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Climate-cropmodels to support opportunity
crop adaptation in Africa

Meijian Yang 1,2,8 , Jose Rafael Guarin 1,2,3,8 , Bright S. Freduah 4,
Gershom O. Wesley 4, Dilys S. MacCarthy 4, Stephen Narh4,
Andres Castellano3, Jonas Jägermeyr1,2,5, Kevin Karl1,2, Elena Mendez Leal1,
Senthold Asseng 6, Chuang Zhao 7, Alex C. Ruane 2 &
Cynthia E. Rosenzweig 1,2

In an era marked by climatic uncertainties and burgeoning food security
challenges, climate-crop models emerge as important tools for guiding
investments in climate-resilient agriculture. Here, we construct climate-crop
model applications for 24 crops spanning the African food basket, including
cereals, legumes, oilseeds, roots/tubers, and vegetables, in support of the
Vision for Adapted Crops & Soils (VACS) program. Notably, we expand the
modeling framework for 19 “opportunity” crops that have hitherto been
underrepresented or overlooked but hold potential to bolster agricultural
resilience across the continent. We calibrate and parameterize our process-
based models using field observations and comprehensive literature reviews.
We evaluate the model outputs spatially and temporally against national crop
statistics across Africa, showing acceptable reproduction of yields and
response to reported extreme droughts and heat waves. This work offers a
scalable framework for climate-cropmodeling and impact assessments related
to food security in Africa and beyond.

Africa is facing complex and multifaceted food security issues, stem-
ming from a combination of past and present environmental, eco-
nomic, and social factors1–3. One of the primary concerns is the
continent’s vulnerability to climate change, which exacerbates existing
challenges in agricultural production4–6. Africa is experiencing
increasingly unpredictable weather patterns, including frequent heat
waves, prolonged droughts, and erratic floods, which directly affect
major crops such asmaize, wheat, and rice6–8. These staple crops, vital
for the sustenance of the African population, are highly vulnerable to
climate change inmany African regions7,9. This vulnerability is a critical
concern, particularly in light of the projected population increase in
Africa, which is expected to double by 205010. Such a demographic

surgewill inevitably escalate fooddemand, placing additional pressure
on already strained food systems. In response to these challenges, the
potential of traditional African crops emerges as a potential viable
adaptation strategy11–15. Indigenous crops, such as sorghum,millet, and
teff, are oftenmore resilient to harshweather conditions and poor soil
structures (i.e., poor soil water dynamics) and offer a sustainable
alternative to conventional staples16–19. These neglected and under-
utilized crops, henceforth referred to as “opportunity” crops, have
historically been integral to local diets and agricultural practices20–22.
Their inherent resilience to climate extremes makes them particularly
suitable for cultivation in the changing climate23,24. Embracing these
opportunity crops can not only contribute to food security, but also
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promote biodiversity and preserve cultural food practices. Motivated
by the potential of opportunity crops, the U.S. Department of State, in
partnership with the African Union and the Food and Agriculture
Organization (FAO), launched the Vision for Adapted Crops & Soils
(VACS, https://www.state.gov/the-vision-for-adapted-crops-and-soils)
project. VACS seeks to adapt the world’s agricultural systems to the
anticipated challenges of climate change, with an initial focus on the
African continent.

Climate-crop models have emerged as indispensable tools in
guiding investments towards climate-resilient agriculture, playing a
crucial role in adapting agricultural practices to the changing
climate9,25. The VACS pilot investigation relies on crop and climate
modeling conducted by the Agricultural Model Intercomparison and
Improvement Project (AgMIP, https://agmip.org). Since its launch in
2010, AgMIP’s accomplishments include the development of harmo-
nized tools and protocols for analyzing agricultural systems using
state-of-the-art models, integrating stakeholder-informed scenarios
into global and regional assessments, and providing valuable resour-
ces for stakeholders and researchers26. AgMIP has significantly
improved agricultural models, and scientific and technological cap-
abilities, for assessing impacts of climate variability and change and
other driving forces on agriculture, food security, and poverty at local
to global scales27.

Modeling opportunity crops is a challenging task due to the lim-
itations in model and data availability28,29. Although current main-
stream process-based crop models, such as the Decision Support
System for Agrotechnology Transfer (DSSAT)30 have been developed
for dozens of major crops, many African opportunity crops are still
overlooked. Input and reference data scarcity limits the development
of new crop models in complex model platforms like DSSAT that
require a large amountof genotype specificparameters30. Unlikemajor
global crops, opportunity crops in Africa often lack systematic man-
agement and yield data collection efforts11. This includes limited field
trials, phenotypic data, and genetic information, which are crucial for
understanding crop behavior under different environmental condi-
tions. Additionally, historical yield data, which is essential for cali-
brating and validating models, is often sparse or non-existent11. The
situation is further complicatedby the diverse agro-ecological zones in
Africa and the complex management system, where these crops are
grown, requiring region-specificdata for accuratemodeling31. This lack
of data hinders the development of robust climate-crop models, lim-
iting the ability to predict how these crops will respond to various
climatic and environmental changes.

