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Many studies have estimated the effect of climate change on crop productivity, often

reflecting uncertainty about future climates by using more than one emissions pathway

or multiple climate models, usually fewer than 30, and generally much fewer, with focus

on the mean changes. Here we examine four emissions scenarios with 720,000 future

climates per scenario over a 50-year period. We focus on the effect of low-frequency,

high-impact weather events on crop yields in 10 countries of Southern Africa, aggregating

from nearly 9,000 25-kilometer-square locations. In the highest emissions scenario,

median maize yield is projected to fall by 9.2% for the region while the 5th percentile

is projected to fall by 15.6% between the 2020s and 2060s. Furthermore, the frequency

of a low frequency, 1-in-20-year low-yield event for rainfed maize is likely to occur every

3.5 years by the 2060s under the high emissions scenario. We also examine the impact of

climate change on three other crops of considerable importance to the region: drybeans,

groundnuts, and soybeans. Projected yield decline for each of these crops is less than

for maize, but the impact varies from country to country and within each country. In

many cases, the median losses are modest, but the losses in the bad weather years

are generally much higher than under current climate, pointing to more frequent bouts

with food insecurity for the region, unless investments are made to compensate for those

production shocks.

Keywords: climate change, yield shocks, climate uncertainty, yield emulator, crop models, Southern Africa, food

production, food security

INTRODUCTION

A number of authors have investigated the likelihood of experiencing increased climate variability
under climate change (Pendergrass et al., 2017; Bathiany et al., 2018; van der Wiel and Bintanja,
2021). Fewer have investigated the implications of uncertainty regarding emissions pathways
coupled with uncertainty concerning the effects on future climate possibilities while accounting
for inter-annual variation. Here, we investigate the implications of both climate uncertainty and
variability for crop production in Southern Africa. Ourmotivation is to better understand low-yield
events because of their effects on food insecurity.

Most of world’s poor and food-insecure people live in rural areas and are smallholder farmers,
fishermen, and agricultural laborers (FAO et al., 2018). Their diets consist almost entirely of food
produced locally. Weather shocks, therefore, can be extremely disruptive for the nutrition and
health of these households, limiting food availability and increasing local market prices, sometimes
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causing permanent health consequences, especially for
young children.

The Sustainable Development Goals (SDGs; see United
Nations, 2015) seek to address these issues through various
channels. SDG1, ending poverty, targets building resilience of
farmers to climate shocks and improving social protection.
SDG2, ending hunger and food insecurity, includes a component
for doubling the productivity and income of small-scale food
producers. Until 2014, household food insecurity had been
steadily declining. Since then, the number of food insecure people
has risen each year and is projected to continue to rise through
the decade, suggesting that the SDGs cannot be achieved by their
target date of 2030 (FAO et al., 2020).

Climate change increases the difficulty of meeting the goals by
reducing the average yields for most crops and most countries.
This phenomenon has been well studied. However, no one has
conducted a rigorous analysis on the effect of future climate
change on yields in the years with adverse weather shocks. Those
years are most vital for the SDGs, because they include the
greatest food shortfalls for rural families, thus highlighting the
need for effective social protection programs. If the event is
sufficiently enduring, severe, and widespread, a regional crisis
may ensue as multiple nations struggle to compensate for
shortfalls through trade and through substitution of alternative
foods (Gaupp et al., 2020).

Understanding the effect of future adverse weather shocks on
production would enable governments to develop the capacity
needed to address the crisis after it happens or invest beforehand
in mitigating measures to reduce the degree of crisis. With
sufficient information, even farmers themselves could take steps
to mitigate the impact by choosing certain crops, cultivars, and
production technologies.

This analysis focuses on 10 countries of Southern Africa, a
region in which 44% of the population is food insecure (Thome
et al., 2018), in large part due to the frequency of droughts and
pests. Thome et al. (2018) estimate that the percent of food
insecure will decline over the next 10 years in the region, while
the FAO et al. project that the absolute number of food insecure
will double in the same period of time (FAO et al., 2020). The
difference in direction between the two statistics—one in percent,
one in numbers—is partly due to the growing population over
that time, but also due to differences in definitions of which
countries are part of Southern Africa.

We do detailed analysis on maize, drybeans, groundnuts, and
soybeans, key crops for the region, ranking 1, 3, 4, and 6 by
total harvested area (Table 1). This article focuses most on maize,
largely because it is the region’s leading source of calories and
protein (followed by wheat in both cases), but we include sections
on the other three, as well.

Maize production accounts for more than 2.6 times the
calories and 2.2 times the amount of protein than wheat and
represents roughly 32% of both total calories and proteins
consumed in the region (FAO, 2020). Perhaps more importantly,
maize represents 41.1% of the harvested area of the region (FAO,
2020), implying that the diets of smallholders may have a much
higher proportion of maize than are indicated in the aggregate
numbers that include urban areas.

TABLE 1 | Top 10 crops by harvested area in Southern Africa.

Rank Crop Hectares (2012–2015) Percent of total

All crops 25,699,084

1 Maize 9,923,745 38.6%

2 Cassava 2,272,911 8.8%

3 Beans, dry 1,594,988 6.2%

4 Groundnuts 1,507,403 5.9%

5 Sorghum 925,219 3.6%

6 Soybeans 850,835 3.3%

7 Millet 798,656 3.1%

8 Seed cotton 728,783 2.8%

9 Sunflower seed 654,058 2.5%

10 Wheat 589,690 2.3%

Source: FAOSTAT (FAO, 2020).

We address the implications of climate change for the
frequency and severity of major production shortfalls over
the next four decades. As far as we can tell, this is the
first focused analysis on low-yield events conducted for any
region in the world that used a spatially- and temporally-
consistent dataset that was large enough to investigate the
behavior of the tails of yield distributions. Burke et al. (2015)
tell us that out of approximately 100 studies they reviewed,
the median number of climate models used to investigate
the effect of climate on agricultural productivity was 2. In
this study, we use 720,000 per emissions scenario—almost 3
million total.

