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ABSTRACT

Rainfall variability in Sub-Saharan Africa creates significant production risks for subsistence
farmers who rely on rainfed agriculture. Weather shocks can alter farmers’ risk preferences,
potentially influencing their decision to adopt adaptation strategies. We employ a moments-
based approach (Antle, 1983, 1987) to estimate risk aversion among smallholder farmers in
Ethiopia, Malawi, and Nigeria in response to weather shocks. Using this framework, we esti-
mate Arrow-Pratt and downside risk coefficients across more than 200 model specifications,
incorporating various rainfall and rainfall shock metrics derived from six remote sensing
weather products. Our findings reveal that estimates of farmers’ risk preferences are highly
sensitive to the choice of weather product, while risk preferences are relatively insensitive to
different weather shocks. This underscores how data source and model specification choices
critically shape risk preference estimates, highlighting key limitations in current empirical

methods.
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Chapter 1

Introduction

Subsistence farmers around the world rely on rainfed agriculture. This makes them sus-
ceptible to weather shocks and variability in weather. Changing climate conditions have
amplified this variability and made rainfall patterns increasingly unpredictable. This is
particularly true in Sub-Saharan Africa (SSA), where frequent dry spells and drought char-
acterize climate change. To cope with such shocks, technology adoption and the adoption of
agricultural practices are necessary to mitigate negative effects on agricultural production.
As farmers navigate these challenges, their responses to weather shocks are shaped by ex-
ternal conditions and evolving risk preferences. Weather shocks may alter risk preferences
(Page et al., 2014), which may, in turn, affect risk-related behaviors, including a farmer’s
decision to adopt agricultural technologies like fertilizer and improved seeds. This framework
challenges traditional economic models, which assume that preferences remain stable over
time (Stigler and Beckler, 1977).

This study seeks to analyze how weather shocks influence the risk preferences of small-
holder farmers in Ethiopia, Malawi, and Nigeria. Given the uncertainty in the existing
literature on the role adverse weather shocks play on individuals’ risk preferences, this re-
search aims to clarify this relationship by examining farmers’ behavioral responses to weather
variability. Specifically, we examine whether exposure to weather shocks increases risk aver-
sion and heightens downside risk preferences. By identifying patterns in risk preferences, we
contribute to a broader understanding of the factors influencing technology adoption and
the use of adaptation strategies among smallholder farmers.

Across all three countries, we find that risk preferences remain stable across different shock

specifications and rainfall measures but vary substantially depending on the remote sensing
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weather product used. Because results can shift so dramatically with changes in the weather
data, it becomes difficult to discern which specification truly reflects farmers’ risk preferences.
This sensitivity to weather data sources raises broad concerns about the reliability of such
estimates. As noted by Just and Just (2011) and Josephson et al. (2025), without additional
data to support models that predict risk behavior, estimates may be shaped by researchers’
specification choices rather than the underlying preferences themselves, making it difficult to
draw meaningful conclusions from such models. Our results reveal more about the influence
of different weather datasets than they do about the stability of risk after shock.

This variation in estimated risk preferences stems from the challenge of measuring weather
itself. In much of Africa, there is a gap in ground station coverage, meaning that the weather
observed by farmers is rarely recorded. Researchers rely on Earth Observation (EO) products
to address this gap, which generates weather estimates using different sensors and data
interpretation methods. While they aim to capture the weather from the same location and
day, they often produce drastically different estimates. These discrepancies make it difficult
to determine which estimate is closest to the actual weather farmers observe. As a result,
a researcher’s choice of remote sensing weather product can significantly influence model
outcomes.

To investigate the effects of weather shock on smallholder farmers’ risk preferences, we use
a moments-based approach (Antle, 1983). This approach allows us to analyze risk preferences
in the context of weather shocks by using statistical moments (mean, variance, and skew)
to describe the distribution of agricultural outcomes. Specifically, we estimate Arrow-Pratt
(AP) and Downside (DS) coefficients to measure risk aversion. In simple terms, the mean
represents average crop yields, providing insight into how changes in inputs affect production;
the variance reflects the level of risk associated with yields, and farmers experiencing high
variance may respond differently depending on their risk preferences, risk-averse farmers may
reduce input use to minimize potential losses, while not risk averse farmers may increase
input use despite uncertainty in an attempt to maximize yields; finally, skewness captures
the likelihood of poor outcomes or low yields, further informing risk behavior. Consider,
if a farmer increases input use when the yield distribution suggests a higher probability

of low yields, it could indicate a less risk-averse response to uncertainty. By examining
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these statistical moments, we can better understand how farmers’ risk preferences evolve in
response to weather shocks and how these preferences shape their adaptation strategies.

Standard economic models have no clear consensus on the stability of risk preferences.
Stigler and Beckler (1977) argue that preferences remain stable over time and that changes
in external factors or new information better explain unexpected behaviors. In the context
of weather shocks and farmers’ risk preferences, this perspective suggests that shifts in risk-
taking behavior are responses to new information or external conditions rather than changes
in true risk attitudes.

However, whether individuals become more or less risk averse is likely due to many fac-
tors. An individual’s access to resources such as weather information, agricultural-related
assets, or their participation in social institutions. Sagemiiller and Muflhoff (2020) find that
wealth, such as livestock ownership, decreases the effects of loss aversion. This supports the
notion that limited access to resources may result in increased risk aversion. Conversely,
Andrade and Iyler (2009) show that individuals’ risk aversion decreases after experiencing
loss. Individuals in this study started with more conservative bets, and after losing their first
gamble, bet significantly more than their first round. These contrasting findings underscore
the complexity of how shocks shape risk preferences.

To better understand the relationship between risk preferences and weather shocks, ex-
amining how farmers adjust their use of agricultural inputs in response to adverse weather
shocks is essential. Briissow et al. (2019) find that many smallholders in Tanzania either do
not adopt adaptation measures or rely primarily on short-term strategies in response to per-
ceived weather variability. Farmers’ perceptions of weather-related risk are often informed
by past shock experiences and their adaptive capacity, significantly shaping their decisions
on whether and how they adjust their adoption of agricultural inputs (Briissow et al., 2019).
The findings suggest that adaptive capacity, a farmer’s ability to respond to climate change
impacts, plays a critical role in shaping adaptation decisions, often outweighing intrinsic risk
preferences. This aligns with the arguments presented in Stigler and Beckler (1977), suggest-
ing that responses to climatic shocks are shaped by external factors rather than fundamental

changes in risk preferences.
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However, Briissow et al. (2019) also find that past experiences of loss due to weather shocks
influence decision-making, which could indicate that risk preferences evolve over time. Simi-
larly, Mulungu et al. (2024) suggest that repeated exposure to climatic shocks makes farmers
more risk-averse than those experiencing isolated events. These varying findings highlight
the ongoing debate over whether risk preferences remain stable or change in response to
external shocks.

While most risk studies focus on a single country, we provide evidence from three Sub-
Saharan African countries: Ethiopia, Malawi, and Nigeria. Each country has unique climate
characteristics, enabling us to evaluate heterogeneous farmer responses to weather shocks.
Ethiopia is experiencing a long-term decline in rainfall marked by strong year-to-year vari-
ability, increasingly unpredictable rains, and more frequent droughts, particularly in central
and northern regions (World Bank Group, 2021a). Malawi’s climate is vulnerable to extreme
weather events, including droughts, dry spells, and floods, which have become more frequent
and intense over the past two decades (World Bank Group and Global Facility for Disaster
Reduction and Recovery (GFDRR), 2011). Nigeria’s climate varies from humid in the south
to semi-arid in the north, with a decreasing rainfall gradient from south to north and distinct
rainy and dry seasons; the north experiences high rainfall variability, making it prone to both
floods and drought (World Bank Group, 2021b). Differences in climate expose farmers to
different types of weather-related risks, shaping their risk preferences and influencing their
adoption of agricultural inputs. By capturing this variation, our study provides a broader
understanding of how risk preferences drive responses to weather shocks in SSA.