In this study, we adapt a generic, but simple dynamic process-
based crop simulation model called SIMPLE32 to simulate opportunity
crops in Africa. The SIMPLE model employs universally recognized
climate-crop-soil processes, necessitating minimal parameters and
data, and eschews crop-specific procedures, thereby facilitating broad
applicability across a diverse array of crops. We undertake a compre-
hensive literature review to gather field data related to opportunity
crops for model input. The primary objectives of our study are to (1)
provide climate-crop model applications for 19 opportunity crops (in
addition to 5 staple crops) and (2) develop a robust approach for cali-
brating genotype-specific parameters of opportunity crops, with focus
on fine-tuning the parameters that define the unique genetic char-
acteristics of these crops, tailored to specific environmental interac-
tions and growth patterns. By honing in on the genotype-specific
parameters, our approach aims to unlock the agricultural potential of
opportunity crops, paving the way for their increased utilization and
recognition in the African food system for climate change adaptation.

Results and discussion
Model calibration, validation, and evaluation
We constructed and expanded climate-cropmodel applications for 24
crops within SIMPLE including cereals, legumes, oilseeds, roots/

tubers, and vegetables (e.g., SIMPLE-Fonio). Five of these crops—
maize, soybean, groundnut, cassava, and tomato are considered
reference crops, and the remaining 19 are opportunity crops33

(Table S1). SIMPLEuses 4 cultivar parameters and9 species parameters
to simulate the phenology, heat and drought tolerance, and photo-
synthesis rate for a specified crop. The definition of cultivar and spe-
cies parameters are provided in Table S2.We simulate the period from
2000 to 2019 as the baseline for comparison.

Due to the lack of public opportunity crop observational datasets,
we perform a thorough literature review to obtain as many details of
crop parameters and field observations as possible. The literature
review and crop cultivar and species parameter calibration and vali-
dation include the following four steps (Fig. 1):
1. We first search for cultivar and species parameters of SIMPLE/

DSSAT from the literature for the opportunity crops in Africa. If
the parameters exist, we approximate SIMPLE parameters using
the literaturedata, if not, we search forother existing cropmodels
(e.g., AquaCrop) for the opportunity crops and/or expand to
opportunity cropexperiments fromcountrieswith similar climate
to African agricultural regions34 (e.g., lablab in Central India is
comparable to Central Africa given the same tropical savanna
Köppen-Geiger climate classification35–37). If the existing crop
model parameters correspond to the SIMPLE parameters, we
approximate the SIMPLE parameters using literature data.

2. If no existing cultivar and species parameters are available for the
opportunity crops, we search for non-nutrient-stressed field
experiment data from the literature that include crop phenology,
biomass, and yield. Non-nutrient limiting experiments serve as an
excellent source for calibration as SIMPLE does not consider
nutrient stresses. We then use the observed data to calibrate the
SIMPLE cultivar and species parameters by optimizing RootMean
Square Error (RMSE) and Relative RMSE (RRMSE) across phenol-
ogy, biomass, and yield. Acknowledging that an experimental site
is one example system within a more heterogeneous region, we
further validate the model using country-level FAO crop yield
data38 (see Methods).

3. If a crop has neither existing cultivar and species parameters nor
field-level observed data, we use FAO country-level yield data to
calibrate the SIMPLE cultivar and species parameters to optimize
the RMSE and RRMSE for the yield time series. We compare the
simulated baseline yield to FAO yield data across multiple
countries. Given that the FAO reported yield often include
nutrient stresses, we acknowledge that the simulated yield may
be higher than the FAO amount to represent potential yield and
avoid overfitting the model parameters.

4. If none of the above steps are applicable, expert knowledge from
opportunity crop breeders can be used to estimate parameters
based on analogue crop parameters, and clarify that parameters
are theoretical and need to be tested/verified in future experi-
ments. However, in this study, all crops investigated had either
field experiment data and/or FAO country level data available.
Here we select a representative crop in each crop category

(except oilseeds which has only two crops) to demonstrate the model
calibration and validation process (Fig. 2), while the remaining crop
results are shown in Table S3. The representative crops are chosen
based on their high potential as opportunity crops from local experts
(see Methods). Overall, the SIMPLE model generally demonstrates
satisfactory performance (RRMSE < 30%) for rainfed crop productivity
in Africa. Itsflexibility, due to the lower required amountof data to run,
allows it to handle diverse agricultural systems across the continent’s
varied landscapes. The index of agreement (d-index) between the
simulated and FAO continent aggregated yields when averaged across
all crops is 0.41, indicating moderate agreement (Table S4). This
agreement also remains validwhen examining the separate crop types,
with a d-index of 0.45, 0.43, 0.34, 0.44, and 0.34 for cereals, legumes,
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oilseeds, roots/tubers, and vegetables, respectively. Additionally, the
model effectively captures broad patterns in crop yields and land use
(Figs. S1–S6), providing valuable insights into the continent’s agri-
cultural production dynamics. This may help policymakers and
researchers understand potential impacts of climate change on food
security and further socioeconomic influence and adaptation assess-
ments. Despite challenges posed by limited data availability and the
continent’s complex agroecological conditions, themodel projections
are generally consistent with spatiotemporal patterns (Fig. S7). This
reinforces its utility as a decision-making tool for assessing regional
agricultural resilience and planning adaptation strategies.

Analysis of crop cultivar and species parameters
This study quantifies model parameters that reflect the properties of
manyAfricanopportunity crops.Hereweexamine indetail threeof the
most critical SIMPLE parameters for crop growth (Fig. 3): the thermal
time requirement from sowing to maturity in daily mean temperature
(Tsum), threshold for daily maximum temperature to start accelerating
senescence due to heat stress (Tmax), and sensitivity of radiation-use
efficiency (RUE) to drought stress (Swater). The comparison of the
remaining parameters is shown in Figs. S7 and S8.

