higher annual number of heat days is associated with the

annual number and volume of transactions in 2024.
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6 Results

6.1 Sample description

Table 1 presents the mean, standard deviations, minimum and maximum values of the different
datasets. In accordance with the temperature diagrams (see Figure 2 and Appendix Figure A2),
Microfinance clients live in warm climatic conditions: the average maximum daily temperature is
33.7°C, while the average minimum daily temperature is 23.5°C, as indicated by the grid weather
data. The average of the mean daily precipitation level measured at the grid level is 3.1 mm.
The temperature data based on the grid values is comparable to the weather station data, i.e.,
temperature deviations are below 1°C.

On average, savings were slightly higher than withdrawal amounts. Respectively consider-
ing all saving and withdrawal transactions conducted in 2024 in FECECAM, the average saving
amount was 285,577 FCFA (411.4 EUR), while the average withdrawal amount was 227,026 FCFA
(346.1 EUR). These values appear high relative to typical expected cash transactions at MFI agen-
cies. This is explained by the right-skewed distribution of transaction amounts: median savings
amounted to 52,000 FCFA (72.3 EUR), and the median withdrawal amount was 55,000 FCFA (83.4
EUR). We address this skewness by using the logarithms of the amounts in our analysis. On av-
erage, microfinance clients executed 2.4 saving and 2.7 withdrawal transactions per year. Overall,
this implies that while daily saving amounts were on average larger than daily withdrawal amounts,
withdrawals occurred more frequently in 2024.

Table 2 gives a snapshot of how annual financial behavior between agricultural and non-
agricultural clients has differed within 2024. It shows that, on average, saving and withdrawal
amounts of non-agricultural clients were higher than those of agricultural clients. It also shows
that both kind of transactions were more frequently executed by agricultural clients than by non-
agricultural clients.

Additional client characteristics based on the microfinance data read as follows: microfinance
clients are on average 39.7 years old. 30.6% of clients are engaged in agriculture, i.e., 15,162
clients indicated that they worked in an agricultural profession. 34.3% of clients are female, and
about half of the clients are married. 30.4% of the clients used a credit facility as an additional
financial resource management tool within 2024. The regional distribution reveals a balanced
geographic spread across the country, with notable concentrations in Borgou (26.2%) in the North
and Atlantique (22.8%) in the South.® Figure 3 shows a heatplot for the variables of interest. Apart
from correlations between the saved and withdrawn amounts, correlations range between -0.17 and
0.15, indicating weak to modest linear associations between the independent variables. To answer
to concerns of potential biases through the correlation between saved and withdrawn amounts, we

implement the annual model estimations as a robustness check.

6.2 Results of the main model

We begin by presenting the results of the main specification: Table 3 shows the impact of an

additional day of extreme heat within the last quarter on daily savings and withdrawal amounts

3Table Al shows the descriptives statistics for the agricultural and non-agricultural samples separately.
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Table 1: Summary statistics of MFI and weather data

Full Sample

Mean SD Min. Max. N

Weather characteristics

based on grid data
Minimum daily temperature (in °C) 23.464 2.694 3.304 32.211 40,260
Maximum daily temperature (in °C) 33.670 3.042 24.198 42.786 40,260
Mean daily precipitation (in mm) 3.129 7.598 0.000 92.761 40,260

based on station data
Minimum daily temperature (in °C) 22.475 3.197 11.667 31.111 1,841
Maximum daily temperature (in °C) 33.633 3.145 23.888 43.333 1,906
Mean daily precipitation (in mm) 4.694 12.508 0.000 148.082 1,084

Client characteristics

based on MFT data
Daily deposit/ savings amount (in FCFA) 285,577 990,597 1.000 70,001,000 122,307
Daily withdrawal amount (in FCFA) 227,025 755,786 2.000 70,000,000 138,487
Number savings (in 2024) 2.419 4.051 0.000 187.000 49,550
Number withdrawals (in 2024) 2.744 5.193 0.000 126.000 49,550
Age (in years) 39.718 12.091 14.000 94.000 48,755
Client engaged in agriculture (1=yes) 0.306 - 0.000 1.000 49,550
Client took credit (1=yes) 0.304 - 0.000 1.000 49,550
Gender (1=female) 0.343 - 0.000 1.000 49,550
Married (1=yes) 0.527 - 0.000 1.000 49,550
Atacora region (1=yes) 0.128 - 0.000 1.000 49,550
Atlantique region (1=yes) 0.228 - 0.000 1.000 49,550
Borgou region (1=yes) 0.262 - 0.000 1.000 49,550
Couffo region (1=yes) 0.066 - 0.000 1.000 49,550
Donga region (1=yes) 0.054 - 0.000 1.000 49,550
Littoral region (1=yes) 0.070 - 0.000 1.000 49,550
Mono region (1=yes) 0.041 - 0.000 1.000 49,550
Other region (1=yes) 0.016 - 0.000 1.000 49,550
Oueme region (1=yes) 0.021 - 0.000 1.000 49,550
Zou region (1=yes) 0.131 - 0.000 1.000 49,550
Number of clients 49,550
Number of agencies 84

Please note: Savings and withdrawal data is skewed to the right which gives wrong impression about actual savings and
withdrawal amounts. The median of savings is 52,000 FCFA and the median of withdrawals is 55,000 FCFA.

