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Adjusting crop nutrient rates to local differences in soil fertility and yield potential is considered a promising way
of improving fertilizer use efficiency in smallholder agriculture. Despite its obvious appeal, the benefits of this
approach have not been evaluated empirically. In the absence of appropriate data, the theoretical potential of
nutrient tailoring needs to be evaluated, and suitable models exist to do this. Such analysis may provide a
benchmark for expectations of success and would form a valuable starting point for reflection and debate on the
limitations of current data, models, and assumptions.
This study presents a theoretical ex-ante assessment of the short-term economic benefits of fertilizer adjust
ments to differences in nutrient and water constraints, under the assumption that these are the only determinants
of nutrient response. Combining two calibrations of a mathematical production function with digital maps of
predicted nutrient and water availability, economically optimum macro-nutrient rates and resulting maize yields
were calculated across a theoretical representation of soils across Sub-Saharan Africa.
Consistent economic benefits from fertilizer application were predicted, raising theoretical yields from 19 to as
much as 61 or 88% of water limited levels depending on the model used. Under the magnitude of soil fertility
variation considered here, matching nutrient rates to indigenous levels was predicted to result in marginal added
benefits at best, particularly at higher, more profitable, investment levels. Strong spatial heterogeneity in water
limitation translated into more pronounced effects of rate adjustments to water limited yields, raising average
predicted profit by up to 127 USD/ha compared to a fixed-rate recommendation. This suggests that tailoring to
different yield levels can offer non-trivial benefits if good estimates of yield potential are available. Adding
realistic levels of uncertainty around soil fertility and use efficiency parameters reduced predicted gain from
tailoring and suggested that acquiring sufficient experimental data for improved nutrient recommendations, both
general and specific, may be challenging. The implications and limitations of these theoretical results and po
tential improvements in validation, predictions and outcomes are discussed.

1. Introduction
Adjustment of fertilizer composition and rates to local soil and pro
duction conditions has the potential to relieve soil fertility constraints in
a sustainable and cost-effective manner (Stoorvogel and Smaling, 1998;
Tilman et al., 2002). This idea, known as site-specific nutrient man
agement (SSNM)(Dobermann et al., 2002; Dobermann and White, 1999)
has been studied and implemented extensively over the past two de
cades, particularly in the context of smallholder agriculture (Bationo
et al., 1998; Dobermann et al., 2002; Pampolino et al., 2012; Pasuquin
et al., 2014; Rurinda et al., 2020; Sapkota et al., 2014; Wang et al., 2007;
Xu et al., 2014). While SSNM may encompass adjustments to the rate,
composition, timing, and placement of fertilizer (Dobermann and White,

1999; Pampolino et al., 2007), a core aim is to match nutrient rates to
indigenous soil nutrient- and target or attainable yield levels (Pampolino
et al., 2012; Rurinda et al., 2020; Timsina et al., 2021; Witt et al., 1999)
under the implicit assumption these are the prime determinants of
nutrient use efficiencies (Janssen et al., 1990; Shehu et al., 2019).
Availability of affordable soil testing methods (Shepherd and Walsh,
2002; Towett et al., 2015), remote sensing data and advanced machine
learning methods (Hengl et al., 2017; Vågen et al., 2016) has further
more inspired the promise of extending location-specific advice to large
numbers of farmers and locations (Antwi et al., 2016; Iticha and Takele,
2019; Leenaars et al., 2018a; 2018b; Viscarra Rossel and Bouma, 2016).
Such data-driven approaches are now commonly proposed as part of
research and development initiatives, representing substantial
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investments in research and implementation.
Despite theoretical (Janssen et al., 1990; Nijland et al., 2008) and
empirical (Xu et al., 2014) support for the foundations of SSNM, vali
dation of the approach has never been attempted. While several studies
have shown SSNM recommendations to be superior over farmer’s
practice or existing blanket recommendations (Dobermann et al., 2002;
Haefele and Wopereis, 2005; Pampolino et al., 2007; Sapkota et al.,
2014; Wang et al., 2007), experiments comparing place-specific to
optimised average rates do not seem to exist. This beckons the question
of what benefits from tailored nutrient recommendations can be ex
pected given current knowledge on soil heterogeneity and nutrient re
sponses. Theoretical models exist that would allow ex-ante analysis of
efficiency gains under a hypothetical distribution of fertility and pro
duction constraints. Such an analysis would be valuable for two reasons.
First, it provides direct quantification of the potential benefits under
chosen assumptions, providing a benchmark against which to judge the
(cost-) effectiveness of site-specific interventions. Second, it gives
insight into how such benefits depend on the assumptions, models and
data used, providing a valuable basis for identifying relevant knowledge
gaps and ways to overcome them.
This paper presents a theoretical assessment of the potential imme
diate gains from site-specific nutrient application across a simulated soil
fertility landscape representing Sub Saharan Africa (SSA). The express
aim is to generate explicit expectations under a chosen set of assump
tions and data, to invite debate on the realism and implications of these
expectations and to identify knowledge that would be required to
significantly revise the results obtained. In full acknowledgement that
there is a lack of adequate data on soil fertility as well as potential
disagreement on theoretical assumptions, I intend to explore the pro
jected benefits of adjusting fertilizer rates and composition to local
differences in water limitation and indigenous levels of macro nutrients,
using maize (Zea mays L.) in Sub-Saharan Africa as an example.
I apply a well-established nutrient response function (Greenwood
et al., 1971) that allows exact calculation of agronomic efficiencies and
optimal rates of nitrogen (N), phosphorus (P) and potassium (K)
(Thornley, 1978), as a function of available soil nutrients and yield
potential. This production function is calibrated in two alternative ways
against a widely used, but more involved and analytically opaque, plant
nutrient response model, QUEFTS (Janssen et al., 1990). By combining
this function with digital maps of predicted available soil nutrient levels
and water limited yields I generate theoretical estimates of exact
economically optimum nutrient rates across SSA. I explore what benefits
could be achieved by SSNM, given our assumptions and data, in the ideal
case where all parameters and variables are perfectly known as well as
under relaxation of this condition.
It is important to mention that as a result of the data and models
used, the present work deals explicitly with short-term fertilizer in
terventions in response to current levels of soil nutrients and water
limited yields, rather than with soil nutrient management in the long
term (e.g. (ten Berge et al., 2019)). The key assumption here is that soil
fertility and water availability are the only determinants of yields and
local differences in nutrient responses, ignoring effects of biophysical
soil properties on fertilizer recovery. It should also be highlighted that
due to the many uncertainties in the data, the representation of SSA in
terms of available nutrients and water limited yields is to be considered
a hypothetical reflection of our knowledge on the spatial distribution of
these variables at best.
Under the explicit premise that this theoretical framework is an
acceptable representation of our assumptions on nutrient responses and
of the spatial variation in available nutrients and water, I will address
the following questions: 1. What are the projected yield and economic
gains from locally-optimized nutrient rates across SSA and how superior
are they compared to those achieved using the best possible blanket
rates. 2. Do the relative benefits from tailored fertilizer depend on in
vestment level and geographic location to the extent as to warrant rec
ommendations for specific farm types or geographic regions? 3. Do

