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Abstract

We use variation in rainfall to study how income shocks affect intimate partner violence in Sub-
Saharan Africa. The analysis proves the presence of and corrects for spatial autocorrelation in weather
shocks. We find no evidence supporting our theory that unusually low levels of rainfall would increase
intimate partner violence. This holds both for the probability of experiencing violence in a given year,
and for the risk of experiencing violence for the first time during the course of a marriage. We speculate
that the collective nature and slow onset of droughts trigger less aggression and more adherence to social
norms than other income shocks that might increase violence against women in Sub-Saharan Africa and
elsewhere.
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1 Introduction

Sub-Saharan Africa has one of the highest levels of violence against women among the regions of the
world (World Health Organization, 2013). Why that is the case is an intriguing question, and the region
has been plagued with other factors that are commonly thought to affect violence, such as conflicts and
poor institutional quality. As Sub-Saharan Africa is also the world’s poorest region, a plausible hypothesis
is that violence is so widespread there because households are poor (Cools and Kotsadam, 2014). We seek
to contribute to this understanding by using one of the most common sources of income variation in the
developing world, namely variation in rainfall (e.g., Burke, Gong, and Jones (2015); Harari and La Ferrara
(2013)).

The strategy of using rainfall variation as a proxy for income shocks has several potential advantages,
mainly in terms of identification. As poor areas are different from rich areas on many dimensions, such as
having poor institutions and poor schools, it is hard to disentangle the causal effects of contextual poverty
from the effects of these other factors. Similarly, at the individual level it is hard to distinguish the effects
of poverty on violence from factors that may cause both poverty and violence such as low impulse control
or self-esteem. By using deviations in rainfall relative to what is normally observed in each location, we are
exploiting an exogenous source of variation in income. Whether a rainfall shock occurs in one year or the
next at a particular location is random, and we are able to exploit this random variation using a fixed effects
framework.

Rainfall is relevant for African households due to the largely agrarian structure of the economies (Burke,
Gong, and Jones, 2015) and low levels of irrigation (Miguel, Satyanath, and Sergenti, 2004). Another ad-
vantage of using rainfall shocks is in terms of availability at the local level. Even if economic growth at the
local level would have been random, there is no systematic collection of any income data at such a fine level.
A major disadvantage relates to being able to interpret the effects as stemming solely from income shocks.
While there is no question that rainfall affects income, it may also affect other things such as conflicts or
the mood of people directly. We are open to the possibility that other channels may also partly explain the
relationship between rainfall shocks and violence and our reduced form results do not allow for a distinction
of different mechanisms. Nonetheless, the reduced form effects of rainfall variability on domestic violence are
interesting on their own, as mean rainfall will likely decrease in dry regions and extreme precipitation events
are very likely to become more intense and frequent due to global climate change in large parts of Africa
(IPCC, 2014).

The idea of using rainfall to identify the effects of income shocks on violence against women is not without
precedence. Miguel (2005) uses local rainfall variation to identify the effects of income shocks on witch killings
of elderly women in a district in rural Tanzania. He finds that there are twice as many murders of this kind
in the years following weather shocks as compared to normal years. Sekhri and Storeygard (2013) analyze
the effects of rainfall in India and find a positive effect of droughts on both domestic violence and murder of
spouses, but no statistically significant effect of floods. Our study contributes to the literature by analyzing
the effects of weather shocks in a large sample of African countries with different climates and cultures.

We combine data on precipitation from the ERA-Interim project with the best available data on domestic
violence, namely the Demographic and Health Surveys (DHS). In recent years, the DHS surveys include
questions on domestic violence, and they also contain GPS coordinates at the level of the primary sampling
unit. This enables us to connect experiences of abuse to rainfall shocks. Our complete sample consists of
149,000 women in 17 countries. Despite being the best available large scale data set on domestic violence,
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DHS is still limited in time as the respondents exposed to the domestic violence module are surveyed between
2003-2013. Furthermore, we have repeated observations on domestic violence for nine countries only. We
therefore analyze the data using several different empirical strategies, with their respective advantages and
disadvantages.

Our main variable of interest is whether the women have experienced violence during the last year before
the survey. We believe that this measure is the most accurate as it is easiest recalled, and that year-to-year
changes in violence against women would be the most responsive to climatic variation. However, we also
investigate two measures of violence on the extensive margin, i.e., reflecting whether climatic shocks create
more victims of intimate partner violence. These are the probability of having ever experienced violence in a
relationship, and the probability of experiencing violence for the first time in a marriage or cohabiting union
in a given year.

We start by using variation in weather shocks in the total cross-sectional sample, and analyze whether
rainfall shocks are correlated with the risk of having been abused last year. This strategy uses a large sample
but has serious drawbacks in terms of internal validity. Since rainfall is determined by large weather systems,
places that are close to each other are likely to be affected by shocks at the same time. As places close
in space are likely to share many characteristics, including culture and institutions, areas that experience a
shock are likely to differ from areas that do not. We prove that this indeed causes the residuals to be spatially
autocorrelated, and add spatial polynomials to correct for this.

As it is not possible to control for area fixed effects in the pooled cross-sectional analysis, we proceed to
use two other strategies that enable us to control for grid level fixed effects. The second strategy consists
of using a limited sample from nine countries for which we have repeated surveys. Even though the surveys
are not longitudinal in the sense that each household is followed over time, it is a repeated cross section
whereby we have observations from two time periods at the grid level. Aggregating the data to the grid level
and measuring the effects of droughts and floods on the change in the probability of women experiencing
violence essentially controls for all time invariant confounders. Using this model, we cannot reject spatial
independence of residuals in our most elaborate specification. We can also verify that droughts increase the
likelihood of observing a level of household wealth within the two lowest quintiles of the wealth distribution.
This strategy is thereby stronger in terms of identification, but the drawbacks are a limited sample size and
that the two samples in the same areas might differ in the different years.

The third strategy instead exploits the fact that women who have experienced partner violence are also
asked how many years passed after marriage before they were abused for the first time. Since we also know
how long each woman has been married, we can combine our weather data with the timing of first abuse
and see whether weather shocks affect the risk of being abused for the first time. We deem this strategy to
be strongest in terms of internal validity as we are exploiting a 10-year time series within the same sample.
This analysis identifies climatic determinants of the extensive margin of abuse, i.e., factors that contribute
to husbands crossing the important boundary it is to start becoming abusive towards their wives. However,
it does not capture the intensity or the likelihood of re-occurrence of violence within a relationship.

Using the cross-sectional and first differencing strategies, we do not find any indication that droughts
or floods increase the likelihood of experiencing violence during the preceding year in the models where
spatial independence is plausible. On the contrary, estimates are fairly close to 0 and we can reject that
droughts raise violence levels by more than 4 percentage points in the cross-sectional model and more than
10 percentage points in the first differenced model. Our duration model mimics these findings as we find
that droughts either reduce the risk of experiencing violence for the first time in a marriage, or do not affect
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the risk at all. These findings cause for a re-thinking of the income-violence relationship as perhaps being
mitigated by important tertiary factors, such as isolation or feelings of unfairness.

2 Theories on the effect of weather on violence

This section reviews the literature with respect to the possible links between weather-induced income
shocks and violence. The effect going from droughts and floods to violence may, however, also work through
other channels. In particular, bad weather has been linked directly to frustration and aggression as well as to
eco-migration. The second part of this section reviews the literature with respect to these other mechanisms.

2.1 Income and violence

Empirical studies document a strong, negative correlation between economic development and domestic
violence at the country level (Duflo, 2012; Doepke and Tertilt, 2009). Poorer women within countries are
generally more exposed to violence than are women with higher incomes (Benton and Craib, 2011; Jewkes,
2002; True, 2012). The positive association between poverty and crime is one of the most robust findings
in criminology (Benson et al., 2003). The relationship is also found with respect to domestic violence. For
instance, Schneider, Harknett, and McLanahan (2016) found that the Great Recession in the United States
led to an increase in intimate partner violence in households experiencing economic hardship, and to more
controlling behaviour by men towards their partners in communities where unemployment levels increased.

A few studies have investigated the relationship between rainfall and crime. Mehlum, Miguel, and Torvik
(2006) find that low rainfall in 19th century Germany increased crime and they show that the effect runs
via increased grain prices that lower real wages. Two previous papers have analyzed the effects of rainfall on
violence against women directly. Both interpret the findings as going through income. Sekhri and Storeygard
(2013) analyze the effects of rainfall in India and find a positive effect of droughts on both domestic violence
and dowry deaths but no statistically significant effect of floods. They interpret the findings using a theory
where men exert violence on their wives in order to extract resources from in-laws. Dowry killings further
enable the man to re-marry and receive dowry payments from a new family. They document that dowry
killings in India lead to more dowry payments. Miguel (2005) uses local rainfall variation to identify the
effects of income shocks on murder of “witches” in a district in rural Tanzania. He finds twice as many
witch murders in years following droughts or floods. He further shows that extremes at each end of the
rainfall distribution leads to large income drops at the local level, with somewhat larger effects of floods, and
interprets the results as negative income shocks leading to the murdering of old women.

Frustration

Poverty leads to frustration which gives rise to mental processes related to escape or aggression. The
frustration-aggression hypothesis is the most common psychological theory explaining the link between
poverty and aggression (Barlett and Anderson, 2013). Having insufficient income to meet the needs of
one’s family is also stressful, and stress is thought to influence the degree of domestic violence (Jewkes,
2002).1 In addition, anxiety lowers the ability of people to exert self-control. Mani et al. (2013) find that

1 As poverty also leads to stress, Barlett and Anderson (2013) argue that The General Aggression Model (GAM) is a better
psychological framework for understanding the effects. GAM argues for an interaction between personality and situational input
variables that affect internal emotional state that then lead to either aggressive or non-aggressive behavior. As we are primarily
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poverty reduces cognitive capacity in a laboratory study as well as in a field study. Poverty also requires
demanding mental processes as the poor must face harder tradeoffs and try to keep expenses down. As
the human cognitive system is limited these poverty induced mental processes compete with other necessary
processes for attention. In the field study they exploit that Indian sugarcane farmers experience cycles of
poverty whereby they are poorest just before harvest and richest just after. They find that the same farmer
has lower cognitive ability when poor as compared to when being relatively richer. As cognitive capacities
such as self-control are consistently argued to be important in the psychology of violence (e.g., DeWall, An-
derson, and Bushman (2011)) there is a plausible link between income shocks and violence against women
at the individual level. Negative shocks also trigger frustration. Frustration arises when reality turns out
to be worse than expected (Munyo and Rossi, 2013). An unanticipated negative drop in household income
thereby leads to frustration and frustration in turn is thought to lead to aggression. Similar predictions are
found in the so called negative affect theory proposed by Berkowitz (1983) which stipulates that aversive
events increases aggression. Experiments with animals show that unexpected negative shocks cause frustra-
tion leading to aggressive behavior (see Munyo and Rossi (2013) for an overview). Consistent with such a
framework, Card and Dahl (2011) find that upset losses in American football, i.e., losses where the team was
expected to win, lead to more violence against women. Similarly, Munyo and Rossi (2013) use soccer games
as natural experiments and combine this with property crime data from Montevideo, Uruguay. They find
that frustration leads to a spike in violent crime (robbery) one hour after the game.

Power and dominance

Droughts may cause reductions in income which are not necessarily evenly distributed between men and
women. One of the most popular sociological theories of domestic violence, the resource theory, suggests
that men with few other resources may use violence to maintain dominance within the family (Goode, 1971;
Vyas and Watts, 2009). Similarly, according to the backlash theory, men may use violence to counteract any
reduction in their relative power to reinstate their dominance (e.g., Eswaran and Malhotra (2011)). In status
inconsistency theories where atypical roles threaten male identity (Hornung, McCullough, and Sugimoto,
1981), male loss of income or employment could lead to increased violence. Changes to the power relation
between spouses is also important in economic bargaining theories of domestic violence. These models focus
on women’s outside options, which is usually considered to be the utility level in case of divorce (e.g., Lundberg
and Pollak (1996); Pollak (2005); Eswaran and Malhotra (2011)). Worsened outside options through reduced
female income should then increase violence within marriage – all else equal (Farmer and Tiefenthaler, 1997).
In bargaining models where violence is instrumental or extractive, reduced income flows to the husband may
lead to more violence if there are resources to extract from women or their relatives (e.g., Bloch and Rao
(2002); Sekhri and Storeygard (2013)).

