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Substantial impacts of climate shocks in 
African smallholder agriculture

Philip Wollburg    1,2 , Yannick Markhof    1,3, Thomas Bentze1 & Giulia Ponzini1

Climate change is affecting the frequency and severity of extreme weather 
events, such as droughts or floods, which result in loss and damage to 
people, crops and infrastructure. Global data on loss and damage used in 
research, policy and media primarily come from macrostatistics based on 
disaster inventories. Here, we propose a different approach, based on survey 
microdata. We harmonize data from 120,000 agricultural fields in six African 
countries for a period from 2008 to 2019 and quantify crop production 
losses related to climate shocks. We find substantial damages which affect 
around 35% of plots and reduce national crop production by 29% on average. 
The economic impacts are greater than the global disaster data suggest. The 
economic losses resulting from droughts and flood alone are US$5.1 billion 
higher than reported in disaster inventories, affecting between 145 and 
170 million people. The difference stems mostly from smaller and less 
severe but frequent adverse events that go under-reported or undetected in 
disaster inventories and therefore elude macrostatistics and reporting. The 
findings have implications for measurement and policies related to loss and 
damage and disaster risk reduction.

Large-scale environmental disasters, such as cyclone Freddy in Malawi, 
Mozambique and Madagascar in 2023, the devastating floods in 
Pakistan in 2022 or the severe and prolonged drought in the Horn of 
Africa, affect millions of people, routinely capturing news headlines 
and trigger national and international responses1–3. Anthropogenic 
climate change probably contributes to the frequency and severity of 
environmental disasters, a trend which is set to accelerate as global 
warming progresses4–6. This, and the scale of their impacts, makes large 
disasters a natural focal point of discussions and advocacy around the 
loss-and-damage fund, established at COP28 in Dubai in November 
2023 (ref. 7). In contrast, smaller disaster events and climatic shocks 
rarely receive widespread attention but the limited evidence suggests 
that their cumulative effects can be substantial8–10.

Reporting on disaster impacts relies predominantly on 
country-level macrodata. A key data source is the Emergency Events 
Database (EM-DAT), which is a publicly available global inventory of 
disaster impacts that is widely used in media11, research12 and interna-
tional policy reports13. Inventories such as EM-DAT use a specific set of 
criteria for what constitutes a ‘disaster’, in terms of people affected and 

of damage to assets, which, individually, smaller events and climactic 
shocks may not meet. The implication is that these events and their 
impacts go undetected or under-reported in global macrodatabases14.

Here, we offer a different approach to capturing the impacts of dis-
asters and climate shocks, based instead on survey microdata. We quan-
tify the value of crop production losses due to climatic shocks on more 
than 120,000 fields across six African countries and study their impacts 
on African agriculture, rural populations and the national economies. 
Agriculture is a key sector which employs more than half the workforce 
in the region and on which most poor and rural households depend for 
their livelihoods15,16. The impacts of climate change and environmental 
disasters are expected to be especially severe in this region17,18, whereas 
smallholder agriculture is highly exposed as it remains predominantly 
rainfed and the adoption of drought- or heat-resistant seeds or other 
such climate-smart technologies is limited19.

Our analysis of microdata offers an important complementary 
perspective to existing analyses based on macrostatistics derived 
from disaster inventories. Aggregate statistics are critical to the study 
of disaster impacts, providing annual data at a global scale. They are 
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farms. The data show that crop losses due to climatic shocks are wide-
spread and substantial in African smallholder agriculture. Farmers 
report crop losses on between 12% (Nigeria 2018/19) and 91% of plots 
(Niger 2011), depending on country and year (Fig. 1a and Supplemen-
tary Table 1). Overall, 35% of plots report a crop loss. Farmers reported 
losing, on average, 53% of their harvest on plots affected by crop shocks 
(Fig. 1b and Extended Data Table 1). Mean plot losses vary across coun-
tries and years, ranging from 48% of harvest (Ethiopia 2018/19) to 71% 
of harvest (Niger 2011). Crop losses due to climatic shocks have also 
become more common over time (Supplementary Table 2).

In aggregate, crop losses due to adverse climatic events reduce the 
total national crop production by between 3% in Nigeria 2018–2019 and 
81% in Niger in 2011. An average of 29% of potential harvest value is lost 
across the countries and agricultural seasons observed in our dataset 
(Fig. 1b and Extended Data Table 2). In some cases, there is a divergence 
between aggregate production loss and average plot-level losses, 
which may mean lower value crops are more likely to suffer losses.

We further quantify the average impact of crop losses on house-
hold welfare. We provide indicative evidence of consumption losses 
amounting to US$35 on average (7.4% of median and 17.6% of bot-
tom quintile consumption among unaffected households) based on 
a matching exercise (Supplementary Table 3).

Crop production impacted by multiple shocks
Farmers face a diversity of adverse climatic shocks. Several shocks are 
recorded to affect agricultural production in each year and across all 

less well-suited to capture the differential impacts of disasters on dif-
ferent population groups, especially poor and vulnerable people and 
are not designed to record smaller climatic shocks20,21. They account 
primarily for damages to assets and losses in agricultural production 
whose value is greater and better documented amongst richer house-
holds and in richer countries. For instance, between 2003 and 2022, 
of the disasters recorded in Africa by EM-DAT, only 12% contained 
information on total economic damages. For the same period, just 
under half the recorded economic losses occurred in the Americas, 
compared to 1% in Africa22. A recent study using the same data source 
concluded that disaster impacts do not affect poor people as much as 
the general population23. In contrast, evidence from survey microdata 
suggests that poorer households and individuals are more exposed and 
less resilient to climatic shocks and suffer disproportionately greater 
well-being losses than do better-off households17,20,24. Our analysis 
suggests that production losses due to climatic shocks are meaningful 
not only for the well-being of low-income households individually but, 
because of how many households are affected, they are important also 
for the whole economies of our study countries and on a global scale.