Table 2: Summary statistics of annual financial behavior of non-agricultural and agricultural clients

Agricultural sample Non-agricultural sample

Mean SD Mean SD
Annual deposit/ savings amount (in FCFA) 493,304 2,161,515 949,797 4,160,862
Annual withdrawal amount (in FCFA) 746,203 2,332,126 1,062,336 3,987,160
Annual number of savings 1.742 2.546 2.719 4.525
Annual number of withdrawals 1.819 4.248 3.149 5.508

Please note: Table is based on data of 260,794 transactions aggregated at the annual level from 34,394 non-agricultural
clients and 15,156 agricultural clients.
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Figure 3: Heatplot of main variables
Source: Own visualization.

based on the grid weather data and the main regression model. Columns (1) and (2) consider
the full sample. Columns (3) and (4) consider the agricultural sample, while columns (5) and (6)
consider the non-agricultural sample. We start by discussing the results of the saving outcome
variable.

Column (1) shows a statistically significant positive effect of additional days of extreme heat on
daily saving amounts, suggesting that deposited saving amounts tend to increase as the frequency
of days of extreme heat within the last quarter rises. In line, column (5) shows that non-agricultural
clients statistically significantly increase their savings when confronted with additional extreme heat
days in the last quarter. In contrast, the statistically significant coefficient in column (3) indicates
that agricultural clients deal with extreme heat by negatively adjusting their saving behavior.
Precisely, one additional day of extreme heat in the precedent 90 days decreases the saved amount
by 1.1%.

We now present the results with regard to withdrawal behavior. The statistically significant
positive coefficients of exposure to extreme heat in the full, agricultural and non-agricultural sam-
ples (columns (2), (4) and (6)) thereby indicate that microfinance clients increase their withdrawal
amounts following days of extreme temperature. Precisely, microfinance clients statically signifi-
cantly increase their withdrawal amounts per additional extreme heat day in the last quarter by
around 0.6-0.7%.

6.3 Results of the extended models

As described in the empirical strategy section, we implement several extensions to gauge the ro-

bustness of the results of the main model described in section 6.2.
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Table 3: TWFE estimates of the effect of extreme heat days in the preceding quarter on financial
behavior based on grid data

Full sample Agricultural sample Non-agricultural sample
Savings ~ Withdrawals  Savings  Withdrawals  Savings  Withdrawals
(1) (2) (3) (4) (5) (6)

Quarterly days of extreme — 0.004*** 0.007*** -0.011** 0.007*** 0.004*** 0.006***
heat &

(0.001) (0.001) (0.005) (0.002) (0.001) (0.001)
Constant 10.720%** 11.192%** 9.803*** 11.172%%* 10.854*** 11.198***

(0.022) (0.016) (0.205) (0.037) (0.022) (0.017)
Month fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
R? 0.012 0.006 0.023 0.012 0.010 0.005
Observations 122,307 138,487 26,817 28,084 95,490 110,403

@ Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ¥ p < 0.05, ¥** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA.

We start by discussing the robustness checks addressing omitted variable bias and seasonal
patterns. First, Table 4 shows the regression results based on a restricted sample that only includes
clients classified as credit clients. The direction of the table’s coefficients are similar to the main
model: savings are statistically significantly negatively associated with extreme heat days in the
agricultural sample (column (3)) and withdrawals statistically significantly increase across all client
groups following extreme heat periods (columns (2), (4), and (6)). As the restriction of the sample
only marginally impacts the magnitude of estimated coefficients, we conclude that this extension
is robust to the main estimation. This implies that omitted variable bias arising from borrowing
activity is unlikely to be a major concern to our findings. Second, Table 5 presents the results of
the main TWFE specification extended by weekday fixed effects. Although coefficient magnitudes
change slightly, they remain stable in both size and statistical significance. This indicates that
our results are robust to concurrent variation in weekly financial patterns. Third, we discuss the
estimations that include week of year fixed effects, accounting for more granular seasonal activities.
Table 6 shows that the coefficients remain robust in comparison to the main TWFE model. This
suggests that the inclusion of different time fixed effects does not lead to structural differences in
the results.

We then discuss the remaining robustness checks regarding measurement error in the extreme
heat variable. To do so, we first we re-estimate the quarterly TWFE model using weather station
data. The results in Table 7 are comparably in direction and statistical significance to the main
results. However, coefficients change in magnitude but the change is not systematic with regard to
saving and withdrawal behavior or different client types. Second, we re-estimate the model using
an alternative threshold for defining exposure to extreme heat, i.e., the 10-90 percentile threshold.
Table 8 shows that the coefficients are similar in direction and statistical significance to the main
model, which is based on a 5-95 percentile threshold. However, across all models, coeflicients

slightly decrease in magnitude. Third, we follow precedent literature (Awaworyi Churchill et al.,
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2023; Dell et al., 2014; Tabe-Ojong et al., 2026) and implement a flexible specification of the impacts
of temperature extremes that accounts for potential nonlinearities. We use the first temperature
bin (< 28°C) as the benchmark, interpreting the coefficients of the other bins relative to this
reference point. Table 9 shows the TWFE results for all three samples, while Figures 4 and 5
show the coefficients plots for the full sample estimations.* In line with the main TWFE results,
Figure 4 shows that daily saving amounts considering all types of clients increase with increasing
temperature. This also applies to the associations of different temperature bins and savings in
the non-agricultural sample (column (5)) of Table 9. For agricultural clients, the coefficients in
column (3) of Table 9 imply that higher temperatures are associated with lower saving amounts.
Concerning withdrawal amounts, Figure 5 confirm the main results for the full and non-agricultural
sample: temperatures above 36°C are statistically significantly associated with higher withdrawal
amounts. In case of the agricultural sample (column (4)), the coefficients for the temperature bins
above 36°C point towards the same direction. Overall, the temperature bin results do not show
meaningful non-nonlinearities and are in line with the main model stressing that effects of extreme
heat primarily operate through high-temperatures above critical thresholds.

