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Abstract

Crop models can improve our understanding of crop responses to environmental condi-
tions and farming practices. However, uncertainties in model inputs can notably impact the
quality of the outputs. This study aimed at quantifying the uncertainty in soil information
and analyse how it propagates through the Quantitative Evaluation of Fertility of Tropical
Soils model to affect yield and fertilizer recommendation rates using Monte Carlo simula-
tion. Additional objectives were to analyse the uncertainty contributions of the individual
soil inputs to model output uncertainty and discuss strategies to communicate uncertainty
to end-users. The results showed that the impact of soil input uncertainty on model output
uncertainty was significant and varied spatially. Comparison of the results of a determinis-
tic model run with the mean of the Monte Carlo simulation runs showed systematic differ-
ences in yield predictions, with Monte Carlo simulations on average predicting a yield that
was 0.62 tonnes ha ! lower than the deterministic run. Similar systematic differences were
observed for fertilizer recommendations, with Monte Carlo simulations recommending up
to 59, 42, and 20 kg ha™! lower nitrogen (N), phosphorous (P), and potassium (K) fertil-
izer applications, respectively. Stochastic sensitivity analysis showed that pH was the main
source of uncertainty for K fertilizer (81.6%) and that soil organic carbon contributed most
to the uncertainty of N fertilizer application (97%). Uncertainty in P fertilizer application
mostly came from uncertainty in extractable phosphorus (55%) and exchangeable potas-
sium (20%). A threshold probability map designed using statistical predictions served as
a visual aid that could enable farmers to swiftly make informed decisions about fertilizer
application locations. The study highlights the importance of refining the accuracy of soil
maps as well as incorporating uncertainty in input data, which improves QUEFTS model
predictions and offers valuable insights into the relationship between soil information ac-
curacy and reliable crop modeling for sustainable agricultural decisions.

Keywords Uncertainty propagation - Monte Carlo simulation - Stochastic sensitivity -
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Introduction

Food security is one of the major challenges faced by populations in most sub-Saharan
African countries (SSA) (Mesfin et al., 2021) and agriculture remains the foremost food
supplier in most of these countries. Substantial increase in agricultural production has been
achieved over the past decades (FAOSTAT, 2020), but largely due to expansion into new
land areas rather than increases in land productivity. The current yield gaps point to oppor-
tunities to increase food production per hectare through the efficient use of fertilizers (van
Ittersum et al., 2016). Obviously, the imbalance between current fertilizer application rates
and the nutrient requirements for crops, leads to inefficient use of fertilizers and reduction
in crop yields. A major challenge has been to recommend fertilizers that account for soil
spatial variability (Rurinda et al., 2020) and differences in landscape attributes (Takoutsing
etal., 2018).

Current fertilizer formulation in SSA has been conventionally promoted through blanket
recommendations, often developed based on a limited number of field-experimental data
(Rurinda et al., 2020). These recommendations are not able to provide the required optimal
application rates because they ignore the often-high spatial variability in soil nutrient sup-
ply. This is bound to create imbalanced crop nutrition in heterogenous fields (Kihara et al.,
2016), leading to either over- or under-fertilization in different parts of the fertilized area.
Site-specific fertilizer recommendations have been proposed to account for this variation
by optimizing fertilizer use based on specific soil conditions and actual soil nutrient sup-
ply (Mesfin et al., 2021). Current decision-making on fertilizer application rates is based
primarily on yield responses, meanwhile farmers are eager to have detailed information on
the nutrient status and fertilizer requirement specific to their fields (Breure et al., 2022a).
Though site-specific fertilization is much preferred over blanket fertilization, it can only
achieve its objective if soil conditions are adequately known and uncertainty in soil proper-
ties does not prohibit deriving fertilizer recommendation.

One way to provide fertilizer recommendations that is site-specific is the use of deci-
sion support tools such as crop models that combine soil nutrient supply and crop nutrient
demand to recommend fertilizer application rates to achieve a target yield (MacCarthy et
al., 2018; Rurinda et al., 2020). While crop models have become common within agricul-
tural research domains, they have traditionally been hampered by their complexity and high
demand for input data that are seldomly available in SSA. In addition, some of these models
are unable to predict nutrient-limited yield. The QUEFTS model can quantify the nutrient
requirements of crops based on the target yield and nutrient uptake (Janssen et al., 1990).
The most prominent feature of QUEFTS is that it estimates soil N, P and K supply on the
basis of soil data, and predicts N, P and K fertilizer rates to achieve target yields at specific
locations (Smaling & Janssen, 1993). The model has been calibrated and validated for dif-
ferent crops in varying soils, climate and management conditions in SSA (Ezui et al., 2017)
and other regions (Sattari et al., 2014). Therefore, it can also be used to estimate the nutrient
requirements of maize in Cameroon.