Tsum indicates the growth duration for a certain crop via thermal
time accumulation, which is a significant index for agricultural planning
and management, such as the planting time adjustment and crop rota-
tion. Tsum values for all cereal crops fall below the average, suggesting
that cereals generally exhibit shorter growth periods. This characteristic
points to a faster development cycle for cereals compared to the other
crop types. Conversely, all roots and tubers, except for sweet potatoes,
have Tsum values above the average, indicating longer growth durations
for these crops. Such extended periods are indicative of a slower
maturation process, which may influence planting and harvesting stra-
tegies. Notably, among the variety of crops analyzed, cassava records the
highestTsum, showcasing its particularly lengthy growth cycle39, while teff
registers the lowest Tsum, confirming its rapid maturation cycle40.

Tmax reflects the crop heat stress tolerance. Crops with high Tmax

may have stronger resilience to elevated temperature impacts from
climate change. Nearly all cereal crops (except formaize) have an above
average Tmax value, suggesting that cereals generally exhibit a strong
heat stress tolerance. In contrast, all legume and vegetable crops fall

below average, indicating that these crops are more vulnerable to heat
stress. Fonio, finger millet, pearl millet, and sesame exhibit the highest
Tmax value, indicating that these cropsmay be particularly well-suited as
opportunity crops in the context of global warming41–43.

Swater signifies the crop water stress sensitivity, which can be used
for assisting cropland allocation and irrigation optimization. Most
cereals and legumes have Swater close to the average. A low Swater for
crops like teff, okra, and amaranth suggests that these crops can be
allocated to relatively arid regions44, while crops with high Swater such
as tomato and groundnut may be allocated to humid regions or
prioritized with irrigation infrastructure45.

To further validate the genetic differences between the SIMPLE
parameterization of the crop types, we show the crop Euclidean dis-
tance based on the normalized 9 species parameters (Fig. 4). A small
crop distance indicates a strong similarity while a large distance indi-
cates a strong difference (e.g., crop distance of 1 means the two crops
are near identical, crop distance of 7 means the two crops are very
different). Physically, crops belonging to the same crop type should be
more identical than those disparate crops in terms of plant properties.
This is reflected in Fig. 4, which demonstrates that crops are more likely
to be closer to others belonging to the same crop type (black boxes are
mostly filled by green and yellow pixels), e.g., pearl millet is very similar
to fonio but very different to cocoyam. This consolidates the reliability
of the model parameterization and calibration process in not only
capturing the crop characterization such as phenology, biomass, and
yield, but also in retaining the physical cohesion across crops.

Model performance and response to extreme events
As a test of model response and coherence to observed yield sensi-
tivity, we compare SIMPLE model outputs with observed data and
disaster reports (Fig. 5). The International Disaster Database EM-DAT46

records severe drought and heat wave events that affect global agri-
culture (https://www.emdat.be/). When comparing the detrended
simulated and FAO lowest yielding years (lowest 5 years within the 19-
year period) with the reported EM-DAT extreme events during the
2000–2018 period, the simulations outperform FAO in 13 of the 16
crops for drought events and 4 of the 14 crops for heat wave events
(when teal bars are above red bars in Fig. 5). The gray dashed line
shows a hit rate demonstrating skill of a random probability of

a

b

b

Fig. 1 | Decision tree for crop cultivar and species parameter approximation.
The decision tree follows the logic of descending reliability to minimize uncer-
tainties from existing model parameters, field experiment data, FAO data, and
expert knowledge. a expert knowledge was not the sole justification for the

parameters since we have either field experiment data and/or FAO country level
data available for all crops investigated, but we still include this panel to make the
decision tree complete, b this step is bypassed if there is no existing FAO country/
continent level data for a specific crop.
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extremely low yield. For drought, 15 of the 16 crops are above the hit
rate demonstrating skill for both simulations and FAO data (lowest 5
years within the 19-year period). For heat waves, 9 of the 14 crop
simulations are above the hit rate demonstrating skill, while 11 of the 14
FAO reported crops are above. The difference between the number of
crops in the drought and heat wave events is because two crops
(Bambara groundnut and Pigeon pea) were not planted in the regions

whereheatwaveswere recorded.Heatwaves aremorewidespreadand
long-lasting, while some droughts may be more localized and/or may
have occurred at times of the year outside of the growing season
(which is why 100% correspondence is not expected). This shows the
model creditably captures the extreme drought and heat wave events
in Africa and is slightlymore responsive to the extreme events than the
FAO data.