Finally, we test the empirical relevance of a distinction between agricultural and non-agricultural
clients. Table 10 shows the results for savings (column 1) and withdrawals (column 2). The
statistical significant interaction term in column (1) thereby indicates the different adjustment
behavior between agricultural and non-agricultural clients. Precisely, extreme heat days have a
statistical significant positive association with savings for clients not engaged in the agricultural
sector, while agricultural clients’ savings are negatively associated with extreme heat. In column (2)
the interaction term distinguishing between agricultural and non-agricultural clients’ withdrawal
response to extreme heat is not statistically significant. Appendix Table A2 shows that the results
using agency fixed effects (without the interaction term) are robust to the estimations based on

individual fixed effects.

4Appendix Figures A3, A4, A5, and A6 show coefficient plots for the agricultural and non-agricultural client
samples.
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Table 4: TWFE estimates of the effect of extreme heat days in the preceding quarter on financial
behavior based on grid data without credit clients

Full sample Agricultural sample Non-agricultural sample
Savings  Withdrawals  Savings  Withdrawals  Savings  Withdrawals
(1) (2) 3) (4) (5) (6)

Quarterly days of extreme  0.003%** 0.005%** -0.016%** 0.006** 0.003*** 0.005%**
heat #

(0.001) (0.001) (0.005) (0.002) (0.001) (0.001)
Constant 10.699*** 11.156%** 0.774*** 11.159%** 10.783*** 11.157%%*

(0.024) (0.017) (0.214) (0.044) (0.026) (0.018)
Month fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
R? 0.011 0.005 0.015 0.009 0.011 0.005
Observations 84,453 105,956 14,823 18,909 69,630 87,047

& Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ¥ p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA. The estimations are
restricted to clients who neither received a loan disbursement nor made loan repayments in 2024.

Table 5: TWFE estimates of quarterly extreme heat days and financial behavior based on grid
data - weekday fixed effects

Full sample Agricultural sample Non-agricultural sample
Savings  Withdrawals  Savings = Withdrawals  Savings  Withdrawals
(1) (2) (3) (4) (5) (6)

Quarterly days of extreme — 0.004*** 0.006*** -0.011%* 0.007*** 0.004*** 0.006***
heat &

(0.001) (0.001) (0.005) (0.002) (0.001) (0.001)
Constant 10.979%** 11.074%%* 10.212%%* 11.329%** 10.979%** 10.950%**

(0.024) (0.016) (0.174) (0.039) (0.024) (0.018)
Month fixed effects Yes Yes Yes Yes Yes Yes
Weekday fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
R? 0.013 0.008 0.026 0.016 0.011 0.007
Observations 122,307 138,487 26,817 28,084 95,490 110,403

& Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the region level are shown in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA. Omitted weekday is
Sunday.
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Table 6: TWFE estimates of quarterly extreme heat days and financial behavior based on grid
data - week of year fixed effects

Full sample Agricultural sample Non-agricultural sample
Savings  Withdrawals Savings  Withdrawals Savings  Withdrawals
(1) (2) (3) (4) (5) (6)

Quarterly days of extreme  0.004*** 0.006*** -0.012** 0.007*** 0.004*** 0.006***
heat #

(0.001) (0.001) (0.005) (0.002) (0.001) (0.001)
Constant 10.871%%* 11.339*** 10.084*** 11.267*** 10.995%** 11.356%**

(0.042) (0.030) (0.170) (0.064) (0.043) (0.035)
Week fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
R? 0.013 0.008 0.026 0.016 0.011 0.007
Observations 122,307 138,487 26,817 28,084 95,490 110,403

# Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA.

Table 7: TWFE estimates of the effect of extreme heat days in the preceding quarter on financial
behavior based on station data

Full sample Agricultural sample Non-agricultural sample
Savings ~ Withdrawals  Savings = Withdrawals  Savings  Withdrawals
(1) (2) (3) (4) (5) (6)

Quarterly days of extreme  0.005%** 0.015%* -0.012%** 0.016%** 0.007*** 0.010%**
heat ?

(0.001) (0.007) (0.002) (0.003) (0.001) (0.002)
Constant 10.718*** 9.989*** 11.182%** 11.173%** 10.846*** 11.185%**

(0.016) (0.323) (0.011) (0.020) (0.029) (0.012)
Month fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
R? 0.011 0.023 0.006 0.010 0.010 0.005
Observations 114,047 23,857 131,867 26,607 90,190 105,260

# Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the agency level are shown in parentheses.
*p <0.10, ** p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA.
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Table 8: TWFE estimates of quarterly extreme heat days and financial behavior based on grid
data - 10 and 90 percentile thresholds

Full sample Agricultural sample Non-agricultural sample
Savings Withdrawals Savings Withdrawals Savings Withdrawals
(1) (2) (3) (4) (5) (6)

Quarterly days of extreme  0.003*** 0.004*** -0.008%** 0.005%** 0.003*** 0.004***
heat ?

