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Abstract

We use nationally representative panel data from rural areas and small towns in
Ethiopia, matched with fine-resolution weather data, to investigate the impact of
drought on energy poverty. Energy poverty is measured using the Multidimensional
Energy Poverty Index (MEPI) and a multidimensional poverty status indicator.
Fixed-effects regression estimates show that experiencing drought in the previous
production year increases a household’s MEPI score by 0.019 points and raises the
probability of being multidimensionally energy poor by 3.8%. We further
demonstrate that the primary pathway through which drought affects energy
poverty is through its adverse effect on per-capita income: experiencing drought in
the previous production period reduces per-capita income by 33.7%. In contrast, we
find that the energy poverty of households participating in Ethiopia’s major
safety-net intervention—the Productive Safety Net Program (PSNP)—is not
significantly affected by drought, suggesting that the program effectively buffers
participants from these shocks. Overall, our findings contribute to the growing
literature on the economic costs of drought and underscore the critical role of

well-targeted safety-net programs in mitigating climate-related vulnerabilities.
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1. Introduction

Weather shocks—especially droughts—are among the most pervasive and damaging risks
faced by households in rain-fed agricultural systems across many developing countries
(Bank, 2013). In these settings, households generally lack access to formal financial
institutions that could help them buffer the impact of such shocks. Instead, they rely
on informal coping mechanisms, which are often insufficient and can lead to lower long-run
welfare or even trap households in chronic poverty (Bardhan & Udry, 1999). A large body
of research has examined the consequences of drought for agricultural production (Huang
et al., 2015; Wang et al., 2022; Agamile et al., 2021), household consumption (Dercon et al.,
2005; Dercon, 2002), livestock wealth (Carter & Lybbert, 2012; Abebe & Alem, 2025), child
development and labor (Hoddinott & Kinsey, 2001; de Janvry et al., 2006), and nutrition
(Hirvonen et al., 2020).

In this paper, we focus on a relatively understudied dimension of vulnerability: the
impact of drought on energy poverty. Understanding this relationship is important for at
least three reasons. First, energy poverty captures deprivations in access to clean
lighting, cooking, heating/cooling, and energy for productive use. These deprivations
constrain households’ ability to cope with shocks, protect health, and maintain their
livelihoods, making energy poverty both a direct welfare indicator and a channel through
which drought-related harms accumulate (Modi et al., 2005; Barnes et al., 2011;
Nussbaumer et al., 2012; Alem & Demeke, 2020). Second, energy poverty interacts with
other aspects of well-being—including food security, water access, health outcomes, and
gender inequality—thus forming an integral part of multidimensional poverty linked to
human capital and long-term development (Nussbaumer et al., 2012; Alkire & Santos,
2014). Third, as climate change intensifies drought frequency and severity, households’
ability to adapt becomes increasingly critical (IPCC, 2014, 2021). Limited access to
modern energy services undermines climate resilience, making energy poverty a central
constraint in climate adaptation.

We analyze two waves of nationally representative panel data from the Ethiopian
Socioeconomic Survey (ESS), matched with high-resolution rainfall data from the Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS), to estimate the causal
effect of drought on energy poverty among rural and small-town households. Energy
poverty is measured using the Multidimensional Energy Poverty Index (MEPI) developed
by Nussbaumer et al. (2012), which aggregates key dimensions of energy deprivation using
weighted indicators. Ethiopia offers a compelling empirical setting: more than 80% of
the population depends on rain-fed agriculture, rendering livelihoods highly vulnerable to
frequent droughts—15 major events between the mid-1960s and 2010s (Guha-Sapir et al.,
2016). Energy poverty is also acute; in 2016, only 45% of Ethiopians had electricity access
and just 6% used clean cooking technologies (Benti et al., 2021).



Using the MEPI, we document that 76.6% of rural and small-town households in
Ethiopia are energy poor. Fixed-effects estimates indicate that drought in the previous
production year raises the energy poverty score by 0.019 points and increases the
probability of being multidimensionally energy poor by 3.5%. Our results further show
that the primary mechanism through which drought worsens energy poverty is via
reduced per capita income, which limits households’ ability to acquire cleaner fuels or
energy-using appliances. Specifically, drought reduces per capita income by 33.7%—a
substantial economic shock. Heterogeneity analyses reveal that households participating
in Ethiopia’s Productive Safety Net Programme (PSNP) are effectively shielded from the
impact of drought: for PSNP beneficiaries, drought has no statistically significant effect
on either the energy poverty score or status. These findings, which are robust across
multiple checks, underscore the critical role of social protection programs in mitigating
climate-induced energy poverty.

This paper makes three key contributions to the literature. First, it advances the
emerging body of work linking climatic shocks to energy poverty. While prior studies
have focused on fuel price shocks (Alem & Demeke, 2020), temperature extremes (Feeny
et al., 2021; Que et al., 2022; Li et al., 2023), and self-reported climatic disruptions such
as floods and landslides (Ssennono et al., 2023), we extend this literature by employing
objective, fine-resolution rainfall data to identify the causal effect of drought in a highly
drought-prone context. Second, we shed light on the central mechanism through which
drought intensifies energy poverty—income loss.  Although earlier work highlights
productivity and expenditure channels, our findings underscore the dominant role of
income collapse in shaping energy deprivation in East Africa. Third, we demonstrate that
Ethiopia’s Productive Safety Net Programme (PSNP) significantly mitigates the
energy-poverty consequences of drought, illustrating how well-targeted safety nets can
strengthen household resilience to climate shocks.