Benin

Cowpea

Liberia Ghana

Senegal

Tomato

Calibration site

Validation country

Nigeria

Fig. 2 | Model calibration and validation at site and country-level. Figure
showing the calibration results for four representative crops – fonio, cowpea,
yams, and tomato in terms of phenology, biomass, and yield based on existing
parameters and field experiments from the literature, and validation based on FAO
country-level yield data. The treatments refer to different management practices
such as planting date (detailed in Methods). The reason that the simulated results
are generally higher than FAO in the validation is mainly attributed to the use of a

non-nutrient stressed model, while FAO data is collected from in situ surveys with
various environmental stresses including nutrient stress, pest and diseases, etc.
anduncertainties in agriculturalmanagement38. The calibration results for all crops
with field-level data available are shown in the Supplementary Figs. S1–S5. The
validation results for all crops with country-level data available are shown in the
Supplementary Fig. S6 and Table S4. All yields shown at0%moisture content. Error
bars are not available for the observations.
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The EM-DAT database, which provides data at a national scale, is
insufficient for capturing the complete influence of crop patterns
beyond just the impacts of climate. Here, we analyze the correlation
between simulated yield at both grid and country levels, FAO yield at
country-level, and the Number of Heat Days (NHD) and Drought Days
(NDD). Considering the independence of the model, we calculated
three commonly used drought indices including the Standardized
Precipitation Index (SPI)47, Standardized Precipitation Evapo-
transpiration Index (SPEI)48, and Self-Calibrated Palmer Drought

Severity Index (sc-PDSI)49 for the crop growing season. Using maize
and cowpea as examples, all indices at country-level show higher
correlation with model simulation than FAO (except for NDD for
cowpea) (Table 1). This indicates that the model is responsive to the
heat and drought events.

In this study, we constructed crop model applications for 24
crops, of which 19 are opportunity crops, and demonstrated the fea-
sibility of utilizing SIMPLE for opportunity crop model development.
As the first endeavor in exploring groups of opportunity crops in

Fig. 3 | Comparisonof three cultivar and species parameters for all crops.Radar
charts showing the SIMPLE model cultivar parameter for the thermal time
requirement from sowing to maturity (Tsum), and the species parameters for the
heat stress threshold (Tmax) and the sensitivity of radiation use efficiency to water

stress (Swater) for all 24 crops. The red points denote above average values while the
blue points denote below average. The dashed gray line is the mean parameter
value of all crops.

Fig. 4 | Crop similarities using Euclidean distance. The distance (unitless) is
defined as the Euclidean distance based on the normalized 9 species parameters. A
small distance between two cropsmeans the two crops are similar to each other in
terms of species parameters, and vice versa. The black boxes show the crops in the

same crop type: cereals, legumes, oilseeds, roots/tubers, and vegetables. Green and
yellow are the dominant pixel color within the black boxes, suggesting crops in the
same crop type have the most identical species parameters.
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physical-basedmodels, this work involves a thorough literature review
and state-of-the-art model configuration. This work enables VACS
projections of future productivity and climate vulnerability (ref. 50),
lays the foundation for modeling opportunity crop research and

adaptation potential (ref. 51), investigating the role of opportunity
crops towards a food and socioeconomic secure future under climate
change at a national level (ref. 52), exploring climate impacts on
nutrients and public health (ref. 53), and more future studies relevant
to food and agriculture.

A significant challenge to enhancing agricultural models like
SIMPLE in Africa is the scarcity of comprehensive and reliable crop
observational data28,29. This shortage stems from various factors,
including the high cost of data collection, infrastructural limitations,
and inadequate investment in research, particularly for these crops. In
many regions, farm-level data on crop yields, management practices,
and soil conditions are sparse or nonexistent. While a high correlation
between simulations and FAO crop anomalies would be ideal, it is
important to recognize that country-level production anomalies in
many crops are influenced by a complex interplay of factors beyond
climate. These include changes in the cultivated area, socioeconomic
and cultural transformations, geopolitical conflicts, migration pat-
terns, and the availability of labor and agricultural equipment. Such
multifaceted influences make it challenging to precisely match FAO
crop yield data for certain crops. Despite this limitation, the present
study serves as an effort to enhanceour understanding of the potential
and performance of various crops in Africa and provides a founda-
tional framework for future investigations. Furthermore, logistical
barriers often prevent accurate assessment of different agroecological
zones, leavingmany local variations unaccounted for. This gaphinders

Fig. 5 | Correspondence between extremely low production and extreme
events. FAO (red bars) and simulated (teal bars) lowest yielding years (lowest 5
years within 2000–2018) compared to the EM-DAT database for extreme drought
(top) and heat wave (bottom) events. Of the years when EM-DAT indicates an
extreme event, simulated yield indicated that this was one of the worst 5 years for a
specific crop in countries affected by the extreme event for a specified percentage
of the time (30%means 30% of the extreme events fall in the worst 5 years for this
crop). This indicates that simulations are as good as, and in some cases better, at
capturing extreme events, although both FAO and EM-DAT are limited in capturing

what may be local events at a country-scale reporting level. EM-DAT documented
133 drought events and 5 heat wave events during 2000–2018 in Africa. The dif-
ference between the number of crops shown in the drought events plots and the
heatwave plots is because two cropswere not planted in the regions when affected
by heatwaves. Gray dashed line shows 5 years out of 19-year threshold (26.3%), a hit
rate indicating a random probability of extremely low (bottom five years) yield.
Bambara groundnut and pigeon pea are not planted in the regions where heat
waves are recorded by EM-DAT.