(0.001) (0.001) (0.003) (0.001) (0.001) (0.001)
Constant 10.713*** 11.182%** 10.017*** 11.155%** 10.840*** 11.190***

(0.022) (0.017) (0.205) (0.042) (0.024) (0.018)
Month fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
R? 0.012 0.006 0.026 0.013 0.010 0.005
Observations 122,307 138,487 26,817 28,084 95,490 110,403

# Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ¥* p < 0.05, ¥** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA. 90 percentile heat
threshold equals 37.64°C and 10 percentile cold threshold equals 17.87°C. A constant is included in the estimation but not
shown in the table.
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Figure 4: Effects of temperatures on daily saving amounts: temperature bins.

Please note: The point estimates measure the effect of exposure to a temperature bin with respect to the omitted
bin (< 28°C). Graph is based on TWFE regression results displayed in table 9. The 95 percent confidence intervals
are presented
Source: Own visualization.
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Figure 5: Effects of temperatures on daily withdrawal amounts: temperature bins.
Please note: The point estimates measure the effect of exposure to a temperature bin with respect to the omitted
bin (< 28°C). Graph is based on TWFE regression results displayed in table 9. The 95 percent confidence intervals

are presented
Source: Own visualization.

Table 9: TWFE estimates of temperature bins and financial behavior based on grid data

Full sample Agricultural sample Non-agricultural sample
Savings  Withdrawals  Savings = Withdrawals  Savings  Withdrawals
(1) (2) (3) (4) (5) (6)
28-32 °C -0.002 0.004 -0.003 0.002 -0.000 0.004
(0.003) (0.003) (0.008) (0.009) (0.003) (0.003)
32-36 °C -0.003 0.003 -0.008 -0.000 -0.000 0.004
(0.003) (0.003) (0.008) (0.008) (0.003) (0.002)
36-40 °C 0.000 0.005%* -0.000 0.002 0.001 0.005%*
(0.003) (0.003) (0.008) (0.008) (0.003) (0.002)
>40 °C 0.001 0.012%** -0.006 0.009 0.005 0.011%***
(0.004) (0.004) (0.001) (0.009) (0.003) (0.003)
Constant 10.834%** 10.991%%* 10.591%** 11.170%%* 10.8617%** 10.969%**
(0.172) (0.172) (0.679) (0.637) (0.181) (0.140)
Month fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Precipitation control Yes Yes Yes Yes Yes Yes
R? 0.012 0.006 0.033 0.012 0.010 0.005
Observations 122,307 138,487 26,817 28,084 95,490 110,403

Robust standard errors clustered on the agency level are shown in parentheses.
* p <0.10, ** p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA. The temperature
bins represent the number of days temperatures were falling in the respective ranges within the last quarter. Bin < 28°C

is omitted as the reference category.

23



Extreme heat and financial behavior in Benin

June 1, 2026

Table 10: TWFE interaction estimates of quarterly extreme heat days and financial behavior based

on grid data (agency and month fixed effects)

Savings Withdrawals
0 2)
Days of extreme heat @ 0.006*** 0.005%**
(0.001) (0.001)
Days of extreme heat * X Agricultural client -0.010%** 0.001
(0.002) (0.002)
Age (in years) 0.034%** 0.011%**
(0.003) (0.001)
Client engaged in agriculture (1=yes) -0.618%** -0.196%**
(0.093) (0.046)
Client took credit (1=yes) 0.386%** 0.179%**
(0.068) (0.040)
Gender (1=female) -0.603*** 0.045*
(0.060) (0.024)
Married (1=yes) 0.301%** 0.124%%*
(0.058) (0.022)
Constant 9.577HH* 10.569%**
(0.095) (0.038)
Month fixed effects Yes Yes
Agency fixed effects Yes Yes
Weather controls Yes Yes
R? 0.180 0.039
Observations 119,933 135,035

# Number of days above maximum temperature last last 90 days.

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA.
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6.4 Results of the annual models

Tables 11 and 12 show the SUR results for the full, agricultural, and non-agricultural samples based
on the aggregated annual dataset. The upper part of table 11 shows the SUR results for the yearly
saving amount outcome variable. As before, column (1) thereby indicates that additional days of
extreme heat in 2024 were statistically significantly associated with lower yearly saving amounts
of agricultural clients. The association is positive and statistically significant for non-agricultural
clients (column (2)), implying that additional yearly heat days increase non-agricultural savers’
deposit amounts as in the main model. We further describe the results considering the annual
number of saving transaction presented in table 12. The upper part of table 12 shows that, for
both samples, the number of saving transactions per year statistically significantly decreases as the
number of extreme heat days increases.

The lower parts of Tables 11 and 12 show the SUR results for the yearly withdrawal amounts
and numbers of transactions. The associations for the non-agricultural clients (column (2)) remain
statistically significant and positive, i.e., higher exposure to extreme heat is associated with larger
withdrawal amounts or a higher number of withdrawal transactions. This is in line with the main
model. In contrast, the results concerning withdrawals for the agricultural sample change: annual
withdrawal amounts and numbers of transactions are statistically significantly negatively associated
with a higher number of yearly heat days (column (1)).