Communal factors

In addition to the effects of individual level poverty, there is an argument to be made that lack of protective
social norms and low social control cause more violence. Benson et al. (2003) argue that there is more violence

interested in the reduced form effects of weather on violence, without specifying whether the internal mechanism is via, e.g.,
frustration or stress, we remain agnostic about what psychological theory best explain the relationship and we are content with
showing that there are many possibilities via which income may be psychologically related to violence.
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in poor communities for cultural and institutional reasons. They build on social disorganization theory which
predicts poor areas to have weaker social bonds between individuals leading to less social control and more
social isolation. Hence, even if the acceptance of violence is not higher in such areas, people are less likely
to intervene and the levels of abuse are argued to be higher. The husbands thereby gain a type of impunity,
which is even higher if acceptance rates are also higher in poorer areas. Indeed, Benson et al. (2003) argue
that poor areas also have higher acceptance rates.2 Poverty at the contextual level also reduces the quality
of social institutions such as the local police, which may further aggravate problems of violence (Uthman,
Moradi, and Lawoko, 2009).

In a paper also using DHS data on violence from Sub-Saharan Africa, Alesina, Brioschi, and Ferrara
(2016) found that ancient socioeconomic conditions determine social norms about gender roles and intrafamily
violence which persist even when the initial conditions change. In particular, they found that women whose
ancestors lived in nomadic and isolated settlements, compared to those living in more compact settlements,
were exposed to a higher probability of violence and were more prone to justify it. One of the explanations
they provide for this is that the former settlements represent less developed communities.

Weather shocks are perfectly correlated within a community. Therefore our results show the combined
effect of negative income shocks to the community as well as to the individual. The fact that they are shocks,
as opposed to more stable characteristics, also potentially gives rise to additional mechanisms. Barlett and
Anderson (2013) argue that aggregate economic downturns make people fearful, frustrated, stressed and
hostile and they find that indicators of poor economic times in randomly assigned news clips cause aggression
related emotions. This suggests that aggregate economic shifts influence aggression at the individual level,
perhaps in addition to the effects of more constant levels of poverty. On the other hand, strong social norms
against violence against women in a community and social control and cohesion may protect women also
during economic crises. There may furthermore be aspects of the particular income shock from lack of rainfall
which makes it more likely that such protective institutions will continue to be operating. Droughts cause
collective income losses affecting entire communities, and may be seen as exogenous and perhaps coincidental
by the affected men. In contrast, intimate partner violence following the Great Recession in the United States
may be caused both by a feeling of individual unfairness for men who lose their employment, and a feeling
of collective unfairness if a richer segment of society is seen as causing the crisis (Schneider, Harknett, and
McLanahan, 2016). A shared and naturally occurring drought shock may be met by collective solutions and
sentiments of belonging which may trigger less aggression among men and possibly even strengthen social
norms and women’s position. Furthermore, the crippling onset of droughts may give communities time to
respond to the crisis in a manner which is in accordance with social norms. Frey, Savage, and Torgler (2011)
make the argument that the slow sinking of the ship Titanic in 1912 contributed to high survival rates of
women and children whereas there was less adherence to norms that protect vulnerable groups during the
rapid sinking of Lusitania by a torpedo attack in 1915. They believe their findings can be extended to the
study of modern natural disasters and argue that variation in time for co-ordinated responses is an important
factor.

The relationship between rainfall and group conflict is consistently interpreted as going via income.
Miguel, Satyanath, and Sergenti (2004) find that lower rainfall growth led to more conflict in SSA and
also documents that economic growth is lower when rainfall growth is lower. Bohlken and Sergenti (2010)
use a similar approach and show that negative rainfall shocks increase Muslim-Hindu riots in India. The
mechanism leading rainfall shocks to conflict in the economics literature goes via income in the sense that

2Uthman, Moradi, and Lawoko (2009) find that individuals living in poorer areas have higher acceptance of domestic violence
in a study of 17 African countries between 2003 and 2007.
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lower incomes lower the opportunity cost of violence and reduces the state’s capacity to defend itself (Dell,
Jones, and Olken, 2013).

2.2 Other mechanisms

Weather shocks may also affect violence through other channels. The most commonly studied weather
induced effect on violence links temperature directly to aggression. Ranson (2014) finds crime to be a
function of temperature over 50 years in 300 U.S. counties. Jacob et al. (2007) find that higher temperature
increases violent crimes and that increased rainfall reduces it. The authors interpret the results as weather
having a direct and immediate effect on crime. High temperature is consistently associated with violence in
the psychological literature, where the heat hypothesis states that hot temperature increases aggression by
increasing hostility feelings and thoughts (Anderson, 2001). The simplest version of the theory is that people
become cranky at uncomfortable temperatures. The result that heat leads to violence has been found in
cross sectional and panel data studies, in experiments, and in historical analyzes (see Anderson and DeLisi
(2011) for an overview).3

Floods and droughts may also cause both temporary and permanent migration, which may increase
violence. Anderson and DeLisi (2011) review the effects of weather changes on violence via Eco-migration.
When Hurricane Katrina hit the US in 2005, it flooded about 80 percent of New Orleans, causing over a
million people to emigrate. Initially, Houston received most migrants and had a huge increase in homicides
the following months.4 Also cooling is related to violence. The little ice age between 1300 and 1850 was a
period of much war and violence that Fagan (2000) attributes to the climate change via its effects on food
shortages. Anderson and DeLisi (2011) argue that all types of rapid climate change in terms of cooling,
heating, floods, and droughts, are likely to spur violence because it threatens human resources. As bad
weather in terms of rainfall may also affect migration and people’s mood directly, just as temperature, we
keep the possibility of these causal pathways open.

3 Data

3.1 Survey data and dependent variables

We use data from the Demographic and Health Surveys (DHS), which provide standardized surveys across
years and countries. DHS include GPS coordinates with a random error at the DHS cluster level, a cluster
being one or several geographically close villages, or a neighborhood in an urban area.

At the end of the 1990s, a standardized module was developed with questions about the respondents’
experiences with domestic violence. We combine all surveys carried out in Sub-Saharan Africa (SSA) that

3 There is some evidence that the relation between weather and violence is biological, at least regarding temperature (Dell,
Jones, and Olken, 2013). Temperature affects serotonin neurotransmission in the brain which in turn affects aggression (Tiihonen,
Rasanen, and Hakko, 1997) and recent molecular genetics studies have found gene-environment interactions whereby temperature
affects neuro and hormonal pathways in the areas of thermoregulation and emotion regulation in the brain.

4 Similarly, during the US Dust Bowl in the 1930s when prolonged drought lead to environmental disaster around Oklahoma,
over 2 million people left the area and reports of violence are widespread. Whether these are effects on violence of weather via
income, migration, or direct frustration is of course difficult to disentangle.
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contain information on experience with wife-beating and GPS coordinates into one data set. The total
sample size becomes 149,032 women in the age span 15-49 years, from 17 countries, interviewed in the years
2003-2013, living in 12,498 survey clusters. The distribution of the sample across SSA is shown in Figure 1.

Figure 1: Distribution of DHS clusters across SSA

DHS clusters

Survey clusters with data on abuse

These data are collected in the domestic violence module, implying that not all women are selected to
answer these questions. Domestic violence is measured using a modified Conflict Tactics Scale (CTS), which
has several advantages compared to many other datasets on violence (see Kishor (2005) for an extensive
overview). A characteristic of CTS is that it uses several different questions regarding specific acts of violence.
In this way the measure is less likely to be polluted by different understandings of what constitutes violence.
CTS is also argued to reduce under-reporting as it gives respondents multiple opportunities to disclose their
experiences of violence (Kishor, 2005; La Mattina, 2013).

The interviewers who use the domestic violence module are trained specifically to handle the sensitive
questions of domestic violence, and they follow a strict protocol ensuring privacy. In particular, the inter-
viewers are instructed to check all the surroundings within hearing distance for the presence of others. Only
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children young enough to not understand the questions are allowed to be present. The interviews are not
allowed to proceed if privacy is not ensured, and the interview is terminated if someone enters the zone (ICF
International, 2009).

The care with which data is collected inspires confidence that the problem of under reporting is as low as
possible. Furthermore, the high reported prevalence of violence across the region suggests that a considerable
degree of women are willing to report violence. Likewise, the high acceptance of wife-beating in the region
documented in Cools and Kotsadam (2014) suggests that social acceptability bias in reporting may be of
less importance than in other settings. Palermo, Bleck, and Peterman (2014) use 24 DHS surveys to provide
bounds for other sources of violence data such as health systems data or police records. They found that
only 40 percent of the women having experienced domestic violence in the DHS surveys had reported this
to someone and that only 7 percent had reported it to a formal source. Hence, while we may worry about
under reporting, we are still likely to have one of the best sources of data.

Only women who are currently or have ever lived with a partner are selected to answer the questions
about experience with intimate partner violence. The module includes questions about both emotional and
physical (including sexual) violence. Our focus in this paper lies with physical violence. Violence is recorded
as having occurred for women who answer that they have had a partner doing one of the following to them:
Pushing, shaking, slapping, throwing something, or twisting an arm, striking with a fist or something that
could cause injury, kicking or dragging, attempting to strangle or burn, threatening with a knife, gun, or
other type of weapon, and attacking with a knife, gun, or other type of weapon, physically forcing intercourse
or any other sexual acts, or forcing her to perform sexual acts with threats or in any other way. Using this
definition, 26% of the women in our total sample were subject to abuse during the last twelve months and
32% have ever been victims of intimate partner violence.

All women stating that that they experienced abuse from their last partner are also asked when this first
happened. The question asked in the module places the first violent episode in relation to either the year of
marriage or the year of cohabitation of the last partner. A different question asks the women when they first
married or entered cohabitation (married for short). We therefore had to limit the sample to women who only
married once, and who were still married at time of interview. For consistency, we also removed women who
were subjected to violence by their husbands before marrying, or reported a later occurrence than the time
between marriage and the survey would allow for. Another worry is that the interviewed women misreport
the timing of the first violent episode, which is likely to be a larger problem if the first occurrence happened
a long time before the survey. We therefore reduce the sample to women who have been married less than
ten years at the time of survey. The women thus enter the sample when they marry, and exit the sample
when they are subjected to violence for the first time or in the year of interview, with the year of interview
being less than ten years after marriage.

Hazard rates are the number of women who experience violence for the first time in a given year, divided
by the number of women at risk that year. These are shown in Figure 2 for women who have been married
ten years or less, and women who have been married more than ten years. The observed rates strengthen our
suspicion that women who have been married for a long time tend to forget violent episodes that occurred
early in marriage, and they also seem to remember the timing of the abuse with less precision as they heap
the reporting of violent episodes on five and ten years more than women who have been married for a shorter
period. For women married ten years or less, the risk of experiencing violence for the first time is the greatest
after one-two years in marriage, and then falls sharply. Also these women display some heaping of violence
at ten years of marriage; since the group who have been married exactly ten years is also suspiciously large,
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we exclude these women from further analysis. 25% of the 50,512 married women in the sample who have
been married less than ten years experience violence in the period between their wedding and the survey.
The expected probability of experiencing violence if staying married for ten years is 34% for these women.

Figure 2: Yearly risk of first violent episode
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3.2 Weather data and construction of weather shocks

The data on total precipitation which we use comes from the ERA-Interim project, and is produced by
the European Centre for Medium-Range Weather Forecasts. The data is recorded twice daily on a 0.75 x
0.75 degrees grid level from January 1 1979 to December 31 2011. The overwhelming majority of data comes
from satellites, yet data from radiosondes, pilot balloons, aircrafts, wind profilers, ships, drifting buoys, and
land stations is also used (Dee et al., 2011).

Our interest lies in violence that stems from income shocks created by extreme weather, and we therefore
need to specify relevant seasons when agricultural yields are affected by rainfall. As the African continent
generally does not enjoy abundant and reliable rainfall, adjusting crops, planting and harvest times to the
rainy season is crucial to maximize agricultural production (Liebmann et al., 2012; Ati, Stigter, and Oladipo,
2002). If we assume that farmers make adjustments that are more or less optimal over time, we should
therefore expect that rainfall during the rainy season when rainfall is plentiful matters the most for yields.
We follow the method of Liebmann et al. (2012) in constructing rainy seasons that are consistent for Africa
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as a whole. First, we identified the rainy season in each grid cell as a continuous sequence of calendar
months with average monthly rainfall above the yearly average. If there were multiple sequences, we chose
the sequence during which the sum of monthly levels of precipitation was the largest.

There are studies which use absolute measures of droughts and floods, such as the number of reported
deaths (Neumayer and Plumper, 2007), and in theory it should also be possible to use an absolute measure
of rainfall in the analysis. An absolute analysis would ideally be able to identify shocks that were similar in
terms of biological or economic impact. However, such an analysis would be less likely to be causal, as the
effect of living in a drought-prone area would be indistinguishable from the effect of the drought itself. More
flood-prone areas are for instance located closer to the coast, and were therefore for instance more affected
by slave trade which is known to affect levels of income and trust between people living there today (Nunn,
2008; Nunn and Wantchekon, 2011). Furthermore, the effects of a given absolute shock, e.g., in terms of
number of reported deaths, are obviously affected by the institutions and levels of income in the area and
not only by exogenous factors.