Most recent developments in crop modelling have acknowledged the need to quantify
model uncertainties (Wallach & Thorburn, 2017). The sources of uncertainties are associ-
ated with errors in model structure, inputs and parameters, and can overshade the spatiotem-
poral variability of simulated model outputs, thus limiting predictability (Ramirez-Villegas
et al., 2017; Chapagain et al., 2022). Input uncertainty arises from uncertainty in climate
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(e.g. temperature), soil (e.g. soil properties) (Takoutsing et al., 2022), initial conditions and
crop management practices, which are typical inputs required for most crop models (Ojeda
et al., 2021; Chapagain et al., 2022). In particular, soil information embodies a substantial
degree of error, because laboratory analyses are imperfect (van Leeuwen et al., 2022) and
most soil information is obtained from maps that suffer from prediction and interpolation
errors (Takoutsing & Heuvelink, 2022). The effects of errors introduced due to soil sampling
and chemical analysis procedures on fertilizer recommendations have been evaluated, with
conclusions that large uncertainty exists in estimates of soil nutrient supply based on soil
property measurements (Schut & Giller, 2020).

Uncertainty in soil information can be quantified by probability distributions (Heuvelink,
2014) and several methods for uncertainty propagation analysis have been developed and
applied at various scales. Monte Carlo analysis has often been used to compute output prob-
ability distributions by repeated model simulations with input variables randomly sampled
from their probability distribution. Importantly, with the increased generation of spatially
explicit gridded crop model simulations, failure to account for model output uncertainty
may lead to poor decision-making by policy makers and stakeholders. Uncertainty in model
outputs should therefore be communicated effectively so as to enable the end-users to draw
valid conclusions and make sound decisions (Breure et al., 2022b; Lark et al., 2022).

For a case study on maize (Zea mays L.) in the Western Highlands of Cameroon, this
study aimed to: (1) quantify the uncertainty (probability distributions) in soil information
used by the QUEFTS model; (2) analyse how uncertainty in soil information propagates
through QUEFTS and affects yields and fertilizer recommendation rates; (3) compare the
results of the uncertainty propagation analysis with a case where uncertainty in soil inputs
is ignored; (4) analyse the uncertainty contributions of the individual soil inputs to model
output uncertainty; (5) discuss strategies to communicate uncertainty in QUEFTS outputs to
end-users and advise them on how uncertainty can be incorporated in their decision-making
process.

Case study
Description of the study area

The study area is the west region of Cameroon that forms part of the Western Highlands and
spans over 14,000 km? (Fig. 1). The climate is tropical humid with two seasons: a long, wet
season of eight months from March to October, and a short, dry season of four months from
November to February. The average annual temperature ranges between 20 °C and 28 °C,
while annual average rainfall ranges from 1,200 mm to 2,300 mm (Neba, 1999). The area is
characterized by accidented relief of massifs and mountains that consist of plains, undulat-
ing hills, and gentle sloping areas. Altitudes reach as high as 2,400 and as low as below 450
masl in valleys. The dominant soil types are Ferralsols and Nitisols of the World Reference
Base system (IUSS, 2015). The area is largely an agrarian area subjugated by subsistence
agricultural systems where high-skill farmers exploit virtually every strip of land available
to grow a range of annual and perennial crops. Maize is the major staple crop, and farmers
grow it either in association or rotation with other crops.
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Fig. 1 Digital elevation map of the study area in Cameroon showing the soil sampling locations. Upper-
left panel zooms in on one sentinel site. Red dots represent locations with spectral data, blue dots loca-
tions with analytical and spectral data

Field sampling using the Land Degradation Surveillance Framework

The Land Degradation Surveillance Framework (LDSF) was used to collect soil samples
across the study area. The LDSF is a systematic methodology to conduct landscape-level
assessments of soil and land health based on a consistent set of indicators and field proto-
cols and uses the concept of sentinel sites (Vagen & Winowiecki, 2020). A sentinel site is a
100 km? area stratified into 16 clusters of 1 km? size, each containing 10 plots of size 1000
m?, while each plot is further subdivided into 4 subplots of size 100 m?. Four sentinel sites
were randomly placed within the study area. The distribution of the 640 soil sampling plots
is shown in Fig. 1. Topsoil samples (0-20 cm) were collected at the four subplots of each
plot and thoroughly mixed to form a composite sample for each plot, resulting in 160 soil
samples per site and 640 soil samples in total.