Results
Prevalence of crop losses among African farmers
The data used in this analysis are from the Living Standards Measure-
ment Study-Integrated Survey on Agriculture (LSMS-ISA) in Ethiopia, 
Malawi, Mali, Niger, Nigeria and Tanzania. The data were harmonized 
across countries and cover close to 120,000 fields on around 30,000 
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Fig. 1 | Frequency of crop losses due to adverse events, value lost and 
aggregate production loss. a, Prevalence of crop shocks on plots across country-
waves, presented as mean values and their associated 95% confidence interval 
(CI). b, Percentage of potential harvest value lost on plot, by country-wave, 
presented as mean values and their associated 95% CI. c, Percentage of aggregate 
potential harvest lost (valued with present prices), per country-wave, presented 
as the ratio of total estimated losses to total estimated potential output and the 
ratios of their associated 95% CIs. Estimates use population sampling weights. 
Sample sizes (n) for a are the following: n = 3,613 (Ethiopia 2011–2012); n = 14,625 
(Ethiopia 2013–2014); n = 14,405 (Ethiopia 2015–2016); n = 7,795 (Ethiopia 
2018–2019); n = 5,032 (Malawi 2009–2010); n = 5,855 (Malawi 2012–2013); 

n = 3,669 (Malawi 2015–2016); n = 5,057 (Malawi 2018–2019); n = 8,979 (Mali 2014); 
n = 23,799 (Mali 2017); n = 5,792 (Niger 2011); n = 4,106 (Niger 2014); n = 6,665 
(Nigeria 2018); n = 2,918 (Tanzania 2008); n = 3,646 (Tanzania 2010); n = 4,484 
(Tanzania 2012); n = 793 (Tanzania 2014); n = 878 (Tanzania 2019). Sample sizes 
(n) for b are the following: n = 4,187 (Ethiopia 2013–2014); n = 7,717 (Ethiopia 2015–
2016); n = 3,161 (Ethiopia 2018–2019); n = 2,180 (Malawi 2018–2019); n = 1,595 
(Mali 2014); n = 5,794 (Mali 2017); n = 5,191 (Niger 2011); n = 1,346 (Niger 2014); 
n = 691 (Nigeria 2018). Sample sizes (n) for c are the following: n = 14,317 (Ethiopia 
2013–2014); n = 14,379 (Ethiopia 2015–2016); n = 7,767 (Ethiopia 2018–2019); 
n = 5,017 (Malawi 2018–2019); n = 8,921 (Mali 2014); n = 23,777 (Mali 2017); n = 5,711 
(Niger 2011); n = 4,048 (Niger 2014); n = 6,406 (Nigeria 2018).
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countries (Supplementary Table 1). There are also some instances of 
several shocks affecting the same farm in a given agricultural season 
(Supplementary Table 4). This ranges from 1.5% of farms (Tanzania 
2014) to 21% of farms (Ethiopia 2018–2019).

Overall, drought is the most common shock and is recorded on 
an estimated 19% of plots (Supplementary Table 1). More than one in 
ten plots records losses due to irregular rains, meaning erratic rainfall 
at unusual times in the agricultural season. Pests are also widespread 
across our sample, affecting 7% of all plots. Still, there is substantial 
variation across countries and years. The severity of the damages 
caused varies between different events (Extended Data Table 1 and 
Supplementary Table 5). Floods in particular cause more damage than 
other shocks, reducing crop production per plot on average by 62%. 
Losses from pests and irregular rains tend to be smaller.

Which shocks are the most prevalent varies between and within 
countries. Figure 2 illustrates this for selected countries and years, 
showing the most reported events by subnational administrative divi-
sions. There is some geographical clustering but we commonly see 
different events accounting for most of the impacted plots in different 
areas of the same country in the same year. This is true even in years 
with exceptionally severe events such as the droughts in Niger in 2011 
and Ethiopia in 2015–2016 where many, but not all, areas of the country 
record drought as the primary loss reason.

Local crop losses and farmer characteristics
Not all farmers and plots are equally affected. Some are less likely to 
experience a loss even in the face of an adverse climatic event. Here, 
we show that shock exposure and impacts can differ even between 
neighbouring plots in the same area. We limit this analysis to droughts 
and floods. Given the nature of droughts, all plots in the same small 
geographic cluster should be faced with the same drought shock—but 
the impacts of that drought can differ. Indeed, in 41% of the geographi-
cal clusters in our sample, some but not all plots report being affected 
by a drought, even when they grow the same crops (Supplementary 
Table 6). Flood losses are (even) more idiosyncratic than drought losses 
(Extended Data Table 3). Conditional on flood losses being reported 
on at least one plot in the cluster, only 15% of plots within the same 

geographical cluster record a flood loss—compared to 35% of plots in 
the case of drought.

The result extends to plots on the same farm (Supplementary 
Table 7). Conditional on one maize (sorghum) plot being affected by 
drought, 67% (80%) of maize (sorghum) plots on the same farm record 
a drought shock as well.

These findings suggest that climate shock impacts are highly 
localized, consistent with the high spatial concentration that mete-
orological events can have25. Further, idiosyncratic factors, such as 
land characteristics and management practices and happenstance 
play a role in determining whether and how much production is 
affected. Elevation is negatively associated with the likelihood of 
experiencing losses and the size of the losses incurred (an effect 
almost twice as strong for floods compared to other climatic shocks), 
whereas smaller plots are less likely to suffer losses but record higher 
losses when they are affected (Extended Data Tables 4 and 5). Losses 
on intercropped plots are 7.5 percentage points lower than on mono-
cropped plots, although intercropped plots are more likely to experi-
ence a loss in the first place (+3.6 percentage points). Plots farmed 
in more input- and technology-intensive ways appear more resilient 
to crop shocks.

Shock exposure and impact also vary according to who manages 
the plot. Plots managed by women are more often affected by crop 
losses due to climatic shocks (+2.2 percentage points; Extended Data 
Table 6) than plots managed by men and their losses are also larger 
on average (+4.4 percentage points; Extended Data Table 7). This may 
be because plots managed by women are endowed and farmed dif-
ferently than plots managed by men, which in turn may follow from 
differential access to inputs and land between women and men26–28. 
We conduct a mediation analysis for these results29 testing variables 
capturing potentially differential plot endowments of women and men 
(Supplementary Table 8). We find that 17% of the difference in shock 
incidence is explained by women’s plots being located at lower eleva-
tion than men’s plots. For loss size, about 41% of the effect is related to 
women farming smaller plots. The remaining differences are probably 
context-dependent and may also relate to the complex interplay of 
economic with social factors30.
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Fig. 2 | Most common climatic shocks by administrative unit, selected countries and years. This figure shows the most frequently recorded climatic shocks that 
caused crop losses for subnational administrative divisions in selected countries and years. Map created with GADM (https://gadm.org/license.html).
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Finally, we also find losses to be more prevalent and higher as a 
share of total potential harvest among less well-off households based 
on a wealth index. Households in the wealthiest decile are about 4.3 
percentage points less likely to record crop losses than those in the 
least wealthy decile and lose about 6.6 percentage points less of their 
harvest if they are affected (Extended Data Table 8).

Taken together, these findings emphasize that climate shock 
impacts arise as a result of the confluence of hazard and vulnerability31,32.

