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Abstract: Investing in productivity-enhancing inputs is complicated when the economic
returns are unknown at the time of investment and vary widely between locations and years.
To inform targeting of soil health investments in sub-Saharan Africa, where budgetary re-
sources are scarce, we develop a method to model site-specific, ex ante distributions of the
yield response and economic returns to fertilizer use across sub-Saharan Africa. We estimate
this model using a random forest algorithm and an experimental maize trial dataset (which
includes just under 21,000 observations spanning 18 countries and nine years), matched
with geocoded rainfall, temperature, and soils data. The resulting profitability assessment
tool allows decision makers to visualize the site-specific probability of achieving profitability
objectives in rainfed maize systems where climate conditions are unknown at the time of
planting. We find that the yield response to fertilizer use varies with growing season temper-
ature and precipitation and with soil conditions. While there are many locations throughout
the sub-continent where fertilizer use profitability is robust to growing season climate and
the fertilizer to maize price ratio, there are many locations where it is not, underscoring the
fundamental challenge of understanding fertilizer use profitability and its determinants. We
explore the implications for decision makers who are designing and geographically targeting
interventions to improve the soil health of farmers in rainfed systems.
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1 Introduction

In developing countries, the majority of poor people live in rural areas, and most depend

on agriculture for their livelihoods (IFAD, 2016). Since 1960, growth in use of inorganic

fertilizer, along with use of modern seeds that are responsive to fertilizer, has contributed to

growth in staple crop yields as well as improved economic indicators such as growth in GDP,

growth in labor productivity within and outside of agriculture, and reductions in headcount

poverty worldwide (Evenson and Gollin, 2003; McArthur and McCord, 2017; Gollin et al.,

2019). Increased input intensification, of which fertilizer is a key component, accounted

for approximately 60% of gross agricultural output growth in developing countries during

this period (Fuglie, 2018). In the regions of the world that experienced a prominent Green

Revolution (South Asia, East Asia, and Latin America), fertilizer use intensity grew by 56x,

17x and 10x, respectively, between 1960-2010 (World Bank Group, 2020).

In sub-Saharan Africa, where poverty remains the most concentrated, agriculture is char-

acterized by low yields and low use of productivity-enhancing inputs such as fertilizer and

improved seeds (Sheahan and Barrett, 2017). Fertilizer use intensity in sub-Saharan Africa

only grew by 5x between 1960 and 2017, from 2.9 kg/ha to 17.9 kg/ha (World Bank Group,

2020). A marked increase in use of improved seeds and fertilizer is seen as central to the
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effort to transition African smallholders from their current average staple yields (1 t/ha)

to the yields that Latin American smallholders have achieved (3 t/ha) (Sanchez, 2015). In

recent decades, African governments have invested heavily in input subsidy programs, with

total annual expenditures in the region’s largest ten countries ranging from $US 600 million

to $US 1.2 billion and accounting for 14-26% of combined annual public expenditures on

agriculture (Jayne et al., 2018).

Despite high levels of effort to increase fertilizer use, it is not clear that these investments

are more cost effective in reducing poverty than alternatives (Jayne et al., 2018). Fertilizer

profitability is determined by a number of site-specific factors that vary greatly from location

to location, such as soil type, plot slope and aspect, and prices for inputs and outputs

(Benin and Yu, 2013; Burke et al., 2017, 2019; Cedrez et al., 2020). Failure to consider how

agronomic conditions and price incentives affect fertilizer profitability underestimates spatial

variability in yield response. Temporal variability in precipitation and temperature further

exacerbates uncertainty in rainfed cropping systems, where farmers must purchase inputs

without knowing the weather conditions they will face during the coming growing season

(Chavas and Holt, 1996; Hurley et al., 2018; Zhu, 2018), and consequently, the benefits

they will receive from that investment. Predicting crop response amid this uncertainty is

confounded by unobserved factors that can simultaneously influence both a farmer’s decision

to apply fertilizer and her productivity, making it difficult for researchers to credibly estimate

the crop response to fertilizer.

In this paper, we integrate extensive agronomic trial data (following (Lobell et al., 2011))

with spatially resolved weather data and newly generated soil data to estimate the yield

response to inorganic fertilizer use in maize conditional on soil characteristics and growing

season climate. Our maize trial dataset spans a wide range of climate and soil conditions,

allowing us to explore the heterogeneity of fertilizer response under different growing condi-

tions. Because fertilizer treatment is experimentally assigned in these agronomic trials, we
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estimate a yield response that is not confounded by farmers’ decisions to apply fertilizer. We

use a random forest estimation procedure to predict yields given temperature, precipitation,

soil characteristics, fertilizer use, and a rich set of interactions between these variables. We

then use this understanding of fertilizer response to develop a forward-looking tool to sup-

port investment planning and targeting in the face of climatic risk. Our profitability tool,

which pairs a fertilizer response model with a synthetic weather dataset drawn from historic

climate distributions, generates site-specific probabilistic distributions of the returns to fer-

tilizer use. This forward-looking tool allows users to visualize the probability of achieving

a user-defined profitability objective, given stochastic realizations of climate conditions and

heterogeneous growing conditions.

We find that fertilizer response does indeed vary with growing conditions, and that this

has important implications for the value proposition that farmers face in using fertilizer.

Across trial site locations, the average predicted fertilizer response is 1.08 t/ha, though the

site level average response ranges from -0.11 t/ha in the lowest response site to 3.51 t/ha

in the highest. When fertilizer response is simulated in each trial site with climate data

sampled with replacement from the 30-year historical climate record, the average site-level

standard deviation of fertilizer response is 0.33 t/ha, ranging from 0.20 t/ha in the trial site

with lowest variability to 0.53 t/ha in the trial site with highest variability. In order for

fertilizer use to be profitable in places where the fertilizer response is modest (expected to

exceed only 0.5 t/ha 70% of time), fertilizer must be priced attractively, at less than 3.8x the

price of maize, in order for fertilizer use to be profitable. Fertilizer must be priced much more

attractively, at less than 2x the price of maize, for fertilizer use to be profitable in a location

where the fertilizer response is in the fifth percentile among African locations. Decision

tools like the one proposed here can support policy planners’ efforts to develop interventions

that are robust in the face of climate uncertainty, and that account for fertilizer response

heterogeneity across variable growing conditions. With better decision tools, planners can
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make climate-smart agricultural productivity investments while more efficiently using limited

resources.

This study builds on previous attempts to understand the agronomic and/or economic

effectiveness of fertilizer use in staple crop production in developing countries, which typ-

ically fall into one of four categories – researcher-managed trials, farmer-managed trials,

crop modeling, and observational studies, as further reviewed in the supporting information

(SI). With the exception of (Hurley et al., 2018), which uses fully mechanistic crop models

rather than experimental trial data, to explore farmers’ willingness to pay for fertilizer in

sub-Saharan Africa, previous fertilizer targeting efforts do not condition fertilizer response

on both soil and climate conditions, nor do they account for the uncertainty in weather

realizations that characterizes rainfed cropping systems.

2 Results

2.1 Estimating fertilizer yield response

In order to model fertilizer response that is heterogeneous in site-specific characteristics,

management practices, and climate realizations, we use a yield model that is sufficiently

flexible in form to capture this heterogeneity. We estimate the yield function y(f ; θ̄, Xi, ωit),

where yield depends on fertilizer use (f), technologies and management practices employed

(θ̄), site characteristics (Xi), and weather realizations (ωit). Our yield functional form is not

additively separable with respect to fertilizer use and the key interaction variables – variety

planted, site characteristics, and growing season weather – so that the specification does

not assume away the possibility of interactions that are well-substantiated in the agronomic

literature (e.g., Vanlauwe and Giller, 2006).