More broadly, the study contributes to understanding the welfare implications of
climate change. With droughts projected to become more frequent and severe across the
Global South—particularly in Eastern Africa (IPCC, 2014; Wang et al., 2019; IPCC,
2021)—our findings quantify an important but often overlooked cost of climate change:
its adverse impact on household energy access. By identifying both the magnitude and
mechanisms of this relationship, the paper highlights the potential gains from adaptive
and protective policies that can help buffer vulnerable populations from intensifying
climate risks.

The remainder of the paper proceeds as follows. Section 2 provides an overview of
Ethiopia’s energy landscape and climate vulnerabilities. Section 3 describes the data and
presents descriptive statistics. Section 4 outlines the empirical strategy and reports the

main results, including mechanisms and heterogeneity analysis. Section 5 concludes.



2. Ethiopia: Energy Landscape and Climate Vulnerabilities

Covering an area of 1.1 million square kilometers and hosting about 132 million people
in 2024, 81% of whom reside in rural areas, Ethiopia ranks as the second-most populous
country in Africa, next to Nigeria (WorldBank, 2025a). It lies in the northeastern region
of the Horn of Africa, sharing borders with Kenya to the south, Djibouti and Somalia to
the east, Eritrea to the north, and Sudan and South Sudan to the west. The country’s
climate is classified as tropical monsoon but exhibits considerable variation due to its
diverse topography. Three main climatic zones can be distinguished: the high-altitude cool
zone (Dega), located above 2400 meters, with temperatures ranging from near freezing to
about 16°C; the temperate zone (Woina Dega), situated between 1500 and 2400 meters,
where temperatures range from 16°C to 30°C; and the lowland hot zone (Qola), below
1500 meters, encompassing both tropical and arid areas with temperatures between 27°C
and 50°C (USAID, 2016). Rainfall patterns are equally diverse, varying from as high as
2000 mm annually in localized areas of the southwest to less than 100 mm in the arid
Afar lowlands of the northeast, with a national average of about 848 mm (FAO, 2016a).
Paralleling the climate diversity, Ethiopia is a drought-prone country, experiencing 15
drought events in the decades between the mid 1960’s and the mid-2010s alone, which
affect every dimension of the vast majority of the Ethiopian population (Abebe & Alem,
2025).

Although Ethiopia remains a low-income economy—with a per capita gross national
income of about USD 1,020 in 2024—it has achieved remarkable economic expansion over
the past two decades, at times exceeding annual growth rates of 10 percent (WorldBank,
2025b). Guided by a state-led development strategy, the country has invested substantial
resources in infrastructure and agriculture. These efforts have yielded notable progress,
including a tenfold increase in electricity-generation capacity over the past three decades
(Kruger et al., 2019). The national electrification rate has reached roughly 45 percent,
with near-universal access in urban areas (97 percent) but only about one-third of rural
households connected (IEA, 2020). Hydropower generation alone has expanded
dramatically, rising from 850 MW to 2,000 MW within a decade (FDRE-NPC Federal
Democratic Republic of Ethiopia, 2016).

Ethiopia has an estimated renewable-energy potential of 45 GW in hydropower, 10 GW
in wind, and 5 GW in solar (Gebremeskel et al., 2021; Mengistu et al., 2015). However,
the country’s energy mix remains dominated by traditional biomass. Around 91 percent
of total national energy use still comes from biomass sources (Hailu & Kumsa, 2021;
Beyene et al., 2018; Mondal et al., 2018), and about 95 percent of households rely on
polluting fuels—primarily firewood, crop residues, and animal dung (Federal Democratic
Republic of Ethiopia & Development, 2011; Guta et al., 2015). This dependence imposes
substantial socioeconomic and health costs, as rural households—particularly women and



children—spend on average an hour each day collecting fuel (Alem et al., 2023), while
facing significant exposure to indoor air pollution (Chowdhury et al., 2019).

Ethiopia’s electricity sector stands at a critical juncture. The government’s current
expansion strategy envisions adding 10 GW of new hydropower capacity—including the
6,000 MW Grand Ethiopian Renaissance Dam (GERD)—and 3 GW from other
renewable sources, alongside the construction of over 13,500 km of transmission lines and
114 substations (Kruger et al., 2019). These investments aim to alleviate recurrent load
shedding, which has intensified as electricity demand outpaces the country’s rapid
economic growth (Bank, 2017; FDRE-NPC Federal Democratic Republic of Ethiopia,
2016; Gebremeskel et al., 2021; Bianco et al., 2009). Despite rapid economic growth, the
power system remains highly dependent on hydropower, accounting for roughly 90% of
the nation’s installed capacity of 4.5 GW (Gebremeskel et al., 2021). This concentration
exposes the grid to climatic variability, a risk reflected in Ethiopia’s low electricity
reliability ranking—118th out of 144 countries (Kruger et al., 2019). Efforts to diversify
remain modest: the national grid includes only 324 MW of wind and 7.5 MW of
geothermal capacity, underscoring the gap between FEthiopia’s abundant renewable
endowments and their limited exploitation (Khan & Pawan, 2017).