model and data uncertainty constrain the potential benefits of sitespecific adjustments? By using a simple and exact mathematical
model, the consequences of the chosen assumptions and data are
immediately evident, and the effect of potential deviations from those
assumptions become transparent. I thereby hope to stimulate debate and
to contribute a level of clarity to our thinking on the prospects of sitespecific nutrient management that is hard to achieve otherwise and
that may help to define new priorities for research and implementation.
2. Methods
2.1. Nutrient response function and solutions for use efficiency and
economic optimum rates
For the sake of analytical transparency and to allow exact definitions
of efficiencies and optima, I use a simple production function that fits
empirical nutrient response data well (Greenwood et al., 1971; Nijland
et al., 2008; Sparrow, 1979) and that can be calibrated to approximate
more involved response models as described below. The basic model,
published by Greenwood et al. in 1971, is in essence an extension of the
Michaelis-Menten function (Nijland et al., 2008). Although it accom
modates interactions between nutrients, it is purely additive in its
reciprocal form:
1
1
1
1
1
=
+
+
+
y Yw αN N αP P αK K

(1)

Where y is final yield, Yw is the theoretical maximum yield in the
absence of macro nutrient restrictions, or water limited yield. N/P/K are
the total amounts of N, P and K in the soil, which can be split into Ns /Ps /
Ks and Nf /Pf /Kf for native soil and added nutrients. The terms αN , αP , αK ,
are efficiency coefficients that describe the additional yield attained by
an increase in each nutrient when the total amount of that nutrient is
zero and the amounts of the remaining nutrients (and Yw ) are infinite.
For increased simplicity and compatibility with QUEFTS, I omit
Greenwood’s correction term for osmotic N effects. An important
property, shared by most other nutrient response models (e.g. Janssen
et al., 1990), is that production efficiency relative to a single nutrient is
determined entirely by other limitations, and is at its maximum when
the target nutrient is most limiting and the levels of the other nutrients,
and water limited yield, are at their maximum. This can be seen from the
following expression for agronomic nitrogen use efficiency (i.e. the first
partial derivative of the reciprocal of Eq. (1) with respect to N):
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By replacing the coefficient in Eq. (1) with efficiency coefficients

εN/P/K expressed in economic terms (i.e. as yield obtained per dollar
spent):

εN/P/K =

αN/P/K
costN/P/K

(3)

and finding the ratio of pairs of nutrients that maximize yield in Eq.
(1), it turns out that simple expressions exist for optimum nutrient
ratios:
/
√̅̅̅̅̅̅̅̅̅̅
εN − εP εN costN
P Nopt = √̅̅̅̅̅̅̅̅̅̅
×
,
εP εN − εP costP
(4)
/
√̅̅̅̅̅̅̅̅̅̅
εN − εK εN costN
K Nopt = √̅̅̅̅̅̅̅̅̅̅
×
εK εN − εK costK
These define the optimum proportions N:P:K that maximise yield for
a given monetary value of nutrients. Once defined, and with grain price,
G$ (USD/kg), known it is straightforward to calculate the optimum total
nutrient investment, Iopt . This is the combined total monetary value of
nutrients in the soil and added as fertilizer that yields the highest net
2
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revenue, i.e. total revenue from grain minus input costs (USD/ha).
Additional investment in nutrients beyond this point is no-longer prof
itable. Since optimum nutrient ratios are fixed, we can replace the
different nutrient and efficiency terms in Eq. (1) with a single term ε1I I,

2.2.2. Soil available nutrients
I assume plant available soil nutrients and water limited yield to be
the only determinants of fertilizer response. Unobservable in practice,
the available amount of a nutrient is usually estimated by the crop’s total
uptake when applying fertilizer from which this nutrient is omitted
(Dobermann et al., 2003; Smaling and Janssen, 1993). QUEFTs includes
a set of empirical equations (Smaling and Janssen, 1993), to predict this
estimated available N,P and K based on measurable chemical soil
properties such as pH, organic N, Olson-P and exchangeable K. The
accuracy of these predictions is quite poor, however, with R2 values
typically the order of 0.5–0.6. In the present analysis, the role of these
equations is to generate a realistic spatial distribution of variation in
available nutrients, using available spatial data on soil properties.
The calibration from Smaling and Janssen (1993) for soils in Western
Kenya is used here. While obviously a simplification, recent work in
Nigeria has shown that these equations have reasonable accuracy
compared to regional calibrations (Shehu et al., 2019). To evaluate if
predicted patterns and levels of variation in available nutrients were
reasonable, I compared them to estimates obtained from recent N,P
omission trials performed in Kenya, Malawi, Mali, Nigeria and Tanzania
(Kihara et al., 2016). Briefly, reported yields were converted into esti
mated levels of available nutrients by assuming a fixed harvest index of
0.5 (Setiyono et al., 2010) and crop fractions of N and P of 1.2% and
0.22% respectively (Ciampitti et al., 2013). Using the published soil
properties predictions of available N and P were made using equations
from Smaling and Janssen (1993) and Shehu et al. (2019) and compared
to estimated values. Although goodness of fit was poor overall, Smaling
and Janssen’s equations performed better and produced standard de
viations that were much more in line to those observed in the original
data (Fig. S1), which is why they are used here.

where I is the total investment in nutrients supplied at optimal ratios and

εI is the initial economic efficiency with respect to I, or kg of grain ob

tained for each USD spent on nutrients. The expression for absolute
monetary gain as function of total investment (see supplement) then
becomes:
G$ εI I
− I
Yw − 1 εI I + 1

(5)

Which leads, by finding the maximum value with respect to I, to the
following equation for optimum total nutrient investment:
√̅̅̅̅̅̅̅̅̅̅̅̅̅
Yw G$ εI− 1
Iopt =
(6)

εI

When expressed as corresponding nutrient amounts, this equation
represents the optimum amounts of total N,P and K beyond which in
vestment in nutrients will no longer lead to sufficient monetary gain.
The actual optimum rates for nutrient supplementation are obtained by
subtracting the indigenous N, P, K levels from Iopt . For a subset of soils,
13%, in our case, native amounts of one or more nutrients may exceed
the calculated optimum levels, leading to negative values for optimum
nutrient additions. In these cases, some additional calculations yield the
correct optimum (see supplement for full details). A similar iterative
procedure was used to obtain locally optimum rates of applied N, P and
K as a function of investment level. These calculations are exact and
computationally efficient, making it possible to find true optima for very
large sets of soils.