We contribute to the literature in several key ways. First, we provide comparative evi-
dence on how weather shocks affect farmer risk preferences and input decisions across mul-
tiple countries and contributes to the growing climate risk literature by applying Antle’s
moments-based approach in new geographic contexts. Second, we explore multiple measures
of rainfall shocks and evaluate the impacts of different remote sensing weather products
on our estimates of risk preferences. Rather than reinforcing the robustness of results, our
findings suggest that the selection of weather data can substantially influence estimated risk
preferences, more so than the inclusion of shock variables. Lastly, we clarify the mixed

evidence in the literature on whether weather-related shocks shift risk preferences. This
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contributes to a clearer understanding of how weather shocks influence technology adoption
among smallholder farmers. Our contribution does not offer evidence on the stability of risk
preferences but instead demonstrates that risk preference estimates using this approach are

primarily driven by weather data choices.
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Chapter 2

Data

We use the Living Standards Measurements Study—Integrated Surveys on Agriculture
(LSMS-ISA) to examine risk preferences among smallholder farmers in Ethiopia, Malawi, and
Nigeria. To capture the weather variability and shocks, we use remotely sensed rainfall and
weather shock measures from six weather datasets (ARC2, CHIRPS, CPC, ERA5, MERRA-
2, and TAMSAT), which allow us to observe how differences in rainfall measurement affect

our estimates.

2.1 Household Survey Data

The LSMS-ISA consists of a series of longitudinal surveys collected and designed by the
World Bank in collaboration with national statistics offices (World Bank Group, 2025). The
surveys are designed to capture and improve the understanding of household and individual
welfare, livelihoods, and smallholder agriculture in SSA. We focus on Ethiopia, Malawi,
and Nigeria. Data in this region were previously characterized by a lack of high-quality
data (Bentze and Wollburg, 2024). And so the World Bank launched these surveys, in
collaboration with national statistical offices, to address persistent data gaps, particularly
in the agricultural sector, enabling nationally and sub-nationally representative samples of
agricultural production.

We use the Harmonized Panel dataset compiled by Bentze and Wollburg (2024). This
dataset brings together longitudinal, multi-topic household and agricultural survey data from
seven countries: Ethiopia, Malawi, Mali, Niger, Nigeria, Tanzania, and Uganda (Bentze
and Wollburg, 2024). The nationally representative panel tracks households, farms, and

individuals over time. The HP was created by constructing and harmonizing approximately
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150 agricultural, household, and individual indicators across household, individual, and plot
levels to provide a ready-to-use dataset for cross-country and multi-level analysis.

We use five rounds of the Ethiopia Socioeconomic Survey (ESS), designed and implemented
with the support of the LSMS-ISA program. The ESS was implemented every two years
(Central Statistical Agency of Ethiopia and The World Bank, 2012, 2015, 2016, 2019, 2021).
Respondents were visited in 2011, 2013, and 2015. In 2018, a new panel was launched to
serve as the baseline for subsequent rounds, including ESS 2021. We use 10,393 household
observations.

We use 8,351 household observations drawn from four rounds of surveys from the Malawi
Integrated Household Survey (IHS) program. The IHS launched the Third Integrated House-
hold Survey (IHS3) in 2010, which was followed by the Integrated Household Panel Survey
(IHPS) in 2013, re-interviewing the same respondents from the 2010 survey (National Sta-
tistical Office (Malawi) and The World Bank, 2012, 2014, 2017, 2020). The Fourth and
Fifth Integrated Household Survey (IHS4 and IHSP5) were implemented in 2016 and 2019,
respectively.

In Nigeria, data were collected from the General Household Survey (GHS) across four
waves: 2010/2011, 2012/2013, 2015/2016, and 2018/2019. A partial panel refresh was con-
ducted in round four, but split-off households were not tracked (National Bureau of Statistics
(Nigeria) and The World Bank, 2012, 2013, 2016, 2019). While the survey remains repre-
sentative at the regional and urban/rural levels, some areas were inaccessible in 2018/2019
due to security concerns. As a result, round four is only representative of the regions that
could be surveyed (National Bureau of Statistics, 2021a). From this dataset, we use 8,809
household observations.

Each country in our study included a household, agriculture, and community survey
(Bentze and Wollburg, 2024). The household survey contains information about the house-
hold as well as information at the individual level, including demographics such as education
of household heads and household members five years and older, health, financial inclusion,
and labor. The survey inquired about food and non-food expenditures, consumption, and
income, among others. From the agriculture survey, we took information such as agricul-

tural input use, harvest, access to extension, and plot area. We also incorporated data from
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the community survey, particularly for our instrumental variables, such as distance to the
market and distance to the nearest population center.

We selected Ethiopia, Malawi, and Nigeria because they represent different regions in SSA
and capture a more comprehensive view of the weather and environmental conditions in
SSA. Ethiopia is experiencing a long-term decline in rainfall, characterized by substantial
variability, increasingly unpredictable rains, and more frequent droughts, particularly in
central and northern regions (World Bank Group, 2021a). Malawi’s climate is marked by
exposure to extreme weather events, including droughts, dry spells, and floods, which have
become more frequent and intense over the past two decades (World Bank Group and Global
Facility for Disaster Reduction and Recovery (GFDRR), 2011). Nigeria has three distinct
climate zones, ranging from humid in the south to semi-arid in the north. Rainfall declines
along this gradient, and the northern regions experience high rainfall variability, contributing

to drought and flood risk (World Bank Group, 2021b).

2.2 Descriptive Statistics

The variables in our analysis include household size, crop yield, fertilizer application rate,
improved seed use, electricity access, and distance to population center, weekly market,
extension services and nearest major road. Household size is measured as the total number
of members in a household. Yields are measured in harvest value (USD) by plot area in
hectares. Fertilizer use is measured in kilograms per hectare. Improved seed use is calculated
as the proportion of improved seeds relative to traditional seeds. All distance variables are
measured in kilometers. Electricity access is a binary variable, where 1 indicates access and 0
indicates no access. Extension access is binary for Ethiopia and Nigeria, indicating whether
a household has access to agricultural extension services.

Table 2.1 presents summary statistics for household and agricultural variables across five
survey waves in Ethiopia. Yields fluctuate considerably over time, peaking at an average of
1627 (harvest value per hectare) in Wave 3 and reaching the lowest at 570.07 in Wave 2.
Fertilizer use demonstrates a clear upward trend, increasing from an average of 18 kg in
Wave 1 to 32 kg in Wave 5. Similarly, the adoption of improved seed varieties also shows

gradual growth, rising from 5% to 14% across the study period. Electricity access improves
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significantly, rising from just 8% in Wave 1 to 63% in Wave 5. Average distances to the

nearest population center decrease over time from 37 km in Wave 1 to 24 km in Wave 4.