Table 1 | Coefficient of determination (R2) between yield and
extreme event indices, averaged across the whole of Africa

NHD NDD SPI SPEI sc-PDSI

Maize SIM-grids 0.72 0.36 0.42 0.64 0.49

SIM-
country

0.65 0.31 0.44 0.62 0.32

FAO-
country

0.19 0.01 0.11 0.18 0.20

Cowpea SIM-grids 0.77 0.33 0.31 0.51 0.31

SIM-
country

0.42 0.01 0.35 0.47 0.27

FAO-
country

0.18 0.06 0.18 0.36 0.26

Heat days are defined as heat stress days when daily maximum temperature exceeds the heat
threshold (Tmax) for each crop. Drought days are defined as significant water stress days when
the Agricultural Reference Index for Drought (ARID)75 used within SIMPLE is >0.7. Simulated
yields are evaluated on both grid cell and country levels, while FAO yields are evaluated only on
country-level. The technology trend for both yield and indices are removed from thecalculation.
SIM Simulation, FAO Food and Agriculture Organization, NHD Number of Heat Days, NDD
Number of Drought Days, SPI Standardized Precipitation Index, SPEI Standardized Precipitation
Evapotranspiration Index, sc-PDSI Self-Calibrated Palmer Drought Severity Index.
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model calibration and validation, limiting the accuracy and robustness
of projections. Consequently, the lackof comprehensive observational
data prevents a nuanced understanding of specific regional crop per-
formance, reducing the confidence in relying on themodel outputs to
inform policy recommendations. Addressing this data deficit requires
concerted efforts to build more reliable and accessible databases
through collaborations between governments, research institutions,
and local communities.

While the SIMPLE model provides a valuable framework for ana-
lyzing agricultural trends, its inherent simplicity can lead to significant
uncertainties. It does not fully account for some key processes that
affect crop productivity, such as nutrient limitations and pest and
disease pressures. This results in a somewhat coarse representation of
crop responses to varying environmental and management condi-
tions. Such limitations could lead to inaccuracies, especially in areas
where nutrient deficiencies or specific farming practices significantly
affect yields. To enhancemodel predictive power, incorporatingmore
detailed data on soil health, nutrient management, and pest dynamics
would be essential. Despite these uncertainties, the SIMPLE model
remains a useful tool for broader initial regional analysis, provided its
limitations are acknowledged, and findings are supplemented with
field data and expert knowledge.

Looking forward, there is substantial scope to expand this foun-
dational work to include simulations of additional crop types using the
SIMPLE model. By extending coverage across a wider variety of crops,
we can generate a more comprehensive picture of agricultural
responses across different ecosystems and management practices.
This expansion would not only refine our understanding of individual
crop responses but also enhance our ability to make generalized pre-
dictions across agricultural systems.

Moreover, there is a keen interest in developingmore sophisticated
models for opportunity crops. One option is to follow in the footsteps of
established agricultural modeling systems like DSSAT, which has been
instrumental in simulating a multitude of crop and environmental
interactions and includes some opportunity crops such as cowpea and
teff. The ambition is to create models that further advance our under-
standing of intricate dynamics of soil fertility, management practices,
and crop genetics, thereby offering more precision for modeling crop
performance under various climatic and soil conditions once reliable
soil nutrient data is available. Continuedmodel improvement allows for
a more nuanced exploration of adapted management strategies and
seed varieties, tailored to the specific needs and limitations of different
agricultural zones. Future work in this field will involve extensive colla-
boration across disciplines, bringing together agronomists, geneticists,
climatologists, and computer scientists. By fostering an integrated
approach, the research community can better address the multifaceted
challenges of modern agriculture and contribute to the evidence nee-
ded to create resilient food systems that canwithstand the uncertainties
of future climate scenarios.

Methods
Introduction to the SIMPLE model
The SIMPLE model32 is based on one of the most widely used crop
models - DSSAT, retaining the key hydrobiological components to
crop growth while simplifying the computational process. Compared
to many other crop models, SIMPLE has the advantage of easy
interpretation and implementation, making it a suitable tool for
exploring and evaluating opportunity crops. SIMPLE uses cumulative
temperature accumulation (degree days) to determine crop pheno-
logical development from sowing to physiological maturity. Crop
yield is calculated based on the daily biomass accumulation and
harvest index (HI), where daily biomass accumulation is determined
by photosynthesis rate, which is a function of canopy intercepted
solar radiation ðf SolarÞ, radiation use efficiency (RUE), CO2 effect

ðf CO2

� �Þ, temperature effect ðf Tempð ÞÞ, and heat and drought
stresses ðminðf Heatð Þ, f Waterð ÞÞÞ (Eqs. 1 and 2). Detailed model
computational equations for each component can be found in ref. 32.
As a simplistic crop model, SIMPLE does not come with the same
process-depth as other models. Such processes include the response
to vernalization, photoperiod effect on phenology, and nutrient
dynamics.

Biomassrate =Radiation× f Solar ×RUE× f CO2

� �
× f Tempð Þ× min f Heatð Þ, f Waterð Þð Þ

ð1Þ

Yield=
X

Biomassrate ×HI ð2Þ

SIMPLE model configuration
The SIMPLE model can be setup at a single site or in a gridded way
across larger regions, using the R programming language (version
4.3.0). We developed an automatic gridded input generation tool, and
setup the model on the NASA Discover high performance super-
computer using a country-rolling computational approach. This allows
the model to be run in any prescribed country/countries or the whole
of Africa automatically with a high computational efficiency. The
SIMPLE model is set up at 0.5° × 0.5° spatial resolution for the whole
African continent from 2000 to 2019, considered as the baseline
period, while the year 2019 is excluded from the analysis due to some
crops in some regions not reaching maturity until outside of the time
period examined. Similar to DSSAT, SIMPLE requires climate, soil,
management, and genetic data as model inputs. The following sub-
sections introduce the data sources for each category.