Taken together, these features make Ethiopia an especially compelling context for
examining how drought influences energy poverty. The country’s heavy reliance on
hydropower renders its modern energy system acutely sensitive to rainfall variability. At
the same time, widespread dependence on biomass exposes rural households to greater
vulnerability during dry spells, which constrain both water and fuelwood availability.
With over four-fifths of the population residing in rural areas where electrification
remains limited, droughts can amplify existing inequalities in energy access, affordability,
and reliability. = Moreover, the intersection of rapid economic growth, ambitious
energy-sector reforms, and recurrent climate shocks creates a natural experiment for
understanding how climatic stress interacts with structural energy constraints in
low-income economies. Studying Ethiopia, therefore, provides valuable insights into the
broader dynamics of climate-induced energy poverty and the challenges of achieving
equitable and climate-resilient energy transitions across developing regions.

3. Data and Descriptive Statistics

3.1. Household Data: Sampling and Collection

This study examines the effect of drought on energy poverty using household-level data
from two waves of the Ethiopian Socioeconomic Survey (ESS), a nationally representative
longitudinal dataset designed to capture rural household dynamics. The ESS is part of
the World Bank’s Living Standards Measurement Study — Integrated Surveys on
Agriculture (LSMS-ISA) program, implemented jointly with Ethiopia’s Central Statistics
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Agency (CSA). The survey aims to generate comprehensive evidence on agricultural
practices and their relationship to household welfare. The first round, conducted in
2011/12 as the Ethiopian Rural Socioeconomic Survey (ERSS), covered only rural and
small-town areas and sampled 3,776 households from 333 enumeration areas (EAs).
Subsequent rounds in 2013/14 and 2015/16 expanded the scope to include urban areas,
producing nationally representative data covering 5,262 households across 433 EAs.!

The ERSS employed a two-stage probability sampling design covering Ethiopia’s four
largest regions—Ambhara, Oromia, Southern Nations, Nationalities and Peoples (SNNP),
and Tigray. In the first stage, 290 rural and 43 small-town EAs were selected with
probabilities proportional to regional population size. In the second stage, 12 households
were randomly chosen from each rural EA and 10 from each small-town EA. The second
survey wave added 1,500 households from 100 urban EAs, including Addis Ababa, with 15
households randomly selected per EA. This expansion increased the total sample to 5,469
households across 433 EAs. The third wave, fielded in 2015/16, revisited the same EAs
and households, with minimal attrition in the rural sample (below 2%).

Because of missing and inconsistent information in the first-round data—particularly
on variables required to construct the energy poverty index—the analysis in this paper
uses only the second and third ESS waves. The study further restricts the sample to rural
and small-town households primarily dependent on rain-fed agriculture, as these are most
directly exposed to drought risk. Data collection in each round began in September to
minimize seasonality effects. The ESS remains Ethiopia’s most comprehensive and
nationally representative household panel survey, collecting detailed information through
five instruments: household, community, post-planting, post-harvest, and livestock

questionnaires.

3.2. Weather Data

In addition to the household survey data, we compiled rainfall information from the
Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS). Earlier
analyses of drought impacts on household welfare in Ethiopia predominantly relied on
either self-reported drought experiences (Dercon et al., 2005; Porter, 2012) or
meteorological records (Dercon, 2004; Yamano et al., 2005; Thiede, 2014) obtained from
the Ethiopian Meteorological Agency. Both approaches have essential limitations:
self-reported measures are prone to recall and perception biases, while meteorological
data often contain substantial gaps and measurement errors due to sparse spatial
coverage. The density of weather stations across Africa has also declined markedly over
the past few decades—from roughly 3,500 in 1990 to about 500 more recently (Lorenz &
Kunstmann, 2012). In Ethiopia, specifically, (Alem & Colmer, 2021) documents an

1See https://microdata.worldbank.org/index.php/catalog/2053 for details
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average of only 0.03 reporting stations per woreda (district), disproportionately located
in high-productivity agricultural zones, which likely leads to systematic upward bias in
estimates derived from such data.

CHIRPS is a quasi-global rainfall dataset that spans more than 35 years, providing
daily, pentadal, and monthly precipitation estimates from 1981 to the present at a spatial
resolution of 0.05 degrees (approximately 5 x 5 km). It combines high-resolution satellite
imagery with ground-based station observations and long-term climatology to generate
consistent gridded time-series data suitable for analyzing rainfall trends and monitoring
drought conditions (Funk et al., 2015). In this study, we employ CHIRPS data with a
spatial resolution of roughly 5 km (at the equator) and a monthly temporal resolution.
The CHIRPS dataset has been widely applied in empirical research assessing the economic
and welfare impacts of climatic and weather shocks (Hirvonen et al., 2020; Tambet &
Stopnitzky, 2019; Aragon et al., 2018).

3.3. Sample Construction

We linked the CHIRPS satellite precipitation dataset with the Ethiopian Socioeconomic
Survey (ESS) using each household’s geographic coordinates (latitude and longitude). For
each household, we computed rainfall as the inverse-distance-weighted mean of the four
closest CHIRPS grid cells. Consistent with the methodology of Shah & Steinberg (2017)
and Mahajan (2017), we constructed a binary drought indicator to capture rainfall shocks.
This variable equals 1 when rainfall in the previous year falls more than one standard
deviation below the 1981-2015 long-term mean, and zero otherwise. As an alternative
specification, we defined drought as rainfall in the preceding year being below the 20"
percentile of the location-specific long-term rainfall distribution. The use of lagged rainfall
allows us to exploit plausibly exogenous weather variation as a proxy for income shocks,
in line with prior studies such as Alem et al. (2010) and Dercon & Christiaensen (2011).