Because our interest is in predicting fertilizer response out of sample, in locations and

years where trials have not been conducted, we pool observations across trial sites and esti-
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mate a yield response model that includes between-site variation in Xi and site-year variation

in ωit. We estimate the model using a random forest algorithm, an ensemble learning method

for regression that is flexible in specification and tends to perform well in generating pre-

dictions outside of the estimation sample (Athey and Wager, 2019; Athey et al., 2019). We

use a cluster robust estimation procedure, as described in the Methods section, to improve

predictive power in new sites and to ensure that we appropriately assess prediction error. In

order to account for differences between sites where the fertilizer elimination treatment was

implemented and where it was not, we include weights to describe the predicted probability

that each trial’s site included some no-fertilizer observations, as we describe in the Methods

section.

Our random forest model predictors include the fertilizer use variable interacted with

crop variety, site characteristics, and weather variables, which are also interacted with each

other in a second order Taylor series expansion. We treat fertilizer as a binary variable in the

estimation because the fertilizer experiments only tested two treatments (optimal nitrogen

and no added nitrogen, which we refer to as fertilizer and no-fertilizer), which we describe

further in the Methods section. Thus, we estimate a total yield response to fertilizer use

rather than a continuous fertilizer dose response. After estimating an initial random forest

model, we drop the variables with importance below the mean importance level. Fig. S1

shows the main effects and interactions that were included in the yield function estimation,

ordered by their importance in explaining the outcome variable. The strongest predictor of

yields is soil pH interacted with fertilizer use, followed by average temperature during the

first two months of the growing season interacted with fertilizer use. Of the remaining eight

most influential variables, three represent interactions between fertilizer use and precipitation

during growing season periods, three represent interactions between soil characteristics and

fertilizer use, one represents the main effect of fertilizer use, and one represents the main

effect of soil acidity.
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In order to better understand how fertilizer response varies under different growing con-

ditions, we predict the difference between yields for F = 1 (optimal fertilizer) and F = 0

(no fertilizer) for each trial location over 1000 growing season temperature and precipitation

simulations drawn from each trial site’s historical climate record, Fig. S2 shows the predicted

fertilizer response over climate and soil characteristics, incorporating main effects and inter-

actions. Expected fertilizer response is increasing over total growing season precipitation,

total soil clay content, and soil silt content. It is decreasing in soil bulk density. Fertilizer

response is u-shaped (positive but decreasing at lower levels and increasing at higher levels)

in soil pH. Fertilizer response follows an inverted u-shape (with the lowest response at the

tails) in growing season temperature and soil organic matter. Fertilizer response doesn’t fol-

low a clear pattern over the majority of the data distribution for cation exchange capacity,

soil exchangeable acidity, and soil nitrogen. The mean predicted maize response to fertilizer

across trial sites over the historical climate record, weighted by each site’s probability of

being selected for fertilizer elimination, is 0.94 t/ha. The predicted response at a given site

in a given year varies from -0.02 to 2.72 t/ha. Our results highlight the importance of consid-

ering variability in response over time and space when targeting fertilizer recommendations,

rather than prescribing blanket recommendations based on the mean response.

2.2 Forward-looking measures of fertilizer profitability

Holding all else equal, a farmer is not expected to adopt a technology if the value of the

increased output generated is less than the added cost of the technology (Feder et al., 1985).

The Value-to-Cost Ratio (VCR) is a single measure that incorporates the private benefits

and costs that a farmer faces when using an input or technology:

V CR(fq) = (∆y · py)/(∆f · pf ) (1)
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where the change in output for crop y is depicted by ∆y, the change in input use is depicted

by ∆f and represents the difference between inorganic fertilizer applied in quantity q (fq)

and no fertilizer use, py is the output price, and pf is the fertilizer price.

The limitations of VCR as a metric to predict input use profitability and input demand by

farmers are well-known to researchers, who often adjust the target profitability threshold to

generate a conservative measure of profitability in the face of heterogeneity and uncertainty.

Uncertainty arises both from the crop response, depending on stochastic climate realizations,

and also from market fluctuations of output prices, since farmers generally do not know the

market price they will receive for their outputs at the time inputs are purchased. Even

though an input’s VCR need only exceed 1 for its use to be profitable, researchers often

look for a VCR greater than 2 to be confident that profitability is likely, even though many

farmers will have lower than average VCR, and risk may also play an important role in

farmers’ decisions (Morris et al., 2007; CIMMYT Economics Program, 1988). Our concept

of robustness, by contrast, relates not only to how expected profitability compares to a

threshold but also to how probable that profitability outcome is. For example, given the

same expected profitability, one would expect farmers to perceive a technology to be more

robust if profitability falls below the threshold once every ten years than if it falls below the

threshold three times per decade.

Point estimates of profitability necessarily imply that crop response and output prices are

certain (Spielman et al., 2012; Morris et al., 2007; Nziguheba et al., 2010). However, assuming

a certain crop response and known output prices is only appropriate when determining ex

post whether using an input was profitable. Outcome uncertainty can explain low adoption

rates even when it appears, on average or in a given year, that a technology is profitable.

Moving into an ex ante framework, VCR takes the form of a random variable with probability

distribution f(V CR) and reflects the distributional aspects of returns to fertilizer at a given

location. Input use decisions, both regarding fertilizer use (fq) and other inputs (θ̄), are
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determined exogenously in this framework, meaning that the fertilizer response function

applies to a representative farmer who is hypothetically assigned to either use fertilizer or

not use it, and thus the fertilizer use decision is not modeled. At each location i, the

distribution of V CRi is a function of output prices (pyit) and fertilizer prices (pfit), in addition

to predicted yields with and without fertilizer as estimated using the yield response function.

Output prices are assumed to be orthogonal to climate variables. In reality, African markets

are characterized by very high trade costs, with local production levels affecting local market

prices (Porteous, 2019, 2020). By assuming independence between maize prices and climate,

we might over-estimate the returns to fertilizer use in good years and under-estimate the

returns to fertilizer use in bad years. Examining the dynamics of local price fluctuations

interacted with trade frictions would be a valuable area of future inquiry.

We compute a site- and year-specific VCR for a representative farmer in location i at time

t applying the recommended quantity of fertilizer (i.e., qf = 100kg/ha) at price pfit to crop

y, which incorporates the yield response modeled in the previous section: y
(
Xi, ωit; fq, θ̄

)
−

y
(
Xi, ωit; f0, θ̄

)
. For a given target profitability threshold that the farmer might seek (T ),

we evaluate robustness according to the probability that VCR is expected to exceed T . For

example, if a farmer in location i hopes to achieve a 30% return on fertilizer investment, we

compute the probability that V CRi > 1.3. This can be derived by evaluating the probability

that V CRi ≤ T using the simulated cumulative distribution of VCR in location i:

Pr
(
V CRi

(
Xi, ωit, p

y
it; θ̄, fq, p

f
i

)
≤ T

)
=

∫∫
{ωit,p

y
it;V CRi≤T}

V CRi

(
Xi, ωit, p

y
it; θ̄, fq, p

f
i

)
δωitδp

y
it

≈ 1

N

N∑
t=1

1

[
V CRi

(
Xi, ωit, p

y
it; θ̄, fq, p

f
i

)
≤ T

]
(2)
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where f(V CRi) is the pdf of VCRs at location i across years with different weather ωit and

crop prices pyit, and N represents the number of years (indexed by t) simulated per location.

We approximate f(V CRi) using a Monte Carlo simulation of N = 1000 years and count

the number of years in which the simulated VCR exceeds the threshold T . Using the pro-

duction function parameters estimated in the previous section, we simulate VCR by drawing

ωit with replacement from a site-specific distribution created using a weather generator (see

the climate data methods description) and a site-specific distribution of output prices con-

ditional on prices at the time of planting (see the price data methods description). For each

site and iteration in the simulated dataset, we predict the agronomic response to fertilizer

and the price of maize. Combining simulations at each site, we then generate site-specific

probability distributions of fertilizer response and profitability. Our ex ante profitability

analysis focuses on the distribution of the stochastic VCR variable. For the purposes of this

analysis, we assess the binary outcome 1[1 − FV CR(1.3) > 0.7], that is, whether the farmer

achieves at least a 30% return on the fertilizer investment (T = 1.3) in at least 70% of the

seasons (P = 0.7). Our thresholds are illustrative – any decision support tool user could

select different profitability and probability thresholds.