To construct our relative measures of droughts and floods, we created a gamma distribution of rainfall
during the rainy seasons between 1979 and 2011 for each grid cell. The gamma distributions were used
because the distributions tend to be right-skewed, and we therefore wanted a model with full flexibility
(Burke, Gong, and Jones, 2015). We study both the effects of droughts and floods that occurred during rainy
seasons which ended during the same 12 months in which violence was recorded, and weather events that
happened the year before the violent episode. The first effect will contain some that were affected after the
bad yield had been harvested and the income shock was a fact, whereas others may have experienced violence
before harvest, perhaps in anticipation of the crop failure. The latter captures effects during a complete year
of exposure to a failed harvest.

Temperature is negatively correlated with rainfall, and temperature may at the same time have an in-
dependent effect on violence against women. To the extent that we are interested in increases in violence
due to economic distress caused by droughts, controlling for temperature during the relevant rainy season
will yield this conditional estimate of drought impact. We follow Ranson (2014) in using the fraction of days
with temperature at noon GMT observed within 10-degree Fahrenheit bins. We also control for the average
fraction of days in each bin in the cross sectional analysis.

With a complete model of violence, it should be straight-forward to estimate the effect of droughts and
floods on experiences of violence in the year leading up to the interview. Whether an area experiences
rainfall a particular year is, after all, plausibly random and exogenous. However with an incomplete model,
other spatially correlated factors (in addition to temperature) may make any relationship found between
droughts and violence spurious. This issue is due to that weather phenomena are spatially clustered, and
that our drought and flood indicators only appear in a small number of cells. Thus it is likely correlated with
other spatially determined factors that are important for our outcome variable, e.g., a culture of violence. As
attempting to identify and control for all these factors is difficult, a solution proposed by Lind (2015) is to add
Legendre polynomials on the coordinates and interactions between these polynomials.5 In regressions with
grid cell fixed effects, the only threat to identification lies in spatially correlated time trends, and Legendre
polynomials are thus multiplied by these trends.

5Any polynomial can be used, yet Legendre polynomials are chosen due to their numerical stability (Lind, 2015).
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4 Empirical strategies

4.1 Cross sectional analysis

In analyzing the effects of weather on violence against women, we perform several different types of
analyses. First, we ask whether having experienced a drought or a flood during a recent rainy season is
related to having been abused during the last year. The estimation will be of the following form:

Abused Last Y eari,g,t = β1Dg,t−1 + β2Dg,t−2 + β3F g,t−1 + β4F g,t−2

+ Tg,t−1 + Tg,t−2 + Tg + αs × Lg(x, y) +Agei + ei,g,t (1)

The dependent variable is a variable for whether a woman i living in grid cell g was abused in the year
before the time of interview t. Dg,t−1 and Dg,t−2 are negative shocks to precipitation in grid g below a
predetermined percentile in the grid-specific gamma distribution during the last and next-to-last completed
rainy seasons before the month of interview, respectively. F g,t−1 and F g,t−2 are the corresponding positive
precipitation shocks. Matrices of fraction of days in 10 degree Fahrenheit temperature bins during the two
last rainy seasons, as well as average temperatures, are entered in the terms Tg,t−1 +Tg,t−2 +Tg. We include
survey fixed effects, αs, which control both for country and the year of survey, and as such, we are only
comparing the effects of shocks within a given country and year. These survey fixed effects are interacted
with Legendre polynomials

Lg(x, y) =

K∑
k=0

L∑
l=0

Pk(x)Pl(y)

Where Pk(x) and Pl(y) are Legendre polynomials of order k and l on the coordinates x and y. Agei is
the woman’s age. As the shocks occur at the grid level, we cluster the standard errors at this level.

As the same percentile cutoff is used in each grid cell, all cells have the same probability of experiencing
a shock in a given year (Burke, Gong, and Jones, 2015). It is only because the shocks occur at different
times that some areas will experience shocks and some will not. Nonetheless, the results may still be driven
by some unobservable features that are correlated with both the shocks and violence. This is due to the
relatively short time window of our data and spatial correlation in rainfall across areas. This implies that a
shock in one place is correlated with shocks in places nearby. Places nearby are likely to be similar in terms
of other characteristics, some of which may be correlated with abuse, thereby causing omitted variable bias
in our estimates. As we see in Figure 3, the geographical location of the clusters who experienced a drought
during either the last or the next-to-last rainy season are concentrated in a few regions only. We investigate
this potential problem by running a Moran’s I test on the residuals in each model. This widely used test of
spatial dependence rests on the premise that if error terms are independent and identically distributed, the
distribution of Moran’s I is known (Cliff and Ord, 1972).

Since we only have data on each individual observed during one year, we are not able to control for area
fixed effects in investigating the probability of having experienced violence using the total sample. Controlling
for area fixed effects requires that we have several observations from the same areas, and is greatly beneficial
in terms of identification as it controls for all time invariant factors that may differ across areas. In what
follows, we pursue two strategies whereby we can control for grid level fixed effects.
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Figure 3: Distribution of recent droughts in the cross section

DHS clusters

Last season (before interview) 5th percentile

Penultimate season droughts 5th percentile

Other clusters

4.2 Repeated cross section

Our first strategy for controlling for area specific factors uses the fact that we have a repeated cross
section of surveys in nine of our DHS countries, with at least five years between each survey. Aggregating
the data to the grid level in these countries allows us to investigate whether areas that have experienced a
drought or flood between each of the two survey rounds is related to a change in the level of violence during
the year leading up to the interview. We estimate the following specification for our 553 grid cells that have
two observations over time:

4AbusedLast Y earg,t = β1∆Dg,t−1 + β2∆Dg,t−2 + β3∆F g,t−1 + β4∆F g,t−2

+ ∆Tg,t−1 + ∆Tg,t−2 + ∆αc × Lg(x, y) + ∆Āgeg + eg,t (2)

The dependent variable is the difference between the second and first surveys in the grid cell average
probability of experiencing violence last year. We control for country fixed effects so that only differences

12



within a country are compared, and interact this control with our Legendre polynomials to handle spatial
correlation in the country-specific changes.

The main advantage of this specification is that it allows us to use grid fixed effects and we are therefore
not worried about time invariant omitted variables at the grid level. Thereby, the low spread of the shocks is
of less concern for internal validity in this analysis than in the previous one. However, spatial correlation in
trends in violence may still be a concern, which we ease by interacting a linear time trend with polynomials
on the coordinates. Another potential issue is that we have to assume that any differences affecting violence
between populations interviewed in the two different surveys are unrelated to weather characteristics (e.g.,
not affected by climate-induced migration). This is why we again control for differences in age composition.

4.3 Duration analyses of first time abuse

In the violence module of DHS surveys, women who had experienced violence from their partners were
also asked how long it took after they got married or started living together until the first violent episode
occurred in the partnership. From this information, we can construct a time series as the interviewed women
got married in different years, which we then use to control for unobserved omitted variables that differ across
space and time. To that end, we employ duration analysis to study whether the time from marriage until
the first violent episode is affected by extreme values of rainfall.

The duration models are specified in the following way:

log

(
First violencei,g,t

1 − First violencei,g,t

)
= αt + β1D̄g,m+t + β2F̄g,m+t + (m+ t) × αs × Lg + αa + αg (3)

Where the dependent variable is the relative risk that woman i in grid cell g is abused for the first time in
year t after her marriage year m, D̄g,t and F̄g,t equal 1 if there was a drought or flood in year m+t or m+t-1,
αa are 5-year age of marrying groups, αg are grid cell fixed effects, and αt are piecewise constants by year of
marriage. The piecewise constants ensure full flexibility in the baseline rate, which is preferred as we do not
wish to impose any particular time-dependence on the process (Blossfeld, Golsch, and Rohwer, 2012). Once
again, we may worry that our specification is affected by spatial patterns in period trends in violence that are
correlated with weather fluctuations, which is less likely to be a problem in this case as we use a ten year time
series in each grid for each survey. Such spatial correlation can be captured by controlling for interactions
of period time trends with Legrenge polynomials, and once again we allow these interactions to be survey
specific. As the sample is restricted to include only older women if they married at a late age, we included
5-year age of marrying groups to make sure that the period effects we are studying are not confounded with
age or cohort effects.

This sample consists of 50,512 women in 1,060 different grid cells, sampled in 24 surveys in 17 countries,
who entered marriage between 1993 and 2013. In total, we make use of 233,755 years at risk, i.e., marriage
years up to an eventual violent episode in our sample. The distribution of droughts in this sample is shown
in Figure 4. At the 5% drought level, 12,686 women were affected by at least one drought while still in the
sample and 10,911 by at least one flood, which equals 25% and 22% of the total sampled women, respectively.

It is important to note that whether a drought and flood occurs one year or the next in a specific place
is essentially random (e.g., Dell, Jones, and Olken (2013)). The control group in this analysis consists of
marriage years in the same grid cell that were unaffected by the shock, which are experienced by the drought-
affected woman herself earlier in time, other women who married earlier and therefore had more marriage
experience before the shock, and/or women who married later and were therefore unaffected by the shock.
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How these groups are divided is random. This is different from the repeated cross section analysis, as we are
here able to exploit the exact timing of the weather incident in relation to the violent episode within each
survey. We therefore no longer worry about compositional changes between rounds of studies.

The duration model analyzes factors that contribute to violence against women who have not previously
experienced violence in their relationship. It is thus useful in revealing what might make husbands crossing
that important boundary it is to start becoming abusive towards their wives. However, it does not capture
the intensity nor likelihood of re-occurrence of violence within a relationship. If previous abstention from
violence is an inhibiting factor, the results may be viewed as a lower bound on the total effect of rainfall
shocks on violence.

Figure 4: Distribution of droughts in the duration sample

DHS clusters

Droughts 5th percentile

Other clusters in the event analysis
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5 Results

5.1 Cross-sectional analysis

In Table 1, we present OLS regressions of how the reported incidence of abuse last year is affected by
incidences of drought and flood during the last and next-to-last rainy seasons before the interview. The
shock variables are droughts and floods defined as rainfall observations below the 2.5th, 5th, 10th and 15th
percentile or above the inverse of these percentiles in the precipitation distribution respectively. From the
regressions in columns 1-3, there appears to be a correlation in the data between droughts during the last
season before the interview and violence, especially with shocks below the 5th percentile. However, when
temperature is controlled for in column 4, the coefficient is more than halved for that percentile as high
temperatures seem to explain much of the correlation.

As discussed in the empirical strategy, we may worry that these results are driven by some factor that
is correlated with both the shocks and violence.6 We note that there is strong spatial autocorrelation in all
the regressions without spatial polynomials. Although adding more covariates and particularly survey fixed
effects reduce the autocorrelation, these models remain invalid. As we add more polynomials, we see that
the autocorrelation is further reduced. With polynomials of the second order, the autocorrelation is only
weakly significant using 2.5% and 5% droughts, and insignificant when studying 10% and 15% droughts. The
preferred model is displayed in column 7 and contains polynomials of the 3rd order, at which point there is
virtually no and insignificant spatial autocorrelation across all cut-offs. This model displays point estimates
of the effect of drought the last season on violence between 0.1 percentage points and 0.8 percentage points.
Using the 5% cut-off which yields the highest estimate, we can exclude impacts above 3.3 percentage points
with 95% confidence. For the penultimate season, the effect is significantly negative using the 10% and
15% cut-offs. Using the 5% cut-off which yields the most positive effect, we can exclude impacts above 1.2
percentage points. It thus seems that there is little support in the cross-sectional analysis for our hypothesis
that droughts increase the likelihood of experiencing violence. However, we must keep in mind that this is
based on information only stemming from rainfall at two time points before each survey, and thus has very
limited external validity to assess impacts of rainfall variation across years.

In table 2, we study whether drought shocks are related to poverty in the sense that we test its association
with observing wealth index levels in the bottom two quintiles of the survey-wide distribution. From this
analysis, we see that there is no proof of such a relationship once we increase the number of degrees in
the polynomials, and that even with fourth order polynomials, we are not able to fully control for spatial
autocorrelation. The fact that we do not see an association with lower levels of wealth makes us reluctant to
draw conclusions from the analysis in Table 1 as to the relationship between income shocks and violence.7

In what follows, we instead use specifications that make use of variation across time in the same locations.
6Another proof of this is found by using whether her father was violent against her mother as outcome variable, which

is highly correlated with violence against women but not plausibly affected by current rainfall. We find correlations between
weather shocks and this outcome as is shown in Appendix A.