Table 2.1: Summary Statistics Across Five Survey Waves in Ethiopia

Variable Wave 1 Wave 2 ‘Wave 3 Wave 4 ‘Wave 5
Mean SD Mean SD Mean SD Mean SD Mean SD
Household size 5.35 2.12 5.42 2.23 5.42 2.27 4.98 2.16 5.14 2.17
Yield 654.15 4558.82 | 570.07 2163.80 | 1627.40 5058.69 | 693.03 2406.58 | 865.78 1259.66
Fertilizer use (kg) 18.60 126.91 | 27.01 361.89 | 27.00 170.87 | 28.07 151.65 | 32.66 167.89
Improved seed use 0.05 0.18 0.06 0.16 0.07 0.18 0.10 0.23 0.14 0.26
Electricity access 0.08 0.27 0.16 0.37 0.29 0.46 0.48 0.50 0.63 0.48
Dist. to pop. center (km) 3721  26.21 | 36.02  26.30 35.96 26.29 | 2430 16.04 | 2728  19.88
Dist. to weekly market (km) | 6.60 9.59 6.54 10.53 5.98 12.80 5.25 9.14 5.31 9.34
Maize price 0.25 0.06 0.25 0.06 0.25 0.06 0.31 0.13 0.36 0.13
Extension access (1 = Yes) 0.37 0.48 0.40 0.49 0.44 0.50 0.44 0.50 0.39 0.49

Table 2.2 presents descriptive statistics for key household and agricultural variables across

four survey waves in Malawi. Fertilizer use gradually decreases over time, from an average of

60 kg in Wave 2 to 44 kg in Wave 4. The adoption of improved seed varieties is nonexistent

in Waves 1 and 2 but rises notably to 39% in Wave 3 before decreasing slightly to 27%

in Wave 4. The average distance to the nearest population center decreases notably from

approximately 34 km in Waves 1 and 2 to roughly 21 km in Wave 4. In contrast, distances to

the nearest weekly market vary significantly, peaking at an unusually high average of 28 km

in Wave 3 where Waves 1, 2, and 4 reported distances from 5 to 7 km. Distance to extension

services fluctuates notably, averaging between approximately 6 km in Wave 2 and 47 km

in Wave 4, suggesting considerable variability in the proximity of households to extension

agents across survey waves.
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Variable Wave 1 Wave 2 Wave 3 Wave 4
Mean SD |Mean SD |Mean SD | Mean SD
Household size 5.06 2.33 5.32 2.32 5.13 2.25 5.13 2.27
Yield 231.90 368.29 | 289.56 794.97 | 191.84 330.26 | 134.05 553.29
Fertilizer use (kg) 56.91 71.04 | 60.10 241.96 | 46.05 110.21 | 44.38 120.11
Improved seed use 0.00 0.00 0.00 0.00 0.39 0.38 0.27 0.32
Electricity access 0.05 0.22 0.06 0.24 0.08 0.27 0.10 0.30
Dist. to pop. center (km) 34.29  19.68 | 34.24 19.64 | 3248 18.55 | 20.95 13.24
Dist. to weekly market (km) 7.13  36.00 | 5.49 9.47 | 2822 18736 | 541  22.08
Maize price 0.22 0.03 0.22 0.03 0.21 0.02 0.21 0.02
Extension (dist. to office, km) | 11.31  56.57 | 6.56  32.12 | 12.17 59.38 | 47.40 381.10

Table 2.3 presents summary statistics for key household and agricultural variables across

four survey waves in Nigeria. Mean yield is highest in Wave 1 at 1915 (harvest value per

hectare) and lowest in Wave 4 at 546, showing large differences between waves. Fertilizer use

shows substantial variability, ranging from 45 kg in Wave 3 to 750 kg in Wave 4. Distance

to road access decreases consistently from 17 km in Wave 1 to 6 km in Wave 4. Finally,

household access to extension services shows considerable variation, dropping sharply from

24% in Wave 1 to just 1% in Wave 2, with minimal increases in subsequent waves.
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Variable Wave 1 Wave 2 Wave 3 Wave 4
Mean SD Mean SD Mean SD Mean SD

Household size 5.19 2.80 6.37 3.22 6.51 3.27 6.52 3.53
Yield 1915.17 12126.01 | 795.29 1274.46 | 1323.04 4512.03 | 546.87 1010.98
Fertilizer use (kg) 244.26  6377.501 | 11242  947.25 | 45.46 148.52 | 750.66 17583.84
Improved seed use 0.00 0.00 0.00 0.00 0.12 0.30 0.08 0.23
Electricity access 0.31 0.46 0.34 0.47 0.44 0.50 0.34 0.48
Dist. to pop. center (km) 25.82 21.05 22.23 15.12 29.48 19.79 23.24 17.59
Dist. to weekly market (km) | 71.20 38.89 70.82  39.07 71.39 38.61 60.67 45.11
Dist. to road (km) 17.41 18.57 7.37 7.84 7.15 7.71 6.04 8.00
Maize price 0.34 0.14 0.34 0.14 0.34 0.14 0.32 0.11
Extension access (1 = Yes) 0.24 0.43 0.01 0.12 0.03 0.18 0.04 0.20
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2.3 Remote Sensing Weather Data

Accurate weather measurement is crucial for understanding how smallholders respond to
weather shock and how it influences their risk preferences and input decisions. However,
capturing rainfall accurately remains a persistent challenge in SSA (Josephson et al., 2025).
Reliable ground-based weather data is often sparse in this region, prompting researchers to
rely on remotely sensed weather data to fill critical data gaps. While these sources improve
coverage, they vary considerably in how they estimate rainfall. Discrepancies across weather
datasets may affect the reliability and interpretation of empirical models examining the
relationship between weather shocks and risk preferences.

To account for the impact of different remote sensing technologies, following Josephson
et al. (2025), we include six different remote sensing weather products: Climate Hazards
Group Infrared Precipitation with Stations (CHIRPS), Climate Prediction Center (CPC),
European Centre for Medium-Range Weather Forecasts Reanalysis v5 (ERA5), Tropical Ap-
plications of Meteorology using SATellite data and ground-based observations (TAMSAT),
African Rainfall Climatology version 2 (ARC2), and the NASA Modern-Era Retrospective
analysis for Research and Applications (MERRA-2). Measurement errors that exist in each
weather dataset can influence the results of models examining the relationship between
weather and smallholder agricultural productivity (Josephson et al., 2025). In our analysis,
we use four metrics: rainfall (measured as total, mean, and lagged rainfall) and weather
shock (measured as anomalies such as deviation in rainy days, longest dry spell, and Z-score
of total seasonal rainfall).

Our remote sensing weather products derive rainfall data using different methodologies,
algorithms, and technologies. CHIRPS combines satellite-based Cold Cloud Duration (CCD)
estimates with rain gauge data, producing preliminary and refined rainfall estimates (Funk
et al., 2015). CPC generates gauge-based rainfall estimates using spatial interpolation tech-
niques to account for elevation changes, blending data from multiple sources (Michler et al.,
2021). ERASJ is a reanalysis dataset that integrates weather observations from stations, satel-
lites, and other sources through data assimilation (Hennermann and Berrisford, 2020). ARC2

blends rain gauge data with satellite infrared data for Africa (Novella and Thiaw, 2013), while
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TAMSAT uses satellite and rain gauge data (Tarnavsky et al., 2014). MERRA-2 provides
rainfall and temperature estimates using satellite and weather station data (Bosilovich et al.,
2016).

Rainfall distributions vary significantly across Ethiopia, Malawi, and Nigeria, as well as
across the six weather data sets used in our analysis. These differences reflect underlying
weather variability and methodological discrepancies in measuring and estimating rainfall.
Recognizing this variation is essential for accurately identifying the relationship between
rainfall and yield outcomes and interpreting risk preference estimates, which are highly
sensitive to differences in rainfall estimates, distribution, and intensity.

In Ethiopia, the rainfall distributions from all six weather data sources show distinct
patterns in Figure 2.1. The CPC dataset has a sharp peak at lower rainfall values with a right-
skewed distribution, indicating that it records lower precipitation amounts most frequently
and with less variability. CHIRPS also peaks at lower values but has a wider distribution,
capturing a broader range of rainfall amounts. ARC2, MERRA-2, and TAMSAT show more
variability, with more spread-out distributions. ERA5 has the most extensive distribution,
frequently covering higher rainfall values and including more extreme events. This suggests
that ERAbS estimates greater rainfall variability compared to CPC and CHIRPS. ERA5
produces such large outliers because it captures intense bursts of rainfall, or rain bombs,

which can lead to overestimating total rainfall.



24

Ethiopia (n = 10,674)
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Figure 2.1: Ethiopia: Rainfall distributions from ARC2, CHIRPS, CPC, ERA5, MERRA-2, and
TAMSAT.