3.4. Outcome Variable

Existing studies on developing countries employ three main approaches to assess household
energy deprivation and access to basic energy services: the Minimum Energy Consumption
Threshold (MECT) approach introduced by Modi et al. (2005), the Minimum End-Use
Energy (MEE) or income-invariant measure proposed by Barnes et al. (2011), and the
Multidimensional Energy Poverty Index (MEPI) developed by Nussbaumer et al. (2012).
The MECT method identifies energy-poor households as those whose total energy use falls
below the minimum level required to satisfy essential needs such as cooking, heating, and
lighting. The MEE framework, in contrast, defines an energy poverty line corresponding
to the point where energy consumption begins to rise with income, classifying households
below this threshold as energy poor. The MEPI offers a more comprehensive perspective
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by capturing multiple dimensions of energy deprivation, incorporating technological access
and the availability of modern energy services into its assessment.?

To assess energy poverty among households in rural areas and small towns of
Ethiopia, we apply the Multidimensional Energy Poverty Index (MEPI) initially
developed by Nussbaumer et al. (2012) and subsequently employed in various
developing-country studies (Zhang et al., 2019; Alem & Demeke, 2020; Koomson &
Churchill, 2022). The MEPI aggregates five key dimensions of energy deprivation, each
represented by specific indicators with assigned weights (Nussbaumer et al., 2012; Alem
& Demeke, 2020; Zhang et al., 2021; Koomson & Churchill, 2022). These dimensions
include cooking, lighting, ownership of household appliances, entertainment, and
communication (see Table 1 for the complete set of indicators and weights). A household
is considered deprived in a given dimension if it lacks access to clean or modern energy
sources. For instance, households relying on solid fuels such as firewood, charcoal, or
agricultural residues are considered deprived of cooking energy. At the same time, those
without access to grid or off-grid electricity are deemed deprived of lighting.

Reliance on traditional cooking fuels and stoves has substantial implications for both
time efficiency and household well-being (Malla & Timilsina, 2014; Pratiti et al., 2020).
In many least developed regions, cooking accounts for as much as 80% of total household
energy consumption (IRENA, 2017). Accordingly, the cooking dimension of the energy
poverty index is assigned the highest weight, totaling 0.4. This dimension includes two
equally weighted indicators—use of modern cooking fuels and exposure to indoor air
pollution—each assigned a weight of 0.2. The lighting dimension carries a weight of 0.2,
while the remaining three dimensions—entertainment, communication, and ownership of
appliances—each receive a weight of 0.13 (see Table 1). The overall energy deprivation
score for each household, representing the weighted sum of deprivations across all five
dimensions, is computed as shown in Equation 1.

EDSh = ’LU1E1 + w2E2 + w3E3 + ...+ wnEn (1)

where EDS), denotes the energy deprivation score for household h, Ej takes the value
1 if the household is deprived in indicator h and 0 otherwise, and wy, represents the weight
assigned to each indicator such that S°#F w;, = 1. The primary measure of energy poverty
in this study is the continuous deprivation score (energy poverty score) derived from
Equation (1). To verify the robustness of our findings, we also employ an alternative binary
classification of energy poverty—indicating whether a household is energy poor—based on
the same underlying indicators.

2Tt is worth noting that these measures of energy poverty apply to households in developing countries.In
developed countries, energy poverty is the inability to heat one’s homes or spending more than 10% of
income on energy expenditure (Phimister et al., 2015; Roberts et al., 2015).
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Table 1: Multidimensional Energy Poverty Index - Construction

Dimension (weight) Indicator (weight) Energy deprived if. ..
Cooking (0.4) Modern cooking fuel (0.2) Uses  charcoal/firewood/farm
products
Indoor pollution (0.2) No access to
gas/kerosene/electric or electric
mitad
Lighting (0.2) Electric access (0.2) Not using electricity or solar
energy as a main light source
Appliance (0.13) Ownership of fridge (0.13)  Does not own a fridge
Entertainment (0.13) Ownership of television Does not own television and/or
and/or radio (0.13) radio
Communication (0.13)  Ownership of mobile phone Does own mobile and/or
and/or landline (0.13) landline telephone

Notes: This table presents different dimensions used to construct a multidimensional energy poverty index.
mitad is a cooking appliance used to bake Injera, the main staple food in Ethiopia. It can be built to use
electricity or biomass as cooking fuel.

3.5. Descriptive Statistics

Table 2 reports the descriptive statistics for the variables used in the analysis. The energy
poverty rate was 81% in 2013/14 and declined to 72.1% in 2015/16, resulting in an average
of 76.6% across the two survey waves. Likewise, the average energy deprivation score
declined from 0.643 in 2013/14 to 0.613 in 2015/16, with an overall mean of 0.628. The
data also show that about 7.5% of households experienced drought in the production year
preceding 2013/14, rising slightly to 8.2% in the year preceding 2015/16, for an overall
average of 7.9% across the two periods.?