Fig. 1b depicts the cumulative distribution of VCR at 10 of the trial sites, selected at

random, whose locations are plotted in Fig. 1a. Of these ten sites, nine qualify as robustly

profitable, in that the profitability forecast exceeds the profitability threshold T (depicted

by the dashed vertical line) in a share of the distribution that exceeds P (depicted by the

dashed horizontal line). In only one site (724) does profitability fall below T for more than

30% of the distribution (it is not profitable for over 90% of the distribution). At all of the

remaining sites, profitability exceeds T for more than 80% of the distribution.

Generally, fertilizer is considered a risk-enhancing input because it can exacerbate the

negative impacts of increased temperatures (Lobell, 2014). When we compare the distri-

butions of simulated profitability with fertilizer use to the profitability distribution without
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Figure 1: (a) Predicted fertilizer response at the probability threshold (P = 70%). The
color shading indicates the simulated yield response to fertilizer (t/ha) at that threshold,
or the yield response that will be exceeded at least 70% of the time. The dots indicate
locations of 10 randomly selected trial sites whose VCR distributions are depicted in panel
(b). (b) Each selected site’s cumulative distribution of VCR over simulated temperature and
precipitation conditions and simulated output prices. The vertical dashed line represents the
profitability threshold (T ) while the horizontal dashed line depicts 1 minus the probability
threshold (P ), or the share of seasons in which a model farmer would tolerate profitability
falling below the target.

a) b)
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fertilizer use, we find that there is concordance between using fertilizer and an increase in

profitability for at least 87% of the trial sites.1

2.3 Predicting fertilizer response across sub-Saharan Africa

To examine implications of our yield model for fertilizer profitability at additional locations,

we predict fertilizer responses across sub-Saharan Africa, masking out locations where maize

is not grown, and locations where climate and soil conditions fall outside the common support

of the data used to estimate the yield function. Fig. 1a shows the simulated yield response to

fertilizer at the probability threshold, meaning the fertilizer response that is expected to be

exceeded in at least P = 70% of the simulated years. This predicted fertilizer response at the

probability threshold ranges from -0.087 t/ha to 2.39 t/ha across cells, with a mean of 0.73

t/ha. The within-location standard deviation of fertilizer response over the 1000 simulated

growing seasons is, on average, 0.40 t/ha (ranging between 0.14 t/ha and 1.04 t/ha).

Given the challenge of modeling site-specific prices for both maize and fertilizer, we next

consider what ratio between fertilizer and maize prices would be required in order for fertilizer

use to be profitable according to the robust criteria. We solve for the price ratio that ensures

V CR ≥ T in at least P share of years. This price ratio is a linear transformation of the

fertilizer response depicted in Fig. 1a. Fig. S4b shows where fertilizer use would be profitable

depending on this price ratio. In large parts of the region, including much of southern Africa

and the central parts of West Africa, fertilizer use is only profitable if the price of fertilizer is

less than five times the price of maize. In parts of Ethiopia, Zambia, Rwanda, Burundi, and

Cameroon, fertilizer profitability is robust even if fertilizer is relatively more expensive, up

to ten times the price of maize. Table S2 describes the average predicted yield response to

1This depicts the share of the 76 trial sites for which we reject the null hypothesis that the Somers’ D
parameter on fertilizer is not positive at the 5% significance level. Of the 114 trial sites, we are able to model
maize and fertilizer prices in 76. In this case the Somers’ D parameter measures the concordance between
fertilizer use and profitability (i.e., whether the value of additional output more than offsets the additional
fertilizer cost) (Newson, 2002).
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fertilizer and the average price ratio that would be required for profitability at the probability

threshold by country. The fertilizer response is sufficiently high to support profitability, even

if fertilizer is relatively expensive (up to 8 times the price of maize on average), in Burundi,

Cameroon, Gabon, Guinea, Rwanda and Sierra Leone. The fertilizer response is such that

fertilizer must be priced relatively inexpensively (less than three times the price of maize

on average), in order to ensure profitability 70% of the time in Botswana, Burkina Faso,

Mauritania, and Namibia.

When we predict the profitability of fertilizer use across sub-Saharan Africa by modeling

site-specific VCR distributions, we further restrict our analysis to locations where maize and

fertilizer price data are available in sufficient geographic density to support price interpolation

using Kriging (see the Methods section). Fig. 2a depicts each location’s VCR measure at the

point in the location’s cumulative distribution corresponding to the probability threshold,

1−P = 0.3. Modeled VCR is is highest, on average, in Burundi, Cameroon, Gabon, Rwanda,

and the Republic of the Congo. Many parts of west Africa, southern Africa, and the Horn

of Africa are excluded from this analysis due to insufficient coverage of either fertilizer or

maize market prices.

2.4 Decision-making and fertilizer profitability

We compare profitability when assessed via the “robust”, ex ante profitability measure devel-

oped in this manuscript with profitability when assessed using a counterfactual “naive” def-

inition. The “naive” profitability measure is based on a commonly used assessment whereby

fertilizer use is deemed profitable if the average yield difference between fertilized and non-

fertilized trial sites in the country is valued at least double the cost of the fertilizer. If trial

data are not available in a given country, we use the average yield difference for trial sites

located in the same agro-ecological zone (AEZ), restricting yield measures to side-by-side

comparisons between fertilized and non-fertilized plots. This measure is analogous to an ex
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post measure of profitability as commonly applied in the literature. Fig. 2b maps VCR

according to these “naive” profitability criteria (V CR ≥ 2) at the 1 − P = 0.3 threshold.

Fig. 2c compares the profitability assessment between the two sets of criteria. The criteria

are in agreement for 78.3% of the sites, with 71.7% classified as profitable under both sets

of criteria, and 6.6% classified as not profitable under both sets of criteria. Those taking

a “naive” approach to assessing fertilizer profitability would consider fertilizer use to be

profitable in 10.0% of sights, where our “robust” criteria consider it not profitable. In these

sites, those following the “naive” criteria risk promoting fertilizer adoption where it might

not be profitable given price incentives and the range of agronomic responses to fertilizer.

These sites are concentrated in southeastern Ghana, northern South Sudan, Malawi, southern

Zambia, Eritrea, and Northern Kenya. Similarly, under the “naive” approach, the remaining

11.6% of sites are classified as not profitable, where our “robust” criteria do consider it

to be profitable. In these sites, those following the “naive” criteria might not recommend

fertilizer where our analysis suggests its use would be profitable. These sites are concentrated

in northern Angola, the Ethiopian highlands, Tanzania, Burundi, northern Uganda, and

southwestern South Sudan. We also calculate a “naive” VCR measure based on whether

average fertilizer returns exceed the same profitability criteria used for the “robust” definition

(V CR ≥ 1.3). These characterizations of profitability, shown in Fig. S4, are very similar to

those in Fig. 2c.