7In Appendix B, we exclude urban households from the analysis and then find an effect of droughts on wealth levels. The
effect of droughts on violence is negative or insignificant in this sample.
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Table 1: Cross sectional analysis of the effect of weather shocks on having experienced violence the last year
before interview
DV: Experienced violence last year (1) (2) (3) (4) (5) (6) (7)
Sample All All All All All All All
Drought (2.5%) last season 0.026 0.044* 0.043* 0.010 0.005 0.011 0.002

(0.026) (0.024) (0.024) (0.024) (0.026) (0.024) (0.024)
Flood (2.5%) last season 0.173*** 0.048 0.048 0.036 0.023 -0.006 -0.0005

(0.022) (0.044) (0.044) (0.034) (0.029) (0.031) (0.029)
Drought (2.5%) penultimate season -0.105*** -0.004 -0.005 0.011 0.026* -0.003 -0.004

(0.021) (0.016) (0.016) (0.016) (0.014) (0.016) (0.016)
Flood (2.5%) penultimate season 0.081 0.055* 0.054* 0.031 -0.007 -0.022 -0.023

(0.049) (0.030) (0.030) (0.031) (0.028) (0.019) (0.023)
R² 0.004 0.068 0.071 0.079 0.090 0.099 0.103
Moran’s I of residuals 0.140*** 0.025*** 0.025*** 0.020*** 0.006*** 0.001* 0.000
Z-score 135.90 24.49 24.50 20.28 6.59 1.72 0.26

Drought (5%) last season 0.033** 0.048*** 0.047*** 0.021 0.003 0.012 0.008
(0.016) (0.015) (0.015) (0.015) (0.014) (0.013) (0.013)

Flood (5%) last season 0.154*** 0.009 0.009 0.006 -0.002 -0.001 -0.0005
(0.021) (0.030) (0.030) (0.022) (0.022) (0.020) (0.020)

Drought (5%) penultimate season -0.106*** -0.022* -0.023* -0.022* -0.005 -0.018 -0.017
(0.015) (0.012) (0.012) (0.012) (0.015) (0.015) (0.015)

Flood (5%) penultimate season 0.067*** 0.043** 0.043** 0.024 0.009 0.022 0.020
(0.024) (0.020) (0.020) (0.018) (0.017) (0.015) (0.015)

R² 0.009 0.069 0.072 0.080 0.090 0.099 0.103
Moran’s I of residuals 0.125*** 0.024*** 0.024*** 0.021*** 0.006*** 0.001* 0.000
Z-score 121.05 24.15 24.16 20.35 6.70 1.68 0.78

Drought (10%) last season 0.011 0.024* 0.024* 0.001 -0.010 0.001 0.003
(0.013) (0.014) (0.014) (0.012) (0.010) (0.009) (0.009)

Flood (10%) last season 0.056** 0.002 0.002 -0.009 -0.043*** -0.035*** -0.031**
(0.025) (0.015) (0.015) (0.013) (0.016) (0.013) (0.014)

Drought (10%) penultimate season -0.119*** -0.027** -0.027** -0.022** -0.027** -0.034*** -0.036***
(0.013) (0.011) (0.011) (0.011) (0.011) (0.011) (0.012)

Flood (10%) penultimate season 0.015 0.005 0.004 -0.014 -0.023** -0.015 -0.018*
(0.017) (0.014) (0.014) (0.012) (0.011) (0.011) (0.011)

R² 0.014 0.068 0.071 0.080 0.091 0.099 0.103
Moran’s I of residuals 0.115*** 0.025*** 0.025*** 0.021*** 0.006*** 0.001 0.001
Z-score 111.72 24.63 24.63 20.65 5.86 1.43 0.97

Drought (15%) last season -0.008 -0.010 -0.010 -0.021** -0.017** -0.005 0.001
(0.012) (0.011) (0.011) (0.009) (0.007) (0.007) (0.007)

Flood (15%) last season 0.087*** 0.032*** 0.032*** 0.018 0.001 -0.008 -0.005
(0.020) (0.012) (0.012) (0.011) (0.014) (0.013) (0.013)

Drought (15%) penultimate season -0.102*** 0.002 0.0015 0.006 -0.013 -0.029*** -0.036***
(0.012) (0.010) (0.010) (0.009) (0.010) (0.010) (0.011)

Flood (15%) penultimate season 0.009 0.010 0.010 -0.009 -0.017* -0.009 -0.013
(0.015) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010)

R² 0.017 0.068 0.071 0.080 0.090 0.099 0.103
Moran’s I of residuals 0.111*** 0.026*** 0.026*** 0.021*** 0.006*** 0.001 0.000
Z-score 107.79 25.38 25.38 20.54 6.57 1.63 0.85

Survey F.E. no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legrenge polynomials of degree 1 no no no no yes yes yes
Legrenge polynomials of degree 2 no no no no no yes yes
Legrenge polynomials of degree 3 no no no no no no yes
N 149,032 149,032 149,022 149,022 149,032 149,032 149,032

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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Table 2: Cross sectional analysis of the effect of weather shocks on the probability of observing wealth index
levels in the lowest two quintiles of the survey-wide distribution
DV: Lowest two wealth quintiles (1) (2) (3) (4) (5) (6)
Sample All All All All All All
Drought (2.5%) last season -0.109*** -0.098*** -0.072*** -0.045** -0.029 -0.024

(0.036) (0.031) (0.025) (0.022) (0.021) (0.022)
Flood (2.5%) last season 0.027 0.045 0.075*** 0.063** 0.049** 0.035*

(0.037) (0.031) (0.029) (0.026) (0.023) (0.021)
Drought (2.5%) penultimate season 0.117** 0.064** 0.074** 0.081*** 0.041 0.045

(0.054) (0.029) (0.031) (0.030) (0.029) (0.028)
Flood (2.5%) penultimate season -0.014 0.049* 0.058* 0.045* 0.039 0.024

(0.041) (0.028) (0.031) (0.025) (0.026) (0.023)
R² 0.016 0.097 0.128 0.165 0.182 0.194
Moran’s I of residuals 0.039*** 0.017*** 0.012*** 0.003*** 0.001*** 0.001*
Z-score 59.84 26.37 18.54 5.76 2.72 1.94

Drought (5%) last season -0.083** -0.073*** -0.074*** -0.055** -0.026 -0.021
(0.034) (0.027) (0.026) (0.023) (0.022) (0.021)

Flood (5%) last season -0.029 -0.021 0.043 0.025 0.006 -0.0002
(0.032) (0.030) (0.028) (0.024) (0.023) (0.023)

Drought (5%) penultimate season 0.092** 0.019 -0.007 -0.021 -0.016 -0.025
(0.038) (0.029) (0.028) (0.028) (0.026) (0.027)

Flood (5%) penultimate season -0.057 0.010 -0.009 0.001 -0.028 -0.031
(0.037) (0.026) (0.036) (0.024) (0.023) (0.019)

R² 0.017 0.097 0.128 0.165 0.182 0.194
Moran’s I of residuals 0.038*** 0.017*** 0.012*** 0.004*** 0.002*** 0.001**
Z-score 58.20 26.36 19.10 5.99 2.84 1.99

Drought (10%) last season -0.035 -0.018 -0.044** -0.012 0.018 0.017
(0.026) (0.020) (0.021) (0.020) (0.020) (0.019)

Flood (10%) last season -0.019 0.010 0.051** 0.024 -0.003 -0.003
(0.023) (0.021) (0.025) (0.020) (0.019) (0.018)

Drought (10%) penultimate season 0.148*** 0.071*** 0.001 -0.001 0.008 0.004
(0.027) (0.020) (0.020) (0.019) (0.017) (0.017)

Flood (10%) penultimate season -0.077*** -0.009 -0.045* -0.014 -0.025 -0.022
(0.027) (0.019) (0.024) (0.020) (0.018) (0.017)

R² 0.021 0.097 0.128 0.164 0.182 0.194
Moran’s I of residuals 0.035*** 0.016*** 0.012*** 0.004*** 0.002*** 0.001**
Z-score 54.16 25.51 18.53 6.03 2.89 2.00

Drought (15%) last season -0.004 -0.008 -0.023 -0.011 0.009 0.002
(0.023) (0.018) (0.015) (0.016) (0.015) (0.015)

Flood (15%) last season -0.041* -0.008 0.016 -0.014 -0.023 -0.026
(0.022) (0.018) (0.020) (0.017) (0.016) (0.016)

Drought (15%) penultimate season 0.172*** 0.087*** 0.038** 0.024 0.034** 0.025
(0.021) (0.017) (0.017) (0.017) (0.017) (0.017)

Flood (15%) penultimate season -0.067*** -0.013 -0.029 -0.016 -0.017 -0.017
(0.023) (0.018) (0.020) (0.016) (0.015) (0.014)

R² 0.026 0.098 0.128 0.164 0.182 0.194
Moran’s I of residuals 0.032*** 0.016*** 0.012*** 0.004*** 0.002*** 0.001**
Z-score 49.47 25.42 18.88 6.10 2.91 2.03

Survey F.E. yes yes yes yes yes yes
Age controls no yes no no no no
Temperature controls no yes no no no no
Legrenge polynomials of degree 1 no no yes yes yes yes
Legrenge polynomials of degree 2 no no no yes yes yes
Legrenge polynomials of degree 3 no no no no yes yes
Legrenge polynomials of degree 4 no no no no no yes
N 560,558 559,427 560,558 560,558 560,558 560,558

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.

17



5.2 Repeated cross section

The first strategy we employ to control for area fixed effects is a repeated cross sectional analysis in
the nine countries for which we have repeated surveys. The data is now aggregated to the grid level as
defined by our rainfall data, and in Table 3, we present the results of estimating Equation 2 for our 553
repeated grid cells. The dependent variable is now the difference between the second and first survey in
the grid cell average probability of experiencing violence the year before the interview. We see that the
model which includes temperature controls in column 4 is now complete enough not to display significant
spatial autocorrelation. For the full drought impact where temperature is not controlled for, the model
with one or two polynomials performs the best in terms of spatial independence of residuals. None of the
coefficients display any significant positive effect of droughts on violence against women, and droughts in the
penultimate season seem to reduce violence using the 5% cut-off. We can exclude drought effects greater
than 10 percentage points in the last season and 4.4 percentage points in the penultimate season.

The second dependent variable that we wanted to study is whether droughts increase the risk of ever having
experienced violence in a relationship. Column 5 in Table 4 shows that droughts during the last season before
the interview do not affect violence at this extensive margin, and that droughts in the penultimate season
below the 5th percentile significantly decrease this risk.8

Finally, we ran this model using as outcome variable whether the women live in households whose score on
the wealth index lies in the lowest two quintiles of the survey-wide wealth distribution. The model with one
Legendre polynomial proved to have the least spatial autocorrelation. According to these results, droughts
during the last season before the interview increase the low wealth incidence, but the effect is only weakly
significant with the 10% shocks and otherwise not significant. However, droughts during the penultimate
season significantly increase the low wealth incidence using the 2.5% and 15% cut-offs, and weakly so using
the 10% cut-off. As the wealth index is constructed based on observing household durables which are results
of long-term investments (such as the quality of housing), we would expect droughts to impact with some
delay. The effect of floods take both positive and negative values. This is expected if rainfall increases
agricultural output until some tipping point, after which more rain reduces output. Hence, with varying
tipping points we are unlikely to get consistent results in any one direction.

We are more confident in interpreting these results causally as we now control for spatial fixed effects
and because we find that household wealth is affected. Nonetheless, as the analysis uses a limited number of
agricultural seasons in each location, we proceed to the third type of analysis where we use information on
the timing of the first occurrence of abuse.