The sample is predominantly male-headed households, accounting for 74% of the total,
while female-headed households account for 26%. The average age of household heads is
46.8 years, and the mean household size is 5.87 members. The highest level of education
attained within households averages 5.07 years of schooling. Livestock and land are the
leading asset indicators among smallholder rural households, with the sample owning on
average 2.51 tropical livestock units (TLU) and 1.19 hectares of land.

3Ethiopia, along with much of the Global South, experienced an El-Nifio-induced drought in 2015-16
that affected 51% of rural households (FAO, 2016b). Our analysis doesn’t capture this event because we
use lagged weather shocks as proxies for agricultural income in the current period. Under this assumption,
the El-Nino-induced drought of 2015-16 would influence agricultural income and energy poverty in the
subsequent period (i.e., 2016-17).
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Table 2: Summary statistics

1 2 3

Pooled Wave 2013/14 Wave 2015/16
MEPI score 0.628 (0.171)  0.643 (0.166)  0.613 (0.175)
MEPI status 0.766 (0.423)  0.810 (0.392)  0.721 (0.448)
Drought (less than -1 SD) 0.079 (0.269) 0.075 (0.263) 0.082 (0.275)
Drought (< 20 percentile) 0.114 (0.318)  0.131 (0.338)  0.0970 (0.296)
Household Head’s Age 46.80 (15.17) 45.97 (15.18) 47.64 (15.12)
Household Head’s gender 0.740 (0.438) 0.746 (0.435) 0.735 (0.442)
Household size 5.870 (2.585) 5.609 (2.498) 6.131 (2.643)
Household’s maximum education 5.072 (3.986) 4.908 (3.949) 5.236 (4.017)
Livestock holding (TLU) 2.512 (3.559) 2.448 (3.562) 2.577 (3.555)
Land holding (ha) 1.193 (1.769)  1.237 (1.833)  1.148 (1.702)
Home Ownership 0.886 (0.318)  0.874 (0.332)  0.897 (0.304)
Number of rooms 1.813 (1.163) 1.799 (1.002) 1.828 (1.305)
Rural 0.885 (0.319)  0.885 (0.319)  0.885 (0.319)
Observations 7274 3635 3639

Notes: Column [1] reports summary statistics of the pooled sample. Column [2]-[3] present summary
statistics for the years 2013/14 and 2015/16, respectively.

4. Results

4.1. Empirical Strategy

To explore the impact of weather shocks on household energy poverty, we exploit plausibly
exogenous variation in rainfall across survey rounds. Given whether shocks are strictly
exogenous, we can identify their causal impact on energy poverty from the following fixed
effects specification,

EDS;y = BiDroughty—1 + Y X + i + 0y + 01 + Eine (2)

where EDS;,; represents our outcome variable of interest (the energy deprivation score
of household 7 at village (or enumeration area) v at time ¢. The key explanatory variable of
interest is lagged drought, represented by Drought,;_1. X, represents a vector of control
variables representing household and household-head characteristics presented in Table 2.
These control variables include the age and gender of the household head, household size,
the highest level of education in the household, land size, livestock holding in TLU, a
dummy for household house ownership, and the total number of rooms. pu;, ¥, and ¢,
represent household, village, and time fixed effects. &;,; captures an idiosyncratic error
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term. [ and ~ are parameters to be estimated, [; specifically capturing the causal effect
of drought on energy poverty.

4.2. Rainfall Shocks and Energy Poverty

We begin by presenting the fixed effects regression results in Table 3. Panel A presents
fixed-effects regression results on the effect of drought on energy poverty, as measured by the
multidimensional energy poverty score. Panel B reports fixed-effects regression results on
the impact of drought on multidimensional energy poverty status. Columns 1 and 3 control
for drought time and village fixed effects only, while columns 2 and 4 control for drought,
time, and village fixed effects and household head and household characteristics reported
in Table 2. In all specifications, the standard errors are clustered at the enumeration area
level.

Across all specifications, the regression results indicate that drought in the previous
period has a positive, statistically significant effect on energy poverty. Column 1 suggests
that experiencing drought in the last period increases the energy poverty score by 0.019.
The effect remains almost the same in column 2 (0.018), which controls for household and
household head characteristics. Similarly, column 3 suggests that experiencing drought in
the previous production period increases energy poverty by 3.8%, an effect that persists at
3.5% in column 4, which controls for covariates.

Our results are consistent with previous studies that documented a positive impact of

temperature shocks on multidimensional energy poverty across different contexts (Feeny
et al., 2021; Que et al., 2022; Li et al., 2023; Churchill et al., 2022).
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Table 3: Impact of Income Shock on Energy Poverty

Panel A Panel B
Multidimensional EP Score Multidimensional EP Status

(1) (2) (3) (4)

Drought; 0.019%** 0.018%** 0.038** 0.035%*
(0.007) (0.007) (0.017) (0.017)
Time Fixed Efffects Yes Yes Yes Yes
Village Fixed Efffects Yes Yes Yes Yes
Controls No Yes No Yes
Observations 7274 7274 7274 7274

Notes: This table presents fixed-effects results on the impact of drought on energy poverty. Columns [1]
and [2] present the impact on the energy poverty score. Columns [3]-[4] present the impact on energy
poverty status. Drought is defined as a binary variable that takes 1 if the standardized deviation of the
previous year’s rainfall is less than -1 from the long-term mean (i.e., 1981- 2015); it takes 0 otherwise.
The control variables include the head’s age and gender; the highest level of education in the household;
household size; landholding, livestock holding, home ownership, and number of rooms. Standard errors
(in parentheses) are clustered at the enumeration area level. * p < 0.10, ** p < 0.05, *** p < 0.01.