Appendix Tables A3 and A4 show the results for the OLS estimations. Size and statistical

significance of the estimated coefficients are robust to those estimated by the SUR models.
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Table 11: SUR estimates of yearly extreme heat days and transaction amounts based on grid data

Agricultural sample Non-agricultural sample
(2) (3)
Total deposit amounts/savings per year
Yearly days of unusual heat # -0.1347%** 0.015%**
(0.002) (0.002)
Age (in years) 0.026%** 0.028%**
(0.004) (0.003)
Client took credit (1=yes) 0.369*** 0.437#%*
(0.075) (0.060)
Gender (1=female) -0.370%%* -0.534%*%
(0.135) (0.064)
Married (1=yes) 0.168 0.198%**
(0.103) (0.056)
Total withdrawal amounts per year
Yearly days of unusual heat # -0.114%%* 0.024***
(0.002) (0.001)
Age (in years) 0.024*** 0.024***
(0.003) (0.002)
Client took credit (1=yes) -0.138** 0.012
(0.069) (0.058)
Gender (1=female) -0.385%%* -0.451%%%
(0.109) (0.050)
Married (1=yes) 0.127 0.217%%*
(0.099) (0.048)
R? 0.136 0.105
Breusch-Pagan test 0.000 0.000
Observations 5,439 12,763
Agency fixed effects Yes Yes
Weather controls Yes Yes

& Number of days above maximum temperature per year.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are yearly log-transformed amounts in FCFA.
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Table 12: SUR estimates of yearly extreme heat days and number
data

of transactions based on grid

Agricultural sample

Non-agricultural sample

(2) (3)
Number of deposit/saving transactions per year
Yearly days of unusual heat # -0.0917%** -0.056%**
(0.004) (0.002)
Age (in years) -0.002 -0.004
(0.004) (0.003)
Client took credit (1=yes) 0.466*** 0.728%**
(0.125) (0.131)
Gender (1=female) -0.459%** -1.068***
(0.117) (0.089)
Married (1=yes) -0.242%* 0.092
(0.097) (0.091)
Number of withdrawal transactions per year
Yearly days of unusual heat ? -0.252%%* 0.104***
(0.004) (0.004)
Age (in years) 0.039%** 0.042%**
(0.009) (0.004)
Client took credit (1=yes) -0.086 -0.063
(0.146) (0.121)
Gender (1=female) -1.261%4* -1.977HH
(0.171) (0.124)
Married (1=yes) -0.204 0.110
(0.196) (0.150)
R? 0.052 0.028
Breusch-Pagan test 0.000 0.000
Observations 6,992 15,539
Agency fixed effects Yes Yes
Weather controls Yes Yes

# Number of days above maximum temperature per year.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ¥ p < 0.05, ¥** p < 0.01

Please note: Saving and withdrawal outcome variables are the yearly number of transactions per client.
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7 Discussion

In this section we discuss and contextualize our results based on the mechanisms presented in the
literature section 2. Note that limitations and implications for future research, policy makers, and
other stakeholders are derived in section 8.

Our results paint a heterogeneous picture of how microfinance clients adopt their saving and
withdrawal behavior in response to extreme heat. Considering all microfinance clients, the results of
the main model as well as its extensions indicate that microfinance clients statistically significantly
increase their saving amounts in response to extreme heat days. This result may be explained by the
theoretical concept of precautionary savings. However, this aggregate approach and interpretation
falls short to consider climate adaptation effects in agriculture, but the main channel through which
weather influences economic outcome is the agricultural sector (Dell et al., 2014; Omotoso et al.,
2023; Tabe-Ojong et al., 2026; Aragén et al., 2021). In our analysis, we test for the empirical
relevance of a distinction between agricultural and non-agricultural clients. The results of the
interaction term indicate that while non-agricultural clients increase their saving amounts following
extreme heat days, extreme heat days are associated with lower saving amounts of agricultural
clients. The same pattern is observed in the subsample estimations of the main model. It is
also robust to the subsample estimations of the different extensions of the main model and to the
annual models considering saving amounts. The heterogeneous associations of extreme heat on
agricultural and non-agricultural clients’ savings, may be directly explained by different effects of
extreme heat days on agricultural and non-agricultural income. Agricultural clients may face direct
income losses due to lower agricultural productivity or reduced yields. This is supported by the
general notion that agricultural households face higher income volatility as farming income is more
strongly affected by weather (Key et al., 2017; Fink et al., 2020). In addition, high temperatures
negatively affect crop yields (Letta et al., 2018; Gupta et al., 2017; Schlenker & Roberts, 2009)
and unusually high temperatures lower agricultural labor productivity (Somanathan et al., 2021;
Aragén et al., 2021). Additional studies that confirm our results of a negative impact of extreme
heat on agricultural clients’ saving amounts are Aguilar-Gomez et al. (2024) and Trinh et al. (2024),
who find adverse effects of extreme heat on credit delinquencies and saving amounts driven by the
before mentioned adjustment effects in the agricultural sector.