Climate data
The baseline daily climate data, including solar radiation (MJm−2), 2-m
maximum and minimum temperature (°C), and precipitation (mm)
from 2000 to 2019, are obtained from European Centre for Medium-
Range Weather Forecasts Reanalysis v5 (ECMWF-ERA5)54 W5E5 v1.0
reanalysis dataset. ERA5 provides high-resolution data across various
meteorological variables, such as temperature, radiation, precipita-
tion, and more from 1950 to the present, updated in near-real-time.
With its fine spatial resolution of approximately 31 km and hourly
temporal granularity, ERA5 facilitates detailed climate analyses and
improves the accuracy of weather forecasting and climate modeling
and is crucial for understanding past, present, and future climate
dynamics globally. The ERA5 data used in this study are downscaled
and centrally bias-adjusted following the Inter-Sectoral Impact Model
Intercomparison Project (ISIMIP) framework55 and previous AgMIP
global gridded impact assessments9.

Soil data
Soil data are from the gridded Global Soil Dataset for Earth System
Models (GSDE)56, which has been shown to be comparable to other
well-known soil datasets such as SoilGrids57. Soil data include soil
available water capacity (defined as drained upper limit - lower limit),
runoff curve number, and deep drainage coefficient. Root zone
depth (mm) is also added from the Africa Soil Information Service
(AfSIS)58. These parameters are all provided at a spatial resolution of
0.5° × 0.5° for integration into the crop model. SIMPLE incorporates
these inputs within its water budget routine to determine the daily
water balance and assess cumulative drought stress using the ARID
index and ARID sensitivity parameter for each crop type58. In this
modeling framework, soil moisture levels are reset at the start of
each growing season.
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Management data
The gridded crop calendar data, including planting andmaturity dates
for each crop, are from AgMIP’s Global Gridded Crop Model Inter-
comparison (GGCMI) repository9. The GGCMI crop calendar, which
integrates various observational data sources, offers information on
planting and maturity dates for five specific crops in this study—cas-
sava, groundnut,maize, sorghum, and soybean—at a resolution of 0.5°.
For crops that are not covered by the GGCMI crop calendar, we
employed the calendar of a similar crop as a substitute where possible
(for example, using the millet calendar in place of the finger millet
calendar, or the peas calendar for the grass pea calendar). In cases
where no analogous crop calendar was available, we developed a crop
calendar tailored to defined agroecological zones. This involved
populating each agroecological region34 with the predominant sowing
dates derived from the FAO crop calendar, the International Fertilizer
Association’s Fertilizer Use by Country crop calendar59, and relevant
literature references60–62.

The gridded planting area data is obtained from CROPGRIDS63,
except for Ghana where SPAM201064 was used since we had it vali-
dated against several sites. CROPGRIDS is a global geo-referenced
harvested area dataset for 173 crops at a resolution of 0.05° through
data merging from multiple independent sources. For crops not
included in CROPGRIDS, we use an analog crop from CROPGRIDS as
proxy (Table S2). African island countries Cabo Verde, Mauritius, and
Seychelles are not included in this study due to their limited agri-
cultural data. Grid cells with harvest area <5 ha are excluded from the
modeling to balance accuracy and computational runtime efficiency.
Given that Africa has a very low overall cropland irrigation rate (about
6%)65, we exclude irrigation in this study and all crops are simulated
under rainfed conditions.

Metrics for skill assessment
Root Mean Square Error (RMSE), Relative Root Mean Squared Error
(RRMSE), Coefficient ofDetermination (R²), and Index of Agreement (d-
index) are chosen as skill metrics in modeling due to their effectiveness
in evaluating different aspects of model performance (Eqs. 3–6). Each
metric offers unique insights and justifications for its use.

RMSE is a standard statistical measure used to evaluate the
accuracy of a model by quantifying the difference between predicted
values and the actual observed values. RMSE is particularly useful
because it is expressed in the same units as the simulated variable,
making interpretation intuitive and direct. RRMSE is a normalized
statistical measure used to assess the accuracy of predictive models,
similar to RMSE but adjusted relative to the scale of the data. RRMSE
is particularly advantageous in contexts where model outputs vary
significantly in magnitude, allowing comparisons that are fair and
contextually relevant. R² measures the proportion of variance in the
dependent variable that is predictable from the independent vari-
ables in a regression model. R² is essential for evaluating the overall
effectiveness of a model in explaining the variability in the data,
offering a statistical summary of how well predictions conform to
actual outcomes. The d-index provides a comprehensive assessment
of model performance by accounting for both systematic and ran-
dom disparities between observed and simulated data, which iden-
tifies additive and proportional differences in the means and
variances of the observed and modeled values.

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i= 1jjy ið Þ � ŷ ið Þjj2

N

s
ð3Þ

RRMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i = 1jjy ið Þ � ŷ ið Þjj2

N
PN

i= 1jjŷ ið Þjj2

vuut × 100 ð4Þ

R2 = 1�
P jjy ið Þ � ŷ ið Þjj2P jjy ið Þ � �yjj2

ð5Þ

d = 1�
PN

i= 1 y ið Þ � ŷ ið Þ� �2
PN

i = 1 jŷ ið Þ � �yj+ jŷ ið Þ � �yj� �2 ð6Þ

whereN is the number of data points, y ið Þ is the i-th observation, ŷðiÞ is
its corresponding simulation, and �y is the observational mean.