Most studies that explore these issues tend to focus on yield
variation associated with climate and weather and almost never
consider the impact of climate on the changes in the tail of the
distribution. Ostberg et al. (2018) use spatially- and temporally
consistent data for 4 emissions scenarios (RCPs), 5 GCMs (i.e.,
climate models), and 5 crop models to build a very sparse
emulator. They investigate yield variation but are limited by the
number of weather simulations (it appears they only used one
weather pathway over a multi-year period). Liu et al. (2021)
investigated yield variability of wheat in China due to climate
change, but their analysis is limited by the number of climate
models (5) and weather simulations (25) used, and the number
of sites (8). Chen et al. (2018) analyze the long-term impacts of
climate change under 2 emissions scenarios in China, using 4
GCMs and up to 20 weather simulations each. Stuch et al. (2020)
compute yields and variability of maize, sorghum, and millet for
Sub-Saharan Africa for one emissions scenario and 6 GCMs, but
it is not clear that they used a spatially-consistent weather input,
which would render any national aggregation incorrect—though
their primary objective is at the pixel level. Earlier works focusing
on yield variation include Torriani et al. (2007) which examined
maize and wheat yield in Switzerland and Thornton et al. (2009),
which analyzed maize and drybeans in East Africa.

To investigate these extreme climate-driven low-yield events,
we deploy a large suite of potential future smoothed climates
(moving averages of precipitation and temperature)—7,200 for
each of 4 emissions scenarios. These climate ensembles, labeled
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hybrid frequency distributions (HFDs), are developed specifically
to estimate the distribution of potential climate outcomes to 2060
(Schlosser et al., 2012, 2020, 2021). Further, we overlay these
climates with 100 spatially- and temporally-consistent deviations
from the mean from historical climate data at each pixel—
almost 9,000 pixels of quarter-degree (25-km) resolution—to
give 720,000 potential paths for future climates per emissions
scenario. Overlaying these 100 sets of data adds in the inter-
annual variation that was missing from the smoothed climates.
This set of 720,000 weather paths from 2020 to 2069 is taken
as the best available estimate of the full distribution of possible
growing conditions that farmers may experience over the next
four decades. Details of the process used are in a companion
article (Thomas et al., 2022).

The large number of climates that account for inter-annual
variation allow us to consider extreme events, emphasizing
confluences of climate and weather together that are particularly
unfavorable to yields. The large number of pixels also allows
us to consider impact on yields at various scales. However,
computational burdens present considerable barriers. To render
the problem tractable, three steps are taken. We deploy an
intelligent sampling framework that preserves the moments of
key climate outcomes critical to yields out to order three, thereby
reducing the number of climate pathways to 455 per emissions
scenario. Furthermore, because yields are calculated at pixel level
annually to 2069 for multiple crops, soils, and levels of input
use, 455 climate pathways remain computationally prohibitive
for detailed crops models. To expedite computation of yields,
a statistical crop emulator for each of the four focus crops is
developed and deployed.

While the process used to compute pixel-based yields was
computationally intensive, it is similar to the process used by
the international teams that participate in the Agricultural Model
Intercomparison and Improvement Project (AgMIP) Gridded
Global Crop Model Intercomparison (GGCMI). See for example
Müller and Robertson (2014) and Rosenzweig et al. (2014), and
more recent work of Ostberg et al. (2018), Franke et al. (2020),
Jägermeyr et al. (2021), and Zabel et al. (2021). In some of the
research of GGCMI, they use crop model results directly with
climates that have both inter-annual variation and uncertainty
across multiple models. In others, they use emulator output.
The innovation presented in this articles comes in using the
methodology with such a large number of climates which allow
for more confidence in examining the tail of the distribution
which describes the low-yield events that are the main focus of
this study.

MATERIALS AND METHODS

IGSM-HFD Climate Data
The climate ensemble that forms the basis for this analysis
provides an opportunity to evaluate not only the distribution
of future climates under a given emissions scenario, it enables
us to evaluate an arguably complete distribution of abiotic
consequences of climate change on crop yields. It is from theMIT
Integrated Global System Model (MIT-IGSM, Reilly et al., 2018)
which simplifies climates by considering only elevation (vertical)
and latitudes so that the computing time is reduced to allow for

a wider range of possible patterns of change. In order to expand
longitudinally, eighteen GCMs from CMIP5 are used.

There are four emissions scenarios used in the ensemble:

• Reference (REF): There are no explicit emissions mitigation
policies anywhere in the world, though it allows for energy
policies that lead to some renewable energy and fuel efficiency
that are motivated by other reasons besides mitigation.

• Paris Forever (PF): Assumes that countries meet themitigation
targets in their Nationally Determined Contributions (NDCs)
and those targets are met throughout the century.

• 2C: Reflects an effort to limit climate change to no higher than
a 2◦C global average at 2100 through globally coordinated,
smoothly rising carbon price. This scenario reflects the
uncertainty of the climate response in the MIT Earth System
Model (MESM, Sokolov et al., 2018) and leads to an overall
probability of achieving the target of 66%.

• 1p5C: Similar to 2C, but targeting a 1.5◦C global average
at 2100.

The MIT-IGSM produces 400 smoothed climates per emissions
scenario, so combining these with the 18 GCMs gives 7,200
hybrid-frequency distributions (which we will generally refer to
as “climate models”) per scenario. These provide monthly data
from 2020 to 2069 for precipitation and mean daily temperature.
The ensemble is described in more detail in in Schlosser et al.
(2020, 2021).

Princeton Global Forcings Weather Data
To generate realistic future weathers that are consistent in both
space and time, we add historical inter-annual climate variation
on top of the smoothed monthly climate change information
in the 7,200 climate models. Details are provided in Thomas
et al. (2022). The weather data is from the Princeton Global
Forcings (PGF) dataset, version 3 (based on Sheffield et al.,
2006). This dataset provides daily weather data for a number of
weather variables, including the ones relevant to this analysis:
precipitation and daily minimum and maximum temperatures.
The data spans the period from the beginning of 1948 to the end
of 2016. It is at a quarter degree resolution, which in most places
reflects rectangles with 25–30 km on each edge. For most of our
work we are interested in monthly data, so we aggregate the data,
summing the precipitation and computing monthly values for
mean daily maximum and mean daily minimum temperatures.

We also use the PGF data to create the baseline climate to
add the HFDs to by taking monthly averages from monthly
precipitation, daily maximum temperature, and daily minimum
temperature at each pixel for the period 1981 to 2000.