In Malawi, Figure 2.2 shows a similar pattern. CPC produces a large proportion of
lower rainfall estimates, indicating a tendency to capture smaller amounts of precipitation.
CHIRPS, ARC2, and MERRA-2 have wider distributions, reflecting greater variability in
recorded rainfall. ERAb5 again captures higher values but with fewer extreme outliers than
in Ethiopia, indicating fewer intense, localized rainfall events. But still, differences across
datasets are large enough to influence our risk preference estimates. In Nigeria, Figure 2.3
shows tighter distributions than Ethiopia and Malawi. CPC still records a higher proportion
of low rainfall estimates, but the overall distribution is more narrow than in Ethiopia and
Malawi. ARC2, CHIRPS, MERRA-2, and TAMSAT capture greater variability across higher
values. ERAD still extends into higher rainfall values, though much less pronounced than in

Ethiopia and Malawi.
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Malawi (n = 8,897)
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Figure 2.2: Malawi: Rainfall distributions from ARC2, CHIRPS, CPC, ERA5, MERRA-2, and
TAMSAT.

Nigeria (n = 9,145)
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Figure 2.3: Nigeria: Rainfall distributions from ARC2, CHIRPS, CPC, ERA5, MERRA-2, and
TAMSAT.

The differences in rainfall distributions across Ethiopia, Malawi, and Nigeria reflect un-
derlying variability in weather between the countries. Ethiopia’s broader distributions and
outliers, especially in ERAB, indicate occurrences of localized, intense rainfall. While Malawi
and Nigeria also display variation across data sources, the differences are more moderate,

indicating comparatively less extreme precipitation patterns. These differences underscore
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the need to consider multiple weather datasets when using them in empirical models. By
comparing results across different remote sensing products, we can assess the robustness
of our results and better understand how variation in rainfall measurement may shape our

conclusions about smallholder risk preferences after weather shock.
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Chapter 3

Conceptual and Empirical Model

To assess how weather shocks influence changes in risk preference, we adopt a moments-
based approach developed by Antle (1983, 1987), which has been widely used in the literature
to estimate risk attitudes (Groom et al., 2008; Bozzola and Finger, 2021; Mulungu et al.,
2024). This framework allows us to examine how fertilizer and improved seed influence the
expected value of crop yield and its variability and downside risk. By examining the first
three moments (mean, variance, and skewness), the approach allows us to assess how input
choices shape risk in crop production and how weather shocks influence production decisions
through their effect on farmers’ risk attitudes.

The Antle (1983, 1987) framework enables us to evaluate AP and DS risk aversion by
examining how input use impacts household crop yields. Using AP and DS to measure risk
attitude helps us avoid input-specific risk aversion measures (Simtowe et al., 2006; Groom
et al., 2008; Bozzola and Finger, 2021). The first moment, mean, represents the average crop
yield, and changes in input use indicate how increased inputs influence crop production.
The higher moments, variance, and skewness capture different dimensions of production
risk. Variance reflects output variability and measures production risk: farmers may be less
risk-averse if they increase input use despite uncertainty. Conversely, if the farmer reduces
input use when output variability is high, they may be more risk-averse, as lower climate
adaptation strategies are associated with greater risk aversion (Mulungu et al., 2024). Skew
captures downside risk, representing the likelihood of poor outcomes such as low yields. A
positively skewed yield distribution suggests a higher probability of extreme low yields, which

may lead risk-averse farmers to adjust their input use to mitigate potential losses.
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Through analyzing how input choices influence these statistical moments, we capture how
farmers respond to risk in crop production, gaining insight into their decision-making under

uncertainty.

3.1 Addressing Endogeneity

As we are interested in input use, we must address endogeneity issues from fertilizer and
improved seed use that may bias our estimates. These variables are likely correlated with
the error term in our model due to omitted variable bias, reverse causality, and measurement
error. Without accounting for this, our estimates of risk preference and production outcomes
may be inconsistent and unreliable.

Endogeneity may result from unobserved heterogeneity in farmer characteristics such as
farm traits, market access, or other economic factors such as household wealth or input
prices. This introduces omitted variable bias when these unobserved factors are correlated
with input use and yield. For example, wealthier households may be more likely to be able
to afford and apply higher amounts of fertilizer and improved seed, a factor that influences
yield independently of inputs and would be unobserved in our model, resulting in omitted
variable bias. If these factors are not included in the model, their influence is incorrectly
attributed to the observed inputs, biasing the estimated effects.

Reverse causality poses another complication in our model. If farmers make input decisions
based on expected yield, causality may run in both directions. A farmer anticipating higher
yields may be more willing to invest in increased fertilizer and improved seed use to maximize
their returns, whereas a farmer expecting lower yields may be more hesitant to apply more
inputs to minimize potential losses. Moreover, consistent under use of fertilizer and improved
seeds may contribute to sustained low yields. If this pattern is persistent over time, this could
conflate the causal relationship between input use and yield outcomes.

Measurement error in self-reported survey data, particularly regarding input quantities and
yields, introduces additional bias. Inaccurate farmer responses can weaken our identification

of the true relationship between input use and production risk.



29

3.1.1 Instrumental Variables

Our key variables of interest for understanding risk preferences, fertilizer application rate
and improved seed proportion, introduce endogeneity to our model, as they may be correlated
with the error term. Decisions on applying these inputs are not random but are rather
influenced by unobserved factors such as farm characteristics, infrastructure, market access,
and economic factors (Jebesa, 2019; Taramuel-Taramuel et al., 2023). We include several
instrumental variables (IVs) in our model to address this.

The five endogenous variables, fertilizer application rate, improved seed proportion, the
square of fertilizer application, the square of improved seed proportion, and the interaction of
fertilizer and improved seed use, are instrumented using country-specific IVs, chosen based
on the country context and data availability. The full list of instruments by country is

presented in Figure 3.1

Instrumental Variable Ethiopia Malawi Nigeria
Distance to population center v v v
Distance to weekly market v v v
Distance to input supplier v

Distance to major road
Access to extension services
Electricity access

Regional maize price

SNENENEN
SNENENEN
ANENENENEN

Lagged rainfall

Figure 3.1: Instrumental Variables Used by Country

In Ethiopia, we select distance to population center, distance to nearest weekly market,
access to extension services, regional maize price, and lagged rainfall, following the approach
in Mulungu et al. (2024), who use similar instruments to address endogeneity. Distance to
market and population center capture the transportation costs associated with acquiring
inputs. Households located further from markets may face higher prices or lower availabil-
ity of inputs, affecting both the level, type, and quality of input use. Access to electricity
can reflect infrastructure development, influencing farmers’ access to and propensity to use
inputs. Access to extension services is associated with the likelihood that a farmer adopts

inputs like fertilizer or improved seeds as extension officers offer information about agricul-
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tural practices and often advise farmers on the use of these inputs. Maize prices reflect
market conditions that affect expectations about the potential value of output, which may
affect potential investments in inputs during the cropping season. We include lagged rainfall
as past weather outcomes may influence farmers’ expectations about their productivity and
potential conditions. If a farmer is expecting poor yields due to previous weather conditions,
they may adjust their input use accordingly. The inclusion of these I'Vs is reasonable in cap-
turing factors that may influence farmers’ decisions to adopt fertilizer and improved seeds
while not directly impacting yield outcomes.

For Malawi and Nigeria, our IVs are slightly different due to differences in the surveys
and availability for each country. We consistently include distance to population center,
electricity access, access to extension services, regional maize price, and lagged rainfall as
instruments across all country models. However, in addition to these IVs, in Malawi, we
also include distance to daily market and distance to nearest input supplier. Additionally, in
Nigeria, we include distance to nearest major road. The justification for selecting these IVs
remains the same: we select them to reflect access to services, markets, and infrastructure.
Distance to daily markets and input suppliers in Malawi and distance to major roads in

Nigeria similarly capture variation in access and transaction costs likely to affect input use.