Model calibration and validation
Cereals. Using fonio as the representative crop for cereals (Fig. 2), we
obtained a field experiment consisting of a total of 7 varying planting
date treatments with phenology, biomass, and yield data fromSenegal
covering 2 years in 2 fields in Bandafassi and Sinthiou Maleme66. We
first calibrated the SIMPLE Tbase, Tsum, HI, Topt, RUE, and Tmax para-
meters using ref. 66, and then manually tuned the other parameters
through comparisons with field data to minimize RMSE and RRMSE.
We then use the FAO yield data of the median country across all
country FAO yield data, Benin, as a reference to validate the model38.
Similar calibration and validation procedures are followed for other
crops described in the next sections.

Across all treatments, the calibration accuracy and effectiveness
were quantitatively assessed using RMSE and RRMSE. For the crop
phenology of fonio, the model achieved a RMSE of 2 days and an
RRMSE of 3%, indicating a relatively precise simulation of the crop
seasonal development compared to observed data. The RMSE and
RRMSE are 1023 kg ha−1 and 26% respectively for the simulated bio-
mass indicating satisfactory model performance although some chal-
lenges exist due to variability in biomass production. Similarly, yield
simulations also presented a RMSE of 246 kg ha−1 and a RRMSE of 26%,
underscoring an acceptable model performance in simulating fonio
yield. The validation against FAO yield in Benin shows a RMSE of
222 kg ha−1 and RRMSE of 36%, suggesting a decent model perfor-
mance at the country-level.

Legumes. Using cowpea as the representative crop for legumes
(Fig. 2), we obtained a field experiment with a total of 3 varying
planting date treatmentswith phenology, biomass, and yield data from
Kpong, Ghana covering 1 year67.We startwith the parametersTopt from
ref. 68, Tmax from ref. 69, and SCO2 from ref. 70, then manually tuned
other parameters through comparisons with field data to minimize
RMSE and RRMSE. We then use the FAO yield data also from Ghana to
validate themodel. The FAO yield was adjusted for amoisture content
of 12% to convert to dry weight.

For the growth duration of cowpea, the model achieved an RMSE
of 2 days and anRRMSEof 3%, indicating a relatively precise simulation
of the crop developmental timeline compared to observed data. In
terms of biomass, the RMSE was 371 kg ha−1 and the RRMSE was 12%,
reflecting an acceptable simulation of biomass production. Similarly,
yield simulations presented a RMSE of 212 kg ha−1 and a RRMSE of 12%,
underscoring an accurate model performance in simulating cowpea
yield. The validation against the FAO yield in Ghana shows a RMSE of
137 kg ha−1 and RRMSE of 12%, suggesting a satisfactory model
performance.

Roots/tubers. Using yams as the representative roots/tubers crop
(Fig. 2), we obtained a field experiment inNigeria covering 2 years with
5 planting date treatments in each year71. The crop duration was used
to estimate Tsum whilst other phenology and growth parameters were
obtained from literature and manually tuned through comparisons
with field data to minimize RMSE and RRMSE. We then use the FAO
yield data also in Nigeria to validate the model.
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For the crop phenology of yams, the model achieved a RMSE of
28 days and an RRMSE of 12%, indicating adequate simulation of the
longer growing seasons for yams. In terms of biomass, the RMSE was
higher at 6053 kg ha−1, but had an acceptable RRMSE of 24%, reflecting
greater variability in accurately modeling biomass production. Simi-
larly, yield simulations presented aRMSEof 4327 kg ha−1 and anRRMSE
of 22%, underscoring an acceptable model performance in simulating
the higher observed yields of yams. The validation against the FAO
yield in Nigeria shows a RMSE of 4503 kg ha−1 and RRMSE of 46%,
suggesting fair model performance.

Vegetables. Using tomato as the representative crop for vegetables
(Fig. 2), we obtained a greenhouse experiment with a total of 3 high
fertigation treatments with phenology, biomass, and yield data from
Tamale, Ghana covering 2 years with 2 cultivars, cv. Jalila and Yetty72.
Themodel was calibrated for both cultivars and the better performing
cultivar, Jalila, was used for the gridded simulations. We started with
the default SIMPLE tomato parameters and adjusted Tsum from the
FAO database73, then checked the other parameters through compar-
isons with field data to minimize RMSE and RRMSE, where the default
parameters proved to provide the best fit. We then used the FAO yield
data of the median country across all country FAO yield data, Liberia,
as a reference to validate the model. The FAO yield was adjusted for a
moisture content of 85% to convert to dry weight73.

For the phenology of tomato, the model achieved an RMSE of
10 days and a RRMSE of 6%, indicating a relatively precise simulation
of the crop seasonal development compared to observed data. In
terms of biomass, the RMSE was 1941 kg ha−1, with a RRMSE of
29%, reflecting decentmodel performance. Similarly, yield simulations
presented a RMSE of 701 kg ha−1 and a RRMSE of 18%, underscoring
an acceptable model performance in simulating tomato yield.
The validation against the FAO yield in Liberia shows a RMSE of
1003 kg ha−1 and RRMSE of 60%, suggesting fair model performance.
The higher RRMSEmay be explained by below average yields between
2000–2011 (see Fig. 2 timeseries) or high variability in the FAO
reported yield.

Following similar procedures, we configured the cereal crops
including maize, teff, finger millet, sorghum, and pearl millet; legume
crops including soybean, grass pea, mung bean, pigeon pea, lablab,
and bambara groundnut; root/tuber crops including cassava,
groundnut, sesame, cocoyam, taro, and sweet potato; and vegetable
crops including African eggplant, okra, and amaranth. The detailed
cultivar and species parameters are shown in Table S5.