Gaussian Quadrature
It is both computer-intensive and time-consuming to perform
complex operations on 720,000 weathers. For the purposes of
this study, notably modeling crop yields, it was more practical
to operate with a subset. The least complicated option would
have been to use random sampling to extract the subset. Instead,
we decided to follow the methodology of Arndt et al. (2015)
and use a Gaussian quadrature (GQ) reduction that allowed us
to exactly reproduce the first, second, and third moments of all
720,000 weathers for key regions, time periods, and variables.
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Using that procedure, we were able to reduce the number of
weathers to 455 per emissions scenario while still maintaining
representation across the diverse range of possibilities. For the
purpose of considering extreme events, a salient advantage of
the GQ approach is its tendency to seek out less common
(or more extreme) weathers, giving relatively less weight, and
choosing relatively few more common weathers and giving those
weathers relativelymore weight. More detail on generating future
climates from the smoothed climates of the MIT-IGSM and the
variation provided by the PGF historical data and on the GQ
procedure can be found in a companion article (Thomas et al.,
2022).

DSSAT Crop Modeling
The Decision Support System for Agrotechnology Transfer
(DSSAT) is crop simulation software suite that consists of
multiple crop-specific mathematical models (Jones et al., 2003).
The models “grow” the crop in daily time increments using daily
weather data. In this paper, the weather data is provided by a
process that combines the daily weather from the PGF dataset
together with the MIT-IGSM, using a subset of climates selected
using the Gaussian quadrature sampling. Our DSSAT analysis
used soils from Koo and Dimes (2010) which consists of 27 types,
of which 18 are found in the study area.

Providing daily weather to DSSAT is usually straightforward.
DSSAT has a weather simulator sub-package that generates
consistent daily data based onmonthly climate statistics provided
by the user. However, the daily weather data generated by the
weather simulator are not spatially-consistent: the weather in
one pixel (location) is not correlated with the weather in a
neighboring pixel. Therefore, in order to generate yields that are
representative at a higher unit of aggregation, such as the national
level, an alternative process needs to be done.

Given that the PGF dataset has daily historical weather data,
we are able to generate daily future weather data that exactly
reflects the monthly future data that we simulated. However, the
storage requirement for daily simulated rainfall and temperature
for each pixel in the 10-country study area for the 50 years of
the study for 455 climates for each of the 4 emissions scenarios
is extremely large. Furthermore, the computational time to
generate daily simulated data along with the computational time
for the crop model to simulate crop yields based on that daily
data make it prohibitive in our case. In order to take advantage of
the modeling abilities of DSSAT but not be constrained by the
computational challenges of running so many simulations, we
decided to build a crop yield emulator.

Building a Crop Yield Emulator
A crop yield emulator is meant to quickly take climate inputs and
possibly a few additional variables and generate a corresponding
yield for each crop. The emulators are built by regressing yields
on monthly climate parameters and other relevant variables
(Blanc and Sultan, 2015; Ostberg et al., 2018; Franke et al., 2020),
and the parameters estimated in the regression are used to predict
yields both in and out of sample.

To generate yield values to use in building the emulators, we
sample 1 out of 16 pixels in our study area, using a regular grid

with pixels separated by 1 degree. Furthermore, we limit our
sampling to simulated climates from the 2020 to 2035 period
from the 1p5C emissions scenario (lowest emissions scenario)
and for 2054 to 2069 from the REF scenario (highest emissions
scenario). This is done to make sure we have weathers reflecting
both ends of the spectrum of possibilities, from low temperatures
to high temperatures, exploring the feasible bounds for the
region both in the present and in the future. For these pixels
and particular climates, we produce simulated daily weather
corresponding to the 455 climates per emissions scenario selected
by the GQ procedure. The daily weather data is passed to DSSAT,
which produces the yield at each pixel for a cultivar that is
appropriate for the region for each crop in this study. In some
of the simulations, we apply two different levels of nitrogen
fertilizer so that we would be able to calculate a yield response
for fertilizer use.

If actual yield data were available for various locations in
the region—and assuming this data could be linked to the
corresponding monthly climate data for the growing months—
those yields could be used instead of yields from DSSAT.
Several authors have used county-level annual yields (Schlenker
and Roberts, 2009; Lobell et al., 2011; Dell et al., 2014; Miao
et al., 2015; Thomas, 2015) in regressions for their studies of
the effect of climate change on crop productivity. However,
in addition to that kind of data not being available for our
study area, these authors were unable to include variables
that would allow estimation of yield response to chemical
fertilizer or to atmospheric CO2 fertilization—the latter being
limited by CO2 levels being highly correlated to each year
(with the year being used to estimate the rate of technological
change in agriculture). DSSAT is able to supply yield responses
to both.

In order to control for unmeasured influences on yield at
each location, authors using historical aggregated yield statistics
typically use first differencing or fixed effects rather than a simple
cross-sectional approach. However, in our analysis, because we
have modeled data, we can control for all location-specific
variables in the statistical analysis. That is, when running DSSAT,
we fix farm-management practices to be identical at all locations.
The only things that differ are the climate and the soils. DSSAT
produces the same yield for any two locations in the world if both
locations have the same soil and daily climate. Therefore, it is
appropriate to forego fixed effects models and instead run cross-
sectional regressions for each of the 18 soils in our study area,
which we do.

A crop model such as DSSAT can be trained to mimic
conditions in a farmer’s field with careful observation of
management practices, a good knowledge of the soils and cultivar,
and an accurate measure of soil starting conditions such as
water and nutrient content. When using DSSAT over such a
large, heterogeneous area, local conditions cannot be reproduced
due to lack of information, so the best generalizations possible
are made. However, when using DSSAT—or the corresponding
emulator—for this kind of analysis, researchers doing this kind of
work trust that by keeping farm management practices constant,
they can reasonably predict yield changes due to climate change,
which is the goal of the analysis.
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One of the advantages of running a separate regression
for each soil type rather than including soil parameters in
one big regression—unless interaction terms between soils and
precipitation is included—is that it allows much more varied
response of yield to precipitation based on the soil. Crops grown
in soils that retain moisture well would presumably need less
precipitation than crops grown in soils that are poor in water
retention. The secondary purpose of emulators is to be able to
simplify the relationship between climate and yield so that it
can be understood more intuitively than the complex processes
programmed into crop modeling software.