Underestimation of shock impacts in aggregate data sources
How do climatic shock impacts as captured in the survey data com-
pare to estimates from other commonly used data sources? Here, we 
contrast the results from the survey microdata with publicly available 
estimates of disaster impacts from the EM-DAT. The EM-DAT aggre-
gates reports from UN agencies, governments, insurance companies, 
research institutes and the media into a global inventory of disaster 
impacts33. EM-DAT is, to our knowledge, the pre-eminent and only 

publicly available data source of this kind, used widely in reporting 
and research on the impacts of climate shocks and disasters34. We focus 
on two types of climatic shocks, droughts and floods, and compare two 
estimates: the number of people affected and the total economic dam-
ages caused in the years that the microdata cover. We create aggregate 
figures from the microdata using population sampling weights, count-
ing as affected any household with a production loss.

We first examine drought and flood shocks in our study countries 
that were recorded as ‘disasters’ in EM-DAT. For this, shocks need to 
meet a minimum set of criteria for inclusion in the database; that is, 
at least 10 deaths or at least 100 affected (people affected, injured 
or homeless) or an emergency declaration or a call for international 
assistance33. This is the case for six drought and six flood events across 
Ethiopia, Malawi, Niger, Nigeria and Tanzania (Fig. 3). The microdata 
estimates of people affected exceed the EM-DAT estimates in all but 
three cases (Supplementary Tables 9 and 10). Estimates of the economic 
value of damages of the recorded disasters are missing in the EM-DAT 
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Fig. 3 | Comparison of shock prevalence and impact between EM-DAT and 
LSMS-ISA data. a, Comparison of the total estimated individuals affected  
by droughts between EM-DAT (in blue) and LSMS-ISA data (in orange).  
b, Comparison of the estimated damages (in millions of 2022 US$), in years 
where damages could be estimated in the LSMS-ISA surveys. c, Comparison 
for floods, in years where floods are listed as a potential shock in the LSMS-ISA 
data. d, Comparison of estimated damages from floods. Blue bars plot the total 
percentage of the population (a,c) and total damages (b,d) in EM-DAT, while 
orange bars plot the percentage affected (a,c), presented as estimated totals of 
affected individuals, along with their 95% CIs, divided by the country population 
and estimated log total damages (b,d), along with 95% CIs, from the LSMS-ISA 
data. CIs for b and d were calculated before log-transformation and are hence 
asymmetrically situated around log-scaled point estimates. Sample sizes (n) for a 
are the following: n = 1,548 (Ethiopia 2011–2012); n = 2,849 (Ethiopia 2013–2014); 

n = 2,746 (Ethiopia 2015–2016); n = 1,902 (Ethiopia 2018–2019); n = 2,535 (Malawi 
2009–2010); n = 2,981 (Malawi 2012–2013); n = 1,858 (Malawi 2015–2016); 
n = 2,286 (Malawi 2018–2019); n = 2,234 (Mali 2014); n = 6,254 (Mali 2017); 
n = 2,226 (Niger 2011); n = 1,738 (Niger 2014); n = 3,047 (Nigeria 2018); n = 1,743 
(Tanzania 2008); n = 2,025 (Tanzania 2010); n = 2,467 (Tanzania 2012); n = 438 
(Tanzania 2014); n = 551 (Tanzania 2019). Sample sizes (n) for b are the following: 
n = 2,873 (Ethiopia 2013–2014); n = 2,761 (Ethiopia 2015–2016); n = 1,916 (Ethiopia 
2018–2019); n = 2,308 (Malawi 2018–2019); n = 2,234 (Mali 2014); n = 6,254  
(Mali 2017); n = 2,226 (Niger 2011); n = 1,740 (Niger 2014); n = 3,382 (Nigeria 2018). 
Sample sizes (n) for c are the following: n = 2,981 (Malawi 2012–2013); n = 1,858 
(Malawi 2015–2016); n = 2,286 (Malawi 2018–2019); n = 2,226 (Niger 2011); 
n = 1,738 (Niger 2014); n = 3,059 (Nigeria 2019). Sample sizes (n) for d are the 
following: n = 2,308 (Malawi 2018–2019); n = 2,226 (Niger 2011); n = 1,752  
(Niger 2014);); n = 3,403 (Nigeria 2019).
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data in nine cases, while the microdata document substantial losses. In 
one case, the Malawi 2015–2016 floods, there are no damage estimates 
in the microdata, while EM-DAT records damages of US$595 million. For 
events with damage estimates in both sources, the 2015–2016 drought 
in Ethiopia and the 2014 flood in Niger, the microdata estimates exceed 
the EM-DAT estimates (Supplementary Tables 11 and 12).

Moreover, there are many years in which the microdata document 
damages due to droughts and floods but EM-DAT records no impacts at 
all. For example, drought shocks are prevalent to some degree across 
every country–year combination covered in the microdata, while 
EM-DAT records droughts affecting the population in only a third of 
country–year combinations. The events that go unreported in EM-DAT 
are smaller, on average, in terms of the population affected and the 
damages caused. As such, these events may not be severe enough to 
be considered ‘disasters’ and may not meet the minimum require-
ments for inclusion in EM-DAT. However, we show that such smaller, 
under-covered events have substantial impacts on the livelihoods 
of farmers and the economies of the study countries. For example, 
droughts in Malawi in 2009–2010 and Mali in 2014 affected the produc-
tion and incomes of more than a fifth of the respective populations. 
The value of damages during droughts in Niger in 2011 and Ethiopia in 
2018–2019 amounted to US$1.6 billion and US$1.4 billion, respectively. 
The total number of people affected by droughts or floods in all years 
covered by the microdata is between 145 and 170 million, more than 
four times higher than what is recorded in EM-DAT, while the microdata 
estimates of drought and flood damages exceed the EM-DAT data by 
US$5.1 billion (Extended Data Table 9).

We recompute the microdata estimates applying various different 
inclusion thresholds in terms of the severity of a drought or flood shock 
(at least 25%, 50%, 75% of potential harvest lost; at least 25%, 50%, 75% 
of plots affected per region; Supplementary Tables 13 and 14). We find 
that even with these higher thresholds for inclusion, the microdata 
estimates still significantly exceed the EM-DAT data.

What explains these discrepancies? The first reason is that the 
microdata capture some climate shocks that probably do not meet the 
criteria for inclusion in a disaster inventory such as EM-DAT but which 
are still causing substantial damages. But disaster inventories such as 
EM-DAT and survey microdata differ in other meaningful ways. Disas-
ter inventories do not measure shock impacts themselves but instead 
aggregate data from government sources, humanitarian organizations, 
the media and others. They therefore rely on the comprehensive-
ness and accuracy with which climatic shocks are covered by one or 
more of these sources14,34. Less salient events, as well as those affecting 
marginalized population groups, are less likely to be reported on and 
less likely to have detailed information on the affected population or 
economic and welfare impacts14,35,36. This is particularly acute in the 
context of low and lower-middle income countries (LMICs), such as our 
study countries, which are more likely to have incomplete coverage or 
inaccurate information in disaster inventories14,34,37,38.