8We also tested for effects of droughts in any of the last five seasons before each survey round and did not find any significant
correlation in analyses without spatial autocorrelation (available upon request).
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Table 3: Repeated cross sectional analysis of the effect of weather shocks on having experienced violence the
last year before interview
DV: Experienced violence last year (1) (2) (3) (4) (5) (6) (7)
Sample All All All All All All All
Drought (2.5%) last season -0.014 -0.024 -0.020 -0.015 0.012 0.047* 0.042

(0.027) (0.030) (0.029) (0.026) (0.025) (0.027) (0.029)
Flood (2.5%) last season -0.043 -0.025 -0.020 -0.006 0.024 -0.041 -0.083

(0.065) (0.041) (0.040) (0.039) (0.052) (0.059) (0.061)
Drought (2.5%) penultimate season -0.030 -0.026 -0.027 -0.015 -0.030 -0.011 0.002

(0.018) (0.020) (0.020) (0.022) (0.025) (0.028) (0.029)
Flood (2.5%) penultimate season -0.083** -0.037 -0.033 -0.006 -0.028 -0.059* -0.095**

(0.041) (0.039) (0.039) (0.043) (0.042) (0.035) (0.039)
R² 0.021 0.281 0.301 0.328 0.396 0.476 0.534
Moran’s I of residuals 0.045*** 0.010*** 0.009*** 0.004 0.001 -0.004 -0.008
Z-score 12.48 3.17 2.99 1.49 0.72 -0.54 -1.52

Drought (5%) last season -0.018 -0.036 -0.036 -0.030 -0.0003 0.036 0.032
(0.019) (0.022) (0.022) (0.020) (0.019) (0.023) (0.023)

Flood (5%) last season 0.054 -0.005 -0.006 0.0002 0.040 -0.001 -0.027
(0.056) (0.026) (0.025) (0.025) (0.033) (0.036) (0.037)

Drought (5%) penultimate season -0.025*** -0.013 -0.013 -0.007 -0.043*** -0.044*** -0.028
(0.010) (0.013) (0.013) (0.014) (0.016) (0.016) (0.018)

Flood (5%) penultimate season -0.017 0.023 0.022 0.037 0.033 0.034 0.009
(0.031) (0.026) (0.025) (0.026) (0.027) (0.025) (0.029)

R² 0.016 0.285 0.306 0.336 0.403 0.477 0.526
Moran’s I of residuals 0.042*** 0.011*** 0.010*** 0.004 0.000 -0.004 -0.008
Z-score 11.49 3.29 3.11 1.57 0.58 -0.68 -1.53

Drought (10%) last season -0.015 -0.029* -0.025 -0.022 -0.005 0.031 0.026
(0.013) (0.017) (0.017) (0.016) (0.017) (0.021) (0.021)

Flood (10%) last season -0.017 -0.027 -0.029 -0.024 0.001 0.007 0.012
(0.030) (0.020) (0.020) (0.021) (0.026) (0.026) (0.029)

Drought (10%) penultimate season -0.024** -0.014 -0.016 -0.002 -0.021 -0.026 -0.035
(0.011) (0.013) (0.013) (0.016) (0.020) (0.021) (0.022)

Flood (10%) penultimate season -0.040* 0.001 -0.00004 0.002 0.009 0.008 -0.001
(0.020) (0.016) (0.016) (0.019) (0.019) (0.020) (0.020)

R² 0.025 0.285 0.306 0.332 0.394 0.472 0.527
Moran’s I of residuals 0.045*** 0.010*** 0.009*** 0.004 0.001 -0.004 -0.008
Z-score 12.36 3.03 2.85 1.45 0.66 -0.60 -1.58

Drought (15%) last season -0.017 -0.026* -0.022 -0.022* -0.009 0.014 0.017
(0.012) (0.014) (0.015) (0.013) (0.014) (0.015) (0.017)

Flood (15%) last season -0.016 -0.013 -0.016 -0.003 0.016 0.010 0.021
(0.024) (0.020) (0.020) (0.020) (0.023) (0.026) (0.029)

Drought (15%) penultimate season -0.013 0.004 0.002 0.021 0.009 -0.004 -0.019
(0.013) (0.013) (0.013) (0.015) (0.018) (0.019) (0.020)

Flood (15%) penultimate season -0.040** -0.007 -0.005 -0.009 0.009 0.011 -0.006
(0.017) (0.014) (0.013) (0.015) (0.017) (0.019) (0.020)

R² 0.027 0.280 0.300 0.334 0.394 0.468 0.525
Moran’s I of residuals 0.044*** 0.009*** 0.009*** 0.002 0.001 -0.004 -0.008
Z-score 12.10 2.92 2.75 1.13 0.63 -0.48 -1.52

Grid F.E. yes yes yes yes yes yes yes
Country trends no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
n (women) 104,207 104,207 104,207 104,207 104,207 104,207 104,207
N (grids) 553 553 553 553 553 553 553

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.

19



Table 4: Repeated cross sectional analysis of the effect of weather shocks on ever having experienced violence
DV: Ever experienced violence (1) (2) (3) (4) (5) (6) (7)
Sample All All All All All All All
Drought (2.5%) last season -0.008 0.013 0.015 0.007 0.006 0.051* 0.040

(0.024) (0.023) (0.022) (0.024) (0.026) (0.027) (0.029)
Flood (2.5%) last season -0.008 -0.009 -0.004 -0.008 0.019 -0.041 -0.093

(0.057) (0.052) (0.052) (0.056) (0.059) (0.062) (0.064)
Drought (2.5%) penultimate season -0.027 -0.039 -0.041 -0.024 -0.039 -0.014 -0.001

(0.023) (0.025) (0.027) (0.031) (0.034) (0.030) (0.028)
Flood (2.5%) penultimate season -0.081 -0.058 -0.057 -0.043 -0.052 -0.075 -0.120**

(0.050) (0.058) (0.058) (0.064) (0.063) (0.048) (0.051)
R² 0.016 0.205 0.220 0.230 0.286 0.422 0.485
Moran’s I of residuals 0.046*** 0.020*** 0.019*** 0.017*** 0.003 -0.005 -0.007
Z-score 12.65 5.79 5.42 4.98 1.36 -0.85 -1.40

Drought (5%) last season -0.027 -0.005 -0.003 -0.010 -0.008 0.034 0.028
(0.019) (0.019) (0.019) (0.021) (0.022) (0.026) (0.027)

Flood (5%) last season 0.027 -0.005 -0.005 -0.016 0.034 -0.011 -0.036
(0.038) (0.030) (0.030) (0.033) (0.035) (0.043) (0.045)

Drought (5%) penultimate season -0.015 -0.034** -0.035** -0.025 -0.068*** -0.058*** -0.042*
(0.012) (0.015) (0.016) (0.018) (0.022) (0.019) (0.022)

Flood (5%) penultimate season -0.045 0.003 0.001 0.011 0.015 0.018 -0.002
(0.033) (0.033) (0.033) (0.033) (0.036) (0.031) (0.035)

R² 0.018 0.204 0.219 0.232 0.297 0.422 0.474
Moran’s I of residuals 0.043*** 0.019*** 0.018*** 0.016*** 0.003 -0.005 -0.007
Z-score 11.77 5.51 5.17 4.67 1.21 -0.90 -1.43

Drought (10%) last season -0.025* -0.010 -0.006 -0.012 -0.023 0.022 0.012
(0.013) (0.016) (0.016) (0.017) (0.020) (0.022) (0.022)

Flood (10%) last season -0.028 -0.045* -0.046* -0.055** -0.019 -0.002 -0.003
(0.028) (0.027) (0.027) (0.028) (0.031) (0.032) (0.036)

Drought (10%) penultimate season -0.015 -0.026* -0.029* -0.024 -0.038 -0.041* -0.047*
(0.013) (0.016) (0.016) (0.018) (0.025) (0.024) (0.025)

Flood (10%) penultimate season -0.052** -0.011 -0.012 -0.009 -0.011 -0.005 -0.013
(0.026) (0.022) (0.022) (0.025) (0.025) (0.023) (0.024)

R² 0.039 0.210 0.226 0.242 0.287 0.417 0.475
Moran’s I of residuals 0.043*** 0.019*** 0.018*** 0.015*** 0.004 -0.005 -0.008
Z-score 11.98 5.51 5.13 4.51 1.42 -0.89 -1.52

Drought (15%) last season -0.023* -0.013 -0.011 -0.013 -0.020 0.008 0.012
(0.012) (0.013) (0.013) (0.014) (0.016) (0.017) (0.019)

Flood (15%) last season -0.014 -0.027 -0.028 -0.023 -0.001 -0.004 0.0058
(0.023) (0.024) (0.024) (0.024) (0.027) (0.032) (0.035)

Drought (15%) penultimate season 0.011 0.010 0.009 0.024 0.019 -0.004 -0.016
(0.015) (0.017) (0.017) (0.019) (0.021) (0.021) (0.023)

Flood (15%) penultimate season -0.048** -0.013 -0.012 -0.022 -0.010 0.006 -0.009
(0.022) (0.018) (0.018) (0.019) (0.023) (0.021) (0.021)

R² 0.038 0.203 0.216 0.239 0.285 0.411 0.470
Moran’s I of residuals 0.043*** 0.022*** 0.021*** 0.018*** 0.003 -0.005 -0.007
Z-score 11.90 6.32 5.94 5.17 1.26 -0.77 -1.43

Grid F.E. yes yes yes yes yes yes yes
Country trends no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
n (women) 104,568 104,568 104,568 104,568 104,568 104,568 104,568
N (grids) 553 553 553 553 553 553 553

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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Table 5: Repeated cross sectional analysis of the effect of weather shocks on the probability of observing
wealth index levels in the lowest two quintiles of the survey-wide distribution
DV: Lowest two wealth quintiles (1) (2) (3) (4) (5) (6) (7)
Sample All All All All All All All
Drought (2.5%) last season -0.001 -0.001 0.003 0.002 0.002 0.004 -0.003

(0.020) (0.022) (0.022) (0.023) (0.025) (0.027) (0.030)
Flood (2.5%) last season 0.003 -0.004 -0.0003 0.005 -0.014 0.008 -0.001

(0.018) (0.018) (0.018) (0.020) (0.019) (0.020) (0.021)
Drought (2.5%) penultimate season 0.062** 0.062** 0.066** 0.072** 0.059** 0.107*** 0.099***

(0.028) (0.029) (0.030) (0.032) (0.030) (0.035) (0.038)
Flood (2.5%) penultimate season 0.013 0.010 0.006 0.011 0.021 0.023 0.028

(0.020) (0.018) (0.018) (0.017) (0.018) (0.022) (0.023)
R² 0.005 0.019 0.045 0.053 0.118 0.177 0.227
Moran’s I of residuals 0.005*** 0.005*** 0.005*** 0.004*** -0.001 -0.002 -0.003
Z-score 3.41 3.32 3.14 2.66 -0.08 -0.85 -1.07

Drought (5%) last season 0.028 0.030 0.029 0.031 0.036 0.045* 0.040
(0.019) (0.022) (0.021) (0.022) (0.026) (0.027) (0.027)

Flood (5%) last season -0.007 -0.019 -0.015 -0.011 -0.032** -0.031* -0.037**
(0.015) (0.016) (0.016) (0.017) (0.016) (0.016) (0.018)

Drought (5%) penultimate season 0.035* 0.046** 0.054** 0.055** 0.026 0.042 0.033
(0.019) (0.021) (0.021) (0.021) (0.024) (0.032) (0.033)

Flood (5%) penultimate season -0.011 -0.016 -0.014 -0.013 -0.010 -0.028** -0.028**
(0.012) (0.012) (0.013) (0.013) (0.014) (0.013) (0.014)

R² 0.009 0.025 0.052 0.060 0.122 0.178 0.228
Moran’s I of residuals 0.005*** 0.005*** 0.005*** 0.004*** -0.001 -0.002 -0.003
Z-score 3.28 3.42 3.18 2.68 -0.08 -0.83 -1.03

Drought (10%) last season 0.023* 0.028 0.024 0.027 0.035* 0.033 0.027
(0.014) (0.018) (0.017) (0.018) (0.020) (0.021) (0.020)

Flood (10%) last season 0.026** 0.019 0.022* 0.031** 0.023 0.023 0.020
(0.013) (0.012) (0.012) (0.014) (0.015) (0.015) (0.016)

Drought (10%) penultimate season 0.042*** 0.051*** 0.050*** 0.058*** 0.038* 0.046** 0.048**
(0.015) (0.016) (0.016) (0.016) (0.020) (0.024) (0.025)

Flood (10%) penultimate season -0.007 -0.012 -0.009 -0.012 -0.007 -0.016 -0.014
(0.013) (0.015) (0.015) (0.015) (0.018) (0.018) (0.018)

R² 0.021 0.037 0.060 0.073 0.127 0.181 0.231
Moran’s I of residuals 0.004*** 0.005*** 0.004*** 0.003** -0.001 -0.002 -0.003
Z-score 3.09 3.32 3.01 2.49 -0.35 -0.83 -1.03

Drought (15%) last season 0.013 0.019 0.019 0.019 0.010 -0.003 -0.005
(0.014) (0.017) (0.016) (0.016) (0.018) (0.02) (0.021)

Flood (15%) last season 0.023** 0.021** 0.021** 0.028** 0.022* 0.018 0.018
(0.010) (0.010) (0.010) (0.011) (0.012) (0.013) (0.014)

Drought (15%) penultimate season 0.041** 0.048*** 0.048*** 0.058*** 0.042** 0.055** 0.061**
(0.016) (0.016) (0.016) (0.017) (0.020) (0.022) (0.024)

Flood (15%) penultimate season 0.005 0.006 0.009 0.008 0.011 0.002 -0.001
(0.011) (0.015) (0.014) (0.015) (0.017) (0.017) (0.018)

R² 0.018 0.033 0.058 0.071 0.124 0.178 0.231
Moran’s I of residuals 0.005*** 0.005*** 0.004*** 0.003** -0.001 -0.002 -0.002
Z-score 3.22 3.23 2.93 2.47 -0.23 -0.70 -0.96

Grid F.E. yes yes yes yes yes yes yes
Country trends no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
n (women) 455,342 455,342 455,342 455,342 455,342 455,342 455,342
N (grids) 1,217 1,217 1,217 1,217 1,217 1,217 1,217

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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5.3 Duration analysis

In the final strategy, we instead use information on when the women were abused for the first time in their
relationship. By using the DHS survey questions on how many years it took after marriage or cohabitation
before women who experienced violence were abused for the first time, we conduct a duration analysis which
allows us to control for grid level fixed effects. The analysis thus compares shock-affected marriage years
with marriage years that have not been affected by a shock in the same place, and we have controlled for
differences in risk of violence based on marriage duration and age composition at time of marriage.