2.2.3. Nutrient responses
In the absence of evidence for soil-specific differences in nutrient
response parameters I will assume that they are crop- rather than soil
specific. This has been suggested by others (Witt et al., 1999) and is
consistent with the small deviations reported for location specific esti
mates (Shehu et al., 2019). Fertilizer recovery fractions were also
assumed fixed, a necessary simplification in the present context since
predictive models or sufficient data on their spatial variation do not
currently exist.
As mentioned above, model predictions depend on model properties,
and it is valuable to evaluate the sensitivity of results to differences in
such properties. For example, Greenwood’s production function and
QUEFTS differ intrinsically in the shape of their response surfaces under
low levels of nutrient application and/or in the absence of other nutrient
limitations. Under such conditions, responses predicted by QUEFTS are
linear, whereas they are strictly concave in case of Greenwood’s equa
tion and as a result predicted optimum nutrient rates tend to be higher
for QUEFTS. Two separate calibrations of Greenwood’s function were
therefore implemented, one including a Yw scaling factor to ensure
maximum approximation to QUEFTS across a wide range of nutrient
levels (model A) and an alternative one without this factor aimed to
provide an equivalent fit to QUEFTS’ calibration data but retaining the
distinctive properties of Greenwood’s function (model B). Results are
presented for both calibrations where informative.
Yields were simulated for 203 combinations of 20 levels of added N P
and K with values of Ns , Ps , Ns and Yw drawn from a normal distri
bution with means and standard deviations calculated from the digital
soil maps described below. Levels of added nutrients ranged from 0 to
600 kg/ha for N and K and to 0–300 kg/ha for P for the first calibration,
with corresponding values of 0–75 kg/ha and 0–33 kg/ha for the second
calibration. An optimization algorithm was used to find the values of αN ,
αP , αK , and in case of the second calibration the multiplier for Yw , that
minimized the squared difference between the yields predicted by
QUEFTS and Greenwood models. The two calibrations, with/without Yw
multiplier, i.e. model A / model B, resulted in values of 95/100, 775/

2.2. Model calibration
2.2.1. Rationale
Ideally, the chosen production function would be calibrated using
many multi-level N, P, K response trials and applied to data on actual
plant available soil nutrients and water limited yields across SSA but
such data does currently not exist (But see Palmas and Chamberlin, 2020
and Bonilla-Cedrez et al., 2021 for examples of what’s possible using
available data). The approach taken here is to parametrise the produc
tion function to closely approximate the behaviour of a popular, but
computationally and conceptually opaque, soil fertility and nutrient
response model called QUEFTS (Janssen et al., 1990). This modelling
framework predicts plant available nutrients based on soil properties
and simulates the yield response to these nutrients in the presence of
water limitation. It is commonly used for decision support on localised
N, P and K application (MacCarthy et al., 2018) and as such has been
used to model nutrient responses in different countries in Africa (Chi
kowo et al., 2008; Haefele et al., 2003; Shehu et al., 2019; Tittonell et al.,
2008).
By combining the QUEFTS equations for available nutrients and the
fitted production function with geospatial data on soil nutrients and
water limited yield potential it is possible to generate a theoretical
landscape of nutrient and water limitations and resulting nutrient re
sponses that may be considered representative of our current expecta
tions in terms of the extent and spatial patterns of variation in these
variables.
The choice for QUEFTs obviously does not imply that it is superior or
more accurate than possible alternatives and alternative models or
model calibrations are likely to affect the results. For this reason, as
described below, I use two alternative fits of the production function to
QUEFTS as a way of assessing the effects of such variation in model
behaviour.
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1616 and 235/227 for αN , αP and αK respectively. In all subsequent
analyses, the calibrated values of αN , αP and αK were used as fixed pa
rameters, while Ns , Ps , Ks and Yw were soil specific variables. The Yw
multiplier that maximised the fit to the calibrated QUEFTS nutrient
response model was estimated to be 1.56 and including it in Green
wood’s model increased the fit to QUEFTS modelled yields considerably,
raising the R2 from 0.63 to 0.91 (Fig. S2), which translated into a greatly
improved correspondence in terms of predicted optimum N,P and K
rates and associated investment (Fig. S3,4). At the same time, inclusion
of the scaling factor only caused a negligible increase in goodness of fit
to the original QUEFTS calibration data (Smaling and Janssen, 1993).
Values of R2 were 0.8 and 0.78 for model A and B respectively (Sup
plement), both close to that observed for the original QUEFTS calibra
tion and higher than the reported validation R2 of 0.61 (Fig. S2). This
confirms that selecting the best nutrient response model is not possible
with the data used here.