3.2 Calculating Arrow-Pratt (AP) and Downside (DS) Risk Coefficients

Having addressed potential endogeneity in input use, we examine farmers’ input decisions
using a utility-maximizing framework that incorporates the moments of the yield distribu-
tion. We assume that farmers’ behavior is consistent with expected utility theory (Just
and Peterson, 2010), choosing inputs to maximize expected utility as a function of the
distribution’s moments. Farmers’ input decisions can be modeled using the von Neumann-

Morgenstern utility framework:

max  E[U(Y)] = Flm(X). p(X).. .. pn(X)] (3.1)

where U(Y') represents the utility function and Y represents yield, pi, . .., i, represent the

statistical moments of yield distribution, and X represents the same vector of explanatory
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variables (household size, the fertilizer application rate, the proportion of improved seed use,
the squared terms of fertilizer and improved seed use, their interaction, and rainfall) for each
moment. We derive the moments using the procedure below, beginning with estimating the
expected crop yield, which is the foundation for obtaining higher-order moments used in our
risk analysis.

This procedure is applied to Ethiopia, Malawi, and Nigeria using household-level panel
data and multiple rainfall and weather shock measures (total seasonal rainfall, mean daily
rainfall, deviation in rainy days, Z-score of total seasonal rainfall, and longest dry spell) from
six weather datasets. To account for differences in how these datasets capture rainfall and
how they may influence our estimates, we estimate the models across over 200 specifications,
varying the weather dataset and the specific rainfall or shock metric used. To address
potential bias from unobserved heterogeneity and control for time-invariant household-level
characteristics, we use the panel structure of our data to estimate the moment equations

using two-way fixed effects with instrumental variables.

Yt = F( Xty Bty Riyy Zna; ) + an + Tj + € (3.2)

Table 3.1: Key Variables Included in the Yield Estimation Model

Variable Description

Yht Crop yield for household A in year ¢

Xht Vector of inputs: fertilizer use, improved seed use, their squares, and interaction
Ry Rainfall

R, Square of rainfall

Int Household size

ap, Household fixed effects

T; Year fixed effects

€nt Error term

First, crop yield is regressed on household size, rainfall, the square of rainfall, fertilizer

application rate and improved seed proportion, including their squares and the interaction of
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these inputs. The predicted values from this equation serve as the basis for calculating higher
moments of the yield distribution, specifically variance and skewness. Following (Antle, 1983)
and (Groom et al., 2008), we compute these moments by squaring and cubing the predicted
yield values. We do not include higher-order moments beyond skewness, as coefficients
associated with these moments are not statistically significant (Antle, 1983; Groom et al.,
2008). The mean of the yield distribution indicates how input use affects average crop
yield. However, mean alone is not used to infer risk and does not provide information about
production risk. Risk is captured in the higher moments. We use this equation to examine
how fertilizer and improved seeds impact crop yield and to obtain predicted values that are
then used to calculate the second and third moments of the yield distribution.

The next step is to calculate the second moment, variance, which helps us to understand
production risk. To do this, we use the same set of explanatory variables included in the
first moment equation. We square the residuals from the first stage yield regression to
estimate the variance of yield for households. Then, we regress the squared residual term on
our explanatory variables, fertilizer use, improved seed proportion, their squared terms and
interaction, rainfall, household size, and fixed effects. This equation provides information

about production risk and represents how input use affects the variability of yield.

(ént)? = g(ne, Rty By Zits p) + cn + Ti + vt (3.3)

We then follow a similar process for estimating the skewness of yield. To estimate the
third moment, we raise the residuals to the third power and regress the residual term on
the explanatory variables used in the previous steps to give us the skewness of yield. By
evaluating skewness and asymmetry in yield outcomes, we can examine how inputs influence

downside risk.

(ént)”® = W(pe, But, Rayy Znt; @) + i + Ty + e (3.4)

The estimated coefficients (9, p, ¢) from Equation 3.2, Equation 3.3, and Equation 3.4

are then used to calculate the partial derivatives of each moment with respect to input use,
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fertilizer, and improved seed use. Shown by the following first-order conditions where &
represents each input :
Ops()

O (z) Ipa(z)
aZL‘k —Qlk—i-ggk a’Ek +03k a'L‘k +Uk (35)

These parameters o5, and 635, can be estimated using a third-order Taylor series expansion
of the utility function around the expected output, p;. As we can approximate the first-
order conditions using a Taylor series expansion, we follow Antle (1983, 1987) and Chavas
(2004) to estimate a series of derivatives for each input. These derivatives capture the
sensitivity of each moment of the yield distribution to changes in input use. We calculate
six expressions, one for each of the three moments (expected yield, variance, and skew) for
fertilizer and improved seed use. These derivatives provide insight into how input choices
influence average yield, production risk, and downside outcomes.

The most critical aspect of the model is that the estimated parameters, 6, and 65, are
interpretable as the AP and DS aversion coefficients. Specifically, 5, corresponds to the
AP risk aversion coefficient, which measures the degree to which a farmer is averse to risk.
In contrast, 63, captures downside risk aversion, reflecting the farmer’s sensitivity to yield
distributions that are skewed toward negative outcomes (Antle, 1987; Chavas, 2004; Groom
et al., 2008).

A positive AP coefficient indicates that the farmer is risk averse, preferring to minimize
exposure to uncertain yield outcomes. In this case, an increase in yield variance raises the
cost of bearing risk, leading the farmer to adopt risk-reducing strategies. Conversely, a
negative AP coefficient indicates not risk-averse behavior, where the farmer is willing to
accept greater yield variability in pursuit of higher potential returns.

A positive downside risk aversion coefficient indicates that the farmer is averse to negative
deviations from expected yield. In other words, the farmer is more sensitive to potential
yield shortfalls than to yield gains. As a result, risk-averse farmers are more likely to adopt
precautionary measures such as conservative input use to avoid loss. Such farmers are also
less likely to engage in strategies that increase the probability of extreme negative outcomes,

even if such strategies offer potential for high yields.
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The AP absolute risk aversion coefficient can be approximated by:

o B orwyome)

~— = 20 3.6
E (%) OF (2)/0p () ? (3.6)
The downside risk coefficient is approximated by:
E(5) or@)/o

- E(Z) T OF(x)/0p(x)

We use a three-stage least square (3SLS) model to obtain the population average AP
and DS risk aversion measures.To ensure consistent interpretation of risk preferences across
inputs, we constrain the risk parameters by setting 0oy, = Oy and s, = 05. This constraint
reflects the assumption that while different inputs can affect the yield moments to varying
degrees, a farmer’s underlying risk preference remains constant across inputs. So, the AP and
DS coefficients reflect overall attitudes towards those moments and are not input-specific.

Our model includes several instruments to address the endogeneity issue introduced by
fertilizers and improved seed inputs. However, we recognize that the inclusion of IVs in
risk analysis is still debated in empirical applications (Staiger and Stock, 1997; Heckman
and Urzua, 2010; Larcker and Rusticus, 2010). As previously discussed in Chapter 3, in
Ethiopia, we distance to population center, distance to the nearest weekly market, access to
extension services, access to electricity, regional maize price, and lagged rainfall. For Malawi
and Nigeria, the set of instrumental variables differs slightly, though we still use distance
to population center, electricity access, access to extension services, regional maize price,
and lagged rainfall. In addition to these, in Malawi, we include distance to the nearest daily
market and distance to the nearest input supplier, while in Nigeria, we include distance to the
nearest major road. We assume that these exogenous variables are correlated with fertilizer
and improved seed use decisions but are exogenous to risk preferences. Additionally, we
obtain robust standard errors by bootstrapping and resampling over individuals to account
for heteroskedasticity.

We examine differences between households that have experienced weather shocks and

those that did not by interacting the weather shocks with the input variables in the second
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and third moment equations. This allows us to estimate whether exposure to weather shocks
influences the AP and DS risk aversion in production decisions.