What are the mechanisms through which weather shocks affect energy poverty? The
fundamental premise we use to model energy poverty as a function of rainfall shocks
(drought) is the direct impact of weather shocks on income in rain-fed agrarian settings. If
that is the case, a drought in the previous production period would lead to a reduction in
income per capita in the current period. If income is the primary mediator linking weather
shocks to an increase in multidimensional energy poverty, the effect of drought on income
should be statistically significant in a regression running per capita income on drought and
relevant covariates. We investigate this mechanism using fixed effects regressions.

Table 4 presents fixed effects regression results on the impact of drought on two types
of household income. Panel A shows the effect of lagged drought on the log of total per
capita income. Panel B displays the impact of lagged drought on the log of per capita
farm income. In both panels, the first regressions control only for drought, and the second
regressions control for household covariates. In all regressions, we clustered standard errors
at the enumeration-area level.

The results suggest that drought in the previous period negatively affects total per
capita income this year, and the effect is statistically significant at the 1% level. Column
1 suggests that experiencing drought in the previous production year leads to a 31.6%
reduction in total per capita income. Controlling for household covariates increases the
drought effect to 33.7% (column 2). However, column 3 suggests that experiencing drought
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in the previous year reduces current per capita farm income by 20.2%. However, the effect
is statistically insignificant at conventional levels due to relatively large standard errors.
When we control for household covariates in column 4, the effect becomes weakly significant
(at 10%).

Given that farming in rural Ethiopia is almost entirely rain-fed, why would a drought
not affect per capita farm income? The likely reason is the impact of drought on off-farm
income. There is extensive literature (e.g., Kochar, 1999; Arndt et al., 2011; Musungu et al.,
2024) documenting that off-farm employment opportunities are significantly reduced during
droughts because of reduced demand for hired labor. Kochar (1999) uses fixed-effects
regressions on household data from rural India and shows that agricultural employment
declines after droughts, and that household members have difficulty shifting into off-
farm occupations because of the contraction in rural labor markets, which limits off-farm
employment growth during droughts. Arndt et al. (2011) merge weather data with labor
market surveys and documents that droughts reduce overall employment, including off-
farm jobs, due to the contraction of rural economies and the decline in non-agricultural
activities dependent on farm incomes. More recently, Musungu et al. (2024) uses panel
data from the same rural Ethiopian setting as ours and finds that drought shocks reduce
agricultural productivity, forcing households to cut back on on-farm work.

Table 4: Impact of Income Shock on Energy Poverty-Mechanism

Panel A Panel B
log(Per Capita Total Income) log(Per Capita Farm Income)

0 2) 3) (1)

Drought;_, -0.316%** -0.337H** -0.202 -0.221%*
(0.109) (0.107) (0.127) (0.119)
Time Fixed Effects Yes Yes Yes Yes
Village Fixed Effects Yes Yes Yes Yes
Controls No Yes No Yes
Observations 7274 7274 7274 7274

Notes: This table presents fixed-effects results on the impact of drought on per-capita income. Panel
A presents results on the impact of drought on total per capita income. Panel B presents the impact of
drought on per capita farm income. The first column in each panel controls for drought only. The second
column in each panel controls for covariates. Drought is defined as a binary variable that takes 1 if the
standardized deviation of the previous year’s rainfall is less than -1 from the long-term mean (i.e., 1981-
2015), and 0 otherwise. The regression control variables include the head’s age and gender; the highest
level of education in the household; household size; landholding; livestock holding; home ownership; and
number of rooms. Standard errors (in parentheses) are clustered at the enumeration area level. * p <
0.10, ** p < 0.05, *** p < 0.01.
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Taken together, the results in Table 4 show that the key mechanism through which
drought affects multidimensional energy poverty is its effect on income, including income
from off-farm employment. A decline in income increases multidimensional energy
poverty because households are likely to shift to polluting solid fuels, such as charcoal
and firewood, rather than cleaner fuels. Indeed, several previous studies (e.g., Liu & Hu,
2024; Karymshakov & Azhgaliyeva, 2025) document that households increase their use of
polluting fuels in response to income declines.