nutrients are applied at economically optimum rates, calculated as the
difference between unfertilized and optimally fertilized yield, divided
by the total amount of N, supplied. Third, AENomission, represents agro
nomic efficiency as estimated from an N omission trial with a full NPK
treatment 150 kg/ha N, 50 kg/ha P and 150 kg/ha K.
The difference in net gain, i.e. relative gain, between locally opti
mized nutrient rates and two types blanket recommendations were
calculated. The first blanket recommendation was defined by a single
quantity of N,P K fertilizer optimised for a site with average soil nutrient
levels and a single, average, value of Yw . It is referred to as bNPK_Yw in
the rest of the paper. Such a blanket recommendation makes little sense
in practice but demonstrates the potential losses that a farmer could
suffer in case blanket advice is based on inaccurate estimates of Yw . The
second, arguably more sensible, blanket recommendation assumed
fixed, average, levels of soil nutrients but allowed optimization of the
total fertilizer investment as a function of the true value of Yw in each
specific climatic zone. It is referred to as bNPK here. The latter blanket
assumes that good estimates of long-term maximum yields can probably
be obtained for specific geographical areas. Comparison between both
types of blankets is informative. The difference in net gain between local
optimisation and bNPK_Yw reflects what can be won by tailoring to both
soil nutrients and Yw while the gain relative to bNPK demonstrates the
advantage of adapting the fertilizer nutrient composition only.
Since economically optimum investment levels may be too high for
resource-constrained farmers, an analysis of the relative benefit of sitespecific rate adjustments was made across a range of investment levels.
For this analysis 1000 sites were sampled randomly and for each in
vestment level and a numerical calculation was performed to obtain the
rates of N, P and K that would maximise yield for each site (see sup
plement). Average net monetary gain over all sites was then compared
with that obtained by using an allocation to N, P and K calculated to
maximise yield on an average soil.
Regression analysis was used to explore the relation of net and
relative gain with total investment, soil nutrient levels, Yn and Yw . Re
sults were mapped to visualise spatial patterns, while variograms were
used to evaluate the spatial scale at which the largest variation was
observed. For this, the 4,327,216 locations were divided into a regular
2×2 degree grid after which the variance was calculated at 0.01 degree
intervals for all grid cells with more than 1000 points, using the variog
function from the geoR package and the weighted average in each bin
was calculated to produce the final variogram.
The assumption of perfect knowledge on available nutrients and Yw
provides an upper bound to theoretical benefits of SSNM but is obviously
unrealistic. In practice, all variables in Eq. (1) need to be estimated
(Greenwood et al., 1971), which is unavoidably associated with
considerable uncertainty. I briefly address this issue by quantifying the
uncertainty around model parameters and predictions in simulated
experimental data. Uncertainty in blanket recommendations was eval
uated by simulating an experimental design with 4 nutrient omission
levels with either 10 or 100 replicates and a total of 110–1100 plots
respectively on a single soil with nutrient levels and Yw set to the average
for either 10 or 100 randomly selected soils. Yields were calculated
according to Eq. (1), with all parameters set to their calibrated values
and adding experimental error by drawing random residuals from a
normal distribution with a mean of 0 and a standard deviation of 381.
The latter value corresponded to the residual error observed for the
calibration data (Smaling and Janssen, 1993). A non-linear regression
model (function nls in R), using yield as a response variable and the
reciprocal of Eq. (1) as a mean function and assuming a known value of
Yw , was then used to estimate αN , αP , αK , Ns , Ps and Ks . Similarly, un
certainty in local estimates of available soil nutrients was evaluated by
simulating individual 5-plot nutrient omission trials, with either 1 or 5
replicates, on a subset of 10 soils drawn from those used for the corre
sponding blanket experiment and estimating Ns , Ps and Ks with Yw set to
the true value and αN , αP , αK set to their values as estimated in the larger
blanket experiment or, alternatively for comparison, to their true values.

2.3. Data
Digital maps of soil fertility and water limited maize yields on the
scale of Sub-Saharan Africa were produced using a set of publicly
available geospatial layers from different sources (Table S1). Briefly,
predicted soil nutrient levels from the African Soil Information Service
(AfSIS) maps (Hengl et al., 2017) were converted to plant available
nutrients as defined in the QUEFTS framework by applying the empirical
equations from Smaling and Janssen (1993), using additional spatial
layers on soil pH (H2O) and organic carbon. Predicted P, which was
defined as Mehlich-P in the original data layer, was converted to
approximate Olson-P using a regression equation from (Chilimba et al.,
1999). Water limited yields were set to climatic-zone specific modelled
values as defined by the Global Yield Gap Atlas (van Ittersum et al.,
2013). Finally, a raster map of probable crop cover, developed by AfSIS
at 1 km resolution (Walsh and Wu, 2021). was used to extract 4327,216
pixels with a higher than 50% probability of being planted to crops,
where each pixel represented a theoretical 1 ha maize field with specific
values for available soil N, P, K and Yw . This approach was meant to
maximize the diversity in soil and water conditions, although the area
planted to maize is obviously overestimated. Data on nutrient costs and
grain prices, needed to calculate economically optimal nutrient rates
were based on data from (africafertilizer.org) and (foodsecurityportal.
org). Nutrient prices were set at 1.05, 3.95, and 0.84 USD/kg for N, P
and K respectively based on available 2019 retail prices for urea, triple
super phosphate and muriate of potash (Table S2). The maize farm gate
grain price was set to 80% of the average retail price calculated for eight
African countries over the period 2013–2019, resulting in a value of 0.29
USD/kg.
2.4. Analysis
The aim of the present analyses is to estimate the theoretical mon
etary benefits from tailored nutrient application compared to blanket
fertilizer recommendations based on average levels of soil available
nutrients and water limited yield. Economically optimal rates of fertil
izer N, P and K, were calculated from available soil nutrients and Yw for
each of the 4,327,216 theoretical maize fields (i.e. pixels or sites) as
defined above. Resulting yield, income, agronomic efficiencies, fertilizer
cost (i.e. investment) and net gain were also calculated. A synthetic
variable summarising local soil fertility status was calculated as the
expected yield given indigenous levels of N, P and K and in the absence
of water limitation, i.e. Yw set to 30 t/ha, for each field. This variable is
simply referred to as nutrient limited yield, Yn , here. Three different
measures of agronomic nitrogen use efficiency (AEN) were calculated,
each representing alternative methods of measurement. The first, AEN0,
is the expected initial response (in kg yield per kg input) at 0 inputs as
calculated by Eq. (2) with all nutrients set to local values for indigenous
soil fertility. The second, AENopt, is the final agronomic efficiency when
4
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Local recommendations were generated from these estimates and
resulting net gain was compared to that obtained using the blanket
recommendation and to the theoretical maximum value.
All simulations and analyses described above were performed in R
version 3.6.2 (R Core Team, 2019), code is available on github (https://
github.com/jvheerwaarden/NutResp_estimation_paper).

differences between the two models in terms of optimum investments
and associated yields. Model A predicts an average optimum investment
of 843 USD/ha with a resulting yield of 88% of Yw , while the values for
model B are 468 USD/ha and 61% of Yw . Corresponding values of net
gain are 875 and 512 USD/ha for model A and B respectively, requiring
the addition of 369/231 kg/ha N, 66/26 kg/ha P and 234/147 kg/ha K,
considerably higher than typical for on-farm trials (Njoroge et al.,
2017a; 2017b) and representing an investment and economic risk that
may not be recommendable for most small scale farmers.
It is informative to inspect the potential drivers of optimum invest
ment and net gain. Eq. (6) suggests that both water limitation and soil
nutrients are of relevance, since Yw defines the optimal total nutrient
budget while indigenous levels of N,P,K determine the monetary in
vestment required for this budget. In practice, 99% of variation in op
timum investment and 97% of variation in net gain is determined by Yw ,
while Yn and indigenous soil nutrient levels only explain an additional
3% (Table 2). This result reflects the fact that Yw varies much more
across the landscape than Yn , with standard deviations of 4055 and 712
respectively. Consequently, optimum investment levels and net gains
closely follow the spatial variation in Yw (Fig. 1). Despite considerable
variation, investment in fertilizer is generally predicted to be profitable,
with the 5% least profitable sites obtaining modest but positive returns
of 89/20 USD/ha from an investment of 158/67 USD/ha for models A/
B.