The model is augmented by incorporating lagged weather shock indicators, 2 and 3,
which capture exposure to weather two and three years prior. Through this, we can exam-
ine whether lagged weather shocks influence risk preferences and if a series of consecutive
weather shocks may compound their impact on risk preferences. We capture this by includ-
ing interaction terms that reflect two and three year consecutive weather shocks with the AP
and DS coefficients. Positive coefficients on these interaction terms suggest that the com-
pounded effect of repeated weather shocks increases farmers’ sensitivity to risk, potentially

leading them to avoid taking risks.
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Chapter 4

Results

In this section, we present the results of our empirical analysis on how inputs, fertilizer
and improved seed use, influence risk preferences among smallholder farmers in Ethiopia,
Malawi, and Nigeria. We estimate how input use affects the mean, variance, and skew of
crop yields using the moments-based approach developed by Antle (1983). We used these
estimates to calculate AP and DS coefficients. These AP and DS risk aversion coefficients
are interpreted as farmers’ risk preferences.

We begin by estimating the first three moments (mean, variance, and skew) of the crop
yield distribution for each household. The moments are derived using household and year
fixed effects for a set of regressions using household-level data from the LSMS-ISA, as well
as data from six different remote sensing weather sources (CHIRPS, CPC, ERA5, TAMSAT,
ARC2, and MERRA-2). From these datasets, we took two rainfall metrics (total rainfall,
mean daily rainfall, and lagged rainfall) and several weather shock metrics (deviations in
rainy days, deviations in percent rainy days, deviations in no rain days, longest dry spell,
Z-score of total rainfall, and lagged weather shock up to three past periods). The predicted
values are the foundation for calculating the AP and DS risk aversion coefficients in three-
stage least square regressions to reflect risk preferences with no shock, after shock, and after
consecutive shock.

We run more than 200 model specifications, varying by rainfall and shock measures across

six weather datasets.

4.1 Arrow-Pratt and Downside Risk

We estimate three models to evaluate how weather shocks influence risk preferences:
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e Model 1 provides baseline estimates of AP and DS coefficients without including shock

variables, capturing risk preferences in the absence of weather shock.

e Model 2 introduces weather shocks by interacting them with the second and third

moments of the production function to assess whether shocks modify risk behavior.

e Model 3 extends this by including lagged shocks to capture the effect of repeated or

consecutive weather shocks on farmers’ risk preferences.

4.2 Overall Arrow-Pratt (AP) and Downside Risk (DS) Estimates by Model

4.2.1 Ethiopia

We begin with Ethiopia, where we run 54 different regressions. Table 4.1, summarizes our
results, showing that the range of estimated AP and DS coefficients vary considerably across
weather datasets rather than model structure. This indicates that our results are primarily
driven by data choice and not by the inclusion or exclusion of weather shock. Overall, we
observe substantial variation in the magnitude and sign of estimated risk preferences within
models. The occurrence of both positive and negative values reflects a mix of both risk-averse
and not risk-averse behavior, as positive coefficients indicate risk aversion. So, our estimates
reveal conflicting insights on risk preferences.

In Model 1, which excludes weather shocks, the estimated AP coefficients range from
—0.7027 to 0.2947, while DS coefficients ranged from —0.0044 to 0.0042. The occurrence
of both positive and negative values reflects a mix of both risk-averse and not risk-averse
behavior, as positive coefficients indicate risk aversion. At baseline, the direction of estimated
risk preferences varies significantly, suggesting a difference in how each specification for
Model 1 captures farmers’ risk aversion in the absence of weather shocks.

After introducing our shock variables in Mlodel 2, we observe a pattern similar to Model 1
where there are occurrences of both positive and negative risk aversion coefficients, indicating
a mix of risk-averse and not risk averse preferences among farmers. AP coefficients ranged

from —0.7099 to 0.2902 and DS coefficients ranged between —0.0043 to 0.0043. Between the
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Model 1 and Model 2 results, the similarity in the coefficient ranges demonstrates that
risk preferences are relatively stable after including a single period shock.

Risk preferences appear stable after adding consecutive weather shocks in Model 3.
Again, AP and DS coefficients indicated different risk preferences, —0.7153 to 0.3039 and
—0.0045 to 0.0046, respectively. Although results appear stable across models, the varia-
tion in estimates within models underscores how specification choices drive risk preference
estimates.

While the inclusion of shocks may not significantly impact risk estimates, the fact that the
shocks themselves do not drive these estimates limits our ability to draw reliable conclusions
about the impact of weather shocks on risk preferences. Instead, variation in estimates
across weather datasets makes it clear that data choice significantly shapes estimated risk

preferences.
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Table 4.1: Ethiopia: AP and DS Coefficient Ranges by Model and Remote Sensing Product

Model AP Coefficients DS Coefficients
Overall

Model 1 [-0.7027, 0.2947] [-0.0044, 0.0042]

Model 2 [-0.7099, 0.2902] [-0.0043, 0.0043]

Model 3 [-0.7153, 0.3039] [-0.0045, 0.0046]
ARC2

Model 1 [-0.2473, -0.2207] [0.0048, 0.0049]

Model 2 [-0.2523, -0.2169] [0.0048, 0.0049]

Model 3 [-0.2556, -0.2166] [0.0048, 0.0049]
CHIRPS

Model 1 [0.0365, 0.0365] [0.0001, 0.0001]

Model 2 [0.0367, 0.0367] [0.0001, 0.0001]

Model 3 [0.0376, 0.0376] [0.0001, 0.0001]
CPC

Model 1 [-0.2022, -0.2009] [-0.0036, -0.0036]

Model 2 [-0.2061, -0.199] [-0.004, -0.0034]

Model 3 [-0.1972, -0.1929] [-0.0033, -0.0031]
MERRA-2

Model 1 [-0.2059, -0.2059] [-0.0014, -0.0014]

Model 2 [-0.206, -0.2057] [-0.0014, -0.0014]

Model 3 [-0.206, -0.2058] [-0.0014, -0.0014]
TAMSAT

Model 1 [-0.0446, -0.0446] [-0.0, -0.0]

Model 2 [-0.0453, -0.0453] [-0.0, -0.0]

Model 3 [-0.0468, -0.0468] [-0.0, -0.0]

As shown in Table 4.1, risk preferences span a wide range within models, from —0.7153
to 0.3039 for AP and —0.0045 to 0.0046 for DS. The results demonstrate how this variation
emerges from changes in weather data choices and reveals inconsistencies in the sign and
magnitude of estimated risk preferences across these choices. For instance, regressions using
CHIRPS consistently produce positive AP and DS estimates, suggesting that farmers are
risk averse. In contrast, ARC2, CPC, and MERRA-2 consistently produce negative values,
suggesting that farmers are not risk-averse. Further, estimates from TAMSAT are close to

zero, indicating that farmers are closer to being risk-neutral. These discrepancies highlight
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that conclusions about farmers’ risk preferences may be driven more by differences in the

data than the actual effects of weather shocks, making estimates unreliable.