Results using the full sample are presented in Table 6. Since this is a conditional logistic regression,
we are not able to obtain residuals and test for spatial autocorrelation. However, we observe that R2

increases when adding survey-specific time trends, whereas adding Legendre polynomials has practically no
impact, suggesting that adding the survey-specific time trend controls alone is sufficient to handle spatial
autocorrelation. Starting with droughts at the 2.5% level, we see that these droughts reduce the propensity
of experiencing violence by 13.4% which is a significant reduction. This equals an average reduction of 0.6
percentage points in the yearly risk of experiencing violence. If every marriage year was affected by a drought
at this level, we would expect a 3.8 percentage points decline in the risk of experiencing violence in a ten year
marriage. Less severe droughts have insignificant impacts with close to an even odds ratio. From column 2,
the maximum positive drought effect in the 95% confidence interval is an 8% increase which would amount
to 0.3 percentage points per year and a 2.2 percentage points increase in a ten year marriage with constant
droughts.

For a limited sample, we have information about how long they have lived in the place of interview. For
this subsample, we can thus limit the analysis to marriage years spent in that location. As shown in Table 7,
this yields very similar results and we can exclude positive drought effects larger than 13.7%. The negative
effect on violence of most extreme droughts that we found in Table 6 is no longer significant at the 5% level.
However, the odds ratio indicates that a violence-reducing effect may be present also in this limited sample.
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Table 6: Duration analysis of the effect of weather shocks on first incidence of violence in marriage
DV: First violent episode (1) (2) (3) (4) (5)
Sample All All All All All
Drought (2.5%) 0.907 0.866** 0.865** 0.867** 0.865**

(0.054) (0.055) (0.056) (0.055) (0.055)
Flood (2.5%) 1.029 1.019 1.051 1.008 0.996

(0.063) (0.050) (0.053) (0.050) (0.051)
R² 0.024 0.031 0.029 0.032 0.033
Drought (5%) 0.970 0.943 0.921* 0.945 0.943

(0.042) (0.042) (0.043) (0.043) (0.042)
Flood (5%) 0.991 1.004 1.018 0.998 0.991

(0.039) (0.034) (0.036) (0.035) (0.035)
R² 0.024 0.031 0.029 0.032 0.033
Drought (10%) 1.013 0.997 0.989 0.996 0.997

(0.033) (0.034) (0.035) (0.033) (0.034)
Flood (10%) 1.019 1.019 1.040 1.012 1.008

(0.034) (0.033) (0.034) (0.034) (0.034)
R² 0.024 0.031 0.029 0.032 0.033
Drought (15%) 1.025 1.015 1.000 1.009 1.007

(0.033) (0.033) (0.033) (0.032) (0.032)
Flood (15%) 1.009 1.014 1.042 1 .010 1.006

(0.029) (0.028) (0.030) (0.029) (0.029)
R² 0.024 0.031 0.029 0.032 0.033
Piecewise constants yes yes yes yes yes
Age at marriage (grouped) yes yes yes yes yes
Survey-specific time trends no yes yes yes yes
Temperature controls no no yes no no
Legendre polynomials of degree 1 no no no yes yes
Legendre polynomials of degree 2 no no no no yes
n (marriage-years at risk) 233,755 233,755 219,138 233,755 233,755
N (women) 50,512 50,512 48,715 50,512 50,512

Droughts and floods refer to rainfall below the threshold in rainy seasons terminating during the relevant marriage year or the
year before. The age of marriage variable is grouped in five year intervals. Standard errors clustered on the ERA-Interim grid
level in brackets. * significant at 10%, ** significant at 5%, *** significant at 1%.
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Table 7: Duration analysis of the effect of weather shocks on first incidence of violence in marriage, years in
residence only

DV: First violent episode (1) (2) (3) (4)
Sample In location In location In location In location
Drought (2.5%) 0.946 0.809 0.810 0.788*

(0.126) (0.110) (0.108) (0.113)
Flood (2.5%) 1.025 1.039 1.039 1.037

(0.092) (0.078) (0.077) (0.079)
R² 0.027 0.033 0.033 0.034
Drought (5%) 1.074 0.946 0.947 0.935

(0.088) (0.082) (0.081) (0.084)
Flood (5%) 1.030 1.077 1.082* 1.074

(0.054) (0.050) (0.051) (0.052)
R² 0.027 0.033 0.033 0.034
Drought (10%) 1.089* 1.033 1.043 1.026

(0.056) (0.053) (0.054) (0.053)
Flood (10%) 1.053 1.074 1.091* 1.076

(0.051) (0.048) (0.049) (0.052)
R² 0.027 0.033 0.033 0.034
Drought (15%) 1.019 0.990 0.997 0.971

(0.049) (0.044) (0.046) (0.043)
Flood (15%) 1.004 1.038 1.056 1.039

(0.041) (0.039) (0.041) (0.041)
R² 0.027 0.032 0.033 0.034
Piecewise constants yes yes yes yes
Age at marriage (grouped) yes yes yes yes
Survey-specific time trends no yes yes yes
Temperature controls no no yes no
Legendre polynomials of degree 1 no no no yes
Legendre polynomials of degree 2 no no no no
n (marriage-years at risk) 104,392 104,392 104,392 104,392
N (women) 24,884 24,884 24,884 24,884

Droughts and floods refer to rainfall below the threshold in rainy seasons terminating during the relevant marriage year or the
year before. The age of marriage variable is grouped in five year intervals. Standard errors clustered on the ERA-Interim grid
level in brackets. * significant at 10%, ** significant at 5%, *** significant at 1%.

6 Conclusion

We use variation in rainfall to study how income shocks affect intimate partner violence in Sub-Saharan
Africa. We encounter two main obstacles in conducting this analysis. First, weather phenomena show strong
patterns of spatial clustering. This feature means that although constructing a measure of droughts which is
relative and thus independent of location when the full period with weather data is used, it will be spatially
autocorrelated in a given year. We prove that this is a problem in our analysis by testing regression residuals
using the Moran’s I test. We furthermore add spatial polynomials and show that this successfully handles
the problem.

A second and related issue is the scarcity of time series data on violence against women in Sub-Saharan
Africa. Although the threat to internal validity from this can be dealt with using spatial polynomials, the
issue of external validity is more problematic. In the cross-section, the only weather variation used for the
analysis is the seasons leading up to the interview. If these particular drought-affected areas or drought-
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affected years are not representative of drought effects in general, this is problematic for drawing conclusions
of the relationship between droughts and violence across space and time.

A slight improvement on addressing this problem comes from using changes in drought occurrence before
each of two survey rounds, which can be done where we have two surveys in the same geographical place.
This controls for the average level of violence in each place across time, and reduces the concern about
representativeness to whether the effect of the difference between rounds in weather events leading up to each
survey is representative.

Our third attempt at addressing this issue comes from using recall data collected in each survey on the
first occurrence of violence in a marriage. This raises some methodological issues of its own, most notably
about how representative women who continue their first marriage are of the total population of women
at risk of experiencing intimate partner violence, and also about the accuracy of recalled violent episodes.
Nevertheless, this approach allows us to use a ten-year time series of droughts prior to each survey, which
vastly improves the external validity of these findings for past and future drought events in Sub-Saharan
Africa.

Contrary to our expectations, we generally do not find any association between droughts and intimate
partner violence. This holds both on the intensive margin when studying violence during the last year before
each survey, and on the extensive margin when studying the probability of ever having experienced violence
in a relationship or the propensity of a marriage to turn violent. In the latter case, the most severe droughts
may even reduce the likelihood that violence is initiated. The lack of association is in spite of evidence that
droughts cause relative wealth loss in affected communities. Very similar effects are also found when limiting
the sample to rural areas only, both on relative wealth loss and on violence against women.9 We can only
speculate why this is the case. First, the strong association between wealth and intimate partner violence
in Sub-Saharan Africa may be related to other aspects of relative deprivation than the economic situation
itself in this narrow sense, such as historical violence and extortion. Secondly, there may be aspects of the
particular income shock from lack of rainfall which makes it less likely to trigger intimate partner violence
than other income shocks. In particular, the collective nature and slow onset of droughts may trigger less
aggression and more adherence to social norms than other income shocks.

This study has uncovered that if there is a relationship between poverty and violence against women in
Sub-Saharan Africa, it is likely to be a complex and contextual one. More data is needed to uncover such
patterns, preferably panel data, which would allow for following a marriage through better and worse with
detailed accounts of violence. We have taken full advantage of the spatial and temporal aspects found in
currently available data and we have used an exogenous source of income variation to identify causal effects.
Through these means, we have not been able to identify any stable and statistically significant relationship
between droughts and violence against women in Sub-Saharan Africa.
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A Robustness check: Effect on violence by father towards mother

As a robustness check, we use whether the respondent’s father was violent against her mother as outcome
variable, which is highly correlated with violence against women but not plausibly affected by current rainfall.
24% of the women answer affirmatively on the question and these women are 122% more likely to have been
abused by their partners (from 23 to 51 percentage points). The models with the least spatial autocorrelation
are found in columns 6 and 7, which still display Moran’s I’s in the outskirts of the expected distributions. We
see that many of the models without spatial controls display strongly significant correlations with droughts
and floods. These are fewer and less strong in the cases where polynomials enter the regressions, although
not completely absent.
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Table 8: Repeated cross sectional analysis of the effect of weather shocks on the probability of observing
wealth index levels in the lowest two quintiles of the survey-wide distribution
DV: Lowest two wealth quintiles (1) (2) (3) (4) (5) (6) (7)
Sample All All All All All All All
Drought (2.5%) last season 0.025 0.075*** 0.075*** 0.045* 0.040 0.036 0.028

(0.033) (0.024) (0.024) (0.025) (0.024) (0.024) (0.021)
Flood (2.5%) last season 0.176*** 0.050* 0.050* 0.014 0.012 -0.024 0.007

(0.017) (0.027) (0.028) (0.033) (0.030) (0.033) (0.032)
Drought (2.5%) penultimate season -0.113*** -0.006 -0.006 0.015 0.032** 0.028* 0.028*

(0.019) (0.017) (0.017) (0.014) (0.014) (0.015) (0.016)
Flood (2.5%) penultimate season 0.114*** 0.063*** 0.064*** 0.056** 0.003 -0.011 -0.009

(0.037) (0.021) (0.021) (0.022) (0.020) (0.018) (0.022)
R² 0.005 0.086 0.086 0.095 0.112 0.120 0.125
Moran’s I of residuals 0.214*** 0.033*** 0.033*** 0.025*** 0.007*** 0.001 -0.002
Z-score 180.10 28.60 28.58 21.23 6.77 1.58 -1.48

Drought (5%) last season 0.021 0.050*** 0.050*** 0.027 0.014 0.015 0.008
(0.020) (0.016) (0.016) (0.016) (0.015) (0.017) (0.016)

Flood (5%) last season 0.165*** 0.066*** 0.066*** 0.036* 0.032 0.011 0.026
(0.028) (0.019) (0.019) (0.022) (0.021) (0.024) (0.021)

Drought (5%) penultimate season -0.132*** -0.028** -0.028** -0.020** 0.010 0.005 -0.0002
(0.015) (0.013) (0.013) (0.010) (0.011) (0.011) (0.011)

Flood (5%) penultimate season 0.088*** 0.046** 0.047** 0.028 0.004 -0.004 -0.005
(0.020) (0.019) (0.019) (0.018) (0.015) (0.013) (0.014)