3. Results
3.1. Theoretical model results for yield and fertilizer response
I first present an overview of the magnitude, variability, and distri
bution of model outcomes to provide a quantitative summary of agro
nomic and economic predictions and to allow comparison with
published values and current expectations (Table 1).
Across all 4.3 M theoretical maize fields, average predicted unfer
tilized yield is 1893/2003 kg/ha for model A / B respectively, or about
22% of average water limited yield (Table 1.). Although relatively high,
this is within the range of reported on-farm yields in parts of SSA (Kihara
et al., 2016; Njoroge et al., 2017a; 2017b; Rurinda et al., 2020; ten Berge
et al., 2019) and reasonable considering that other constraints such as
pests and disease are not considered. Marked regional differences are
apparent, with unfertilized yields around 1000–1500 kg/ha across
West-Africa and above 2000–3000 kg/ha in parts of East-Africa
(Fig. S5), which again corresponds well to published findings (Kihara
et al., 2016; Rurinda et al., 2020). Modelled nutrient limited yield (Yn ) is
only 532 kg/ha higher and far below the mean water limited yield (Yw )
of 8822 kg/ha, confirming that theoretical productivity is strongly
constrained by soil fertility. Unbiased estimates of variability (Nzigu
heba et al., 2021) are uncommon in the literature, but existing data
(Njoroge et al., 2017a; 2017b; ten Berge et al., 2019) suggests standard
deviations for unfertilized yields of around 1000 kg/ha, somewhat
higher than the c.a. 600 kg/ha reported here. Again, this is not unex
pected given the potential sources of variation not considered in the
model.
Model A and B produce different response curves that translate into
contrasting predictions for agronomic efficiencies and optimum nutrient
levels. Mean initial agronomic efficiency (AEN0) is slightly lower for
model A, at 18.7 against 20.6 kg grain/ kg N while the reverse is
observed at higher input levels, with mean values for model A/B of 18.8/
14.7 and 12.1/10.7 for AENommission and AENopt respectively. The results
for both models are consistent with empirical efficiency estimates re
ported for on-farm trials in SSA, ranging from 10 to 15 (Jayne and
Rashid, 2013; ten Berge et al., 2019) to 20 kg grain/kg N or more
(Rurinda et al., 2020; Vanlauwe et al., 2011). Simulated variation for
AENommission, with a standard deviation of 7 kg/ha, is fully consistent
with estimates of 6–9 kg/ha calculated from existing data (Njoroge
et al., 2017a; 2017b; ten Berge et al., 2019). There are quite marked

3.2. Theoretical benefits of soil-nutrient and yield adjusted
recommendations
3.2.1. Optimum investment levels
Benefit from tailored recommendations is defined here as the net
monetary gain relative to an optimised blanket recommendation. First, I
evaluate this relative gain at theoretically optimum, i.e. most profitable,
investment levels.
For models A/B, relative gain over the blanket assuming a fixed Yw ,
bNPK_Yw, is 127/82 USD/ha, representing a 17/19% increase in net
gain. Application of blanket fertilizer in this case is associated with
Table 2
Regression results showing the proportion of spatial variation in model out
comes explained (R2) by soil related variables and water limited yield (Yw).
Modeled relative gain is given with respect to the fixed Yw blanket (bNPK_Yw)
and the Yw adjusted blanket (bNPK). Results are shown for model A.
Outcome

Soil+Yw

Yw

Soil

Investment

Net gain
Investment
Relative gain over bNPK_Yw
Relative gain over bNPK

1.00
1.00
0.94
0.64

0.94
0.99
0.93
0.06

0.12
0.16
0.04
0.59

0.97
–
0.95
0.09

Table 1
Summaries of model outcomes across all theoretical maize fields. Means, medians, standard deviations (sd) 5th and 95th percentiles (Q0.05, Q0.95) are shown for model
A and B. Yn and Yw stand for nutrient and water limited yield respectively. AEN refers to agronomic N use efficiency.
mean
Model:
Yield at 0 input (kg/ha)
Yn (kg/ha)
Yw (kg/ha)
Yield, opt. NPK (kg/ha)
Revenue (USD/ha)
Opt. investment (USD/ha)
Net gain (USD/ha)
Optimum N (kg/ha)
Optimum P (kg/ha)
Optimum K (kg/ha)
AENopt (kg grain/Kg N)
AEN0 (kg grain/Kg N)
AENomission (kg grain/Kg N)

median

sd

Q0.05

Q0.95

A

B

A

B

A

B

A

B

A

B

1893
2115
8822
7777
2270
843
875
369
66
234
12.1
18.7
18.8

2003
2535
8822
5363
1565
468
512
231
26
147
10.7
20.6
14.7

1752
1973
8065
7105
2074
793
820
350
62
221
12.4
18.1
18.4

1863
2342
8065
4894
1428
446
458
222
25
135
10.8
19.4
14.1

635
713
4056
3566
1041
452
526
190
34
148
2.5
8.1
6.8

658
851
4056
2448
715
277
360
127
16
105
2.7
10.1
6.6

1119
1222
2793
2460
718
158
136
85
16
10
7.2
6.5
6.9

1214
1482
2793
1700
496
67
41
45
4
0
5.7
6.0
4.0

3177
3555
17,131
15,092
4405
1735
1973
746
133
514
15.7
33.2
30.3

3344
4287
17,131
10,395
3034
1015
1278
487
59
343
14.9
39.0
27.1
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Fig. 1. Map of water limited yield (Yw), nutrient limited yield (Yn), optimum investment, and Net gain across all theoretical maize fields (Model A). The grayscale
background represents the Global Yield Gap Atlas climate zones.