4.3. Heterogeneous Effects
4.4. Head’s Gender and Place of Residence

The main regression results we presented in Table 3 assume that the effect of a weather
shock on energy poverty remains constant across variations in the households affected.
However, even if the average effect is significant, the impact of a weather shock might vary
across subgroups. In view of this, investigating the heterogeneous impact of drought on key
socio-economic variables is warranted. In this sub-section, we investigate the heterogeneous
effects of drought on multidimensional energy poverty based on four key variables: the
household head’s gender, the household’s place of residence (rural vs. urban), access to
safety net programs, and access to credit. These variables are among the most widely used
for heterogeneous effects of shocks in low-income settings.
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Table 5: Impact of Income Shock on Energy Poverty-Heterogeneous Analysis

1 2 3 4
Male Female Male Female
Panel A: By Gender of HH Head
Drought;_, 0.018%** 0.017 0.051%** 0.003
(0.007) (0.014) (0.019) (0.027)
Observations 5,384 1,888 5,384 1,888
Rural Small Town Rural Small Town
Panel B: By Place of Residence
Drought;_4 0.014** 0.060*** 0.025 0.168*
(0.007) (0.010) (0.016) (0.090)
Observations 6,440 834 6,440 834
Time FE Yes Yes Yes Yes
Village FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Notes: This table presents fixed-effects regression results on the heterogeneous effects of drought on
multidimensional energy poverty. Panel A presents results by the gender of the head of the household.
Panel B presents results by place of residence (rural vs small town). Drought is defined as a binary variable
that takes 1 if the standardized deviation of the previous year’s rainfall is less than -1 from the long-term
mean (i.e., 1981- 2015), and 0 otherwise. The regression control variables include the head’s age and
gender; the highest level of education in the household; household size; landholding; livestock holding;
home ownership; and number of rooms. Standard errors (in parentheses) are clustered at the enumeration
area level. * p < 0.10, ** p < 0.05, *** p < 0.01.

Panel A of Table 5 presents fixed-effects regression estimates of the heterogeneous
effects of drought on energy poverty by the gender of the household head. Panel B reports
heterogeneous effects by place of residence (rural versus small town). All regressions include
time fixed effects, village fixed effects, and household covariates, and the standard errors
are clustered at the enumeration-area level.

Panel A indicates that the impact of drought on multidimensional energy poverty differs
between male-headed and female-headed households. For male-headed households, the
effect is positive and statistically significant. For female-headed households, although the
effect is also positive, it is not statistically significant at conventional levels. Specifically,
drought increases the multidimensional energy poverty score of male-headed households by
approximately 0.018 points, and raises their probability of experiencing multidimensional
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energy poverty by about 5.1%. One possible explanation is that in low-income settings such
as rural Ethiopia, female-headed households often face structural disadvantages—Ilimited
access to income, assets, and energy-using appliances—which place them at higher baseline
levels of energy poverty. Consequently, their energy access is already severely constrained,
leaving less scope for observable deterioration following a weather shock. In contrast,
male-headed households typically have lower baseline energy poverty levels, making the
drought-induced decline in energy access more detectable.

Panel B of Table 5 shows that the effects of drought also vary by place of residence.
For the multidimensional energy poverty score, the estimated impacts are positive and
statistically significant for both rural and small-town households. For multidimensional
energy poverty status, the impact is positive in both settings, but only weakly
statistically significant for small-town households. Specifically, drought increases the
likelihood that small-town households are classified as energy poor by about 16.8%. One
plausible explanation is that access to electricity is extremely low in rural Ethiopia;
therefore, drought-induced income shocks may have limited additional impact on already
constrained rural energy consumption. In contrast, small-town households may have
greater baseline access to modern energy sources, making drought-related disruptions

more visible in measured energy poverty outcomes.

4.5. Access to PSNP and Credit

We next examine how access to social safety nets and credit shapes the heterogeneous
impacts of drought on energy poverty. Ethiopia is highly susceptible to drought, having
endured more than 15 major drought episodes since the 1960s, each causing substantial
losses in lives and household assets (Guha-Sapir et al., 2016). In response, the
Government of Ethiopia, with support from international partners, has made
considerable investments over the past two decades to strengthen national disaster
preparedness and shock-responsive systems. The most prominent initiative is the
Productive Safety Net Programme (PSNP), launched in 2005 to transition millions of
chronically food-insecure rural households from reliance on emergency food aid to a more
predictable, institutionalized form of social protection (Bank, 2013).

Table 6 reports fixed-effects regression estimates of the effects of drought on energy
poverty for PSNP beneficiaries versus non-beneficiaries, as well as for households with
and without access to credit. Columns 1 and 5 indicate that drought has no statistically
significant effect on the energy poverty of PSNP participants, whether measured by the
multidimensional energy poverty score or by energy poverty status. This suggests that
the program effectively cushions participating households from the adverse energy-related
consequences of weather shocks.

By contrast, the effects are both positive and statistically significant for households
not enrolled in the PSNP. Among non-participants, drought raises the MEPI score by
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roughly 0.017 points and increases the probability of multidimensional energy poverty by
approximately 3.4% (significant at the 10% level). This pattern aligns with the intended
role of the PSNP—to help vulnerable households maintain consumption and buffer income
declines during climatic shocks.

We also find compelling evidence that access to credit reduces the impact of drought
on multidimensional energy poverty as measured by the energy poverty score. Column
4 shows that, for households without credit access, drought increases the MEPI score
by about 0.02 points. However, we do not observe a similar mitigating effect of credit
on multidimensional energy poverty status: for households lacking credit, the estimated

impact on poverty status is positive but statistically insignificant.