In the model used to build the emulator for each crop, let m
index the month in relationship to the planting date (e.g., the
first 30 days after planting is considered month 1); T represent
the mean daily maximum temperature for the month; and P
represent the total precipitation in the month. In numerous
studies of climate impact on agriculture, authors focus almost
entirely on some measure of temperature and some measure
of precipitation. We opted for using monthly values because
they are readily available from climate models. We chose mean
daily maximum temperature for the month because we found
it to be slightly more intuitive and since it is usually the high
temperatures that reduce potential yields. In previous work, we
attempted to include an additional temperature measure—mean
daily minimum temperature—but because it is highly correlated
with the mean daily maximum temperature, it did not lead to
very much improvement in the fit of the model.

It would be possible to run regression variables at shorter
time intervals than a month, but the advantage of doing that is
limited, because only inter-annual variation could be rescaled,
since the smoothed MIT-IGSM data came as monthly data.
Shorter time intervals also present challenges interpreting the
results. Weekly data, for example, would require 4 times as many
parameters. It would also be possible to use longer time intervals,
such as 2-month, 3-month, or entire growing season values. This
would blur some of the impacts of climate on yields since plants
change in their reaction to climate depending upon their phase
of growth.

We estimate the response function as piecewise-linear in
both T and P. A piecewise linear function imposes very little
structure onto the yield response except for continuity. This
flexible functional form seems to be very important for some
crops at high values of precipitation and high and low values of
temperature, because lower order polynomials (linear, quadratic,
and cubic) can force regressions that generally have few
observations at climate extremes to permit very large residuals
for such values, as well as predict yields poorly at extreme values.

To define variables to be used for piecewise linear estimation,
let z represent either T or P. Divide z into n groups such that zmin

< z1 < z2 < . . . < zn−1 < zmax. Define n-1 new variables zzk,
where k = 1, 2, . . . , n-1, which are equal to 0 if z < zk and z – zk
otherwise. For example, if T = 23◦C, T20 would be 3 while T25

would be 0. In the emulator developed in this study, we examine
values of temperature and precipitation in the region during the
cropping months, and choose to divide monthly precipitation
into groups divided at 25, 50, 100, 175, 250, and 350mm. For
mean daily maximum temperature for each month, we divide

FIGURE 1 | Relative yield benefits for high-yield rainfed maize on the six most

common soil types in response to the mean daily maximum temperature of the

second month, ◦C. Using a cubic specification for rainfall and mean daily

maximum temperature, with log yield as the dependent variable. Each soil is

mapped over the range from the 5th to 95th percentile for temperatures used

in building the emulator.

them at 20, 25, 28, 30, 32, 34, and 37 degrees Celsius. For each
soil type, water (rainfed or irrigated), and crop we estimate yield,
y, at pixel, i, in year, t, as

yit =

4
∑

m=1



β0Titm +

7
∑

j=1

(

βjT
Tj
itm

)

+ γ0Pitm +

6
∑

r=1

(

γrP
Pr
itm

)





+α0 + εit

After estimating maize with a piecewise regression, we noted that
the piecewise linear estimates gave results that were essentially
cubic, so we opted to estimate maize with a cubic polynomial,
which is slightly more intuitive than piecewise linear for our
many people interested in this research presented here. The
maize equation, estimated for 3 different crop varieties each
with two types of crop water (rainfed and irrigated), and
with corresponding assumptions about the amount of nitrogen
fertilizer, f, to use with each variety, is given by

log(yit) =

4
∑

m=1

(

β0 + β1Titm + β2T
2
itm + β3T

3
itm + γ0 + γ1Pitm

+γ2P
2
itm + γ3P

3
itm

)

+ α0 + α1fit + εit

With 18 different soils, 4 different months each, 4 crops, 2
crop water regimes, and in the case of maize, 3 varieties, it is
difficult to graphically present all of the estimated values. The
parameter estimates are available in the supplement. Instead, we
present some figures for illustrative purposes, showing the type of
yield response curves produced by the emulator. Figure 1 shows
the yield response to temperature during the second month
of the growing season on the six major soil types (out of 18
in our study area). We chose the second month because the
weather during that month is critical for the production of maize,
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FIGURE 2 | Relative yield benefits for high-yield rainfed maize on the six most

common soil types in response to rainfall in the second month, millimeters.

Using a cubic specification for rainfall and mean daily maximum temperature,

with log yield as the dependent variable. Each soil is mapped over the range

from the 5th to 95th percentile for temperatures used in building the emulator.

because it is associated with the silking when the plant focuses on
reproductive growth, and the yield responsiveness to climate is
largest. The range of the curves shown in the figure are limited to
the 5th to 95th percentiles of the values found for each soil type.
What we see in Figure 1 is that while the optimal temperature for
the second month differs between soil types, it peaks somewhere
between 29 and 32◦C, with temperatures above and below the
peak limiting the yields. We see for the most abundant soil where
maize is grown, soil 26 (the numbers are codes used for a set of
soil characteristics developed by Koo and Dimes) that the yield
peaks at 30.7◦C, which is in the range for what a number of
analyses have found for optimal growing temperature.

We also see that for most soils, a less than ideal but still
plausible temperature can lead to up to a 20% reduction in yield.
Note that this is a reduction for temperature during a single
month. If other months also have less than ideal temperatures,
then the effect is multiplicative for the log specification and
additive when yield is the dependent variable. Because crops
have an optimal temperature at which maximum yields are
obtained, it is difficult to have intuition about the effect of
climate change on yields due to heterogeneity across locations
and months of the growing season. Too cold and an increase
in temperature increases yields;1 too hot and an increase in
temperature decreases yields. Near the peak, an increase in
temperature might not change the yield. Countries with diverse
climates will experience a wide range of yield effects from climate
change and might experience all three types of effects.

Figure 2 shows yield responses to rainfall in the secondmonth
of the growing season for the sixmajor soil types in the study area.
Soils have different water holding capacities, so it is not surprising
that optimal rainfall ranges from around 160 to 240mm for this

1Parts of Southern Africa can experience cold weather, since it extends below 34

degrees South and also has several peaks above 3,400 meters elevation.

FIGURE 3 | Relative yield benefits for rainfed groundnuts on the six most

common soil types in response to rainfall in the second month, millimeters.