financial loss on 7.0 /10.0% of fields (Fig. 2). Variation is large however,
with the lower 5th percentile of locations facing a loss of less than 2
USD/ha and the 95th percentile of more than 404/274 USD/ha
compared to tailored nutrient application. The case is quite different for
the more sensible Yw adjusted blanket, bNPK. Here the relative gain of
tailored nutrient application is only 5.9/8.4 USD or 1/2%. Only 5% of
fields gain more than 22/26 USD/ha or 3/5% and visual inspection of
the predicted nutrient maps (Fig. S6), suggests that these are mostly
located in areas with high predicted levels of K. Overall, applying a
bNPK blanket would cause absolute losses on only 0/2% of fields. This
shows that at economically optimum investment levels, little benefit is
expected from specific compositional and rate adjustments to indige
nous nutrient levels after adjusting total rates to expected yield
potential.
Unsurprisingly, Yw is the prime determinant of relative gain over the
bNPK_Yw blanket, explaining 93% compared to only 1% for the soil
nutrient variables Yn , N,P and K (Table 2). Consequently, economic
losses due to under- or over-fertilization depend strongly on investment
(95% of variance explained) and can be considerable in sites where
optimum investment deviates strongly from blanket levels. Conversely,
the modest relative gains compared to the bNPK blanket are mainly
driven by soil factors. Adding Yw to the regression model containing only
soil fertility variables, increases the amount of variance explained by
just 5%, to 64%, while optimum investment explains only 9% of relative
gain.
This contrasting importance of Yw vs soil factors translates into

different expected spatial distributions for monetary gain (Fig. 3). Gains
relative to the bNPK_Yw blanket follow the spatial patterns in Yw , which
in the current data is determined exclusively by climatic zone and varies
over large geographic areas. Although Yn and individual nutrient levels
also show variation at larger spatial scales, they vary over shorter dis
tances compared to Yw (Fig. 1, S6), resulting in a more granular spatial
distribution of monetary gain relative to bNPK blanket application
(Fig. 3). In practical terms, these results suggest that in theory, fertilizer
rate adjustments based on Yw could apply to larger areas, while ad
justments to local nutrient levels, if deemed worthwhile, would have to
be made at finer spatial scales.
3.2.2. Variable investment levels
Given the financial constraints and vulnerability to risk that typify
smallholder agriculture, relative gain from tailoring should be evaluated
as a function of monetary investment in fertilizer. Fig. 4 presents net
gain as a function of total investment for both tailored nutrient ratios
and for blanket rates calculated for each investment level based on
average soil nutrient content. For both model A and B, the largest
relative gain is obtained at investment levels of less than 10% of
economically optimum rates. At these investment levels of 69/47 USD/
ha, relative gains are 32/29 USD/ha, or 46/62% of total investment.
Under this low investment scenario, average optimum N rates would be
36/31 kg/ha with resulting yields of 2925/2778 kg/ha or about
1000 kg/ha above unfertilized levels. While such nutrient rates and
yields are realistic and representative for current smallholder practice in
6
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Fig. 2. Histograms showing the distribution of relative gain (USD/ha) of locally optimised nutrient rates compared to two types of blanket recommendations: the
bNPK_Yw blanket, assuming a fixed value for Yw (left) and the Yw adjusted bNPK blanket (right). Numbers indicate the mean, marked by the green dotted line, and
standard deviation (between parentheses). The top two panels show results for model A, the bottom two those for model B.

SSA (Jayne and Rashid, 2013; ten Berge et al., 2019), they are lower
than those typically aimed for in on-farm demonstration and research
trials. In this regard, a fertilizer investment with a value cost ratio (VCR)
of 2 is generally considered most recommendable (Kihara et al., 2016;
Njoroge et al., 2017a; 2017b; Ronner et al., 2016). In the current sim
ulations, this would be achieved at investment levels of around 40% of
economically optimum rates, corresponding to N rates of
157/114 kg/ha, gains of 678/425 USD/ha and yield levels of
5400/4205 kg/ha, consistent with reported values at similar input levels
(Njoroge et al., 2017a; 2017b; Rurinda et al., 2020). While predicted net
gains in this case are triple those achieved at the 10% investment level
and only 23/17% lower than those at economically optimum investment
levels, relative gains from tailored nutrient application are again very
modest at 12 USD/ha or 2/3% of total net gain.

need to be estimated in a general experiment with sufficient replication.
Second the location-specific indigenous nutrient levels need to be esti
mated from small, local trial with fewer replicates. Since the maximum
relative benefit of SSNM was observed for model A at 8% of optimum
investment, I evaluate the effects of both types of uncertainty for this
scenario.
Analysis of the simulated general fertilizer trials with 10 and 100
replicates confirms that although all crop-specific parameters are indeed
estimable (Fig. S7), considerable uncertainty remains, even in the
largest experiment. The effects of this uncertainty are evident in the
achievable relative gain of site-specific adjustments (Fig. 5). When ef
ficiency parameters are estimated from the experiment with 10 repli
cates, no appreciable relative benefit is observed, even when 5 on-farm
replicates are used for the location-specific trial. Only when cropspecific parameters are estimated from the 1100 plot, 100 replicate
experiment, an average relative net gain of 15.4 USD/ha is achieved in
the case of non-replicated on-farm omission trials, increasing to 27.3
USD/ha when 5 on-farm replicates are used. The latter is very close to
the theoretically maximum value of 29.2 USD/ha achievable for these
simulations. Assuming an experimental plot size of 25 m2, the input
costs of each on-farm omission trial alone would be 18 USD, which

3.3. The effect of uncertainty around key parameters and variables
The minor relative gains under the best-case assumption of perfect
knowledge warrant evaluation of the consequences of relaxing this
assumption. Assuming Yw to be known, two main sources of uncertainty
need to be considered. First, the plant-specific efficiency parameters
7
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Fig. 3. Maps showing the spatial distribution of the relative gain from locally optimized nutrient rates compared to the fixed Yw (bNPK_Yw) blanket recommen
dation (left) and the Yw adjusted (bNPK) blanket recommendation (right). Figure insets represent the corresponding variograms showing the increase of variance as a
function of distance (model A). The grayscale background represents the Global Yield Gap Atlas climate zones.

for mapping and resolving local soil fertility constraints at scale, e.g.
(Pypers et al., 2017; Ronner et al., 2016; Rurinda et al., 2020) and it
therefore seems timely to quantify the potential benefits to be expected
from such site-specific nutrient adjustments. Unfortunately, data for full
empirical validation does not exist, which leaves theoretical exploration
of expected benefits as only option.
The present study reports on such a theoretical ex-ante analysis of the
effectiveness of tailored fertilizer recommendations. It is important to
reiterate that the results necessarily reflect the underlying assumptions,
model choices and data and should serve as an entry point for discussion
about our expectations and their determinants rather than being taken at
face value.
With this caveat in mind, the theoretical model predicts potential
benefits from adjustments to differences in water limited yield but
extremely modest impacts of tailoring to differences in soil nutrients,
particularly at more profitable investment levels and even more so after
considering uncertainties in estimates of crop and location specific pa
rameters. From a practical standpoint, these results suggest that to
improve chances of success, tailoring should address heterogeneity at
larger spatial scales across which Yw is expected to vary most and should
target farmers with limited capacity to invest. Even then, it is possible
that investments in experimental data required to adequately estimate
mean and location-specific nutrient response do not outweigh the po
tential gains from tailored advice.
The limited expected benefits reported here may seem discouraging
to some and beg comparison to existing studies. A recent semi-empirical
study on maize in Tanzania (Palmas and Chamberlin, 2020), estimated
an average benefit of economically optimal rates of N of around 108
USD/ha over a standard blanket recommendation. This is consistent
with current results for Yw adjusted rates but not directly comparable
due to the study’s dependence on actual fertilizer composition, com
parison to non-optimized blanket rates and conflation of price- and
agronomic variation. Moreover, the fact that recommended rates were
typically about 20 kg above the blanket rate suggests an overall benefit
from additional N rather than gains from site-specific adjustment per-se.
Empirical studies comparing SSNM (Dobermann et al., 2002; Pampolino
et al., 2007) to farmers practice have been in the order of 50–100
USD/ha, while a recent meta-analysis on the effect of digitally delivered
agronomic advice (Fabregas et al., 2019) reported an average yield
improvement of 4% which under some assumptions would imply mon
etary gains in the order 50 USD/ha. Considering the strict comparison to
an optimized blanket treatment(s) used here, the present results seem
quite compatible with expectations from the literature.