3 Discussion

We propose a new approach to assessing the returns to soil health investments in the face

of climate uncertainty and spatial heterogeneity. We find that the response to fertilizer

use indeed differs under different soil characteristics, growing season climate realizations,

and combinations thereof. While predicted fertilizer response in an agronomic trial setting
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Figure 2: (a) Site-level VCR predictions at the 1−P = 0.3 probability threshold based
on the distribution of modeled yield response to fertilizer use over the synthetic climate
dataset, with maize and fertilizer prices generated from local market data using spatial
interpolation. (b) Site-level VCR forecasts using “naive” criteria, where fertilizer response
is not based on soil characteristics or growing season climate but rather is predicted from
the average country-level side-by-side yield comparisons between fertilized and non-fertilized
trial plots. Where country-level side-by-side yield comparisons are not available, we take
the average side-by-side yield response for trial sites in the same AEZ. The interpolated
maize and fertilizer prices are the same as those used in panel (a). (c) Classification of
sites by whether they are deemed profitable according to both the “robust” criteria (robust
V CR ≥ 1.3 in least P = 0.7 share of years) and the “naive” criteria (naive V CR ≥ 2).

a) b) c)

may not perfectly correspond with fertilizer responses that farmers could observe on their

fields, it is nevertheless informative to explicitly examine fertilizer response interactions with

climate realizations and site characteristics. By failing to incorporate systematic sources of

heterogeneity and uncertainty into fertilizer profitability assessments, one risks two types of

errors – promoting fertilizer in places where its use is not actually profitable, and failing to

promote it in places where its use could be profitable. Our analysis suggests that decision-

makers likely underestimate the returns to fertilizer use when they account for risk by raising

the profitability target as opposed to explicitly incorporating heterogeneity and uncertainty.

One key limitation of our approach arises from imperfect measurement of soil charac-

teristics. We use soil maps generated at a 250m resolution, though soil characteristics are

known to vary at much finer scales according to physical, biological, and management his-

tory (Hengl et al., 2017). Measurement error of soil characteristics affects the trial dataset

used to estimate the fertilizer response as well as the sub-Saharan Africa-wide dataset that
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we use to predict fertilizer response. If soils on the plots where the agronomic trials are

conducted are systematically better than the map-based predictions for those sites, and if

soils on smallholders’ fields are systematically worse than their map-based predictions, then

our estimation of yield response and our out-of-sample predictions could be biased (Hyslop

and Imbens, 2001). Further exploration of soil measurement error, and further validation of

fertilizer yield response predictions on plots with local soil data, would help to shed light on

possible biases arising from soil data mis-measurement. A second limitation to our approach

arises if there are discrepancies between how crops are managed in agronomic station trials

and on smallholders’ fields, which could limit the validity of our fertilizer response predic-

tions for smallholder-managed fields. Due to differences in knowledge, price incentives, or

constraints faced, trial managers may behave differently than smallholders regarding timing

of planting and other activities, weed management, soil water management, and many other

aspects of crop production. Our yield predictions are based on farmer-managed trials and

should not be taken as predictions of smallholders’ yields, but rather how yields on similarly

managed plots would differ with changes in growing season temperature, precipitation, and

soil characteristics.

This new fertilizer profitability assessment tool can be strengthened as more data become

available. Additional fertilizer response trials in cool and dry regions would be especially

useful, in order to extend the range of conditions under which fertilizer profitability can be

reasonably predicted. It would also be interesting to trace out a continuous fertilizer response,

as fertilizer response per kilogram applied is likely to be higher when fertilizer is applied at

quantities lower than at the full recommended rate. Understanding the continuous fertilizer

response will require a major effort to collect fertilizer dosing data over multiple sites and

years. Medium range climate forecasts, such as the ENSO signal, which is available at the

time of planting, could also be used to refine fertilizer profitability recommendations in El

Niño and La Niña years, when climatic patterns tend to differ (Korecha and Barnston, 2007).
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Our tool draws its synthetic climate dataset generated from the historic climate distribution,

but we could use a projected future distribution that incorporates climate change trends to

predict fertilizer profitability under future climate scenarios, which will vary considerably in

many African countries (Burke et al., 2009; Lobell, 2011).

This new tool has several important applications for research and policy. First, it can be

used to help understand technology adoption behavior by smallholder farmers. Low adoption

of fertilizer and other productivity-enhancing inputs by smallholders has motivated a large

body of research (Foster and Rosenzweig, 2010), with explanations that include financial

constraints (Duflo et al., 2011), quality uncertainty (Bold et al., 2017), limited informa-

tion about the technology (Conley and Udry, 2010), and heterogeneous returns (Foster and

Rosenzweig, 2010; Marenya and Barrett, 2009). Economic theory suggests that farmers will

optimally use less fertilizer when facing an output distribution that is more variable (An-

derson and Hardaker, 2003), though risk and profitability explanations for low adoption are

limited beyond a few studies (Emerick et al., 2016; Dercon and Christiaensen, 2011; Foster

and Rosenzweig, 2010). With better predictions of fertilizer profitability conditioned on soil

characteristics and growing season conditions, it is possible to assess whether these funda-

mental determinants of profitability could explain lack of fertilizer adoption where other

explanations have fallen short.

Second, by conditioning profitability estimates on site-specific determinants while also

considering the distribution of the response at each site, we develop a fertilizer assessment

framework that can be used to decompose the relative contributions of site characteristics,

climate risk, input-output price ratios, and output price risk in determining fertilizer adop-

tion by smallholder farmers in rainfed settings. Understanding the contributions of different

constraints is important for identifying the interventions that are likely to be most success-

ful in increasing fertilizer profitability, and consequently, adoption. For example, if fertilizer

profitability is determined by climatic risk, then offering farmers weather-indexed insurance
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products that cover input purchases could help to increase adoption levels. If instead, fixed

soil characteristics are constraining profitability, then technologies that are adapted to differ-

ent soil settings are likely to be effective for increasing adoption. Infrastructure investments

or fertilizer transport subsidies could promote adoption of fertilizer in places where the input-

output price ratio constrains profitability, while contract arrangements that provide output

price certainty at the time of planting could promote adoption where output price risk is a

constraint.

Third, decision-makers can better target their fertilizer promotion efforts by better un-

derstanding fertilizer profitability and its determinants. Because determinants of input use

profitability, i.e., agroclimatic conditions and market access, are often correlated with socioe-

conomic variables such as poverty (Chamberlin and Schmidt, 2012; Harou et al., 2017; Dercon

and Christiaensen, 2011; Burke et al., 2017, 2019), improved intervention targeting has both

efficiency and distributional implications. While site-specific fertilizer use recommendations

alone are unlikely to drive fertilizer adoption by smallholders (Harou et al., 2018), they do

have a role in helping extension agents and NGOs learn where to most productively target

fertilizer promotion efforts. Targeting investments in agricultural production (e.g. credit to

purchase fertilizer) should not be done in complete isolation from understanding output risk

and the household’s ability to smooth consumption in bad years (Dercon and Christiaensen,

2011). If we assume that smallholders in developing countries are limited in their ability

to smooth consumption in the face of risk due to financial market underdevelopment, it is

important that planners who are promoting fertilizer use consider the full distribution of

possible outcomes that farmers face at the time of planting. Finally, targeting inorganic

fertilizer use in high-potential areas is likely to reduce environmental impacts, as these ar-

eas will experience higher nitrogen retention and contribute less to pollution of downstream

water bodies (Palm et al., 2017).
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3.1 Agronomic trial data

We estimate the crop response to fertilizer using the dataset of multiple maize trials across

eastern and southern sub-Saharan Africa compiled by (Lobell et al., 2011) and the sub-

Saharan African sites included in the International Maize and Wheat Research Institute’s

(CIMMYT) publicly accessible International Maize Trial Network data.2 The dataset in-

cludes trials managed by CIMMYT, national agricultural research institutes, and private

seed companies. The trials span 9 years (1999-2007), 18 countries, and 10 different agro-

ecological zones. We focus on maize, which is the most widely grown crop in sub-Saharan

Africa, accounting for 27% of all cereal area, 34% of all cereal production, and 31% of all

calories from cereals in the region (Smale et al., 2013).3

The crop trials were conducted to test performance of new maize varieties in various

conditions, and the dataset amalgamating different agronomic trials was compiled in order

to study maize response to water and temperature stress (Bänziger et al., 2006; Lobell et al.,

2011). While estimating a fertilizer yield response was not a primary focus of these tri-

als, many of the varieties were tested under a low-nitrogen management regime, in which

crops were planted on fields that were depleted of nitrogen due to continuous cropping of

maize over previous seasons, removing all stover after previous harvests, and withholding all

application of both inorganic and organic fertilizers. In optimal-management trials, the rec-

ommended amounts of nitrogen fertilizer were added. All other crop management practices

were held constant between low-nitrogen and optimal-management trials. In the estimation

dataset, trial observations that fell under the low-pH, drought management, or streak virus

management regimes were not included in the analysis. The fertilizer elimination treatment

was extremely scarce under these management regimes.4

2The International Maize Trial Network series data are available on CIMMYT’s Research Data & Software
Repository Network Data found at https://data.cimmyt.org/dataverse/root.