In contrast, for non-agricultural clients, income losses may be less substantial allowing them to
anticipate and execute precautionary savings. For non-agricultural clients, increasing exposure to
extreme heat may induce an increase in saving amounts to avoid adverse effects of future expected
price and income fluctuations (Kimball, 1990; Lee & Sawada, 2010; Bommier & Grand, 2019).
For example, expectations towards higher prices may motivate non-agricultural clients to increase
saving amounts as a precautionary measure. This interpretation is consistent with the literature,
which suggests that heat stress may trigger raising food prices (Kotz et al., 2025; Kuhla et al., 2021).
Another explanation for the presence of precautionary savings, may relate to changes in individual
risk aversion. Direct exposure to extreme climate events has been shown to increase risk aversion,
which in turn may also induce higher precautionary savings (Cassar et al., 2017; Cameron & Shah,
2015; Jaramillo et al., 2025). Overall, our main model and its extensions imply that agricultural
clients are susceptible to negatively adjust their saving behavior during temperature stress within

the last quarter, while non-agricultural clients are induced to save larger amounts.
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We now turn to discuss how microfinance clients’ withdrawal behavior is associated with expo-
sure to extreme heat. The main model and its extensions consistently confirm that an increase in
days of extreme heat within the last quarter is associated with an increase in withdrawal amounts
of microfinance clients. This implies that microfinance clients exhibit strategic withdrawals in
response to extreme heat. Such strategic access to buffer stocks is explained by the theoretical lit-
erature on consumption smoothing (Friedman, 1957; Hall, 1978). In line, also empirical literature
has shown how individuals access their microfinance accounts in response to a shock (Calis et al.,
2017; Beegle et al., 2006). Explaining the withdrawal effect in our case study further, microfinance
clients may, for example, strategically withdraw larger amounts in anticipation of future liquidity
needs. Such future expected liquidity needs may be related to anticipated price increases due to
extreme heat (Kotz et al., 2025; Kuhla et al., 2021). However, considering the differential results
of different client types with regard to saving behavior, differences in withdrawal behavior between
agricultural and non-agricultural clients may also be reasonable. The latter is also supported by
a comparison of annual transaction amounts of different client types based on our data. Annual
transaction amounts of agricultural clients are consistently lower than those of non-agricultural
clients. This indicates that liquidity is higher among non-agricultural clients compared to agricul-
tural clients. However, the analysis investigating a potential differential in withdrawal behavior
between agricultural and non-agricultural clients based on the interaction term does not yield sta-
tistically significant results. This implies that both client groups exhibit strategic withdrawals in
response to extreme heat within the last quarter.

Still, we find that for non-agricultural clients, all model types, i.e., the main model, its exten-
sions, and the annual models, indicate that days of extreme heat are associated with higher with-
drawal amounts. Considering only the agricultural sample gives a more nuanced picture. Again
the main model and its extensions indicate that agricultural microfinance clients increase their
withdrawal amounts when exposed to extreme heat within the last quarter. However, the annual
models, i.e., SUR and OLS, imply that agricultural microfinance clients decrease their withdrawal
amounts and transactions numbers. Since the SUR model produces results similar to those of the
OLS model, we cautiously infer that the differences are not attributable to the different sample
sizes or interdependencies between the savings and withdrawal variables omitted in the TWFE
models. Rather, an explanation may be that the impact of extreme heat on agricultural clients’
withdrawal behavior varies based on the specific time specification. In particular, exposure to a
higher annual number of extreme heat days may lead to a meaningful decline in agricultural clients
savings balances due to the income mechanism. Consequently, from an annual perspective, agricul-
tural clients may not have enough annual liquidity to execute higher annual withdrawal amounts.
In line, most of key findings show that households operating in the agricultural sector face limited
liquidity and lower financial buffers (Imai & Malaeb, 2015; Matter et al., 2021; Key et al., 2017),
and also the financial pattern of our MFI data reveal lower liquidity of agricultural clients.

To conclude, we briefly discuss the heterogeneous results of the main model including its exten-
sions and the annual models in more detail. Apart from the heterogeneous withdrawal association
of agricultural clients, heterogeneity in the annual models also applies to the number of saving
transactions of non-agricultural clients. The annual results indicate that non-agricultural clients

decrease their number of savings, i.e., their extensive margin, while the amount association, i.e.,
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their intensive margin, is robust. In line, similar evidence has highlighted how effects on the ex-
tensive and intensive margin may differ (Tabe-Ojong & Lokossou, 2026; Tabe-Ojong et al., 2026)
and how sensitive climate change models react to different measurement periods. For example,
Donadelli et al. (2022) find results based on within-year temperature variability that are odd from
results based on long-term temperature increases (Dell et al., 2012). Referring to this literature,
we argue that the heterogeneity in results between the main model including its extensions and the
annual models may be explained by the implications of the different time horizons considered. The
differences therefore do not undermine our main findings concerning effects of extreme heat days in
the precedent quarter but point towards the direction that the timing of the exposure, particularly

for the withdrawal effect of agricultural clients, plays a relevant role.