Fig. 4. Net gain per hectare as a function of investment. Solid curves corre
spond to the results for net gain for locally optimised nutrient recommendations
and dashed curves correspond to the corresponding results for the blanket
recommendation at each investment level. The two sets of vertical lines mark
the investment points of maximum relative gain of tailored nutrient ratios and
at a gain/investment ration of 2 respectively. Results for model A and B are
shown in black and grey respectively.

would leave a relative net benefit of 9.3 USD/ha after accounting for the
cost of estimating available nutrients at the field level.
4. Discussion
4.1. Main results
The idea of tailoring crop nutrient rates to local conditions has
intrinsic appeal and seems sound given the high cost of mineral fertilizer
and the substantial differences in nutrient responses reported in SSA
(Ronner et al., 2016; ten Berge et al., 2019). It is now becoming
increasingly common for large research for development projects to
include substantial investments in data collection and tool development
8
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Fig. 5. Histograms showing the simulated distribution of relative gain of site-specific nutrient rates over blanket recommendations at 8% of optimum investment.
Green represents the maximum benefit for each iteration, assuming all crop and site-specific parameters are known. Blue represents observed benefit with crop
specific parameters known and site-specific parameters (i.e. indigenous available soil nutrients) estimated from on-farm trials. Red represents observed benefit with
both crop-specific and site-specific parameters estimated experimentally. Vertical lines represent the mean of each distribution which are also indicated in coloured
text. Numbers above each panel indicates the number of replicates for the general and site-specific trials respectively. Results are shown for model A.

4.2. Mechanisms

levels would need to be substantially higher than those assumed here to
achieve larger benefits from tailoring, but the comparison of simulated
variation in agronomic efficiency to unbiased estimates from existing
data (Njoroge et al., 2017a; 2017b; ten Berge et al., 2019) suggests that
this may not be the case.
Similarly, the decrease of relative gain at higher investment levels
follows from properties of Eq. (5). Given a total investment, differences
in net gain depend on variation in economic efficiency, εI , caused by
heterogeneity in soil nutrients across locations. Evaluating the partial
derivative with respect to εI at different levels of investment (see sup
plement), confirms that sensitivity to changes in εI is lowest at the lowest
and highest levels of investment, consistent with what is observed in
Fig. 4. This makes intuitive sense, since with negligible investment there
can be little gain from fertilizer at all, whereas at the highest levels,
flattening response curves compress differential profitability. As these
two examples demonstrate, the use of such simple analytical or nu
merical explorations is not just of academic interest. It allows clearer
insight into model behaviour and makes it easier to quantify expected
outcomes under different assumptions.

The advantage of using a mathematical modelling approach is that it
allows direct and transparent inspection of how assumptions and data
affect key outcomes. This may help to formulate conditions under which
larger benefits may be expected and to identify some of the limitations of
current models and data. For example, the minor relative benefit from
matching rates to soil nutrient levels, compared to adjusting to Yw , can
be derived quite simply using Eq. (6) which we can rewrite as Ifertilizer =
Yw C − Isoil , where C is a constant determined by initial use efficiencies,
nutrient costs and grain price. Assuming balanced nutrients in soil and
fertilizer for simplicity, it can be seen clearly that deviations in optimum
fertilizer investment will be most strongly affected by the term dis
playing the highest variation. Based on the soil data used here, standard
deviations for Yw C and Isoil are 282 and 51 respectively, which under the
assumption of independence of the two terms translates into an expected
97% of variance in optimum fertilizer investment being explained by Yw ,
which is close to the 99% reported here (see Leenaars et al., 2018a;
2018b for a similar finding). Hence, variation in indigenous soil nutrient
9
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4.3. Limitations

results presented here are not highly sensitive to exact model behaviour.
That said, there is obviously scope for improved validation of current
models, particularly at higher nutrient rates and the question remains if
other existing nutrient response models would generate significantly
different predictions.
Finally, there are insufficiencies in the data. Even the apparently
simple average nutrient retail prices used here may not accurately
reflect transport costs and subsidies that can vary in space and time
(Bonilla Cedrez et al., 2020). The large optimum nutrient investments
calculated here could hence be the result of a failure to capture actual
costs and recent studies using higher prices indeed produce much lower
estimates (Bonilla-Cedrez et al., 2021). At the biophysical level, the
calculations of available soil nutrients have obvious limitations. Chem
ically determined soil nutrient levels underlying current calibrations are
subject to considerable experimental error (Schut and Giller, 2020) and
correlations with plant available nutrients are weak (Dobermann et al.,
2003), even when using the calibrated QUEFTS soil equations (Shehu
et al., 2019). In addition, digital maps of predicted soil N,P and K,
although calibrated extensively (Hengl et al., 2017), contain consider
able uncertainty and cannot fully reflect soil fertility variation across all
spatial scales. Recent resolution enhancements (Hengl et al., 2021)
could provide some improvement, but it is unlikely that they capture
fine-scale variation due to past fertilizer and manure use (Njoroge et al.,
2019; Zingore et al., 2007). The assumption that Yw varies only at the
level of pre-determined climate zones reflects the lack of data on a finer
scale variation due to topographic and soil factors but is obviously
another simplification. While consistency between modelled nutrient
and water limitations and published estimates of yields and nutrient
responses lends some credence to the current data, it is best to take the
spatial variation across SSA modelled here as a rough approximation to
reality at best. Empirical studies should bear out if true levels and pat
terns of variability deviate sufficiently from those assumed here as to
substantially challenge the current results.