Model evaluation at the continent-level
To justify that the model is applicable in the whole Africa continent
rather than only in several sites and countries, we further evaluate the
calibrated models for Africa, where Egypt and Djibouti are excluded
due to the high share of cultivated area equipped for irrigation
(nearly 100%)74.

Spatiotemporal evaluation. Here we demonstrate the comparison of
the simulated yield of the four representative crops with the FAO
average yield38 across the whole of Africa (Fig. 6). The comparison is
made based on the country-year yield from both datasets, namely,
each data point represents one country in one year. The mean yield,
along with the density distribution show a good consistency between
modeling results and FAO for fonio, yams, and tomato. The three crops
have the mean yield and the most concentrated yield range at around
900 kg ha−1, 9000 kg ha−1, and 8000 kg ha−1 respectively. Cowpea,
although showing a relatively different mean yield (about 500 kg ha−1

for FAO and 1200 kg ha−1 for simulation) and the most concentrated
yield range, still has a large overlap between the two datasets. This
provides the confidence that the calibrated models can represent the
observed yield across the whole of Africa with acceptable fidelity in
both spatial and temporal dimension. Meanwhile, the FAO data has
muchmore outliers than the simulated results for every crop, showing
large spatiotemporal variability and uncertainty. Such variability and
uncertainty could originate from the abrupt changes in technology
and seed variety in a certain year for some countries that significantly
increased yield, or natural and socioeconomic shocks such as flooding
and conflicts that significantly reduced yield, which are not capable of

Fig. 6 | Spatiotemporal evaluation of observed and simulated yields across
Africa. Each data point is a crop yield at a country-year for the baseline period
(2000 to 2018) for FAO38 (red) and the SIMPLE model (teal). Box plots show the
90th percentile, 75th percentile,median, 25th percentile, and 10th percentile (from

top to bottom) and outliers of observations and simulations. The legend refers to
all panels. Note that the FAO reported tomato fresh weight is adjusted to 15% to
represent the dryweight73. The comparison for all cropswith FAOdata available are
shown in the Supplementary Fig. S9.
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being captured by the model. Nevertheless, the models can still pro-
vide reliable results that reflect average yield conditions in Africa.

Spatial distribution evaluation. The spatial distribution comparisons
of the four representative crops with FAO are shown in Fig. 7. The
spatial pattern of the simulated yield for fonio is highly consistent with
the FAO data. Fonio is found to be only planted in Western Africa.
Countries including Guinea, Mali and Côte d’Ivoire have the highest
yield of about 1000 kg ha−1. The simulated cowpea yield is also con-
sistent with FAO in terms of spatial distribution. Cowpea is most pro-
ductive in East African countries such as Tanzania, Uganda, and
Madagascar and West African countries including Ghana and Nigeria,
with the highest yield of around 2000 kgha−1. Yams also show a good
consistency in the spatial pattern with the FAO data, with West Africa
being the most productive region. Countries such as Ghana, Togo,
Benin, and Nigeria have the highest yields of about 15,000 kg ha−1.

Central African Republic in Central Africa and Ethiopia in East Africa
are also found to be very productive for yams. There are discrepancies
between the spatial distribution of simulated tomato yield and the FAO
data. We find that tomato has the highest simulated yield in Central
and West Africa of 10,000 kg ha−1, while the FAO data signifies that
Northern and Southern Africa have the highest yields. This may indi-
cate a potential of planting tomato in Central and West Africa where
there is less current cultivated area. Nevertheless, the calibratedmodel
also shows high tomato yields in areas within South Africa, Morrocco,
Algeria, and Tunisia along the coastal area.

It is worth noting that FAO does not provide subnational yield
data. Hence, products from this study provide a higher resolution
perspective on crop yields. Differences between simulations and FAO
yield and production may also reflect missed opportunities for crop
expansion or could indicate socioeconomic factors that diminish that
crop use (e.g., a higher value crop outperforms a lower value crop).
This suggests that future land use management should not be deter-
mined by the best place to grow a given crop but determined by the
best crop that can be grown in a given place.

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

Data availability
The daily climate data are from European Centre for Medium-Range
Weather Forecasts Reanalysis v5 (ECMWF-ERA5) W5E5 v1.0 reanalysis
dataset (https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-
v5).Soil data are from the gridded Global Soil Dataset for Earth System
Models (GSDE) (https://cmr.earthdata.nasa.gov/search/concepts/
C1214604044-SCIOPS.html#). The gridded crop calendar data are
from AgMIP’s Global Gridded Crop Model Intercomparison (GGCMI)
repository (https://zenodo.org/records/5062513), FAO crop calendar
(https://cropcalendar.apps.fao.org/#/home), and the International Fer-
tilizer Association’s Fertilizer Use by Country crop calendar (https://
www.ifastat.org/). The gridded planting area data is obtained from
CROPGRIDS and SPAM2010 (https://dataverse.harvard.edu/dataset.
xhtml?persistentId=doi:10.7910/DVN/PRFF8V). Model results data is
publicly available at https://doi.org/10.7910/DVN/MLRBYD.

Code availability
The code for SIMPLE crop model, data analysis and figure plotting is
publicly available at https://doi.org/10.7910/DVN/MLRBYD.
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