8 Conclusion

Relying on a unique dataset of over 50,000 microfinance clients, this case study implies that exposure
to extreme heat is heterogeneously associated with microfinance clients’ short-run financial behavior
in Benin in 2024. Specifically, with regard to savings, the results show that non-agricultural clients
statistically significantly increase their savings in response to extreme heat days, suggesting the
presence of precautionary savings. In contrast, agricultural clients statistically significantly reduce
their savings following exposure to extreme heat, which may be explained by losses in their earnings.
This result is robust to the main model, its extensions as well as the annual model. Microfinance
clients also show a statistically significant increase in withdrawal amounts when exposed to extreme
heat, indicating consumption smoothing. This strategic withdrawal effect is robust to all models in
the non-agricultural sample, but the association is not robust to agricultural clients’ withdrawals
in response to an increase in annual extreme heat days. Overall, our case study results indicate
that agricultural and non-agricultural clients differently adjust their saving behavior, and that
non-agricultural microfinance clients exhibit strategy withdrawals in response to extreme heat.
Taken together, our study highlights that extreme heat heterogeneously impacts microfinance
clients’ saving and withdrawal behavior. Addressing these heterogeneous responses across agricul-
tural and non-agricultural clients requires explicit policy attention. In particular, for policy makers
working in the field of rural climate adaptation, the results highlight that agricultural clients face
substantial difficulties in maintaining their saving accumulation paths after a shock. This calls for
enhanced support of agricultural microfinance clients. For example, equipping farmers with other
short-term relief tools compensating for earning losses, such as for example index insurance, may
be a promising pathway. Beyond the financial sector, farmers should be supported to transitioning
to more climate-resilient agricultural practices to stabilize earnings. For microfinance clients in
the non-agricultural sector, our study calls for the promotion of saving products enabling effective
precautionary savings by, for example, offering attractive interest rates. For development organi-
zations and donors, our study provides empirical justification for supporting MFIs in leveraging
their offers to clients in climate-sensitive areas. This is important, as our results show that sav-
ings are withdrawn in response to shocks. For the research community, our findings highlight the
importance of accounting for short-run dynamic adjustments in saving and withdrawal behavior.
More concrete, analyses based on yearly single-point-in-time observations may overlook important

intra-annual fluctuations and therefore under- or overestimate the actual associations. Finally, the
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results highlight the relevance of extreme heat for financial systems, and stress the need to integrate
climate risks in the design of MFI regulations. Going beyond national regulations, the results offer
MF1Is valuable insights into how climatic extremes can alter saving and withdrawal patterns, help-
ing them anticipate liquidity needs. We therefore recommend placing climate risk considerations
at the core of each MFI’s liquidity strategy.

While our results are important for the before mentioned policy venues, several limitations
remain, which may be explored in future studies. First, the study relies exclusively on one-year
data from a major MFI in Benin, which limits the generalization of the findings to countries with,
for example, different institutional settings or greater access to alternative coping mechanisms.
Microfinance regulations vary considerably across regions (Gallardo et al., 2005), implying that
for each country the specific regulatory background of MFIs’ missions should be checked to assess
wether our findings are transferable. For example, our findings are particularly applicable for
non-profit deposit-taking MFIs with a mission and size comparable to FECECAM. In addition,
access to alternative coping instruments, such as insurance or credit, varies considerably across
regions. In Africa, the location of our case study, insurance markets are often poorly developed
and micro insurance markets only capture up to 6% of the market value. In contrast, in Latin
America and the Caribbeans up to 11% are captured, and in Asia and the Pacific even up to 21%
(Microinsurance Network, 2023). The same pattern apply in credit markets: in SSA only 12%
borrowed from formal sources, while in Latin America and the Caribbeans 29% and in East Asia
and Pacific 35% accessed credit through formal sources (Klapper et al., 2025). This implies that
a large heterogeneity in financial landscapes across world regions exists, and calls for replication
studies with data of additional financial institutions and in different financial market settings.

Second, as the dataset covers one specific year of transactions, the study only allows for a short-
run assessment within the given year. While the unique MFI data allows us to robustly investigate
short-run behavioral responses, it cannot capture inter annual variation. Potential persistent effects,
long-term adaptation dynamics, and structural relationships across different years therefore remain
beyond the scope of this paper. This limits the external validity of the study to the given year.
Future research using extended data is therefore crucial, particularly, as the annual model results
hint to some extent towards heterogeneity depending on the specific time horizon of the climate
proxy stressing the sensitivity of results based on the chosen specification. However, we note that
given our research focuses on 2024, we contribute to the timely understanding of contemporary
extreme heat events.

Finally, we find distinct pattern of saving and withdrawal behavior between agricultural and
non-agricultural clients, which are backed by the literature. While we suggest different empirical
and theoretical mechanisms in the literature that may explain our results, we can not test for these
mechanisms empirically. This limitation does not undermine our main findings but it is important
for policy design. Future research should implement causal identification strategies to isolate the
precise pathways through which the observed associations operate. To do so, combining MFI data
with primary data collected through surveys may represent a particularly important avenue for

research.
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9 Appendix
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Figure Al: Share of account owners worldwide
Please note: Map shows shares of account ownership at a financial institution or with a mobile money service
provider in % of population ages 15+ based on Klapper et al. (2025).
Source: Own visualization.
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Figure A2: Distribution of mazimum and minimum daily temperature (station data)
Please note: The figure shows the distribution of minimum (blue) and maximum (red) daily temperature. The
bottom 5% of minimum temperature (less than 15°C) and top 5% of maximum temperature (more than 39.4°C)
are highlighted.

Source: Own visualization based on Aguilar-Gomez et al. (2024).

Table Al: Descriptives of socio economic variables of non-agricultural and agricultural clients

Non-agricultural clients Agricultural clients
Mean SD Mean SD
Weather based on grid data
Maximum daily temperature (in °C) 33.542 3.048 34.065 3.224
Minimum daily temperature (in °C) 23.406 2.631 23.677 2.727
Mean daily precipitation (in mm) 3.105 7.578 3.117 7.352
Client characteristics based on MFI data
Age (in years) 39.525 11.893 40.153 12.514
Client took credit (1=yes) 0.251 - 0.423 -
Gender (1=female) 0.420 - 0.169 -
Married (1=yes) 0.501 - 0.587 -
Atacora region 0.084 - 0.229 -
Atlantique region 0.279 - 0.112 -
Borgou region 0.227 - 0.340 -
Couffo region 0.074 - 0.047 -
Donga region 0.052 - 0.060 -
Littoral region 0.094 - 0.015 -
Mono region 0.044 - 0.034 -
Other region 0.007 - 0.037 -
Oueme region 0.007 - 0.000 -
Zou region 0.132 - 0.127 -

Please note: Table is based on data of 201,855 transactions from 34,394 non-agricultural clients and 53,969 transactions
from 15,156 agricultural clients.