The present analyses have obvious limitations that merit discussion.
First, there are issues of scope. The focus is on direct economic benefits
from tailoring to soil nutrients and water limited yields, consistent with
the aim of many SSNM implementations and data-driven initiatives on
localized soil nutrient management (Antwi et al., 2016; Iticha and
Takele, 2019; Viscarra Rossel and Bouma, 2016). It presumes that fer
tilizer cost can be offset by the sale of grain, implying some level of
market access, and ignores other context-specific interventions like rate
adjustments to target yields and organic fertilizer or advice on place
ment and timing of fertilizer (Buresh et al., 2019; Saito et al., 2015;
Sharma et al., 2019). Such interventions, while relevant, can be argued
not to be strictly place-specific, since they do not require spatial data on
unobservable biophysical parameters. The same can be said to apply to
the omission of input and grain price variation. This aspect of SSNM has
been the subject of spatial mapping studies (Bonilla Cedrez et al., 2020)
but prices are in principle observable and it should be possible to make
context-specific recommendations based on actual prices faced by
farmers, without input of spatial data. Still, these aspects have potential
to improve production efficiency through farmer specific advice and as
such merit further evaluation, either empirically or through modelling.
Second, the fact that this study is entirely theoretical means that it is
subject to the restrictions imposed by the assumptions and models used.
The choice for an ex-ante approach reflects the dearth of appropriate
data for validation while allowing a strict focus on the implications of
common assumptions, models, and data. I have strived to use theory and
data that are common in the literature and that underly typical calcu
lations on crop nutrient requirements. Nonetheless, it is valid to question
the realism of the present results, and to wonder what alternative
theoretical choices would have led to different outcomes. Starting with
the nutrient response model, it is important to consider that competing
nutrient response models exist (Ackello-Ogutu et al., 1985; Greenwood
et al., 1971; Janssen et al., 1990; Nijland et al., 2008; Nijland and
Schouls, 1997; Paris, 1992), although available data tends to be insuf
ficient to decide between them. I chose Greenwood’s production func
tion for its flexibility, simplicity, and interpretability, with the ability to
calculate exact agronomic efficiencies and economic optima. The two
alternative fits to the popular QUEFTS model were meant to ensure
well-accepted nutrient response behaviour and to demonstrate the
sensitivity to changes in model parametrization. Unavoidably, the
resulting predictions reflect these model’s limitations. For example,
agronomic efficiencies in QUEFTS are based on uptake rather than yield
response. While this works well for N and P, empirical K responses tend
to be lower than would be expected based on uptake (Shehu et al.,
2019). This has direct relevance for the current results, since the benefits
from tailoring seemed to be highest at sites with high available soil K.
Also, the diverging outcomes of model A and B reflect the more sus
tained linear responses of the former, demonstrating that responses at
higher, typically untested fertility levels matter for model behaviour and
may not always be well predicted. One of the most severe model re
strictions is the assumption that agronomic efficiency is determined by
water and macro-nutrient constraints only, since it fails to account for
potentially important soil-specific variation in fertilizer recovery such as
observed for phosphorus on P-fixing soils (Chien and Hammond, 1989)
or due to other localised constraints such as secondary or micro-nutrient
deficiency (Franke et al., 2008; Wortmann et al., 2019). The main issue
here is data availability; the few empirical estimates of recovery rates
exist (Shehu et al., 2019; Smaling and Janssen, 1993; Tittonell et al.,
2008) have limited spatial coverage, and are typically not corrected for
yield variations due to rainfall and other factors. Notwithstanding these
limitations, predictions of yields and agronomic efficiencies seem
consistent with values reported in the literature and both models pro
duce similar estimates of relative gain. While this is in no way a sub
stitute for model validation, it does mean that published data provides
no reason to reject the model outcomes and suggests that the main

4.4. Improvements and recommendations
Despite these caveats, I hope to have demonstrated the usefulness of
a theoretical ex-ante analysis such as the one presented here. Estab
lishing the theoretical limits to the benefits from tailored nutrient
application invites the question of why and how they may be improved
upon in theory as well as in practice, an important one to ask before
deciding on investments in research or implementation. As indicated
above, some answers may lie in model improvements but more impor
tantly the need for relevant data is evident, both for the sake of model
development and (location-specific) calibration. Based on the results
reported here, research effort should first focus on obtaining reliable
estimates of Yw over multiple years. While the need to consider variation
in Yw at the large spatial scales considered here is rather evident and
adjustment to regional yield levels is already part of existing recom
mendations (Geurts and Berg, 1998; Wortmann et al., 2017) there is
scope for refinement of Yw estimates as a function of more fine-grained
environmental and soil factors, such as water holding capacity and
rooting depth (Leenaars et al., 2018a; 2018b) if such estimates can be
obtained cost-effectively and with sufficient precision.
Quantifying or attaining relative benefit from adjustments to indig
enous soil nutrient levels requires estimates of macro-nutrient and
response variability and many studies have tried to obtain these, either
through nutrient response trials (Dobermann et al., 2003; Pampolino
et al., 2007; Rurinda et al., 2020; Wang et al., 2007; Wortmann et al.,
2018, 2017) by using agronomic proxy information (Pasuquin et al.,
2014) or based on predictions from chemical and physical soil properties
(Janssen et al., 1990; Shehu et al., 2019; Smaling and Janssen, 1993).
Unfortunately, such data is seldomly adequate for the purpose of
location-specific optimization of N, P and K, either because the experi
ments lack independent nutrient contrasts for response surface estima
tion or contain insufficient replicates to overcome the considerable
10
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levels of stochastic plot-level variation (Nziguheba et al., 2021; Ronner
et al., 2016; Vanlauwe et al., 2019) which as I show here can severely
affect the reliability of parameter estimates and model predictions
(Fig. 5). In summary, well designed and sufficiently replicated nutrient
response trials may be needed to obtain accurate estimates of general
and location-specific nutrient response functions, although the cost
effectiveness of such efforts is not guaranteed. In that sense, the
recommendation of including an optimized reference treatment in
SSNM implementation studies may be more practical, as at least it
provides a fair and more direct evaluation of the value of localized soil
fertility recommendations at little extra cost.
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5. Conclusions
Based on the theoretical outcomes presented here, it may be
concluded that obtaining significant benefits from site specific nutrient
adjustments is likely to be challenging. It is not unlikely that in practice
any efficiency gains from tailoring will prove to be minor compared to
those obtained from general agronomic improvements in fertilizer
placement or timing. At the very least, the current results suggests that
ambitions to implement SSNM across large areas may benefit from
thorough a-priori analysis of expectations and may need larger volumes
of experimental data than is typically considered. Finally, I hope the
present study will form a fruitful basis for future debate on the potential
for targeted soil fertility interventions and will help identify the gaps in
our theoretical and empirical knowledge that would need to be
addressed to advance such a debate.
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