Used a piecewise linear specification with seven segments for rainfall and the

same for mean daily maximum temperature, with yield as the dependent

variable. Each soil is mapped over the range from the 5th to 95th percentile for

temperatures used in building the emulator. Yields are relative to the yield for

no rainfall.

month. We see from the graphs that even 1-month droughts can
have a profound effect on maize yield. For the soils in Figure 2,
precipitation at around 20mm in the month leads to around
a 50–60% reduction in maize yield. This shows the value of
supplemental irrigation in places where rainfall is unreliable.
We also see from the graphs that too much rain can lead to a
reduction in yield, though the affect varies across soil types.

Though not reported here, we experimented with other
explanatory variables such as interaction terms between
temperature and precipitation and using cumulative seasonal
rainfall in addition to monthly rainfall. While the R-squared
improved slightly it took away from being able to have intuition
in how the yield responds to different climate values, so we
decided not to include them.

Figure 3 shows the yield responses to rainfall in the second
month of the growing season for rainfed groundnuts on the six
most common soils for the region. Unlike the maize response
to rainfall in cubic specification, we do not note any sizable
reduction in yield for high levels of rainfall for any of the soil
types here.

RESULTS

Evaluating the Impact of Climate Change
on Maize Yields
Future yields are predicted for the 455 Gaussian quadrature
climates for each of the emissions scenarios and for all 50-years
of the time period under study, using the regression parameters
discussed in the previous section. The predictions are computed
at each quarter-degree pixel and for each year from 2020 to 2069.
In order to aggregate the yields to the country level, SPAM 2010
(You et al., 2014) is used to provide estimations of the number of
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FIGURE 4 | Modified distribution function of climate change on rainfed maize yields for the 10-country study area across decades and across emissions scenarios.

Source: Authors.

hectares of each crop that are grown in each pixel. This allows
us to compute total national production and total cultivated
area, which by dividing production by area gives the appropriate
measure of mean national yield for every year.

Figure 4 illustrates the distribution of maize yields for 3
different decades under the 4 different emissions scenarios,
based on a representative selection of climates and weathers
under those scenarios. 1.5C has the lowest greenhouse gas
(GHG) emissions and represents the level that will keep
average temperature change at 1.5◦C; followed by 2C (keeping
temperatures at 2◦C); PF, based on keeping the Paris Agreement
levels forever; and REF, which is unconstrained by international
treaties (Schlosser et al., 2020, 2021). We note that the yield
distributions change very little by the 2060s for the 1.5C and
2C scenarios—an important finding in itself, because it suggests
that the region would be unaffected in the aggregate—though it
would be at national and subnational levels—if global emissions
can be capped at levels suggested by the IPCC and others. Yields
decline noticeably in the PF scenario and even more so in the
REF scenario, pointing to the fact that higher emissions have
greater negative consequences for agricultural productivity for
the region.

In Figure 4 we also note that the consequences for higher
emissions on maize yields are greater for the low-yield years than
for the high-yield years. The importance of such a finding is that
while yield loss in a typical year is something to be concerned
about, yield loss in a bad-weather, low-yield year can lead tomuch
greater consequences for food insecurity and hunger, not only for

small-holder farmers relying on home production but by driving
prices for staple foods higher, burdening both rural non-farm and
urban households. If governments and donors fail to account for
the much stronger climate impact on production in years with
adverse weather, they could potentially under-invest in climate
adaptation and resilience. Since almost all previous studies focus
on the average impact, this is likely to have been the case thus far.

The depth of the impact can be measured in several ways, but
the arrows in Figure 4 suggest two of them. First, we can look
at the change in yields in the tail of the distribution. At the 5th
percentile, for example, we see that the yield in the 2060s REF
scenario is 13 percentage points lower than the baseline in the
2020s. That is, if typical (median) yield at the regional level is
2,000 kilograms per hectare, the baseline 5th percentile is about
73% of that, or around 1,450 kilograms per hectare. But in the
2060s PF scenario, it is another 11% points lower (226 kg/hect)—
so the yield in a 1-in-20-year event would no longer be 1,450
kg/hect but 1,224 kg/hect. While the median in the 2060s REF
is 91% of the baseline median, the 5th percentile in the 2060s
REF is 84% of the baseline 5th percentile. This way of considering
the costs of climate change during low-yield years is given by the
vertical arrow in Figure 4, which shows change in yield for the
5th percentile from the 2020s to the 2060s.

A second way to consider the impact of the magnitude of
changes in yields in the tail of the distribution is in the frequency
of low-yield events. An event in the 5th percentile will occur on
average every 20 years. That is, yields that low or lower occur 5%
of the time, which means 5 out of 100 years, or equivalently, 1 out
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FIGURE 5 | Impact of climate change on change in rainfed maize yields by country and percentile, 2020s to 2060s. Source: Authors.

of 20 years. We can ask how frequently today’s low-yield, 20-year
event will occur in the future under climate change. Under the
REF scenario in the 2060s, we can see that a 20-year event in the
baseline will occur every 3.5 years in the 2060s, as illustrated by
the horizontal line in Figure 4.

Thus far, we have considered the aggregated impact on yields
for the region. However, effects on individual localities must be
considered as the climate varies across the region, and climate
change will affect the region differently across locations. Since our
analysis is done at a pixel level (quarter-degree or roughly 25 km),
we can aggregate the results to any level we choose. In Figure 5,
we compare the change in yield distributions in each of the 10
countries. Focusing on the high-emissions REF scenario, we find
that for almost all of the countries, low-yield years will experience
greater relative yield losses than typical years—just as we saw for
the regional aggregate.

This rule does not hold for Angola for the REF scenario, as
the left tail of the distribution does not drop off rapidly, but in
fact rises higher in the 1st percentile (not pictured). Meanwhile,
the left tail is higher at the 5th percentile than at the median in
the other emissions scenarios. This shows that we cannot assume
what will happen with the relative impact of climate change for
low-yield vs. median-yield years. We also see in the REF scenario

that Botswana, Namibia, Eswatini and Zimbabwe exhibit more of
a negative response during low-yield years than what the regional
aggregate showed.

With diminished emissions we note much smaller impact on
yields across all percentiles of the distribution—an important and
not well-accounted benefit of reducing emissions. Nonetheless,
even in the lowest emissions scenario, 1.5C, we see that there
is often a much larger yield effect during years experiencing
low-yield events compared to normal years.