Soil data

The soil samples were air dried, crushed by rolling pins and sieved through a 2-mm sieve.
About 10 g of each soil sample was milled to pass a 75-um sieve using a Retsch RM 200
mill (Retsch, Diisseldorf, Germany) and analysed using a high-throughput Bruker Tensor
27 Fourier Transform MIR spectrometer. MIR diffuse reflectance spectra were recorded at
a waveband range of 601 to 4000 cm ™! with a resolution of 4 cm™'. Ten per cent of the soil
samples (n=64) were randomly selected as references and also analysed using conventional
wet chemistry methods for the determination of SOC (dry combustion), pH (1:1 solution
in water), macro- and micro-elements including base cations (Mehlich-3 extraction), and
texture (Laser diffraction particle size analysis). Calibration models were developed using
the paired observations of MIR spectra and analytical laboratory measurements to predict
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the soil properties at locations where only spectra were available. SOC, pH, P and K were
used as inputs for crop modelling, while Al, Fe, and Ca were used for pedotransfer functions
as explained below. Prior to applying the MIRS, Olsen Phosphorus (POlsen) and exchange-
able potassium (KExch) in mmol kg™' were estimated from available Mehlich-3 data using
transfer functions proposed by Breure et al. (2022a) and shown in Egs. 1 and 2:

In_POlsen = 0.77 % In (Py3) + 0.62 % In (Alys) + 0.13 % In (Feps) + 0.10%
In(Caps) —0.19% pH — 4.31 )
K Exch = 0.028 % Ky3 + 0.015 @)

Note that the nutrients in Mehlich 3 (P, Al, Ca, and Fe) in mg kg ! were log-transformed for
application of the P transfer function (Eq. 1). The predicted POlsen values were obtained by
back-transformation following Lark and Lapworth (2012):

POlsen = exp(ln_POlsen+0.5% 0 ,.,) 3)
where In_ POlsen is the predicted value from the transfer function (Eq. 1) and o fmd
denotes the associated prediction error variance, which can be obtained from the residual
variance of the multiple linear regression model and variance-covariance matrix of the esti-
mation errors of the regression coefficients. The dataset used in this study combined both
analytical and spectral soil data. For soil samples with both analytical and spectral data, only
analytical data were retained. This resulted in 64 analytical and 546 spectral observations,
making a total of 640 observations.

Methodology
Spatial modelling of soil properties using random forest

The spatial modelling of soil properties has been described in detail in Takoutsing and
Heuvelink (2022), and we only repeat the essentials here. Since soil properties are cor-
related with environmental variables (Minasny & McBratney, 2016), a set of 191 spatially
distributed environmental variables was collected from different sources to represent the
major soil forming processes and surface characteristics of the study area. Firstly, we car-
ried out a correlation analysis to address multicollinearity of the 191 environmental lay-
ers. Only covariate layers with a pairwise correlation coefficient<=0.75 with all the other
covariates were retained for further analyses. In case two covariates were correlated above
this threshold; we only retained the first one in alphabetical order for use in the modelling
process. This first step reduced the number of covariates to 99 layers. Next, we performed
a selection procedure using the Recursive Feature Elimination algorithm as implemented in
the caret package (Kuhn, 2008) to remove the least important covariates of a random forest
(RF) prediction model. The Recursive Feature Elimination procedure is an iterative process
that starts by fitting a model using all covariates, assesses its performance and ranks the
covariates according to their importance (Gomes et al., 2019). The least important covariate
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is removed, and the process is repeated, until only one covariate is left. From all evaluated
models the one with the most favourable cross-validation statistic (RMSE or R?) is selected.
For each soil property, an optimal set of covariates was selected, which can differ between
soil properties.

The fitted models were applied to the stack of retained environmental variables to predict
the four soil properties required for further modelling, i.e. SOC, pH, POlsen and Kexch,
across the study area at 250 m resolution. The performance of each predictive model was
evaluated by calculating the Mean Error (ME), the Root Mean Squared Error (RMSE) and
the model efficiency coefficient (MEC) (Janssen & Heuberger, 1995) using leave-cluster-
out cross-validation (LCOCYV). The LCOCV has previously been demonstrated to be a suit-
able method to evaluate the performance of prediction models in the case of clustered data
(Takoutsing et al., 2022). We used quantile regression forest (QRF) (Meinshausen, 2006) to
obtain model predictions and the associated prediction uncertainty. QRF derives quantiles
of the conditional probability distribution at each prediction location. For each soil property,
we computed the mean, 0.05 quantile and 0.95 quantile, i.e. the lower and upper limits of a
90% prediction interval. The 90% prediction interval coverage probability (PICP) was used
to validate the quantified prediction uncertainty (Shrestha & Solomatine, 2006). Ideally, the
PICP should be closed to 0.90. A PICP value substantially greater than 0.90 suggests that
the uncertainty is underestimated, while a value substantially smaller than 0.90 indicates
that it is overestimated.