R² 0.013 0.086 0.086 0.095 0.112 0.120 0.125
Moran’s I of residuals 0.187*** 0.033*** 0.033*** 0.025*** 0.008*** 0.001* -0.002
Z-score 157.44 27.97 27.95 21.11 6.84 1.70 -1.47

Drought (10%) last season 0.004 0.013 0.014 -0.007 -0.011 -0.008 -0.005
(0.015) (0.016) (0.016) (0.014) (0.012) (0.010) (0.011)

Flood (10%) last season 0.070** 0.051*** 0.051*** 0.033** -0.004 -0.011 -0.013
(0.027) (0.015) (0.015) (0.015) (0.014) (0.012) (0.014)

Drought (10%) penultimate season -0.145*** -0.034*** -0.034*** -0.026*** -0.009 -0.014 -0.018**
(0.013) (0.011) (0.011) (0.010) (0.009) (0.009) (0.009)

Flood (10%) penultimate season 0.054*** 0.015 0.015 0.005 -0.009 -0.008 -0.020*
(0.016) (0.015) (0.015) (0.014) (0.010) (0.011) (0.010)

R² 0.025 0.086 0.086 0.095 0.112 0.120 0.126
Moran’s I of residuals 0.157*** 0.033*** 0.033*** 0.025*** 0.008*** 0.001* -0.002
Z-score 132.28 28.03 28.01 21.16 6.86 1.68 -1.50

Drought (15%) last season -0.006 -0.017 -0.017 -0.025** -0.010 -0.001 0.002
(0.014) (0.012) (0.012) (0.011) (0.008) (0.007) (0.007)

Flood (15%) last season 0.085*** 0.042*** 0.042*** 0.025** 0.001 -0.010 -0.008
(0.019) (0.013) (0.013) (0.012) (0.013) (0.011) (0.012)

Drought (15%) penultimate season -0.133*** -0.020* -0.019* -0.012 -0.012 -0.021** -0.027***
(0.012) (0.011) (0.011) (0.009) (0.009) (0.009) (0.009)

Flood (15%) penultimate season 0.049*** 0.022 0.022 0.010 0.0004 -0.004 -0.014
(0.014) (0.014) (0.014) (0.013) (0.010) (0.011) (0.010)

R² 0.031 0.086 0.086 0.095 0.112 0.120 0.126
Moran’s I of residuals 0.143*** 0.033*** 0.033*** 0.025*** 0.008*** 0.001* -0.002
Z-score 120.73 28.64 28.63 21.51 6.98 1.71 -1.48

Survey F.E. no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
N 154,316 154,316 154,316 154,316 154,316 154,316 154,316

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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B Rural sample

We here investigate whether droughts have an effect on violence in rural areas, as it has been argued
that the effect of rainfall on household income is stronger in these households (Kudamatsu, Persson, and
Strömberg, 2012). Columns 6 and 7 in Table 9 show that there is no impact of severe droughts on violence,
and that milder droughts at the 10th and 15th percentile may lead to less violence.

When studying how droughts impact wealth levels in the rural sample, we are able to tackle spatial
autocorrelation using 3rd order Legendre polynomials, unlike what was the case when using the whole sample.
We also see that the coefficients from the penultimate season drought events have the expected sign, that
is, droughts increase the share in the lowest wealth quintiles in rural areas. There is a significant impact of
experiencing a season in the driest 2.5% of the distribution, and a weakly significant effect using the 15%
cut-off. This strengthens the interpretation of droughts as negative income shocks in this sample.

From Table 11, we see from column 5 that there is no effect of droughts on violence the year before the
interview, using the repeated cross-sections.

Table 12 shows that the effect of droughts on wealth in rural areas is similar to that in the total population
using the repeated cross-section, with only slightly higher estimates. A drought in the penultimate season
causes a significant increase in the share in the lowest two quintiles of the distribution if the drought is at
the 2.5% level or 15% level (as seen in column 6), which is the specification which performs best in terms of
spatial autocorrelation. Drought have weakly significant effects at if within the 5% and 10% driest seasons.

Finally, we ran the duration model on the rural sample. As shown in Table 13, this confirms the finding
of there not being any relationship between droughts and violence against women. Note that the significant
negative results in the larger sample are also not present, although point estimates still indicate odds ratios
smaller than unity.
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Table 9: Cross sectional analysis of the effect of weather shocks on having experienced violence the last year
before interview, rural sample
DV: Experienced violence last year (1) (2) (3) (4) (5) (6) (7)
Sample Rural Rural Rural Rural Rural Rural Rural
Drought (2.5%) last season 0.050** 0.078*** 0.077*** 0.040* 0.031 0.031 0.012

(0.022) (0.024) (0.024) (0.022) (0.022) (0.022) (0.022)
Flood (2.5%) last season 0.163*** 0.037 0.037 0.029 0.019 -0.010 -0.015

(0.029) (0.049) (0.049) (0.035) (0.031) (0.034) (0.031)
Drought (2.5%) penultimate season -0.093*** 0.002 0.001 0.016 0.031* 0.021 0.006

(0.025) (0.021) (0.021) (0.018) (0.017) (0.019) (0.018)
Flood (2.5%) penultimate season 0.093* 0.055* 0.054* 0.036 -0.009 -0.027 -0.022

(0.049) (0.032) (0.032) (0.034) (0.027) (0.022) (0.028)
R² 0.004 0.068 0.071 0.081 0.095 0.104 0.110
Moran’s I of residuals 0.133*** 0.025*** 0.025*** 0.018*** 0.004*** 0.000 -0.002
Z-score 121.75 23.01 23.01 16.52 4.11 0.11 -1.27

Drought (5%) last season 0.046*** 0.071*** 0.070*** 0.040** 0.015 0.016 0.009
(0.016) (0.016) (0.016) (0.015) (0.014) (0.015) (0.014)

Flood (5%) last season 0.158*** 0.010 0.010 0.004 0.001 -0.003 -0.013
(0.020) (0.032) (0.033) (0.024) (0.024) (0.024) (0.023)

Drought (5%) penultimate season -0.098*** -0.015 -0.016 -0.011 0.006 0.001 0.004
(0.016) (0.013) (0.013) (0.012) (0.012) (0.013) (0.015)

Flood (5%) penultimate season 0.067*** 0.043** 0.043** 0.023 0.010 0.021 0.021
(0.025) (0.021) (0.021) (0.019) (0.018) (0.017) (0.016)

R² 0.008 0.069 0.071 0.081 0.095 0.104 0.110
Moran’s I of residuals 0.118*** 0.024*** 0.024*** 0.018*** 0.004*** 0.000 -0.002
Z-score 108.35 22.46 22.47 16.53 4.21 0.17 1.21

Drought (10%) last season 0.016 0.033** 0.033** 0.007 -0.006 -0.003 -0.007
(0.014) (0.016) (0.016) (0.013) (0.010) (0.010) (0.010)

Flood (10%) last season 0.062*** 0.011 0.012 -0.002 -0.034** -0.034** -0.037**
(0.024) (0.014) (0.014) (0.013) (0.015) (0.014) (0.015)

Drought (10%) penultimate season -0.117*** -0.028** -0.028** -0.018 -0.027** -0.031*** -0.033***
(0.014) (0.013) (0.013) (0.012) (0.011) (0.012) (0.012)

Flood (10%) penultimate season 0.017 0.009 0.009 -0.013 -0.022* -0.017 -0.019
(0.019) (0.016) (0.016) (0.013) (0.013) (0.012) (0.012)

R² 0.013 0.068 0.070 0.081 0.096 0.105 0.110
Moran’s I of residuals 0.107*** 0.025*** 0.025*** 0.018*** 0.004*** 0.000 -0.002
Z-score 97.95 23.26 23.26 16.93 3.85 0.11 -1.29

Drought (15%) last season -0.010 -0.008 -0.008 -0.020** -0.016** -0.009 -0.006
(0.013) (0.012) (0.012) (0.010) (0.008) (0.008) (0.007)

Flood (15%) last season 0.083*** 0.037*** 0.036*** 0.020* 0.004 -0.002 -0.001
(0.019) (0.012) (0.012) (0.012) (0.015) (0.013) (0.014)

Drought (15%) penultimate season -0.101*** 0.001 0.001 0.009 -0.018* -0.030*** -0.035***
(0.013) (0.012) (0.012) (0.010) (0.010) (0.010) (0.011)

Flood (15%) penultimate season 0.017 0.015 0.015 -0.008 -0.011 -0.008 -0.014
(0.016) (0.012) (0.012) (0.011) (0.011) (0.011) (0.011)

R² 0.017 0.067 0.070 0.081 0.095 0.104 0.110
Moran’s I of residuals 0.103*** 0.026*** 0.026*** 0.018*** 0.004*** 0.000 -0.002
Z-score 94.43 24.16 24.15 16.82 4.25 0.10 1.29

Survey F.E. no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
N 103,945 103,945 103,937 103,937 103,945 103,945 103,945

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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Table 10: Cross sectional analysis of the effect of weather shocks on the probability of observing wealth index
levels in the lowest two quintiles of the survey-wide distribution, rural sample
DV: Lowest two wealth quintiles (1) (2) (3) (4) (5) (6) (7)
Sample Rural Rural Rural Rural Rural Rural Rural
Drought (2.5%) last season -0.060** -0.090*** -0.089*** -0.069*** -0.042 -0.027 -0.013

(0.030) (0.031) (0.031) (0.027) (0.025) (0.022) (0.022)
Flood (2.5%) last season 0.004 0.011 0.011 0.013 0.066*** 0.028 0.015

(0.025) (0.029) (0.029) (0.025) (0.025) (0.022) (0.022)
Drought (2.5%) penultimate season 0.109*** 0.120*** 0.120*** 0.044 0.070*** 0.082*** 0.058**

(0.035) (0.035) (0.035) (0.029) (0.027) (0.027) (0.026)
Flood (2.5%) penultimate season -0.072 -0.053 -0.053 0.011 0.046 0.035 0.028

(0.047) (0.047) (0.047) (0.033) (0.031) (0.025) (0.026)
R² 0.002 0.032 0.033 0.093 0.126 0.153 0.166
Moran’s I of residuals 0.057*** 0.049*** 0.049*** 0.018*** 0.011*** 0.001*** -0.001
Z-score 83.50 71.32 71.35 26.01 15.82 2.60 -0.37

Drought (5%) last season -0.013 -0.046* -0.046* -0.039* -0.032 -0.033* -0.015
(0.025) (0.026) (0.026) (0.020) (0.020) (0.019) (0.019)

Flood (5%) last season -0.016 -0.044 -0.044 -0.040 0.008 -0.030 -0.037
(0.026) (0.030) (0.030) (0.030) (0.027) (0.025) (0.025)

Drought (5%) penultimate season 0.085*** 0.125*** 0.125*** 0.057** 0.048** 0.041* 0.030
(0.024) (0.029) (0.029) (0.022) (0.021) (0.022) (0.022)

Flood (5%) penultimate season -0.102*** -0.068** -0.069** -0.007 -0.013 -0.020 -0.040**
(0.030) (0.031) (0.031) (0.019) (0.026) (0.020) (0.019)

R² 0.004 0.034 0.035 0.094 0.126 0.153 0.166
Moran’s I of residuals 0.054*** 0.047*** 0.047*** 0.017*** 0.011*** 0.001*** -0.001
Z-score 79.27 69.44 69.47 25.54 16.16 2.67 -0.41

Drought (10%) last season 0.010 -0.029 -0.029 -0.012 -0.026 -0.016 0.004
(0.019) (0.022) (0.022) (0.017) (0.018) (0.017) (0.016)

Flood (10%) last season 0.023 -0.022 -0.022 -0.002 0.055*** 0.034* 0.012
(0.029) (0.021) (0.021) (0.019) (0.021) (0.019) (0.016)

Drought (10%) penultimate season 0.092*** 0.171*** 0.170*** 0.085*** 0.011 0.017 0.012
(0.021) (0.027) (0.027) (0.018) (0.019) (0.018) (0.018)

Flood (10%) penultimate season -0.068*** -0.040* -0.040* 0.013 0.003 0.001 -0.015
(0.020) (0.022) (0.022) (0.018) (0.017) (0.016) (0.015)

R² 0.007 0.038 0.039 0.094 0.126 0.153 0.166
Moran’s I of residuals 0.052*** 0.044*** 0.044*** 0.017*** 0.011*** 0.001*** -0.001
Z-score 75.89 65.16 65.21 25.01 15.89 2.67 -0.42

Drought (15%) last season 0.029* -0.005 -0.005 0.004 -0.016 -0.005 0.013
(0.016) (0.021) (0.021) (0.015) (0.015) (0.015) (0.014)

Flood (15%) last season 0.025 -0.037* -0.037* -0.020 0.019 -0.012 -0.026*
(0.026) (0.021) (0.021) (0.020) (0.019) (0.016) (0.015)