Table 2 displays median yield changes by country and for
the region. In the highest emissions scenario, median yields will
decline by 9.2% by the 2060s due to climate change, but only
3.1% by the 2040s. The decline is smaller in the PF scenario,
and virtually no change in the two lowest emissions scenarios.
The table shows that not all countries will be impacted evenly,
as the REF scenario projects that by the 2060s, Botswana and
Namibia will have the highest losses for the region, followed by
Mozambique and Zimbabwe.

Since we have noted a heterogeneous effect across the
region at the national level, we would expect that there would
also be a heterogeneous impact of climate change within
countries. Figure 6 presents the percentage point difference
between the 50th and 5th percentiles, representing the relative
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TABLE 2 | Change in median yield for rainfed maize under climate change for 4 emissions scenarios from 2020s in 2040s and 2060s.

1.5C 2C PF REF

Change

2020s−2040s

Change

2020s−2060s

Change

2020s−2040s

Change

2020s−2060s

Change

2020s−2040s

Change

2020s−2060s

Change

2020s−2040s

Change

2020s−2060s

Region 0.2% −0.2% −0.6% −0.6% −2.5% −6.7% −3.1% −9.2%

Angola 1.0% −0.4% −1.2% −1.9% −1.8% −5.0% −2.2% −7.7%

Botswana 1.4% 0.6% 0.0% −5.3% −3.8% −16.1% −7.7% −22.6%

Eswatini −0.2% −1.1% −0.8% −3.5% −3.1% −7.2% −1.7% −8.8%

Lesotho 1.1% 0.7% 1.7% 0.9% 2.6% 0.5% 3.4% 0.0%

Malawi −0.5% −0.3% −0.6% −1.2% −2.3% −6.2% −3.2% −8.5%

Mozambique −0.2% 0.2% −1.3% −2.8% −4.2% −10.0% −4.9% −12.3%

Namibia 1.2% −1.0% −0.7% −3.0% −8.2% −17.8% −8.1% −22.5%

South Africa 1.5% 0.7% 0.5% −1.6% −0.9% −5.6% −1.3% −9.1%

Zambia −0.3% −0.2% −1.2% −2.4% −2.6% −7.6% −3.0% −9.8%

Zimbabwe −0.6% 0.3% −0.8% −2.5% −3.4% −8.7% −2.7% −11.6%

impact of climate change on low-yield years compared to
typical years.

In the high-emissions REF scenario, much of the northern
part of the region, which tends to have higher rainfall than
the southern portion exhibits only a small difference between
yield change at the 50th percentile and yield change at the 5th
percentile. Some sites had fewer losses at the 5th percentile.
However, other regions within countries have much higher losses
in the bad-weather, low-yield years, such as those along the
northeast coast of South Africa.

Some areas—including large portions of Angola, South Africa,
and Zimbabwe—exhibit greater yield losses (smaller yield gains)
at the medians than at the 5th percentile in the lower emissions
scenarios. The same areas exhibit smaller yield losses in the
higher emissions scenario.

Schlenker and Roberts (2009), using historical yield data
at the national level estimate regression models linking yields
to temperature and precipitation. Using 16 older AR4 GCMs
and a single emissions scenario, they project the impact on
maize yields on several African countries, including 4 in our
study area. They predict very large yield losses, particularly for
Zambia (around 38%) and South Africa (around 30%), and
lower for Malawi and Mozambique (around 18% for each).
They also project uncertainty based on variation across climate
models and uncertainty in their parameter estimates. This differs
from what we did here, because our sources of uncertainty
include inter-annual variation in climate and uncertainty over the
future emissions.

As mentioned, after analyzing the changes in yields in the
tail of the distribution, we consider the frequency of low-yield
events. Table 3 shows how often the yield of a 20-year event in
the 2020s will occur in the 2040s and in the 2060s. At the regional
level under the REF emissions scenario, the 20-year event occurs
roughly twice as often by the 2040s but nearly six times as often
by the 2060s. Many of the countries only indicate a modest shift
by the 2040s, but by the 2060s, the frequency largely increases in
each country except Lesotho, which experiences a relatively small
doubling in frequency compared to the 2020s.

The PF and REF scenarios both exhibit an increase in
frequency of extreme events from the 2020s to the 2040s and
again from the 2040s to the 2060s. For both the 1.5C and
2C scenarios, the frequency of low-yield events generally stops
increasing after the 2040s, and the level in the 2040s is much
less than in either the PF or REF scenarios. In Angola, the
frequency of low-yield events in the 2060s in is less than the
frequency in the 2020s. The negative effects of climate change
appear to stop and even reverse in the 1.5C scenario, at least in
some countries.

Figure 7 shows the spatial heterogeneity that informs the
national level data in Table 3. Not surprisingly, however, it is
similar in appearance to Figure 6. The bright red regions in
the REF scenario are projected to have four times the number
of low-yield events in the 2060s. These maps could potentially
help planners identify areas to target for interventions to reduce
risk for farmers. Every country includes a number of regions
in which low-yield events actually decline by the 2060s in the
1p5C scenario.

Evaluating the Impact of Climate Change
on Drybean Yields
Importance for the Countries of the Region
Drybeans represent an important source of plant protein for the
region, with almost all of the production staying within each
country for food as well as seed supply (FAO et al., 2020). For
four of the ten countries in the region, drybeans represent the
third most important crop in terms of area cultivated, as they do
for the region as a whole. According to FAOSTAT (FAO, 2020)
however, they do not appear to be very important for production
in Namibia, Botswana, and Zambia (the latter two do not seem
to produce any), and are of only modest importance in South
Africa, Zimbabwe, and Eswatini. Angola is the largest producer
in the region, with almost half the cultivated area and 40% of the
production. The highest yields are produced by Namibia (which
has <0.01% of the region’s total area for drybean cultivation) and
South Africa.
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FIGURE 6 | Percentage point difference between change in yield of rainfed maize from baseline for the 50th percentile and change for the 5th percentile, REF

scenario, 2020s to 2060s. Source: Authors. The map shows only areas that grow rainfed maize.