+ p<005 +ns. =+ p<0.05

| I seeeee |y

]
G
LN B BN B BN NN NN BN BN AR BN EE AN AN B R I O N I —.2
-4
-6
*Weather Product*
TAMSAT
MERRA-2
ERA5
CPC
CHIRPS

ARC2

Arrow—Pratt (AP)

*Rainfall (Shock)*
Longest Dry Spell
Deviation in Rainy Days
Z-Score of Total Seasonal
None

*Rainfall (Production)*
Total Seasonal

Mean Daily

*Model*

Model 3

Model 2
Model 1

0 8 16 24 32 40 48 56
Specification # — sorted by effect size

+ p<005 +ns. - p<0.05

IEEEREEEEENEEN s

0

-.005

*Weather Product*
TAMSAT
MERRA-2

ERA5

CPC

CHIRPS

ARC2

Downside Risk (DS)

*Rainfall (Shock)*
Longest Dry Spell
Deviation in Rainy Days
Z-Score of Total Seasonal
None

*Rainfall (Production)*
Total Seasonal

Mean Daily

*Model*

Model 3

Model 2
Model 1

0 8 16 24 32 40 48 56
Specification # — sorted by effect size

Figure 4.1: Ethiopia: Estimated AP and DS Risk Coefficients across Model Specifications
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This pattern is further illustrated in the coefficient plots in Figure 4.1. Across both AP
and DS estimates, the regression results tend to cluster tightly by weather dataset, with
each weather dataset producing estimates with similar signs and magnitude. This clustering
suggests the role that weather data choices play in our risk estimates. We do not observe
this pattern across other specification choices, such as rainfall shock or model. Instead, the
results appear more scattered or random within each dataset cluster, demonstrating that

other specification choices are not driving estimated risk preferences.

4.2.2  Malaw:

In Malawi, where we ran 84 model specifications, the conclusions are similar to Ethiopia.
As with Ethiopia, the results show that estimated risk preferences appear stable across
models but vary significantly across weather datasets. As shown in Table 4.2, AP coefficients
range from —0.7153 to 0.3039, and DS coefficients range from —0.0045 to 0.0046.

In Model 1, AP coefficients range from —0.7027 to 0.2947, and DS coefficients range from
—0.0044 to 0.0042. We observe both positive and negative values, which suggests a mix of
risk-averse and not risk-averse behavior among farmers. This variation in estimates within
models like Ethiopia points to specification sensitivity.

After incorporating shock variables in Model 2, the estimates remain similar with AP
coefficients between —0.7099 and 0.2902 and DS from —0.0043 to 0.0043. These results
continue to reflect a combination of risk-seeking and risk-averse estimates. The similarity in
ranges across Models 1 and 2 suggests that the inclusion of a single-period shock does not
shift the overall pattern of risk preferences.

Model 3 estimates remain consistent after including consecutive shocks. AP estimates
range from —0.7153 to 0.3039 and DS from —0.0045 to 0.0046, reinforcing that adding

weather shocks does not drive our risk estimates.
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Table 4.2: Malawi: AP and DS Coefficient Ranges by Model and Remote Sensing Product

Model AP Coefficients DS Coefficients
Overall

Model 1 [-0.7027, 0.2947] [-0.0044, 0.0042]

Model 2 [-0.7099, 0.2902] [-0.0043, 0.0043]

Model 3 [-0.7153, 0.3039] [-0.0045, 0.0046]
ARC2

Model 1 [0.0075, 0.0077) [-0.0001, -0.0001]

Model 2 [0.0076, 0.0078] [-0.0001, -0.0001]

Model 3 [0.0076, 0.0078] [-0.0001, -0.0001]
CHIRPS

Model 1 [0.2926, 0.2947] [-0.0044, -0.0044]

Model 2 [0.2689, 0.2902] [-0.0043, -0.0039]

Model 3 [0.2793, 0.3039] [-0.0045, -0.0042]
CPC

Model 1 [-0.0863, -0.0591] [0.0007, 0.0009]

Model 2 [-0.0873, -0.0588] [0.0007, 0.0009]

Model 3 [-0.0885, -0.0589] [0.0007, 0.001]
ERAS5

Model 1 [0.2104, 0.2577] [0.0018, 0.0024]

Model 2 [0.1974, 0.2572] [0.002, 0.0026]

Model 3 [0.1486, 0.2485] [0.0017, 0.0025]
MERRA-2

Model 1 [0.0242, 0.0244] [-0.0017, -0.0017]

Model 2 [0.0242, 0.0245] [-0.0017, -0.0017]

Model 3 [0.0243, 0.0248] [-0.0017, -0.0017]
TAMSAT

Model 1 [-0.7027, -0.6928] [0.0042, 0.0042]

Model 2 [-0.7099, -0.6389] [0.0035, 0.0043]

Model 3 [-0.7153, -0.574] [0.0027, 0.0046]

Similar to Ethiopia, risk estimates in Malawi vary considerably across weather datasets,

as shown in Table 4.2. Positive AP and DS estimates are consistently produced by ARC2,
CHIRPS, ERA5, and MERRA-2, indicating risk aversion among farmers. In contrast, CPC

and TAMSAT suggest that farmers are not risk averse by producing negative risk esti-

mates. However, between Ethiopia and Malawi, ARC2 changes from negative to positive,

demonstrating that estimated risk estimates may also be sensitive to differences in how rain-
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fall is measured across countries. As shown in Figure 2.1 and Figure 2.2, ERAb5 captures
heavy, localized rainfall events, or rain bombs. Rain bombs are captured more frequently in
Ethiopia, which may drive these differences in risk estimates. This adds further evidence of
the sensitivity of risk preference estimates to the choice of weather data and reinforces the
broader challenge of drawing reliable conclusions when shifts in estimates stem from changes
in specification rather than actual changes in risk preferences.

The coefficient plot for Malawi, Figure 4.2, illustrates a pattern comparable to the one
observed in Ethiopia, Figure 4.1. Regression results tend to be grouped by weather dataset,
each producing relatively similar estimates. This trend supports the conclusion that variation
in estimated risk preferences is driven more by weather data choices than the inclusion of

shock.
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Figure 4.2: Malawi: Estimated AP and DS Risk Coefficients across Model Specifications
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4.2.3  Nigeria

Finally, we turn to Nigeria, where we estimate 84 different model specifications. As shown
in Table 4.3, AP coefficients range from —1.7071 to 0.5032, while DS coefficients range
from —0.0161 to 0.0587 across all models. This extensive range of estimates again reflects
conflicting insights on risk preferences among farmers, suggesting both risk-averse and not
risk-averse attitudes. As in Ethiopia and Malawi, including shock and consecutive shock
has little influence on overall risk estimates. Consistent with the findings of other countries,
Nigeria’s risk estimates appear to be primarily driven by the choice of weather dataset.

The distribution of AP and DS coefficients in Table 4.3 again points to the choice of
weather dataset as a key driver of the results. For instance, estimates from CHIRPS and
TAMSAT are consistently positive, and estimates from ARC2, CPC, ERA5, and MERRA-2
are all negative. These patterns mirror those observed in Ethiopia and Malawi, confirming
that the impact of weather shocks on risk preferences among farmers is not being effectively

captured in our approach, leaving the true nature of farmers’ risk preferences uncertain.



Table 4.3: Nigeria: AP and DS Coefficient Ranges by Model and Remote Sensing Product

Model AP Coefficients DS Coefficients
Overall

Model 1 [-1.6784, 0.5032] [-0.0161, 0.0577]

Model 2 [-1.6975, 0.5032] [-0.0161, 0.0584]

Model 3 [-1.7071, 0.5031] [-0.0161, 0.0587]
ARC2

Model 1 [-0.8554, -0.6653] [0.0251, 0.0307]

Model 2 [-0.8534, -0.6579] [0.0248, 0.0306]

Model 3 [-0.8541, -0.6571] [0.0248, 0.0307]
CHIRPS

Model 1 [0.3805, 0.5032] [-0.0161, -0.0139]

Model 2 [0.3805, 0.5032] [-0.0161, -0.0139]

Model 3 [0.3805, 0.5032] [-0.0161, -0.0139]
CPC

Model 1 [-1.6784, -1.2933] [0.0436, 0.0577]

Model 2 [-1.6975, -1.285] [0.0433, 0.0584]

Model 3 [-1.7071, -1.2867] [0.0434, 0.0587]
ERAS5

Model 1 [-0.2979, -0.1416] [0.0112, 0.0161]

Model 2 [-0.2976, -0.1417] [0.0111, 0.0161]

Model 3 [-0.2977, -0.1419] [0.011, 0.0161]
MERRA-2

Model 1 [-0.8069, -0.4542] [0.0214, 0.0303]