Drought (15%) penultimate season 0.094*** 0.173*** 0.173*** 0.087*** 0.038** 0.037** 0.032*
(0.020) (0.022) (0.022) (0.017) (0.015) (0.016) (0.016)

Flood (15%) penultimate season -0.053*** -0.035* -0.035* 0.014 0.014 0.002 -0.005
(0.018) (0.019) (0.019) (0.016) (0.016) (0.015) (0.014)

R² 0.009 0.041 0.041 0.095 0.126 0.153 0.166
Moran’s I of residuals 0.049*** 0.042*** 0.042*** 0.017*** 0.011*** 0.002*** -0.001
Z-score 72.29 61.68 61.72 24.99 16.15 2.77 0.77

Survey F.E. no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
N 369,380 369,380 368,605 368,605 369,380 369,380 369,380

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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Table 11: Repeated cross sectional analysis of the effect of weather shocks on having experienced violence
the last year before interview, rural sample
DV: Experienced violence last year (1) (2) (3) (4) (5) (6) (7)
Sample Rural Rural Rural Rural Rural Rural Rural
Drought (2.5%) last season -0.028 -0.019 -0.025 -0.030 0.013 0.033 0.013

(0.033) (0.039) (0.038) (0.037) (0.034) (0.039) (0.039)
Flood (2.5%) last season 0.002 0.015 0.009 0.016 0.063 0.007 -0.002

(0.093) (0.062) (0.069) (0.069) (0.064) (0.069) (0.072)
Drought (2.5%) penultimate season -0.019 -0.026 -0.017 -0.002 -0.009 0.009 0.011

(0.027) (0.027) (0.028) (0.032) (0.034) (0.037) (0.039)
Flood (2.5%) penultimate season -0.051 0.001 -0.001 0.032 0.004 -0.027 -0.072

(0.050) (0.044) (0.040) (0.044) (0.045) (0.043) (0.047)
R² 0.007 0.291 0.306 0.335 0.395 0.472 0.531
Moran’s I of residuals 0.039*** 0.011*** 0.010*** 0.004 -0.002 -0.006 -0.009*
Z-score 9.81 3.22 2.92 1.49 0.10 -0.96 -1.78

Drought (5%) last season -0.019 -0.009 -0.012 -0.009 0.014 0.036 0.019
(0.023) (0.025) (0.025) (0.025) (0.027) (0.035) (0.037)

Flood (5%) last season 0.042 -0.017 -0.023 -0.019 0.010 -0.042 -0.061
(0.050) (0.037) (0.039) (0.040) (0.043) (0.050) (0.051)

Drought (5%) penultimate season -0.017 -0.025 -0.019 -0.012 -0.037* -0.032 -0.010
(0.014) (0.016) (0.017) (0.018) (0.021) (0.022) (0.025)

Flood (5%) penultimate season 0.016 0.048* 0.048* 0.060** 0.055** 0.057** 0.023
(0.035) (0.027) (0.026) (0.027) (0.026) (0.022) (0.025)

R² 0.007 0.300 0.315 0.346 0.405 0.483 0.531
Moran’s I of residuals 0.038*** 0.012*** 0.011*** 0.004 -0.002 -0.006 -0.009*
Z-score 9.66 3.37 3.10 1.57 0.06 -1.06 -1.69

Drought (10%) last season -0.022 -0.008 -0.006 -0.007 0.005 0.029 0.006
(0.015) (0.019) (0.019) (0.020) (0.022) (0.027) (0.028)

Flood (10%) last season -0.037 -0.036 -0.039 -0.037 -0.011 -0.031 -0.019
(0.033) (0.025) (0.025) (0.025) (0.028) (0.032) (0.034)

Drought (10%) penultimate season -0.020 -0.029* -0.029* -0.018 -0.039 -0.048* -0.049*
(0.014) (0.017) (0.017) (0.019) (0.025) (0.026) (0.028)

Flood (10%) penultimate season -0.040 0.002 0.001 -0.0005 0.015 0.004 -0.013
(0.028) (0.022) (0.021) (0.023) (0.024) (0.028) (0.026)

R² 0.021 0.297 0.313 0.338 0.397 0.477 0.531
Moran’s I of residuals 0.039*** 0.011*** 0.009*** 0.004 -0.002 -0.007 -0.009*
Z-score 9.98 3.01 2.70 1.45 0.02 -1.14 -1.81

Drought (15%) last season -0.015 -0.002 0.001 0.001 0.006 0.029 0.021
(0.016) (0.016) (0.017) (0.017) (0.019) (0.021) (0.023)

Flood (15%) last season -0.043 -0.017 -0.025 -0.016 0.008 0.001 0.013
(0.029) (0.023) (0.022) (0.023) (0.026) (0.029) (0.032)

Drought (15%) penultimate season -0.017 -0.010 -0.010 0.003 -0.011 -0.021 -0.031
(0.017) (0.017) (0.017) (0.019) (0.021) (0.022) (0.024)

Flood (15%) penultimate season -0.030 0.005 0.005 -0.002 0.022 0.015 -0.009
(0.023) (0.019) (0.018) (0.019) (0.022) (0.027) (0.026)

R² 0.022 0.290 0.306 0.333 0.395 0.474 0.530
Moran’s I of residuals 0.042*** 0.011*** 0.010*** 0.002 -0.002 -0.006 -0.009*
Z-score 10.48 3.21 2.84 1.13 0.05 -1.00 -1.79

Grid F.E. yes yes yes yes yes yes yes
Country trends no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
n (women) 104,207 104,207 104,207 104,207 104,207 104,207 104,207
N (grids) 510 510 510 510 510 510 510

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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Table 12: Repeated cross sectional analysis of the effect of weather shocks on the probability of observing
wealth index levels in the lowest two quintiles of the survey-wide distribution, rural sample
DV: Lowest two wealth quintiles (1) (2) (3) (4) (5) (6) (7)
Sample All All All All All All All
Drought (2.5%) last season -0.003 -0.010 -0.009 -0.009 0.011 0.011 -0.0003

(0.034) (0.034) (0.035) (0.034) (0.037) (0.038) (0.041)
Flood (2.5%) last season -0.018 -0.025 -0.021 -0.019 -0.028 -0.013 -0.008

(0.022) (0.023) (0.023) (0.026) (0.024) (0.024) (0.026)
Drought (2.5%) penultimate season 0.043 0.051 0.050 0.039 0.043 0.094** 0.091*

(0.038) (0.039) (0.040) (0.042) (0.043) (0.048) (0.052)
Flood (2.5%) penultimate season -0.002 -0.008 -0.011 -0.001 0.025 0.025 0.032

(0.021) (0.021) (0.023) (0.022) (0.022) (0.027) (0.028)
R² 0.002 0.023 0.039 0.056 0.162 0.232 0.277
Moran’s I of residuals 0.007*** 0.008*** 0.008*** 0.004*** 0.001 -0.001 -0.001
Z-score 4.26 4.56 4.53 2.66 1.27 -0.09 -0.18

Drought (5%) last season 0.034 0.029 0.029 0.031 0.043 0.056 0.051
(0.033) (0.036) (0.034) (0.035) (0.036) (0.037) (0.038)

Flood (5%) last season -0.023 -0.035 -0.032 -0.035 -0.048** -0.046** -0.043*
(0.021) (0.022) (0.022) (0.025) (0.022) (0.021) (0.023)

Drought (5%) penultimate season 0.035 0.059** 0.062** 0.051* 0.040 0.064* 0.052
(0.025) (0.028) (0.028) (0.027) (0.029) (0.034) (0.037)

Flood (5%) penultimate season -0.024* -0.028* -0.031* -0.024 -0.015 -0.018 -0.022
(0.014) (0.015) (0.016) (0.017) (0.019) (0.016) (0.017)

R² 0.010 0.034 0.051 0.066 0.171 0.241 0.283
Moran’s I of residuals 0.007*** 0.008*** 0.008*** 0.004*** 0.001 -0.001 -0.001
Z-score 4.34 4.52 4.52 2.68 1.22 -0.06 -0.18

Drought (10%) last season 0.023 0.019 0.015 0.014 0.023 0.014 0.009
(0.023) (0.027) (0.025) (0.026) (0.027) (0.029) (0.029)

Flood (10%) last season 0.024 0.016 0.020 0.024 0.026 0.021 0.018
(0.014) (0.015) (0.015) (0.017) (0.018) (0.016) (0.017)

Drought (10%) penultimate season 0.040** 0.058*** 0.060*** 0.065*** 0.047* 0.058* 0.056*
(0.020) (0.022) (0.021) (0.022) (0.026) (0.032) (0.033)

Flood (10%) penultimate season -0.019 -0.028 -0.028 -0.032 -0.022 -0.028 -0.028
(0.018) (0.022) (0.021) (0.022) (0.023) (0.022) (0.022)

R² 0.015 0.039 0.056 0.073 0.170 0.236 0.281
Moran’s I of residuals 0.007*** 0.007*** 0.007*** 0.003** 0.001 -0.001 -0.001
Z-score 4.17 4.31 4.27 2.49 0.88 -0.11 -0.29

Drought (15%) last season 0.028 0.031 0.027 0.022 0.023 0.007 0.011
(0.018) (0.022) (0.021) (0.022) (0.021) (0.024) (0.024)

Flood (15%) last season 0.028** 0.022* 0.024* 0.025 0.029* 0.022 0.021
(0.012) (0.012) (0.013) (0.016) (0.015) (0.014) (0.014)

Drought (15%) penultimate season 0.038* 0.051** 0.053*** 0.064*** 0.051** 0.064** 0.066**
(0.020) (0.020) (0.020) (0.021) (0.023) (0.028) (0.029)

Flood (15%) penultimate season 0.003 0.004 0.004 0.002 0.012 0.004 -0.0005
(0.016) (0.021) (0.020) (0.021) (0.023) (0.022) (0.023)

R² 0.017 0.040 0.056 0.074 0.173 0.237 0.284
Moran’s I of residuals 0.007*** 0.007*** 0.007*** 0.003** 0.001 -0.001 -0.001
Z-score 4.27 4.25 4.17 2.47 0.86 -0.05 -0.23

Grid F.E. yes yes yes yes yes yes yes
Country trends no yes yes yes yes yes yes
Age controls no no yes yes no no no
Temperature controls no no no yes no no no
Legendre polynomials of degree 1 no no no no yes yes yes
Legendre polynomials of degree 2 no no no no no yes yes
Legendre polynomials of degree 3 no no no no no no yes
n (women) 455,342 455,342 455,342 455,342 455,342 455,342 455,342
N (grids) 1,123 1,123 1,123 1,123 1,123 1,123 1,123

Standard errors clustered on the ERA-Interim grid level in brackets. * significant at 10%, ** significant at 5%, *** significant
at 1%.
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Table 13: Duration analysis of the effect of weather shocks on first incidence of violence in marriage, rural
sample

DV: First violent episode (1) (2) (3) (4)
Sample Rural Rural Rural Rural
Drought (2.5%) 0.932 0.888 0.896 0.896

(0.076) (0.073) (0.078) (0.077)
Flood (2.5%) 1.039 1.028 1.059 1.018

(0.067) (0.058) (0.061) (0.059)
R² 0.023 0.029 0.026 0.030
Drought (5%) 0.956 0.924 0.903* 0.934

(0.052) (0.054) (0.056) (0.056)
Flood (5%) 1.016 1.007 1.023 0.999

(0.044) (0.041) (0.043) (0.042)
R² 0.023 0.029 0.026 0.030
Drought (10%) 0.992 0.976 0.975 0.988

(0.038) (0.040) (0.043) (0.041)
Flood (10%) 1.047 1.039 1.060 1.032

(0.040) (0.038) (0.041) (0.040)
R² 0.023 0.029 0.026 0.030
Drought (15%) 0.995 0.984 0.978 0.985

(0.036) (0.036) (0.037) (0.037)
Flood (15%) 1.031 1.031 1.056 1.026

(0.035) (0.033) (0.036) (0.035)
R² 0.023 0.029 0.026 0.030
Piecewise constants yes yes yes yes
Age at marriage (grouped) yes yes yes yes
Survey-specific time trends no yes yes yes
Temperature controls no no yes no
Legendre polynomials of degree 1 no no no yes
n (marriage-years at risk) 152,750 152,750 143,944 152,750
N (women) 32,874 32,874 32,874 32,874

Droughts and floods refer to rainfall below the threshold in rainy seasons terminating during the relevant marriage year or the
year before. The age of marriage variable is grouped in five year intervals. Standard errors clustered on the ERA-Interim grid

level in brackets. * significant at 10%, ** significant at 5%, *** significant at 1%.
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