Table 6: Impact of Income Shock on Energy Poverty-The Role PSNP

Panel A: MEPI Score Panel B: MEPI Status

1 2 3 4 5 6 7 8
PSNP No PSNP Credit No Credit PSNP No PSNP Credit No Creedit

Drought,y  -0.046  0.017**  0.007  0.020%* 0.128  0.034*  -0.042  0.037
(0.028)  (0.007)  (0.014)  (0.009) (0.085)  (0.018)  (0.039)  (0.025)

Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Village FE Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1,022 6,249 1,833 5,441 1,022 6,249 1,833 5,441

Notes: This table reports fixed-effects results on the heterogenous effects of drought by access to productive

safety net program (PSNP) and credit. Panel A presents effects on the multidimensional poverty score.
Panel B displays effects on the mutidimensional poverty status. Drought is defined as a binary variable
that takes 1 if the standardized deviation of the previous year’s rainfall is less than -1 from the long-term
mean (i.e., 1981- 2015), and 0 otherwise. The regression control variables include the head’s age and
gender; the highest level of education in the household; household size; landholding; livestock holding;
home ownership; and number of rooms. Standard errors (in parentheses) are clustered at the enumeration
area level. * p < 0.10, ** p < 0.05, *** p < 0.01

4.6. Robustness Checks

We assess the robustness of our findings using two complementary approaches.

First, following Shah & Steinberg (2017) and Mahajan (2017), we construct an
alternative drought indicator. Under this specification, a household is classified as
experiencing drought if lagged village-level rainfall falls below the 20th percentile of its
long-term mean. The regression estimates reported in Table 7 indicate that our core
results in Table 3 remain qualitatively unchanged under this alternative definition.
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Second, we test the sensitivity of our findings to the weighting scheme used in
constructing the multidimensional energy poverty index. While the primary analysis
assigns distinct weights to each dimension, we re-estimate the results using equal weights
of 0.2 across all dimensions. The results in Table 8 reaffirm the robustness of our main
conclusions: drought increases energy poverty by approximately 0.0214 points. After
controlling for household covariates, the coefficient slightly declines to 0.019 points, yet
the effect remains statistically significant at conventional levels.

Table 7: Impact of Income Shock on Energy Poverty-Robustness Checks

Panel A: Multidimensional EP Score Panel B: Multidimensional EP Status

(1) (2) (3) (4)

Drought, 0.0163*+* 0.0161*+* 0.0357** 0.0344**
(0.00609) (0.00599) (0.0160) (0.0160)
Time Fixed Effects Yes Yes Yes Yes
Village Fixed Effects Yes Yes Yes Yes
Controls No Yes No yes
Observations 7,274 7,274 7,274 7,274

Notes: This table reports fixed-effects regression results using an alternative definition of drought. Panel
A presents estimates for the MDEP score, while Panel B reports results for MDEP status. Drought is
defined as a binary variable equal to 1 if the previous year’s rainfall falls below the 20" percentile of the
long-term mean (1981-2015), and 0 otherwise. All control variables included in the main specification are
retained. Standard errors, shown in parentheses, are clustered at the enumeration-area level. * p < 0.10,
*p < 0.05, *** p < 0.01.
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Table 8: Impact of Income Shock on Energy Poverty-Robustness Check

1 2

Drought;_, 0.0214**  0.0190**
(0.00858)  (0.00845)

Time Fixed Effects Yes Yes
Village Fixed Effects Yes Yes
Controls No Yes
Observations 7,274 7,274

Notes: Clustered standard errors in parentheses. Columns [1] and [2] describe the impact of drought on
energy poverty using a fixed effect model with and without controls, respectively. Drought is defined as
a binary variable takes 1 if the standardized deviation of the previous year’s rainfall is less than negative
one from the long-term mean (i.e., 1981- 2015) it takes zero otherwise. All controls included in the main
analysis are included. Standard errors are clustered at the enumeration area level. * p < 0.10, ** p <
0.05, *** p < 0.01.

5. Conclusion

This paper examines the causal impact of drought on multidimensional energy poverty
in rural and small-town Ethiopia by combining nationally representative panel data with
high-resolution weather information. We document that drought substantially increases
both the intensity and likelihood of energy poverty, with effects that are robust across
alternative drought definitions and weighting schemes for the multidimensional index.
The results highlight the extent to which households’ energy deprivation is sensitive to
climatic shocks in settings where both agricultural livelihoods and access to modern energy
infrastructure remain highly constrained.

Our analysis shows that the primary mechanism through which drought exacerbates
energy poverty is a sharp decline in household income—particularly total per capita
income—following a rainfall shock. Income losses restrict households’ ability to afford
cleaner energy sources, driving them toward cheaper, more polluting solid fuels. This
mechanism aligns with prior evidence indicating that households substitute toward dirtier
fuels when their purchasing power declines. The effects of drought, however, are not
uniform: male-headed households and small-town households exhibit stronger increases in
energy poverty, reflecting differences in baseline energy access, livelihood diversification,
and exposure to income shocks.

Finally, the results underscore the critical role of policy interventions in mitigating
climate-induced energy deprivation.  Ethiopia’s Productive Safety Net Programme
(PSNP) effectively shields beneficiary households from drought-related increases in energy
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poverty, highlighting the importance of stable, shock-responsive social protection systems
in vulnerable agrarian economies. Access to credit also dampens the impact of drought
on energy poverty scores, though its effect on poverty status is more limited. Together,
these findings reveal that strengthening adaptive capacity—through targeted safety nets,
rural credit markets, and broader investments in modern energy access—is essential for

protecting households from the escalating welfare risks posed by climate change.
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