By comparison, the survey microdata capture shock impacts by 
directly asking farmers. But the microdata suffer from some simi-
lar drawbacks and limitations. Whether and how well climatic shock 
impacts are captured depends on the survey design. For example, there 
are cases in which we only capture the population affected but limita-
tions in survey design impedes calculation of the value of damages. 
Microdata in LMICs rarely have annual coverage and often lack full com-
parability between countries. Finally, survey data rely on respondent 
recall of climatic shock impacts. Human recall and reporting have been 
shown to suffer from cognitive biases and be susceptible to respond-
ents’ incentives, misreporting and misperceptions, which could cause 
classical and non-classical measurement error in survey estimates39–42. 
We discuss the implications of these differences between microdata 
and aggregate sources for the internal and external validity of climate 
shock impact estimates in detail in Supplementary Text A. The discus-
sion is summarized in Extended Data Table 10.

Discussion
We explore the crop production impacts of climatic shocks on 120,000 
fields on 30,000 smallholder farms in Sub-Saharan Africa. Smallholder 
agriculture is of special interest for achieving sustainable development 
goals SDG 1 and 2 as it remains the primary means of livelihood for 
many of the world’s poor16.

Our findings advance our understanding of the natural hazards 
and crop losses that smallholder farmers suffer. They relate to research 
examining the phenomenon of ‘small disasters’. Case studies from 
Colombia, Mali and Senegal found that smaller events not included 
in EM-DAT caused considerable damage, on par with larger events8,42. 
Another set of studies have used survey microdata to investigate the 
vulnerability specifically of smallholder farmers to climatic shocks43–45 
but without quantifying production losses. Other studies have relied 
on macrodata from global disaster inventories to assess and quantify 
the impact of disasters on agriculture12,46. Here, we offer systematic, 
cross-country evidence based on survey microdata, which allows us 
to value crop production losses due to climatic shocks, to link them 
to individual farmers and to assess their economic importance more 
broadly. The analysis shows that disaster-related crop production 
losses among African smallholder farmers are frequent and important 
both to individual farms and for the entire agriculture sectors and 
economies. We further show that the EM-DAT disaster inventory misses 
out on a meaningful share of disaster impacts in the agricultural sector 
in Africa when compared to the microdata analysis, which is mostly due 
to smaller events not included in the database.

The findings have implications for several global policy debates 
around climate change and disaster risk resilience. The evidence and 
insights we present on damages associated with climatic shocks and 
affecting some of the world’s poorest populations are relevant to the 
discussions and advocacy around the loss-and-damage fund that was 
agreed at COP28. Key flashpoints relate to how to allocate funds to the 
most vulnerable and how to measure the losses they suffered7,47,48. As 
our analysis and comparison with macrodata show, loss measurement 
critically depends both on the data used and the availability of data in 
the first place—and data gaps are most acute in vulnerable countries 
and among vulnerable populations7. Granular microdata allow captur-
ing heterogeneous losses within countries and across different popula-
tions but more work needs to be done to extend the analysis to capture 
non-economic losses in well-being21 or harm to human rights related to 
climate change48. Another issue is the attribution of climatic shocks and 
their impacts on climate change to calculate climate change-related 
loss and damage5,47. However, attribution exercises in the most vulner-
able countries including those that we study are hampered by limited 
data49. Our analysis further suggests that a substantial portion of dam-
ages comes from many frequent but smaller climatic shocks, which will 
probably render attribution exercises even more complicated.

Our findings also contribute to the policy discourse surrounding 
disaster risk reduction, with implications for understanding disaster risk 
(Sendai priority 1) and strengthening disaster risk governance (Sendai 
priority 2). Climatic shocks cause substantial damage to a vulnerable 
group such as smallholder farmers but these shocks are under-reported 
in important data sources. This impedes action to support affected 
groups31. Disaster risk governance would benefit from explicitly account-
ing for the nature and impacts of the kinds of climatic shocks whose 
prevalence we document. Although our results indicate differing level of 
resilience, the effects of climatic shocks could be mitigated by proactive 
social protection schemes or by insuring crop losses50. More research is 
needed on appropriate responses and risk management instruments.

The findings also have implications for data and measurement. 
Pre-eminent databases on disaster impacts such as EM-DAT have incom-
plete data in LMICs and do not include smaller events by construction, 
probably missing impacts in poorer countries and among poorer peo-
ple. Survey microdata such as the LSMS-ISA have much more limited 
country and temporal coverage. Combining both sources promises to 
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yield a more complete and nuanced understanding of the issue that will 
promote more effective policy designs. Improving microdata systems 
in countries vulnerable to damages and losses from climate change is 
key to systematically using microdata for monitoring and reporting 
of emergency events. More flexible and higher frequency data collec-
tion is needed to provide better temporal coverage and account for 
disaster impacts when they occur. Phone surveys more widely adopted 
in low-income settings during the COVID-19 emergency may provide 
this function, for instance as part of mixed-mode survey systems that 
combine traditional in-person surveys with data collection over the 
phone51. Data scarcity also affects other key data sources, including 
hydrometeorological data47. Integration of survey with such geospa-
tial data promises to improve spatial coverage and identification of 
natural hazards and shock occurrence, facilitating better responses52. 
The integration of survey and geospatial data relies on geolocations 
of survey households and communities. Too few surveys capture and 
disseminate geolocations. For privacy reasons, those that do, provide 
geolocations with some imprecision, which could in some cases ham-
per analyses. Privacy-conserving mechanisms to allow access to true 
geolocations should be elaborated.

Our study faces several limitations. The valuation of losses relies 
on human reporting which is subject to human error, respondents’ 
incentives, misreporting and misperceptions39,40. Data quality and avail-
ability may also be affected by climate shocks (Supplementary Text A). 
The data allow for a detailed analysis of damage to crop production but 
other damages, for example, damages to agricultural assets, storage 
losses or impacts on livestock, are missing. As a consequence, the full 
extent of damages and losses to smallholder agriculture is probably 
underestimated. We also do not discuss damages incurred in other 
sectors. Future research should aim to quantify the aggregate welfare 
impact of climate shocks on the basis of credible causal identification.

Methods
Survey microdata
We use plot-level survey data from the LSMS-ISA in Ethiopia, Malawi, 
Mali, Niger, Nigeria and Tanzania. The LSMS-ISA comprise a series 
of harmonized, national, multitopic household panel surveys with a 
focus on agriculture. We created a harmonized dataset on crop losses 
due to climatic shocks, as well as other relevant information such 
as agricultural outputs, inputs and plot characteristics for close to 
30,000 households over the six countries for a total of 18 survey waves 
collected between 2008 and 2019.