Table A2: Estimates of quarterly extreme heat days and financial behavior based on grid data
(agency and month fixed effects)

Full sample Agricultural sample Non-agricultural sample
Savings  Withdrawals  Savings  Withdrawals  Savings  Withdrawals
(1) (2) 3) (4) (5) (6)
Quarterly days of extreme — 0.002* 0.005%** -0.002* 0.005%** 0.005%** 0.005%**
heat #
(0.001) (0.001) (0.004) (0.002) (0.001) (0.001)
Age (in years) 0.035%** 0.011%** 0.032%** 0.010%** 0.031%** 0.010***
(0.003) (0.001) (0.005) (0.002) (0.002) (0.001)
Client took credit (1=yes) 0.377%%* 0.180%** 0.588*** 0.036 0.286%** 0.243%%*
(0.068) (0.040) (0.101) (0.050) (0.068) (0.042)
Gender (1=female) -0.608*** 0.045* -0.525*** 0.089 -0.600*** 0.039*
(0.061) (0.024) (0.079) (0.077) (0.067) (0.023)
Married (1=yes) 0.292%** 0.124%%%* 0.244* 0.121°** 0.387*** 0.156%**
(0.059) (0.022) (0.125) (0.051) (0.057) (0.025)
Client engaged in agriculture -0.700%** -0.194%%*
(1=yes)
(0.095) (0.042)
Constant 9.570%** 10.569%** 9.698*** 10.742%%* 9.621%+* 10.569***
(0.095) (0.038) (0.223) (0.096) (0.084) (0.037)
Month fixed effects Yes Yes Yes Yes Yes Yes
Agency fixed effects Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
RZ(within) 0.012 0.006 0.023 0.012 0.010 0.005
Observations 122,307 138,487 26,817 28,084 95,490 110,403

& Number of days above maximum temperature last 90 days.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ** p < 0.05, ¥** p < 0.01

Please note: Savings and withdrawal outcome variables are daily log-transformed amounts in FCFA.
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Figure A3: Effects of extreme temperatures on daily saving amounts: temperature bins.
Please note: The point estimates measure the effect of exposure to a temperature bin with respect to the omitted
bin (< 28°C). Graph is based on TWFE regression results displayed in table 9. The 95 percent confidence intervals
are presented.

Source: Own visualization.
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Figure A4: Effects of extreme temperatures on daily withdrawal amounts: temperature bins.
Please note: The point estimates measure the effect of exposure to a temperature bin with respect to the omitted
bin (< 28°C). Graph is based on TWFE regression results displayed in table 9. The 95 percent confidence intervals
are presented
Source: Own visualization.



Non-agricultural sample
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Figure A5: Effects of extreme temperatures on daily saving amounts: temperature bins.
Please note: The point estimates measure the effect of exposure to a temperature bin with respect to the omitted
bin (< 28°C). Graph is based on TWFE regression results displayed in table 9. The 95 percent confidence intervals
are presented
Source: Own visualization.
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Figure A6: Effects of extreme temperatures on daily withdrawal amounts: temperature bins.
Please note: The point estimates measure the effect of exposure to a temperature bin with respect to the omitted
bin (< 28°C). Graph is based on TWFE regression results displayed in table 9.The 95 percent confidence intervals

are presented
Source: Own visualization.



Table A3: OLS estimates of yearly extreme heat days and transaction amounts based on grid data

Agricultural sample
Annual transaction amounts

Non-agricultural sample

Savings Withdrawals Savings Withdrawals
0 @ ) @

Yearly days of extreme heat?® -0.101%** -0.0617#%* 0.041%** 0.021%**

(0.004) (0.002) (0.003) (0.001)
Constant 5.037*** 4.391%** 12.453*** 10.893***

(0.833) (0.351) (0.244) (0.071)
Agency fixed effects Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes
R? 0.241 0.087 0.154 0.051
Observations 12,512 7,097 20,619 15,735

# Yearly number of days above maximum temperature threshold.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01

Please note: Savings and withdrawal outcome variables are yearly log-transformed amounts in FCFA.
included are age, credit client, gender, and married.

Control variables

Table A4: OLS estimates of yearly extreme heat days and transaction numbers based on grid data

Agricultural sample
Annual transaction numbers

Non-agricultural sample

Savings Withdrawals Savings Withdrawals
M @ ) @

Yearly days of extreme heat® -0.066%** -0.250%** -0.029%** 0.111%**

(0.002) (0.004) (0.002) (0.003)
Constant -5.412%%* -3.208*** -14.604%** 13.285***

(0.431) (0.883) (0.196) (0.117)
Agency fixed effects Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes
R? 0.044 0.074 0.027 0.047
Observations 12,512 7,097 20,619 15,735

® Yearly number of days above maximum temperature threshold.
Robust standard errors clustered on the agency level are shown in parentheses.
*p < 0.10, ¥ p < 0.05, ¥** p < 0.01

Please note: Savings and withdrawal outcomes are yearly number of transactions per individual. Control variables included

are age, credit client, gender, and married.
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