3This approach could be expanded to other crops with additional trial data.
4We lose 5,629 observations that are under low pH, drought, or maize streak management. The remaining

estimation sample contains 20,898 observations.
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The first two columns of Table S1 show descriptive statistics from the trial estimation

dataset separated by whether the observation received the no-fertilizer or the optimal fer-

tilizer treatment. Yields in the no-nitrogen sites are 1.92 t/ha, less than half of yields in

optimally managed sites, which average 4.31 t/ha. The third column shows the normalized

difference between fertilizer treatments for each variable, which is the difference in average

between the two groups scaled by the square root of the sum of variances across groups. The

no-nitrogen trial sites differ from the optimal fertilizer sites in climate and soil conditions.

While the trial occurs over 114 different trial sites, the no-fertilizer treatment takes place in

only 24 of those sites. On average, the sites that include no-fertilizer observations tended to

be slightly warmer and slightly drier than the sites where low-nitrogen treatment was not

used. We address this imbalance by introducing propensity weights into the yield function

estimation, as discussed in the yield estimation section of the methods section.

3.2 Soils data

Soil organic matter (SOM) can influence soil structure, moisture retention, and nutrient

retention in soil, which is important because applied nitrogen leaches readily through the

soil profile, becoming unavailable to crops (Magdoff and Van Es, 2000; Bationo et al., 2012).

Yield response to fertilizer has been shown to vary with SOM in Western Kenya (Marenya

and Barrett, 2009). An intensive soil mapping effort in Ethiopia suggests low SOM levels

in the highlands. Soil pH also influences nutrient retention and availability to plants, with

fertilizer-SOM and fertilizer-mineral interactions typically weakened as soils become more

acidic. Soil micro-nutrients generally become more soluble in acidic soils, which can increase

their availability to crops (Sarkar and Wynjones, 1982). In researcher-managed fertilizer

trials conducted in east Africa, fertilizer recovery was found to be higher in soils with a

deep, clayey profile and lower in sandy soils (Tully et al., 2016).

We match the trial sites with relevant soil characteristics using the Africa Soil Information
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Service (AfSIS).5 The 250 meter resolution soil data include estimates of soil characteristics

at different soil depths. We use characteristics such as soil cation exchange capacity, soil

pH, soil exchangeable acidity, soil organic matter, soil nitrogen content, soil texture (silt and

clay content), soil bulk density, and soil drainage. Finally, we match the trial data with the

16-zone agro-ecological zone (AEZ) classifications developed by the Food and Agriculture

Organization (FAO) and the International Institute for Applied Systems Analysis (IIASA).6

For our fertilizer profitability simulations throughout sub-Saharan Africa, we upscale the

250m soil data to a 0.25-degree grid, which is the resolution of our climate data. We upscale

by taking the average for all continuous soil variables, and the majority for the categorical

soil variable (drainage). The code for processing the soil, climate and price data, as well

as for estimating the yield response and simulating fertilizer profitability, are all publicly

available on github.7

3.3 Climate data

Spatial heterogeneity in precipitation is important to consider when assessing the returns

to fertilizer at a given location. The majority of agriculture in sub-Saharan Africa is rain-

fed, and empirical evidence suggests that rainfall is the common yield-limiting factor among

all major cereals (You et al., 2010). Fertilizer response has been shown to decrease with

increasing water stress during the growing season (Haefele et al., 2006). To the extent that

crop responses to soil health interventions are determined by rainfall levels, rainfall conditions

in a single year will be a strong determinant of the profitability in that year of soil health

interventions such as fertilizer application.

Temperatures also vary in space and are important determinants of crop growth. Nega-

5http://www.isric.org/content/african-soilgrids-250m-geotiffs
6These are accessed through the IFPRI Harvest Choice dataverse, available at

https://dataverse.harvard.edu/dataverse/harvestchoice.
7https://github.com/julianneq/Africa Fertilizer Profitability
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tive relationship between temperature (growing degree days) and African maize yields have

been well documented (Lobell et al., 2011; Lobell and B, 2010). Nitrogen application can

help mediate the effects of heat stress (Lobell et al., 2011). In a study using side-by-side

comparisons of fertilizer-treated and non-treated on-farm experimental plots across a large

sample of Malawi model farms over multiple growing seasons, fertilizer response was shown

to vary with temperature and rainfall (Harou et al., 2017). When agronomic trials were

repeated over multiple years, fertilizer response was shown to vary with both rainfall and

temperature (Uyovbisere and Lombim, 1991).

Using the location of each experiment site, we match each crop trial observation with

climate data. We use daily temperature and precipitation data at 0.25 degree resolution

from the United States National Aeronautics and Space Administration (NASA) AgMERRA

climate forcing dataset for agricultural modeling over the period 1980-2010.8 In the crop

growing season, which we define as five 30-day periods, or months, after planting (Bänziger

et al., 2006), we calculate total precipitation and average temperature in each month for

each site. The third month generally coincides with flowering and silking, a period that is

considered especially sensitive to water and temperature stress. For temperature data, we use

the average monthly temperature, while for precipitation, we use the accumulated monthly

precipitation. For simplicity, we used daily average temperatures rather than growing degree

days (GDDs) or alternate temperature indices accounting for extreme heat degree days

(HDDs) (Roberts et al., 2013). Because our model does not assume that the fertilizer

response is linear in parameters across the full parameter space, we are able to capture

the negative effects of high temperatures on fertilizer response without separately modeling

extreme heat days. The predictive power of an alternative specification (with GDDs and

HDDs instead of average temperature) is very similar, and results are available upon request.

8AgMERRA falls under the Agricultural Modeling dataset that is part of the Modern-
Era Retrospective Analysis for Research and Applications effort. It can be accessed at
https://data.giss.nasa.gov/impacts/agmipcf/agmerra/
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For each 0.25-degree grid cell in Sub-Saharan Africa from the AgMERRA dataset, we gen-

erate a 1000-year long synthetic climate dataset using each cell’s historical climate distribu-

tion. Using the planting date for each cell, we compute monthly growing season temperature

and precipitation values over five consecutive months after the planting date described above.

A linear model was then fit to each month’s mean temperature time series. Next, a Gaussian

copula was fit to each month’s precipitation totals and mean temperature anomalies from

the linear trend. Precipitation totals were modeled by Gamma marginals, while temperature

anomalies were modeled by normal marginals. A first order vector auto-regression (VAR1)

model was fit to the observed standardized anomalies of the Gaussian copula over the five

growing season months. 1000 years of synthetic standardized anomalies over the five growing

season months were then generated from the VAR1 model. These were then transformed

back to real space through their marginals, and each month’s mean temperature estimate for

2019 from the linear trend was added to the corresponding synthetic temperature anomaly.

3.4 Price data

We downloaded monthly maize and monthly urea price series for all available African coun-

tries. Maize price data were sourced from the FAO Global Information and Early Warning

System (GIEWS) dataset9 and urea retail prices from the africafertilizer.org initiative.10

Maize data included 99 markets in 20 countries, with price data available as far back as 2000

in some markets. Urea data included 102 markets in 17 countries, with price data available

as far back as 2010 in some markets. We used monthly world maize prices (the US Gulf

price) from the FAO GIEWS dataset and the monthly world urea price (the Black Sea, bulk,

spot, f.o.b. price) as reference world market prices.11 The local maize price data was down-

9The GIEWS data can be accessed via http://www.fao.org/giews/food-
prices/tool/public//dataset/domestic

10See africafertilizer.org/local-prices/
11The world price of urea was accessed via http://www.indexmundi.com/commodities/.
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loaded in USD/kg (the conversion from local currency to USD was done by FAO GIEWS).