The combined dataset contains over 120,000 plot observations. 
More specifically, the dataset includes data from the Ethiopian Social 
Survey (waves 1 to 4), Malawi’s Integrated Household Panel Survey 
(waves 1 to 4), Mali’s Enquête Agricole de Conjoncture Intégrée (waves 1 
and 2), Niger’s Enquête National sur les Conditions de Vie des Ménages 
et Agriculture (waves 1 and 2), Nigeria’s General Household Survey 
(wave 4) and Tanzania’s National Panel Survey (waves 1 to 5). Waves 
1 to 3 of the Nigeria general household survey were not included, as 
respondents were only asked to report the cause of their losses on plots 
with full crop failure. While we include a total of 18 rounds in this analy-
sis, we are only able to compute the value of crop damages or the share 
of harvest lost in nine rounds because of survey design limitations.

Households in these surveys are selected to be representative of 
the population at the national and subnational level and are sampled 
using a two-stage stratified sampling design with census enumeration 
areas as primary sampling units and households as secondary sampling 
units. Households are then tracked through time, except for Mali which 
only tracks enumeration areas. Each survey wave covers an agricultural 
production cycle or season.

Emergency event database
We compare survey estimates to country-level data from the EM-DAT. 
The EM-DAT is the pre-eminent public database taking stock of shocks 

on a global scale and is widely used for research and to inform policy53. 
Both natural (for example, geophysical and meteorological) and tech-
nological (for example, industrial accidents) events are recorded, 
along with information on disaster damages valued in 2022 US$. The 
EM-DAT compiles information from a broad range of sources including 
insurance companies, international organizations, press agencies and 
governmental agencies. Disasters are recorded if they provoke ten or 
more deaths, affect 100 or more people (injured/ homeless/ in need of 
immediate assistance) or are accompanied by an official declaration 
of emergency or appeal for international assistance33.

Variable construction
Identification of crop losses due to climatic shocks. Identification 
of disaster events is based on farmers reporting crop production losses 
before harvest for each crop on each of their plots. Specifically, for 
each crop cultivated on each plot, farmers are asked whether the area 
harvested was less than the area planted, that is if some of their crop has 
been lost, along with the cause of the loss in harvested area. In Ethiopia, 
farmers are further asked whether the crops they harvested had any 
damage on them and what the cause of damage was. We define crop 
losses due to climatic shocks as any loss in crop area or any damage 
on the crops harvested due to climatological (drought, irregular rain, 
hail and wildfire), hydrological (flood) or biological (insect infestation 
and disease) reasons. We denote any plot for which at least one crop on 
the plot had crop losses for one of these reasons as having had climate 
shock-related crop losses. Notably, this does not include losses due 
conflict, unavailability of inputs or other household or socio-economic 
events. Identifying climate shock exposure based on information from 
the shocks module (part of the LSMS-ISA household questionnaire) and 
imposing minimum disaster impact thresholds paints a similar picture 
of the number of affected households (Supplementary Table 15).

Loss size as percentage of potential harvest lost due to climatic 
shocks. To quantify the impact of climatic shocks on production, we 
calculate the share (as percentage) of potential harvest lost due to cli-
matic shocks. To determine the potential harvest that could have been 
achieved in the absence of losses due to climatic shocks, we follow a 
methodology proposed by the Food and Agriculture Organization41,54. 
We rely on farmers’ reports of the harvest quantities of different plots, 
the share of the planted area lost due to climatic shocks and, where 
available, the percentage of damage on crops that were harvested.

Equation (1) formalizes the construction of the plot-level loss 
aggregate following this methodology.

Li,s =
N
∑
j=1

pj × (Yp
i, j,s − Y r

i, j,s)

=
N
∑
j=1

pj × ((Y r
i, j,s ×

1
1−li, j,s

× 1
1−di, j,s

) − Yri, j,s)

(1)

where the harvest loss on plot I in agricultural season s is equal to the 
difference between the potential harvest in the absence of disasters, 
Yp, and the realized harvest reported by the farmer, Yr, in kg. The realized 
harvest for crop j is based on farmers’ reports on how much of crop j 
they harvested in season s on plot i. The potential harvest of crop j is 
calculated by scaling up the realized harvest in proportion to the share 
of the planted area of crop j lost to climatic shocks, li, j,s, and the percent-
age of damage on crop j, di, j,s.

To aggregate across different crops grown on the same plot, we 
use a set of price weights pj which are constant for each crop in each 
country. Specifically, each price weight corresponds to the median 
crop sale price in kg calculated in one survey round in each country, 
which is converted and adjusted to 2022 US$ using exchange rates and 
a consumer price index drawn from a library of World Bank Develop-
ment Indicators55. This allows us to express the harvest loss Li,s  in a 
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common unit across crops and plots. Losses Li,s are then winsorized at 
the 99th percentile to correct for outliers. We also value and aggregate 
realized harvest using the same set of prices, such that yri,s = ∑N

j=1 pj × Y r
i, j,s. 

Realized harvest is winsorized at the 1st and 99th percentiles, while 
allowing full losses (full crop failure) to be equal to 0.

To derive the plot-level percentage of potential harvest lost due 
to climatic shocks, we simply compute the ratio between losses and 
potential harvest:

δi,s =
Li,s

yri,s + Li,s
(2)

Valuation of crop losses. To estimate the value of losses perceived by 
farmers, as well the value of potential harvest reported in the analysis, 
we use a ‘current’ set of prices that is closer to those faced by farmers 
in each agricultural season. To do so, we calculate realized harvest using 
cluster- and round-specific median farmer-reported sale prices. 
Plot-level realized harvest in present values can thus be written as 
yoi,s = ∑N

j=1 pj,s,c × Y r
i, j,s , where clusters are denoted by c. This harvest 

estimate is then winsorized following the same procedure as described 
for yri,s  above. Assuming that yopi,s  denotes potential present harvest 
value, we can state that:

yoi,s = yopi,s (1 − δi,s) (3)

Losses faced by farmers are therefore calculated as:

Loi,s =
yoi,s

1 − δi,s
− yoi,s (4)

Both losses and harvest values are then converted to US$ using 
exchange rates drawn from a library of World Bank Development 
Indicators55.

Imputation of full losses. In case the harvest for a crop on a plot is 
fully lost (li, j,s = 1 or di, j,s = 1), equation (1) is not defined. Instead, we 
estimate the quantity lost in these cases by imputing potential harvest 
values using a Gaussian normal regression imputation method56.  
To this end, we define a model in which potential harvest is the outcome 
variable, regressed on the set of explanatory variables, along with 
country and crop fixed effects. The explanatory variables used in the 
imputation are the following: (1) agricultural input variables, specifi-
cally, plot area, non-hired labour days spent working on the plot (for 
example, family labour), as well as hired labour value, inorganic ferti-
lizer value and seed value. Inputs are valued in a similar fashion to the 
production values described above, a constant set of prices was com-
puted within each country, based on median purchase prices. These 
input variables are all expressed in per hectare terms, winsorized and 
logged; (2) an agricultural asset index was computed using a principal 
component analysis based on an inventory of household assets; (3) 
plot-level dummy variables were included to indicate if a plot is irri-
gated, pesticides are used, organic fertilizers are applied, the plot is 
intercropped and if the plot is owned by the household; (4) gender of 
the primary decision-makers on each plot; (5) household-level varia-
bles, household size and dummies for livestock ownership, electricity 
access and urban/rural residence; and (6) a set of geophysical variables 
consisting of plot elevation, a topographic wetness index and the 
distance of the household from the closest population centre and 
closest road.