Yield Changes
In generating yields for the emulator using DSSAT, we used four
varieties of drybean that were appropriate for the region, and
selected the highest yielding variety among the four at each pixel,
year, and climate. The projected impact of climate change on
rainfed drybean production is shown in Table 4, which focuses
in on only two of the four emissions scenarios, 2C and PF.
Under the low emissions scenario (2C), most countries for which

drybean production is important experience very little yield
reduction even through the 2060s. However, under the higher
emissions scenario, Angola is projected to have a nearly 7% yield
reduction by the 2060s, followed by Mozambique and Malawi,
with losses under 6%. Lesotho’s drybean production, on the other
hand, will not be affected much at all by climate change. The
largest losses will be seen in Namibia and Zimbabwe, for which
drybean production is not of great importance.
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TABLE 3 | Frequency of 20-year low-yield events for rainfed maize from 2020s in 2040s and 2060s, REF scenario.

1.5C 1.5C 2C 2C PF PF REF REF

Area 2040s 2060s 2040s 2060s 2040s 2060s 2040s 2060s

Region 15.3 16.3 13.3 13.1 11.7 6.5 9.6 3.5

Angola 20.7 33.7 20.1 21.0 13.9 12.3 12.7 7.1

Botswana 18.1 14.9 14.3 10.8 10.8 6.3 10.8 5.0

Eswatini 17.8 17.1 15.5 12.1 11.6 7.1 13.8 6.3

Lesotho 20.9 14.3 16.0 14.8 23.1 12.7 12.8 10.2

Malawi 16.8 21.8 10.6 17.1 15.3 8.0 11.2 4.7

Mozambique 16.5 18.7 16.5 16.1 12.9 7.1 9.9 4.2

Namibia 14.1 14.1 14.5 12.9 10.9 5.5 14.6 5.6

South Africa 16.7 16.6 11.9 12.3 10.3 8.2 10.2 6.7

Zambia 19.5 19.8 12.3 9.1 10.6 5.1 7.1 3.3

Zimbabwe 19.4 21.4 15.2 14.0 12.3 8.1 8.8 5.2

The frequency of 1-in-100 year low-yield events, however, will
have a greater effect on Eswatini, for which they will occur 5 times
as often, and Lesotho, for which they will occur 4 times as often.
Even Angola will see a much great frequency, with those extreme
events occurring 2.5 times as often.

Evaluating the Impact of Climate Change
on Groundnut Yields
Importance for the Countries of the Region
Groundnuts are the fourth most important crop for the region
as measured by area cultivated. It is the second most important
crop for both Malawi and Zambia, however, representing 9.0 and
9.6% of cultivated area. It is also of high importance to Angola,
Mozambique, and Zimbabwe, ranking fourth or fifth among all
crops for each country, and 6.7% of cultivated area or above.

Yield Changes
Table 5 shows the impact of climate change on groundnuts.
We generated yields in DSSAT for two groundnut varieties that
were appropriate for the region, and selected the highest yielding
variety of the two at each pixel, year, and climate. Of the crops
for which groundnuts are of high importance, Zimbabwe shows
the greatest potential climate impact. At the lower emissions
scenario, even by the 2060s, yield reductions should only be
around 3%, but at the higher emissions level, losses should be
over 6% by the 2040s and over 10% by the 2060s. South Africa,
which has only 1% of area in groundnuts, could experience
20% yield reduction by the 2060s compared to production in
the 2020s.

On the positive side, Malawi, which is the region’s leading
producer and second highest with groundnut area cultivated,
should have yield only slightly affected by climate change, with
reductions even by the 2060s under the high emissions scenario
at <2%.

However, in terms of extreme low-yield events, Mozambique,
which has the region’s highest amount of area in groundnut
cultivation should see events occur almost 5 times more
frequently, and Angola, Zimbabwe, and South Africa should see
them occur 3 times more frequently.

Evaluating the Impact of Climate Change
on Soybean Yields
Importance for the Countries of the Region
Soybeans are the sixth most important crop for the region, but
this is driven in large part by South Africa, for which soybeans
are the second most important crop in terms of cultivated area.
South Africa produces almost 70% of the region’s soybeans and
has just under 64% of the region’s soybean area. Soybeans also
appear to be of moderate importance to Zambia and to a lesser
extent to Malawi and Zimbabwe. According to FAOSTAT (FAO,
2020), five of the region’s ten countries do not grow any soybeans.

Yield Changes
Table 6 tells us that the region’s largest soybean producer, South
Africa, will experience virtually no yield impact from climate
change. Because the computation is done at the pixel level and the
pixels are weighted by the modeled cultivated area inside them,
it is difficult to know precisely why the high emissions scenario
shows less yield reduction in the 2060s than in the 2040s, and less
than the low emissions scenario in the 2060s. But it may simply
be that soybeans are cultivated in areas in which the current
temperature is slightly sub-optimal, and additional warming take
it past optimal, but not very far past.

Zimbabwe is projected to experience the largest losses for
soybeans from climate change at almost 11% in the 2060s under
the higher emissions scenario, though it only represents around
2% of total cultivated area for the country. Nonetheless, we see
that under the lower emissions scenario, yield reductions will be
much less.

For all of the countries in the study area—including South
Africa—by the 2060s under the higher emissions scenario, the
frequency of extreme low-yield events will at least double and
perhaps triple in frequency. Strangely, this is true in South
Africa across all decades and emissions scenarios, reflecting
that the worst effect of climate change on soybean yields will
be experienced by the 2040s. However, for some of the other
countries, lower emissions reduce the frequency of extreme low-
yield events.
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FIGURE 7 | New frequency of 20-year low-yield events for rainfed maize in 2060s under REF relative to 2020s REF. Source: Authors.

DISCUSSION

Wehave carefully analyzed the impact of climate change on yields

of four key crops for Southern Africa. Our analysis considered
not just the median impacts but the effects on extreme events—

years with very low yields due to adverse weather. The analysis

was done at a very fine spatial resolution with the results
aggregated to each of the ten countries in the region. We saw not
only how climate change will impact agriculture in typical years,

but how in bad years the impact on agriculture in most cases will
be greater.

We focused most onmaize, which is an invaluable commodity
for the region as the leading source of both calories and
protein for consumers in the 10 countries of Southern Africa
while occupying 41% of the region’s cultivated area. Maize
provides the main source of nutrition for some of the most
food insecure people of the region. Investigating how a changing
climate will affect maize production in low-yield years has
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TABLE 4 | Changes in median yields and frequency of catastrophic yields for rainfed drybeans under climate change.