The QUEFTS model

The QUEFTS model was originally developed by Janssen et al. (1990) to estimate yield
responses based on nutrients present in the soil and those added through application of NPK
fertilizers. Further improvements were made by Smaling and Janssen (1993) to estimate
the nutrient requirements for crop yield. The model estimates expected yields given limita-
tions in nitrogen, phosphorus and potassium uptake and takes into account the relationship
between N, P, and K rather than the demand for individual nutrient elements alone. The
model can also be used to generate fertilizer recommendations given soil properties for
target yields in such a way that N, P and K are not limiting yield (Rurinda et al., 2020). The
QUEFTS model entails a four-step process (Fig. S1) that simulates the potential supply of
nutrients, plant nutrient uptake, yield ranges and the final yield based on nutrient accumula-
tion and dilution. The four steps are described in detail in Ravensbergen et al. (2021). We
only summarise it here:

Step 1: First the potential soil supplies of N, P and K are calculated, by applying rela-
tionships between four chemical soil properties, namely pH, SOC, POlsen and Kexch, and
the maximum quantity of these nutrients that can be taken up by maize if no other nutrients
and no other growth factors are yield-limiting. In addition to the nutrient supply from the
soil, nutrient supply from fertilizer application is obtained by accounting for the fertilizer
recovery rate of applied fertilizers.

Step 2: In the second step the actual uptake of each of the three nutrients N, P and K
is calculated as a function of the potential supply of that nutrient, taking into account the
potential supplies of the other two nutrients. In QUEFTS, the actual uptake of a nutrient is
calculated twice for each nutrient, where each time only one of the other two nutrients is
considered. For instance, the actual uptake of nitrogen is calculated once as a function of its
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own supply and the supply of phosphorus and once as a function of its own supply and the
supply of potassium.

Step 3: QUEFTS converts the estimated uptake of N, P and K into maize yield. For each
nutrient, the upper and lower bound yields are calculated based on the actual uptake of each
nutrient. The upper bound yield refers to the yield attainable when for instance N is maxi-
mally diluted in the plant. The lower bound yield refers to the yield that could be obtained
when N is maximally accumulated in the plant. The actual yield lies somewhere in between
these yields. This leads to six combinations describing the uptake of one nutrient given
maximum dilution or accumulation of another nutrient.

Step 4: In the fourth step, the yield estimates are calculated in pairs on the basis of the
actual uptake of each nutrient and the yield ranges calculated in step 3. This will result in six
paired estimations which are averaged to obtain a final yield estimate.

In case the calculated yield is below a required level, either because no fertilizer was
applied or because too little was applied, then QUEFTS can calculate the required NPK
application rates to achieve the required yield level. To compute the required application
rates, the relation between fertilizer application and yield as outlined in the four steps above
is mathematically inversed. The QUEFTS model was run to compute the amount of NPK
fertilizer for target yield of 5.0 tonnes ha ' under two scenarios: the NPK application rates
with all soil inputs assumed certain (Scenario 1), and the NPK application rate and associ-
ated yield with uncertain soil information (Scenario 2).

The R version of QUEFTS based on Sattari et al. (2014) was used and run with the vari-
ous input parameters: (1) soil properties as described in Sect. 3.1 (i.e., pH, SOC, KExch
and POlsen); (2) QUEFTS model default values for nutrient recovery fractions (0.5 for N
and K, 0.1 for P fertilizer); (3) QUEFTS model default values for maximum physiological
efficiency for maize (IE borderline) (i.e., 70, 600, 120 kg biomass per kg N, P and K respec-
tively), and for minimum physiological efficiency (IE borderline) (i.e., 30, 200, and 30 kg
biomass per kg N, P and K respectively); (4) maximum crop season potential yield for the
Western Highlands of Cameroon of 5.0 tonnes ha™! ; and (5) average temperature for the
study area of 25 °C. The 5 tonnes ha! target yield was chosen based on two key factors: (i) it
represents the average yield obtained by farmers in the study area who have used improved
seeds and have implemented sustainable land management practices, including fertilizer
application; and (ii) it aligns with the average yield targeted by extension agents of the Min-
istry of Agriculture who provide technical support to farmers in the region.