Our final imputed value is obtained by calculating the mean of 
100 imputations.

Estimation
We rely on different estimation methods in each part of the analysis 
as described next.

‘Prevalence of crop losses among African farmers’. Our main 
descriptive analysis of climatic shock prevalence and intensity is con-
ducted at the plot level and involves the estimation of means, propor-
tions and frequencies at the national level as well as pooled across 
countries. These estimates, as well as any household-level estimates 
of disaster exposure formed by aggregating across plots belonging to 
the same farm, are weighted using the probability weights described 
in the section on ‘Sampling weights’ that follows.

To estimate the average effect of climate shocks on total annual 
household consumption (in 2020 US$) we match household farms that 
incurred a climate shock to households of similar wealth, farm size 
and household size that did not incur a shock. Farm households are 
matched to the five nearest neighbours within the same survey wave 
on the basis of Mahalanobis distance and the following variables: an 
agricultural asset index, a household asset index, whether the house-
hold engages in livestock farming, whether the household has access 
to electricity, household size and total farm size (in ha). Estimates are 
adjusted to correct for large-sample bias57.

‘Crop production impacted by multiple shocks’. Similarly, our analy-
sis of the prevalence of different shock types is conducted at the plot 
level and involves the estimation of frequencies at the national level 
and pooled across countries using the household sampling weights. 
Our estimates of the most common shock type within enumeration 
areas are based on simple, unweighted frequencies.

‘Local crop losses and farmer characteristics’. Our multivariate 
analysis focuses on two main outcome variables: a binary variable 
indicating any disaster crop loss and a continuous variable denoting 
the percentage share of the total potential harvest that was lost to 
disasters. We estimate all models with the binary crop loss indicator 
as outcome variable via maximum likelihood using logistic regression. 
Models with the percentage share of harvest lost as outcome variable 
are estimated by means of ordinary-least-squares regression. Our inde-
pendent variables for these multivariate regressions are comprised of 
plot characteristics (plot size, elevation, a topographical wetness index, 
an indicator for ownership of the plot and main crop fixed effects), as 
well as plot management (hired labour and fertilizer input use, irriga-
tion and intercropping), plot manager (age, gender and education) 
and household characteristics (urban/rural residence, an indicator for 
livestock farming and electricity access). Models pooling the sample 
across countries further include country fixed effects. We also conduct 
multivariate analysis using a binary variable capturing the gender of 
the plot manager as outcome variable and plot characteristics and 
plot-management characteristics as independent variables. As before, 
all multivariate regressions are weighted using the sampling weights.

To study the factors that drive the gender gap in climate shock 
exposure, we conduct a mediation analysis of the effect of plot man-
ager gender on extensive and intensive margin crop losses29. Effects 
are decomposed into the direct effect of plot manager gender and the 
mediated (indirect) effect through the key mediators of interest. We 
express the indirect (mediated) effect as a proportion of the total effect. 
In the outcome model, we control for plot manager characteristics (age 
and education), inputs (any hired labour, any inorganic fertilizer and 
any organic fertilizer), plot characteristics and production technology 
(log plot size, plot owned by manager, elevation, slope, soil fertility, 
potential wetness index, irrigation and intercropping), as well as crop 
and country fixed effects. For the respective mediator of interest, the 
models do not include that mediator among the controls. The media-
tion model controls for the same variables.

Our analysis of differences in drought impact within the same 
enumeration areas first determines whether some, but not all, plots 
belonging to the same enumeration area recorded a drought loss and 
then estimates the simple, unweighted proportion of enumeration 
areas for which this is the case. Further, we calculate the share of plots 
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affected by drought or floods, respectively, within an enumeration 
area conditional on at least one plot recording a drought or flood. We 
exclude enumeration areas with less than ten plots and calculate the 
average across enumeration areas for each survey round and overall. Our 
analysis of within-household differences in shock impacts first limits the 
sample to households with several maize plots and where at least one of 
the household’s maize plots recorded a drought shock. We then calcu-
late the share of remaining maize plots belonging to the same household 
that also record a drought loss and report a simple, unweighted average 
of this share across households for each country and year.

‘Underestimation of shock impacts in aggregate data sources’. 
Our estimates of the number of people affected by disasters and 
aggregate economic losses, are totals at the national level and use the 
household-level sampling weights.

To compare drought and flood impacts using LSMS-ISA data with 
those using EM-DAT data, we use two metrics: the share of individuals 
‘affected’ by the shock and the estimated total value of damages. Since 
the LSMS-ISA surveys run every 2 to 3 years, we only retain events in 
the EM-DAT database for which the start or end date is within a year 
containing LSMS-ISA data. The comparison for flood shocks is pos-
sible in fewer countries and years because of the limitations in scope 
of the survey questionnaire in some cases (Supplementary Table 16).

To compute the total number of individuals impacted by a shock 
within a specified period in the EM-DAT database, we aggregate the 
total number of people ‘affected’ by the shock in the macrodata. 
Affected people are those who are reportedly injured, homeless or 
otherwise in need of ‘immediate assistance’. To estimate the total 
number of individuals affected by a shock in the LSMS-ISA microdata, 
we construct population weights by multiplying household weights 
by household size. These weights are then used as expansion factors, 
which we multiply by a dummy variable equal to one in the household 
reporting a shock on any of its cultivated plots. We then add up this 
product to calculate an expansion estimator58,59.

To obtain shares of the total population, the numbers of indi-
viduals affected in both EM-DAT and the LSMS-ISA data are divided by 
total yearly population estimates drawn from a library of World Bank 
Development Indicators55.

We then compute the estimated damages from both droughts and 
floods in the periods and years covered by LSMS-ISA data. We first 
aggregate the ‘total damages’ estimated in the EM-DAT database, 
defined as the values of total losses ‘directly or indirectly related to the 
disaster’, in 2022 US$ values. Using LSMS-ISA microdata, we aggregate 
the estimated value of crop losses for each household. In this case, the 
value of losses is calculated by multiplying the potential value of total 
plot output using present prices ( yopi,s ) by the estimated percentage of 
output lost at the plot level (δi,s). The loss values are then converted to 
2022 US$ values, to allow comparison with EM-DAT data. As above, we 
use population weights as expansion factors, which we multiply with 
our loss value estimates58,59.