Change in median yield relative to 2020s “2C” Frequency of 1 in 100 year event relative to 2020s “2C”

2C PF 2C PF

ISO 2040s 2060s 2040s 2060s 2040s 2060s 2040s 2060s

AGO −0.8% −0.3% −4.5% −6.9% 94 92 36 41

LSO 0.3% −0.3% −0.2% −0.2% 52 56 31 24

MOZ −0.6% −1.3% −3.2% −5.8% 189 361 209 134

MWI −0.6% −0.6% −2.4% −5.5% 109 159 96 101

NAM −3.4% −7.3% −14.5% −24.4% 60 57 50 29

SWZ −1.5% −3.4% −4.1% −5.4% 45 45 30 19

ZAF 0.3% −0.7% −0.2% −2.6% 61 84 55 59

ZWE −0.6% −2.8% −3.1% −8.7% 158 118 63 50

Botswana and Zambia do not have any drybean area reported in FAOSTAT (FAO, 2020) between 2012 and 2015. The frequency shows how often (in years) the 100-year event is

projected to occur. Baseline was taken from the lower emissions scenario (“2C”) for the 2020s. Values were computed for 9-year intervals using the Gaussian quadrature samples.

TABLE 5 | Changes in median yields and frequency of catastrophic yields for rainfed groundnuts under climate change.

Change in median yield relative to 2020s “2C” Frequency of 1 in 100 year event relative to 2020s “2C”

2C PF 2C PF

ISO 2040s 2060s 2040s 2060s 2040s 2060s 2040s 2060s

AGO 0.1% −0.7% −2.4% −5.6% 96 70 77 31

BWA 3.0% −4.5% −5.3% −15.8% 97 93 50 32

MOZ −1.1% −1.2% −4.8% −7.4% 71 63 56 22

MWI 0.1% −0.2% −0.3% −1.9% 120 105 106 57

NAM −0.7% −8.1% −12.9% −27.7% 53 41 32 20

SWZ −1.2% −3.1% −4.9% −8.1% 60 54 39 22

ZAF −1.1% −7.3% −11.5% −20.0% 54 53 36 31

ZMB 0.5% −0.4% −0.6% −3.3% 140 99 90 42

ZWE −0.9% −3.0% −6.1% −10.5% 84 74 51 32

Lesotho does not have any groundnut area reported in FAOSTAT (FAO, 2020) between 2012 and 2015. The frequency shows how often (in years) the 100-year event is projected to

occur. Baseline was taken from the lower emissions scenario (“2C”) for the 2020s. Values were computed for 9-year intervals using the Gaussian quadrature samples.

TABLE 6 | Changes in median yields and frequency of catastrophic yields for rainfed soybeans under climate change.

Change in median yield relative to 2020s “2C” Frequency of 1 in 100 year event relative to 2020s “2C”

2C PF 2C PF

ISO 2040s 2060s 2040s 2060s 2040s 2060s 2040s 2060s

AGO 0.7% 0.0% −1.9% −4.4% 115 116 60 42

MWI 0.1% 0.8% 0.4% −1.6% 113 101 105 49

ZAF 0.2% −1.5% −0.7% −0.1% 43 54 44 36

ZMB −0.9% −1.2% −1.6% −1.8% 102 79 66 43

ZWE −1.2% −1.8% −5.3% −10.7% 83 76 47 32

Botswana, Lesotho, Mozambique, Namibia, and Eswatini do not have any soybean area reported in FAOSTAT (FAO, 2020) between 2012 and 2015. The frequency shows how often

(in years) the 100-year event is projected to occur. Baseline was taken from the lower emissions scenario (“2C”) for the 2020s. Values were computed for 9-year intervals using the

Gaussian quadrature samples.

revealed that if emission levels are high, the low-yield, 1-in-
20-year events for the region produce 16% lower yields in the
2060s than in the 2020s, while at the median year, the yields

will be 9% lower. Furthermore, the frequency at which the
1-in-20-year low-yield event occurs will decrease to 1-in-3.5-
year events.
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Averaging across a large area tends to hide losses that can
be locally high. Examining the impact of climate change on the
cropping sector for countries of the region, Botswana could be the
country hit the hardest among the 10 in the study area, because
of the importance of maize to farmers and because of the severity
of the impact of climate change on maize yield.

On the other hand, Lesotho appears to benefit from climate
change at the median of the projections, though very little.
However, the change in frequency of extreme low-yield events
could adversely impact even countries like Lesotho, with the
frequency of low-yield events increasing to 3 or 4 times the rate
that they are currently occurring.

This study on the impact of climate change, uncertainty,
and inter-annual variability on agricultural production is also
essentially one dealing with issues of food insecurity under
climate change. Except for soybeans, the crops examined in this
study are ones that are produced and consumed by subsistence
farmers, so that increasing the frequency of low-yield events is
also a threat to food security which in many countries is a much
bigger problem in rural areas than urban.

This kind of analysis is immensely useful for both the public
and private sector in evaluating the benefits of longer-term
investments designed to support agriculture and nutrition. The
long-term costs of low yields can be significant, between loss of
life; child malnutrition, which can lead to reduction in lifetime
earning potential; and loss of capital and livestock (if households
sell items to compensate for food shortages). As costs of losses
in low-yield years are higher than costs in median years, it is
likely that governments and businesses have under-estimated the
full cost of climate change and have therefore under-invested
in things such as irrigation, insurance (crop and weather),
agricultural research and extension, and capacity for delivering
social protection, all of which—if sufficiently invested in—could
reduce the losses during bad-weather years.

This analysis could assist in optimally targeting interventions
sub-nationally, since our findings show that the effect of climate
change is spatially heterogeneous, with some parts of countries
facing much larger losses than others. Focusing on the areas
that will be hit the hardest could potentially give more return
to investment in impact mitigation strategies. Interventions

could include introducing new crops—such as millet in place of
sorghum or maize—in areas that are likely to be most affected by
climate change hardest hit.

Finally, while we have used the large climate ensemble to
examine low-yield agricultural events, the data and methodology
could be applied to a wider range of climate impacts including
the effects on livestock, human labor, hydrology, energy,
and infrastructure.
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