We converted local retail urea prices to USD/kg using monthly local currency exchange rates

from OANDA.12 For maize we ran a regression of the form:

ln

(
pmit
pwm

t

)
= αm

i di + βimkti + χyr + δyr2 + φct(month ∗ country)

and for urea we ran a regression of the form:

ln

(
puit
pwu

t

)
= αu

i di + χyr + δyr2 + φct(month ∗ country)

where pmit (puit) is the local market price for maize (urea) in market location i at monthly time

t, pwm
t (pwu

t ) is the world market price for maize (urea) at monthly time t, di is a categorical

variable for market location i, and mkti is a dummy variable for local market type (retail or

wholesale, only for the maize data). The variable yr is the number of years since the initial

year of the dataset, month is the month of the year (1-12), and country is a categorical

variable for the country. The interaction between month and country allows us to control

for a different price seasonality cycle in each country for each commodity.

Using these regressions, we predict the percent increase over the world price for each

market location (and commodity). We multiply this predicted price increase by the world

price to predict prices in wholesale maize markets across Africa for the approximate harvest

month in 2019. To assist in identifying harvest month, we examine the monthly cycle of maize

prices in each country to find the month with the lowest relative price (which indicates the

post-harvest flux of commodity onto the market). Fertilizer markets also have monthly price

cycles reflecting typically higher demand (price) in the planting season and lower demand

(price) during the harvest season. We examine the monthly cycle of urea prices in each

country to find the month with the highest relative price, which is our indication of the

12oanda.com
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planting season peak price. Using this information, we predict each market location’s maize

and urea price coefficient in 2019.

The maize regression gives us 99 different predicted αm coefficients, and the urea regres-

sion gives us 102 different predicted αu coefficients, one for each commodity market location.

In order to predict αm and αu for all gridded 0.25-degree cells on the map, we interpolate

αm and αu using ordinary Kriging with a spherical variogram for the maize prices and a

Gaussian variogram for the urea prices. We do the same for their standard errors.

Our price wedge can be thought of as a “farmer wholesale” price as opposed to a “farm

gate” price. Farmers likely face prices less favorable than what we predict because they face

farm level (idiosyncratic) transaction costs in procuring inputs and selling outputs which can

be quite large (Minten et al., 2013). In order to correct for farm level transaction costs in

acquiring inputs and marketing outputs, we add a 10% acquisition premium to the fertilizer

price and subtract a 10% marketing margin from the maize price predicted in each location.

We note that the underlying maize price data were generated as part of a famine early

warning system, and the market locations represent not only large, easy to reach markets,

but rather the full variety of markets in each country, including many rural, difficult to

access, locations. Similar to a recent study on the spatial variation in fertilizer prices across

Sub-Saharan Africa (Cedrez et al., 2020), we did not find fertilizer price data for countries

in Southern African (e.g., South Africa, Zimbabwe), and so our fertilizer price layer lacks

coverage in southern Africa, limiting our ability to predict fertilizer prices (and thus simulate

VCR) in the southernmost parts of sub-Saharan Africa.

3.5 Yield function estimation

In order to predict yield response with and without fertilizer use, we estimated a random

forest model using the grf (Generalized Random Forest) package (Tibshirani et al., 2020) in

R (R Core Team, 2013). The random forest algorithm generates a non-parametric prediction
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of yields based on a local maximum likelihood estimator trained with a weighted set of nearby

observations, with the weights derived by the random forest. The predictions are consistent

and asymptotically Gaussian (Athey et al., 2019). Our estimation approach accommodates

the clustered design of the trial datasets. We generate out of bag predictions for each trial

observation, without using any observations from the same trial site and year to generate

yield predictions.

To account for the imbalance in covariates between trial sites where the fertilizer elimina-

tion treatment was used and sites where it was not, we estimated the probability that each

site in the dataset included some no-fertilizer trial observations, using trial site level mean

temperature, precipitation, and soil characteristics as predictors. Summary statistics of the

trial data, re-weighted by the site-level predicted probability of conducting no-fertilizer trials,

are depicted in columns 4-6 of Table S1. After weighting observations by the site-level prob-

ability that the no-nitrogen treatment occurs at the site, the normalized difference between

no-fertilizer and optimal-fertilizer sites for all variables is smaller than the 25% that would

cause treatment effect estimates to be sensitive to model specification (Imbens and Rubin,

2015). Even though the differences are statistically significant for almost all of the climate

and soil variables, they are not especially large in magnitude. We include these site-level

propensity scores as weights in the random forest estimation procedure. Because nitrogen

treatment was experimentally assigned, rather than selected by farmers based on expected

response, prior knowledge, or a financing constraint, a clean identification of the effect of

nitrogen on crop growth is assured.

Our yield model performs much better (smaller RMSE) than a parametric linear regres-

sion model including a subset of the same variables and interactions used for the random

forest model, with the variables for inclusion selected by a variable selection algorithm.

We estimate this model five different times, each time leaving out 20% of the observations

grouped into site-year clusters. The average RMSE on yield predictions for the left out sam-
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ple, which does not include observations from the same site-year as the estimation sample,

is 6.62 (compared to 2.30 for the random forest model). The R2 of a simple model regressing

actual on predicted yields for out-of-cluster predictions is 0.316 (compared to 0.767 with the

random forest model).

3.6 Forecasting profitability

For all of sub-Saharan Africa, we generate a 0.25-degree gridded map of soil characteristics

and AEZ as described above. We mask out areas where maize is not grown using Harvest

Choice’s spatially disaggregated crop statistics data. We also mask out areas where the

temperature and precipitation distributions fall outside of the range used to estimate the

yield function, using the same procedure used to generate probability weights for the yield

function estimation. We exclude all cells whose probability of fertilizer elimination is lower

than the minimum predicted probability that a fertilizer exclusion trial was conducted in

that cell. For each cell that remains in our simulation sample, we use the random forest

to predict yields with and without fertilizer use over 1000 growing season climate iterations

sampled with replacement from the synthetic climate dataset described above. We sample

a random error for each yield prediction based on the standard error of the out of sample

random forest prediction. When simulating profitability, we also sample a random error for

each cell’s maize price prediction using the Kriged standard error of the market-level maize

price predictions.
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Appendix

Previous attempts to understand fertilizer use in Sub-Saharan Africa

Four approaches have been commonly used to understand fertilizer use in sub-Saharan

Africa. These include agronomic trials, farmer managed trials, mechanistic crop growth

models, and observational farm surveys.

Agronomic trials are commonly used to compare two or more levels of fertilizer treatment

while holding all other variables constant. Agronomic trials are typically characterized by

small sample sizes, low variation in climate and soil conditions, and a limited number of

fertilizer treatment doses from which a crop response curve can be derived. Some agronomic

trials incorporate additional management practices into their design, such as crop variety

or irrigation, through a factorial design. Beyond variables that are explicitly incorporated

into a factorial design, it can be difficult to capture the interactions between fertilizer and

other variables, either because the other variables are not recorded or because they do not

vary within the trial dataset. Because one cannot fully identify the contributions of different

interactions between fertilizer and other variables to the local average treatment effect, a

fertilizer response parameter derived from an agronomic trial has limited validity outside

of its trial setting. Measures of agronomic response to fertilizer on maize in East Africa

range considerably, between 5 and 25 kg of maize per kg nitrogen applied (Heisey and

Mwangi, 1997). Another concern with estimating fertilizer response using agronomic trial

data is that, often, research stations are not representative of farmers’ fields (Nelson et al.,

1985). Yield responses are typically higher in experimental stations than on farmers’ fields

due to higher use of complementary inputs, more intensive weeding, and optimal timing of

planting and fertilization, which could bias fertilizer response upwards in experiment stations

relative to farmers’ fields (Yanggen et al., 1998; Heisey and Mwangi, 1997). Other studies

have found that crop nutrient responses can be larger in depleted soils, where nutrients are
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limiting (Vanlauwe et al., 2006, 2011). If nutrients are more likely to be limiting on farmers’

fields than on experiment stations, then the fertilizer response at experiment stations will

be biased downwards relative to farmers’ fields. Given the challenges posed by extracting

away important interactions, limited variation in treatments and in trial conditions, and

possible differences between farmer fields and experiment stations, agronomic trials do not

lend themselves to externally valid estimates of crop response to fertilizer.