Sampling weights
In the survey data, household sampling weights are used to compute 
estimates that are representative of the national or subnational popula-
tion. These reflect the inverse probability of selection into the sample, 
are adjusted to account for non-response and survey design choices 
and are post-stratified to ensure that they sum to known household 
population totals60.

Moreover, a further adjustment was made in estimations using 
plot-level data. In those cases, we divide household weights by the 
number of plots in the household.

The resulting weights were used to compute estimates in our 
analysis. Wherever population means are estimated, the standard 
errors provided with the estimate take into account the clustered and 
stratified sampling design58. All regression models with continuous 

variables as outcomes are estimated using ordinary-least-squares 
regression, while regressions with binary outcomes are estimated 
by means of maximum likelihood using a logistic regression model.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The raw data used in this study as well as the full questionnaires are 
publicly available through the World Bank online resources. LSMS-ISA 
datasets, questionnaires and documentation are publicly accessible 
through the following link: https://www.worldbank.org/en/programs/ 
lsms/initiatives/lsms-ISA. Links to the various datasets used in this 
study are provided in the ‘dissemination’ tabs. More specifically, the 
dataset includes data from the Ethiopian Social Survey (waves 1 to 4),  
Malawi’s Integrated Household Panel Survey (waves 1 to 4), Mali’s 
Enquête Agricole de Conjoncture Intégrée (waves 1 and 2), Niger’s 
Enquête National sur les Conditions de Vie des Ménages et Agricul-
ture (waves 1 and 2), Nigeria’s General Household Survey (wave 4) and 
Tanzania’s National Panel Survey (waves 1 to 5). The EM-DAT data were 
downloaded for free on the following public website: https://public. 
emdat.be/. Data were downloaded on 29 November 2023. The following 
data filters were applied—Classification: Natural; Countries: Ethiopia, 
Malawi, Mali, Niger, Nigeria, Tanzania; Time range: 2008–2020. The 
analysis dataset is available from Zenodo at https://doi.org/10.5281/ 
zenodo.12667754 (ref. 61). Shapefiles and other raw geodata required 
to produce Fig. 2 were downloaded from the GADM database, which 
can be accessed for free at https://gadm.org/download_country.
html. Population and other aggregate statistics were downloaded 
from the World Bank Development Indicators Database, directly 
into Stata using the wbopendata package. Source data are provided 
with this paper.

Code availability
The code for the analysis is available from Zenodo at https://doi. 
org/10.5281/zenodo.12667754 (ref. 61).
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Extended Data Table 1 | Mean fraction of potential harvest lost at the plot level, by country-year

Note: Mean shares, 95% confidence intervals (rounded to the nearest integer) and sample sizes are provided for each estimated parameter. Plots with 0 losses are excluded. Sample weights 
are used to calculate estimates. Results are ‘missing’ when information was not captured by the survey in question. Some questionnaires (the IHPS, for example) allow respondents to report 
multiple shock types on a single plot.
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Extended Data Table 2 | Total fraction of aggregate potential harvest lost, by country-year

Note: Mean shares, 95% confidence interval and sample sizes are provided for each estimated parameter. Observations in country-years during which surveys did not capture partial  
losses were dropped. Sample weights are used to calculate estimates. Current prices are used to value losses and attainable harvest. The ‘pooled’ row is a simple average of the point 
estimates above.
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Extended Data Table 3 | Heterogeneity in climate shock exposure within the same clusters

Note: The table shows the average share of shock-affected plots within the same geographical clusters, separately for drought and flood shocks, if at least one plot in the cluster was affected. 
Values close to zero indicate that shocks were very idiosyncratic, affecting only a small share of plots in the same cluster whereas values close to one indicate that most plots in the cluster 
recorded crop losses due to the same climate shock. We drop clusters with fewer than 10 plots and clusters in which no plot recorded the shock in question.
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Extended Data Table 4 | Heterogeneity in climate shock exposure by plot characteristics

Note: Average marginal effects from multivariate logit regressions. Base category for crop fixed effects is ‘other crop’. The estimates are weighted to be nationally representative. 2-sided 
t-tests to determine if each coefficient is significantly different from zero: *** p < 0.01, ** p < 0.05, * p < 0.1. P values are in italics.
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Extended Data Table 5 | Heterogeneity in loss size by plot characteristics

Note: Results from OLS regressions with the share of potential harvest lost as outcome variable. Base category for crop fixed effects is ‘other crop’. The estimates are weighted to be nationally 
representative. Clustered standard errors at the EA level in parentheses. 2-sided t-tests to determine if each coefficient is significantly different from zero: *** p < 0.01, ** p < 0.05, * p < 0.1. P 
values are in italics.
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Extended Data Table 6 | Heterogeneity in climate shock exposure by plot manager characteristics

Note: Average marginal effects from multivariate logit regressions. Controls include dummy variables for input use (any hired labour, any inorganic fertilizer, any organic fertilizer), plot 
characteristics (plot area, irrigation, intercropping, plot ownership, elevation, and a topographic wetness index), household characteristics (urban/rural residence, livestock farming, and 
electricity access) as well as main crop and country fixed effects. The estimates are weighted to be nationally representative. 2-sided t-tests to determine if each coefficient is significantly 
different from zero: *** p < 0.01, ** p < 0.05, * p < 0.1. P values are in italics.
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Extended Data Table 7 | Heterogeneity in loss size by plot manager characteristics

Note: Results from OLS regressions with the share of potential harvest lost as outcome variable. Controls include dummy variables for input use (any hired labour, any inorganic fertilizer, any 
organic fertilizer), plot characteristics (plot area, irrigation, intercropping, plot ownership, elevation, and a topographic wetness index), household characteristics (urban/rural residence, 
livestock farming, and electricity access) as well as main crop and country fixed effects. The estimates are weighted to be nationally representative. Standard errors in parentheses. 2-sided 
t-tests to determine if each coefficient is significantly different from zero: *** p < 0.01, ** p < 0.05, * p < 0.1. P values are in italics.

http://www.nature.com/natsustain


Nature Sustainability

Analysis https://doi.org/10.1038/s41893-024-01411-w

Extended Data Table 8 | Loss incidence and size by wealth deciles

Note: Average marginal effects from multivariate logit regressions (columns 1-4: any crop loss due to climate shock) or OLS regressions (columns 5-8: share of potential harvest lost), pooling 
across countries and time. Controls include inputs (any hired labour, any inorganic fertilizer, any organic fertilizer), plot and production technology characteristics (irrigation, intercropping, 
plot ownership, log plot area, potential wetness index, elevation), household characteristics (urban area, livestock farming, electricity access), crop fixed effects and country-wave fixed 
effects. The estimates are weighted to be nationally representative. Wealth index is calculated by country and year based on a wide range of household assets and dwelling characteristics 
that may vary from survey to survey based on the information available. Clustered standard errors at the EA level in parentheses. 2-sided t-tests to determine if each coefficient is significantly 
different from zero: 2-sided t-tests to determine if each coefficient is significantly different from zero: *** p < 0.01, ** p < 0.05, * p < 0.1. P values are in italics.
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Extended Data Table 9 | Estimated combined impacts of drought or flood events captured in LSMS-ISA