Model 2 [-0.8096, -0.4523] [0.0212, 0.0304]

Model 3 [-0.8169, -0.4506] [0.0211, 0.0308]
TAMSAT

Model 1 [0.0338, 0.0869] [-0.0004, 0.0022]

Model 2 [0.033, 0.0874] [-0.0005, 0.0022]

Model 3 [0.0323, 0.0876] [-0.0005, 0.0022]
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In Nigeria, Figure 4.3 reaffirms a key finding in our study. Across all three countries,

risk preference estimates are highly sensitive to specification choices, particularly the choice

of weather dataset. Each dataset’s results are relatively consistent in sign and magnitude

across models, demonstrating that estimates do not reflect the impact of weather shock but

rather just a specification change. Unlike weather data specification choices, the measure or

inclusion of weather shock produces no clear or consistent pattern in the estimates, meaning
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that we cannot draw reliable conclusions about the effect of weather shocks on farmers’ risk
preferences. This persistent finding across Ethiopia, Malawi, and Nigeria underscores the
critical role of data selection in empirical approaches seeking to estimate risk preferences,

highlighting the evident sensitivity of results to specification choices.
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4.3 Discussion

Our results from Ethiopia, Malawi, and Nigeria demonstrate more about the influence
of different weather datasets than they do about the stability of risk after shock. While
we observe variation in estimated risk preferences, the direction and magnitude of these
estimates are heavily dependent on the specific weather dataset used. This sensitivity limits
our ability to draw conclusions about the true nature of farmers’ risk preferences and their
relationship to weather.

But still, interpreting these coefficients, the signs of the AP and DS estimates provide
insight into farmers’ risk preferences. The AP coefficient reflects aversion to outcome vari-
ability, while the DS coefficient captures sensitivity to losses specifically. Positive values for
either indicate risk-averse behavior, whereas negative values suggest that farmers are risk-
neutral or even risk-seeking. In Ethiopia, we find that the choice of remote sensing product
significantly influences the direction of these coefficients. For instance, regressions using
CHIRPS and CPC consistently produce positive AP estimates, suggesting that farmers are
risk averse. In contrast, specifications based on TAMSAT and ARC2 generate negative AP
coefficients, implying that farmers are not risk-averse under those datasets. These conflicting
findings underscore how selecting a specific remote sensing product can lead to fundamen-
tally different conclusions about farmers’ behavior, even when all other model components
remain constant.

Moreover, while we expect the AP and DS coefficients to have the same sign, they often
differ within weather datasets. A risk-averse farmer should be both averse to variability
and downside losses; however, our results show that these risk measures do not always align.
This inconsistency further highlights that the variation in estimated risk preferences is shaped
more by the choice of weather data than by the presence of shock.

The coefficient ranges across countries reinforce the importance of specification choice in
shaping estimated risk preferences. In all three countries, we observe both positive and
negative values for AP and DS coefficients across models, regardless of whether shocks are
included. This consistency suggests that model structure alone does not account for variation

in results. Instead, the differences across specifications, particularly the choice of remote
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sensing product in our case, emerge as the primary driver of variation. These findings
highlight the sensitivity of estimated risk preferences to modeling decisions, and they caution
against interpreting individual coefficients without considering the underlying specification

choices.
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Chapter 5

Conclusion

In regions like SSA, where variability in weather is increasing, identifying how smallholder
farmers respond to uncertainty is essential for shaping policies that support resilient agri-
culture. One approach is to examine whether and how risk preferences shift in response to
weather shocks. We set out to evaluate the stability of farmers’ risk preferences after weather
shocks in Ethiopia, Malawi, and Nigeria by estimating AP and DS risk aversion coefficients
using the moments-based approach developed by Antle (1983).

Despite a growing body of literature, the stability of risk preferences remains an open
question. Our findings contribute to this ongoing discussion by highlighting a critical issue
in model specification: the sensitivity of estimated risk preferences to the choice of weather
dataset. Across Ethiopia, Malawi, and Nigeria, our results show that while risk aversion
estimates appear to remain fairly stable, they vary significantly depending on the weather
dataset used to measure rainfall and weather shocks. This variation suggests that method-
ological choices, particularly the choice of remote sensing weather data, can considerably
influence how risk preferences are inferred from agricultural outcomes.

This raises concerns about the reliability and comparability of risk preference estimates
within our models, where we set out to compare the effects of no shock, singular shock, and
consecutive shock exposure, as well as the broader comparability of risk preference estimates
across studies. When different studies rely on different weather datasets, this may lead to
divergent conclusions about the nature and stability of smallholder risk preferences.

As Just and Just (2011) argue, relying solely on observed behavior without additional in-
formation can lead to risk preference estimates that mirror specification choices rather than

true risk preferences. Similarly, Josephson et al. (2025) show that estimates of weather im-
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pacts on agricultural outcomes can vary widely depending on the Earth Observation dataset
used. This supports that differences in risk preferences may stem from the data source rather
than actual shifts in preferences. Our findings are consistent with the findings of Just and Pe-
terson (2010) and Josephson et al. (2025), supporting that specification choices, particularly
weather data choices, play a significant role in shaping estimated risk preferences.

Recognizing the sensitivity of risk preference estimates to weather data and model spec-
ification, our findings point to best practices that should be adopted in future research
to strengthen the reliability of findings and ensure they can effectively inform policy. Re-
searchers should test their models with multiple weather datasets and report these compar-
isons. As weather datasets can significantly influence results, relying on one weather dataset
can result in inaccurate or misleading estimates. Comparing across datasets allows for more
transparent, credible conclusions by demonstrating whether results are robust or driven by
the choice of weather data.

Further, a characteristic of the weather data a researcher should consider is its spatial
aggregation, as it may also influence results (Michler et al., 2021). Some datasets are more
coarse in aggregation and may not measure weather as precisely as others, introducing mea-
surement error. However, the appropriate scale and degree of aggregation required depend
on the research question at hand. Due to these different scales, researchers may misestimate
the true impact of weather shocks on farmers’ risk preferences or input decisions. To mitigate
this, researchers should aggregate their data to the same spatial scale and select datasets
which are appropriate for the scale of their research question.

As our findings demonstrate and as noted by Just and Just (2011), risk preference es-
timates may reflect model specification choices rather than underlying preferences without
supplemental data. To address this, future research would benefit from exploring alterna-
tive approaches to estimate risk preferences beyond models that rely on the assumptions of
expected utility theory, including the moments-based approach developed by Antle (1983,
1987) we use in our analysis. A growing body of research suggests that cumulative prospect
theory more accurately reflects risk preferences than models based on expected utility theory,
including among farmers and in agricultural contexts (Bocquého et al., 2014; Bosilovich et al.,

2016; Chavas et al., 2019). Studies that follow cumulative prospect theory use data from



53

field experiments to elicit risk preferences, allowing researchers to investigate the measure-
ment of risk exposure and its relationship to input decisions. Incorporating field experiment
data through a cumulative prospect theory based model may address concerns raised by
our findings that risk preference estimates reflect model specification rather than actual risk
preferences.

Our results draw attention to these concerns and demonstrate how sensitive risk estimates
can be to specification and data decisions. Changes in weather dataset choice can consid-
erably influence the magnitude and sign of risk coefficients, introducing bias and making
our results unreliable. This variation makes drawing consistent or meaningful conclusions
from our findings difficult. More broadly, this highlights a greater challenge in estimating
behavioral equations. It points to a key limitation in current empirical approaches, where
results are primarily driven by specification choices rather than true behavior. This limita-
tion has serious policy implications. As demonstrated in our results, changing the remote
sensing weather product can alter the magnitude and even the sign of the estimated risk
aversion coefficients, making it challenging to identify farmers’ true risk preferences. If these
estimates do not accurately reflect true farmer risk preferences, interventions designed to

encourage agricultural input adoption may fall short or be ineffective.
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