Farmer-managed trials, which call for side by side comparison between different fertilizer

treatments on a large number of farms, offer an approach to estimating the key parameters

of a fertilizer response function where fertilizer is experimentally assigned and the underlying

agroclimatic conditions vary between farms. Data from a farmer-managed trial in Malawi

show that moderate fertilizer application (35 kg/ha of nitrogen fertilizer), approximately

doubles maize yields versus unfertilized farmer plots (Snapp et al., 2010). Using the same

underlying farmer-managed trials, other researchers estimated a fertilizer response function

that suggests the marginal returns to nitrogen are increasing with precipitation, decreasing

with high temperatures (proxied by growing degree days 30C+), and also that nitrogen has

positive complementarities when applied with other nutrients such as sulfur (Harou et al.,

2017). Despite their advantages in incorporating farm level heterogeneity and the realities

of farmer management, farmer-managed trials present two key challenges. The first is that

model farmers who participate in research trials do not represent the farming population as

a whole. Typically, they are better educated, more affluent, more closely tied in with the

extension system, and may differ in other characteristics (Harou et al., 2017; Taylor and

Bhasme, 2018). Fertilizer response parameters generated from model farm trials tend to be

smaller in magnitude than those from experimental trials, most likely because even model

farmers are likely to be more constrained than agronomists (Yanggen et al., 1998). Another

challenge with farmer managed trials is that they typically run for only one to two growing

seasons, so it is difficult to separately identify the effects of time-invariant characteristics,
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such as soil type, from the effects of temperature and precipitation variation on fertilizer

response.

Fully mechanistic crop growth models, which predict crop yields given a daily set of as-

sumptions encompassing the growing conditions and inputs applied, offer a third approach

to measuring crop response to fertilizer. These models are generally highly sensitive to their

data inputs (e.g., timing of fertilizer application, daily rainfall and solar radiation). Further-

more, crop models do not obviate the need for good data to measure fertilizer response, as

crop models must be calibrated to local conditions. Mechanistic crop growth models underlie

estimates of returns to input use in the Global Agro-Ecological Zones assessments and the

Harvest Choice platform (Guo et al., 2009; Fischer et al., 2012; Hurley et al., 2018). Using

multiple criteria, including maize potential as forecasted through crop models, soil type,

slope, and land cover, sites for maize intensification are prioritized in East Africa (Palm

et al., 2017). Crop growth models incorporate spatial sources of heterogeneity related to

physical production, but do not incorporate prices or spatial analysis of price variation, nor

do they consider uncertainty associated with seasonal weather variation.

Observational farm surveys, which typically use cross-sectional variation in growing con-

ditions to estimate the parameters of a crop production function, offer a final approach for

estimating the parameters of a crop production function. The most important limitation

of this approach is that the decision to use fertilizer is not randomly assigned, and is likely

correlated with unobservable farmer and plot characteristics, such as farmer ability, farm

gate prices, and soil quality, which then can bias estimates of crop response to fertilizer

use. Fertilizer response parameters estimated using observational data tend to be smaller

than those estimated using agronomic trial or farmer trial data (Yanggen et al., 1998). A

recent comparison of nitrogen use efficiency measures derived from surveys with those from

agronomic trials in Malawi suggests that farmer management practices, such as weeding,

crop rotation, and timing and intensity of inorganic fertilizer application, can explain why
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nitrogen responses are lower on farmer fields than in research stations (Snapp et al., 2014).

Economists usually address the endogeneity of fertilizer adoption either by using panel sur-

vey data and including farmer fixed effects, thus accounting for all time-invariant farm level

characteristics that could affect both fertilizer adoption and yields. For example, Dercon

and Christiaensen use Ethiopian observational data and control for plot level fixed effects

to document how limits in farmers’ ability to cope, ex post, with a failed harvest can be a

stronger deterrent to fertilizer use than limits in farmers’ ability to secure credit to purchase

fertilizer (Dercon and Christiaensen, 2011). The demonstrated interplay between risk and

adoption highlights a downfall of using observational data to estimate the returns to fertilizer

use because the decision to use fertilizer is confounded by historic climate conditions in the

farmer’s location. It also highlights the importance of understanding the probability of crop

failure is critical to predicting farmers’ willingness to adopt fertilizer.
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Figure A.1: Ranking, by importance, of predictors included in the random forest yield model, which
is estimated using the grf package in R (Tibshirani et al., 2020). Importance is quantified as a weighted sum
of the number of times that variable was used to split the data at each depth in the forest. Interactions
are characterized by an x between two variable names. Fertilizer use (binary) is represented by ”fert”. The
climate variables include: total precipitation in the 1st and 2nd months of the growing season (precip p1),
during the 3rd month (precip p2), and during the 4th and 5th months (precip p3), average daily temperature
during the 1st and 2nd months of the growing season (temp p1), during the 3rd month (temp p2), and during
the 4th and 5th months (temp p3). The soil variables include: soil cation exchange capacity in centimol
charge per kg soil (soilcec), soil pH as determined in a soil/water mixture (soilph), soil clay content share
by volume (claypct), soil silt content share by volume (siltpct), soil bulk density in kg per cubic decimeter
(bulkdens) soil exchangeable acidity in centimols charge per kg soil (acidity), soil organic matter in g per
kg soil (soilom), soil nitrogen content in g per kg soil (soiln), a dummy for whether the soil is characterized
as having poor drainage (poordrain). The management variables include a dummy for early maturing open
pollinated varieties (var EPOP), a dummy for late maturing hybrids (var ILHY), a dummy for late maturing
open pollinated varieties (var ILPO). The left out variety is early maturing hybrid varieties (var EIHY). All
continuous variables are standardized to a mean of zero and standard deviation of 1.
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Figure A.2: Mean predicted fertilizer yield response bounded by 95% confidence intervals over
(a) average growing season temperature, (b) total growing season precipitation, (c) soil cation exchange
capacity, (d) soil pH, (e) soil exchangeable acidity, (f) soil organic matter, (g) total soil nitrogen, (h) soil
clay content, (i) soil silt content, and (j) soil bulk density. The fertilizer response is based on modeling yields
with and without fertilizer using a simulation dataset matching each trial site with 1000 years of climate data
sampled with replacement from the historical (1980-2009) climate record for that site. An error is sampled
for each observation based on the standard error of the out-of-sample yield prediction for that observation.
The yield predictions are plotted with a local linear regression over the range of each explanatory variable.
95% confidence intervals based on the prediction errors are shown with shading.
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Figure A.3: Mean predicted yield with fertilizer (blue) and without fertilizer (black) over (a) average
growing season temperature, (b) total growing season precipitation, (c) soil cation exchange capacity, (d)
soil pH, (e) soil exchangeable acidity, (f) soil organic matter, (g) total soil nitrogen, (h) soil clay content,
(i) soil silt content, and (j) soil bulk density. The yields are modeled using a simulation dataset matching
each trial site with 1000 years of climate data sampled with replacement from the historical (1980-2009)
climate record for that site. An error is sampled for each observation based on the standard error of the out
of sample yield prediction. The yield predictions are plotted with a local linear regression over the range of
each explanatory variable. 95% confidence intervals based on the prediction errors are shown with shading.
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a) b)

Figure A.4: (a) Predicted yield response to fertilizer at the P = 0.7 probability threshold, based on
yield model simulations using the synthetic climate dataset. The color shading indicates the simulated yield
response to fertilizer (t/ha) at that threshold, or the yield response that will be exceeded at least 70% of the
time. (b) The price ratio between fertilizer and maize that would be required for the “robust” profitability
criteria to be satisfied given the modeled yield response.
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a) b) c)

Figure A.5: Classification of cells by whether fertilizer use is predicted to be profitable based on the
“robust” criteria (site-level modeled V CR ≥ 1.3 at the 1 − P = 0.3 probability threshold) vs the “naive”
criteria (whereby the yield response is based on side-by-side comparison of fertilized and unfertilized plots
using available trial data in the country, and V CR ≥ 1.3). This figure compares to Figure 3(c) in the main
paper, where the rule of thumb V CR > 2 was instead used to assess “naive” profitability (in this figure as
well as figure 3(c) in the main paper, V CR > 1.3 is used to assess “robust” profitability).
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Table A.1: Summary statistics of estimation dataset by fertilizer manage-
ment strategy.