Missing entries correspond to cases where either no event was reported or information on the population affected was missing in the EM-DAT. 95% confidence intervals for estimated totals are 
calculated with LSMS-ISA survey micro-data. The statistics above are drawn from a sample of 27,375 households with valid flood or shock information in columns 1 and 2, and 21,187 household 
in column 3. ± Damage estimated from some of the floods and/or droughts listed in the time period were missing.
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Extended Data Table 10 | Comparison of micro-data with disaster inventories

The table compares survey microdata with disaster inventories such as EM-DAT with regard to their coverage, detail, and accuracy with which they capture climatic shocks as well as 
geographical and income differences.
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Software and code
Policy information about availability of computer code

Data collection Survey data was collected using the World Bank's software Survey Solutions. 

Data analysis Authors used Stata/MP 18.0 for data analysis. No custom code is necessary to replicate the results, but code to exactly replicate all tables and 
figures is available on Zenodo at the following link: 10.5281/zenodo.12667754
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The raw data used in this study as well as the full questionnaires are publicly available through the World Bank’s on-line resources.  LSMS-ISA datasets, 
questionnaires and documentation are publicly accessible via the following link: https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA. Links to the 
various datasets used in this study are provided in the “dissemination” tabs. More specifically, the dataset includes data from the Ethiopian Social Survey (waves 1 
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to 4), Malawi’s Integrated Household Panel Survey (waves 1 to 4), Mali’s Enquête Agricole de Conjoncture Intégrée (waves 1 and 2), Niger’s Enquête National sur les 
Conditions de Vie des Ménages et Agriculture (waves 1 and 2), Nigeria’s General Household Survey (wave 4) and Tanzania’s National Panel Survey (waves 1 to 5).  
 
The EM-DAT data was downloaded for free on the following public website: https://public.emdat.be/. Data was downloaded on the 29th of November 2023. The 
following data filters were applied - Classification: Natural. Countries: Ethiopia, Malawi, Mali, Niger, Nigeria, Tanzania. Time range: 2008 – 2020  
 
The analysis dataset is available from Zenodo using the following link: 10.5281/zenodo.12667754 
 
Shapefiles and other raw geodata required to produce figure 2 were downloaded from the GADM database, which can be accessed for free at the following link: 
https://gadm.org/download_country.html.  
 
Population and other aggregate statistics were downloaded from the World Bank Development Indicators Database, directly into Stata using the "wbopendata" 
package. 

Human research participants
Policy information about studies involving human research participants and Sex and Gender in Research. 

Reporting on sex and gender Information on sex and gender was collected based on self-reported information.

Population characteristics See below

Recruitment The authors were not involved in data collection but used publicly available survey data from the World Bank. In these 
datasets, households were selected to be representative of the population at the national and sub-national level using a two-
stage stratified sampling design with census enumeration areas (EAs) as primary sampling units and households as secondary 
sampling units. Households are then tracked through time, except for Mali which only tracks enumeration areas (EAs). For 
this analysis, only households engaged in agriculture were retained.

Ethics oversight The authors were not involved in data collection but used publicly available survey data from the World Bank. The World 
Bank surveys were implemented by the respective national statistical office (NSO). The NSO conducts the survey as the sole 
official statistical authority in the country and in accordance with the respective National Statistical Act, which exempts the 
NSO from institutional ethics approvals. Informed consent was received from all survey respondents in each country. The 
World Bank does not require institutional ethics approval for household surveys that are partly or fully financed by the World 
Bank, including the surveys in Ethiopia, Malawi, Mali, Niger, Nigeria and Tanzania that inform our research.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description This study uses quantitative, observational data from surveys conducted in six countries: Ethiopia, Malawi, Mali, Niger, Nigeria, and 
Tanzania.

Research sample In this analysis, our research sample consists of  all households which have engaged in agriculture within the LSMS, which are 
nationally representative surveys that already existed prior to this research. Households are selected to be representative of the 
population at the national and sub-national level using a two-stage stratified sampling design with census enumeration areas (EAs) as 
primary sampling units and households as secondary sampling units. Households are then tracked through time, except for Mali 
which only tracks enumeration areas (EAs).

Sampling strategy This study uses data that already existed, and the researchers did not guide the sampling strategy. The surveys use a stratified two-
stage sampling procedure, with census enumeration areas (EAs) as primary sampling units and households as secondary sampling 
units. Surveys are representative at the national and sub-national level and are stratified by administrative division and urban/rural 
levels.

Data collection This study uses data that already existed, and the researchers did not have guide data collection. Data was collected in in-person 
interviews, with the World Bank’s Survey Solutions CAPI software. For more information about specific survey rounds, information 
can be found in Basic Information Documents (BIDs) that accompany surveys, and that are made available in the World Bank's 
microdata library: https://microdata.worldbank.org/index.php/home
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Timing In Ethiopia, data from the Ethiopian Social Survey (ESS) were assembled across four survey periods: 2010/2011, 2012/2013, 

2014/2015 and 2017/2018.  
In Malawi, data from the Integrated Household Panel Survey (IHPS) were assembled across four periods: 2009/2010, 2012/2013, 
2015/2016 and 2018/2019.  
In Mali, data from the Enquête Agricole de Conjoncture Intégrée (EACI) was assembled from two periods: 2014 and 2017.  
In Niger, data were drawn from the Enquête National sur les Conditions de Vie des Ménages et Agriculture - ECVM/A) across two 
periods: 2011 and 2014.  
In Nigeria, data were assembled from the General Household Survey (GHS) across four periods: 2010/2011, 2012/2013, 2015/2016 
and 2018/2019.  
In Tanzania, data were assembled from the National Panel Survey (NPS) across five periods: 2008/2009, 2010/2011, 2012/2013, 
2014/2015 and 2018/2019. 

Data exclusions For this analysis, only households engaged in crop agriculture were retained. This means that 25,201 households across the six 
countries of study were excluded from the analysis.

Non-participation This information can be found in Basic Information Documents (BIDs) that accompany surveys, and that are made available in the 
World Bank's microdata library: https://microdata.worldbank.org/index.php/home

Randomization Our study is observational and experimental randomization does not apply. Randomization in the selection of the sample is discussed 
above.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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