No Optimal Normalized No Optimal Normalized
Fertilizer Fertilizer Difference Fertilizer Fertilizer Difference

(weighted) (weighted) (weighted)

Yield (t/ha) 1.92 4.31 0.81 1.88 4.35 0.82
(1.28) (2.65) (1.25) (2.73)

Fertilized plot (dummy) 0.00 1.00 0.00 1.00
(0.00) (0.00) (0.00) (0.00)

Temp months 1-2 (mean, ◦ C) 22.51 22.30 -0.05 22.78 22.76 -0.00
(3.48) (3.19) (2.60) (2.74)

Temp month 3 (mean, ◦ C) 21.93 21.80 -0.03 22.22 22.27 0.01
(3.64) (3.35) (2.52) (2.73)

Temp months 4-5 (mean, ◦ C) 20.27 20.40 0.03 20.53 20.67 0.04
(3.31) (3.08) (2.33) (2.55)

Precip months 1-2 (tot, mm) 304.41 323.10 0.10 294.40 311.29 0.09
(105.68) (152.73) (103.48) (155.06)

Precip month 3 (tot, mm) 169.54 145.34 -0.15 173.95 156.23 -0.11
(114.38) (106.70) (111.88) (107.16)

Precip months 4-5 (tot, mm) 131.14 134.93 0.02 140.67 138.97 -0.01
(115.85) (126.14) (118.65) (125.17)

Soil cation exchange capacity (centimol charge per kg soil) 12.47 13.33 0.09 11.01 11.62 0.07
(5.96) (7.73) (5.18) (6.90)

Soil pH (pH determined in soil/water mixture) 5.96 5.99 0.05 5.93 6.01 0.13
(0.42) (0.41) (0.39) (0.38)

Soil exchangeable acidity (centimol charge per kg soil) 0.85 0.88 0.02 0.84 0.87 0.02
(0.79) (0.96) (0.99) (1.16)

Soil organic matter (g/kg soil) 16.24 15.69 -0.05 15.50 14.69 -0.08
(6.69) (8.08) (6.24) (8.06)

Total soil nitrogen (g/kg soil) 1.19 1.25 0.08 1.13 1.14 0.02
(0.52) (0.62) (0.47) (0.56)

Soil clay (share by volume) 0.33 0.30 -0.22 0.33 0.29 -0.23
(0.13) (0.11) (0.14) (0.12)

Soil silt (share by volume) 0.17 0.18 0.06 0.17 0.16 -0.07
(0.05) (0.06) (0.04) (0.05)

Soil bulk density (kg per cubic decimeter) 1.38 1.35 -0.17 1.41 1.40 -0.09
(0.12) (0.13) (0.10) (0.12)

Poor drainage (dummy) 0.12 0.17 0.09 0.09 0.14 0.11
(0.33) (0.37) (0.29) (0.35)

Early maturing OPV 0.22 0.21 -0.03 0.23 0.18 -0.07
(0.42) (0.41) (0.42) (0.39)

Late maturing hybrid 0.31 0.33 0.03 0.36 0.36 0.01
(0.46) (0.47) (0.48) (0.48)

Late maturing OPV 0.15 0.16 0.02 0.15 0.16 0.03
(0.36) (0.37) (0.35) (0.37)

N 2,819 18,078 2819 18078

Note: the left three columns show raw means (and standard deviations) of the explanatory variables by

fertilizer use, along with the normalized difference between fertilized and non fertilized observations. The

right three columns show mean (and standard deviation) of the explanatory variables weighted by the

site-level probability of including some no-fertilizer observations.
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Table A.2: Fertilizer response and profitability predictions by country.

Number Mean Mean Share cells Mean Share of price
cells yield response F:M ratio with VCR data cells

modeled (t/ha) required for price data robustly
profitability profitable

Angola 1,430 0.85 6.55 0.93 3.16 0.93
Benin 143 0.46 3.55 1.00 1.86 0.70
Botswana 53 0.17 1.29
Burkina Faso 317 0.36 2.80 0.49 1.94 0.92
Burundi 35 1.25 9.59 1.00 5.99 1.00
Cameroon 413 1.12 8.65 1.00 7.21 1.00
Central African Republic 204 0.91 7.00 1.00 4.70 1.00
Chad 576 0.50 3.83 1.00 2.78 0.93
Cote d’Ivoire 361 0.63 4.85
Democratic Republic of the Congo 2,192 0.87 6.69 1.00 3.73 1.00
Eritrea 47 0.49 3.75 0.98 1.27 0.51
Ethiopia 719 0.97 7.47 0.85 1.92 0.91
Gabon 91 1.17 9.02 1.00 7.46 1.00
Ghana 261 0.46 3.53 0.70 2.24 0.86
Guinea 176 1.15 8.85
Kenya 355 0.68 5.24 0.83 2.69 0.91
Lesotho 28 0.41 3.15
Madagascar 779 0.68 5.22
Malawi 132 0.73 5.64 1.00 0.67 0.05
Mali 433 0.57 4.40
Mauritania 50 0.24 1.87
Mozambique 1,000 0.55 4.25 0.48 0.87 0.59
Namibia 166 0.27 2.09
Niger 36 0.42 3.21 1.00 2.46 0.94
Nigeria 806 0.66 5.06 1.00 3.46 0.99
Rwanda 27 1.12 8.61 1.00 5.20 1.00
Republic of the Congo 300 1.00 7.66 1.00 6.02 1.00
Senegal 165 0.60 4.62
Sierra Leone 88 1.05 8.07
Somalia 43 0.45 3.50
South Africa 758 0.55 4.25
South Sudan 526 0.71 5.49 1.00 1.33 0.34
Swaziland 25 0.74 5.73
Tanzania 684 0.72 5.56 0.99 2.33 0.89
Togo 79 0.45 3.43 1.00 1.78 0.66
Uganda 230 0.97 7.43 1.00 2.54 0.97
Zambia 881 0.87 6.69 0.94 1.73 0.66
Zimbabwe 497 0.40 3.09 0.14 0.72 0.86

Note: The first column shows the number of cells per country for which yield predictions are generated

(each cell is approximately 770km2 at the equator). The criteria for generating yield predictions are

described in the methods section of the paper. The second column shows the mean yield response for each

country at the probability threshold (i.e., the average over the country of the yield response to fertilizer

that is expected at least 70% of the time). The third column shows what fertilizer to maize price ratio

would be required in order for fertilizer use to be profitable at the probability threshold, given the

predicted yield response at the profitability threshold. A lower fertilizer to maize price ratio indicates

fertilizer is more affordable relative to maize. The fourth column shows the share of cells modeled in the

country for which price data are also available. The fifth column shows the mean profitability (VCR)

across cells within a country, for which price data are available, at the probability threshold. The sixth

column shows the share of cells in the country (out of the total cells for which price data are available) in

which profitability is robust according to the criteria described in the paper.
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