Uncertainty propagation using the Monte Carlo method

Model output uncertainty is generally determined from three main sources, namely input
uncertainty, model structure uncertainty, and model parameter uncertainty. In this study, we
solely focussed on model input uncertainty, and only considered uncertainty in soil inputs.
QUEFTS requires four soil properties (i.e., pH, SOC, POlsen and KExch) as inputs to derive
fertilizer recommendation rates to achieve a target yield of 5.0 tonnes ha™'. Soil input uncer-
tainties propagate through the model, resulting in uncertainties in yield and fertilizer rec-
ommendation rates. To assess how the uncertainty in soil input variables affects QUEFTS
outputs, we performed a Monte Carlo (MC) simulation approach. Attractive characteristics
of the MC method are that it is easy to implement, has general applicability and yields the
entire probability distribution of the model output (Heuvelink, 1998). The aim of the uncer-
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tainty analysis is to quantify the uncertainty of the yield and fertilizer recommendation rates
as the result of uncertainties in the soil input variables. It can also be used to analyse the
uncertainty contribution of each individual uncertainty source. The MC method repeatedly
samples realizations from the probability distributions of the uncertain input variables and
runs the model for all realizations. The results of the model simulations are then analysed to
estimate the probability distribution of the outputs and quantify the uncertainty. The method
as applied here thus consisted of the following steps:

1. Define the mathematical model (QUEFTS) that is to be simulated, including the inputs,
parameters, and the targeted output variables.

2. Quantify the uncertainty of the soil inputs of QUEFTS by probability distributions
(Sect. 3.1) and draw a large number of realisations (i.e., 500, see below) from them
using a pseudo-random number generator.

3. Run the QUEFTS model repeatedly (we used 500 Monte Carlo runs), each time using
one of the simulated sets of inputs and store the model outputs. Running the MC analy-
sis several times while changing the seed of the pseudo-random number generator con-
firmed that 500 runs were sufficient to reach stable results.

4. Construct an empirical probability distribution of the 500 output values. From this dis-
tribution summary statistics can be derived, such as the mean, standard deviation, and
percentiles.

The frequency distributions of the Monte Carlo simulations of fertilizer recommendation
rates and yield represent the propagation of input uncertainty to the model output uncer-
tainty. In particular, the width of these distributions (in this study characterized by the
difference between the 0.95 and 0.05 quantiles) signifies the uncertainty of the QUEFTS
predicted yield and fertilizer recommendation rates. Note that the MC analysis is repeated
for all locations in the study area (i.e. all grid cells).

Contributions of soil input variables to the uncertainty of model outputs

The contribution of individual soil input uncertainty to the overall uncertainty of QUEFTS
outputs was analysed using a stochastic sensitivity analysis (Saltelli et al., 2008). The uncer-
tainty contribution was expressed as the percentage of the output variance accounted for by
each uncertain input. If m is the number of uncertain inputs, then we need m+1 MC analyses
to compute the uncertainty contributions. Initially, the total output uncertainty MC,, is com-
puted by stochastically varying all input variables considered (as explained in Sect. 3.3).
The uncertainty associated with the first input variable x, is next obtained through another
MC simulation MC,, in which x, is set equal to its deterministic value, while the other input
variables vary stochastically. Similarly, the other MC analyses MC,, MC;,. . ., MC,, are
used to quantify the uncertainty contribution for the other uncertain inputs. The contribution
of individual input variables to the uncertainty of the model output, that is the stochastic
sensitivity S; for each uncertain input x;, is then computed as shown in Torres-Matallana et
al. (2021):

B var (MC;)
ST =1 var (Afctm‘) (4)
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The larger the index S;, the higher the contribution of the input uncertainty x;.
Communicating uncertainty and its integration in decision-making

Researchers are likely well-versed in the notion of uncertainty and proficient in techniques
for its quantification (Brown & Heuvelink, 2005), but end-users frequently exhibit a pref-
erence for deterministic solutions, being less accustomed to dealing with probabilistic or
uncertain information. They often assume or require error-free model outputs to facilitate
decision-making. One of the consequences of this desire for simplicity is that modellers do
not pay much attention to the uncertainty of their outputs, and therefore do not communi-
cate it to end-users (Verstegen et al., 2012). In practice, achieving error-free model outputs
is impossible, and end-users should be assisted to understand uncertainty and how to take
decision based on uncertain data or information. Our interest in this study was to commu-
nicate the uncertainty of QUEFTS outputs to a range of end-users, including policy mak-
ers, extension service agents, and staff of non-governmental organizations. Subsequently,
these individuals might find themselves tasked with conveying uncertainty to farmers or the
broader public and incorporating it effectively into the decision-making process.

Quantification of uncertainty can be straightforward, but communicating uncertainty to
a range of users of information and its integration in decision-making processes less so
(Verstegen et al., 2012; Chagumaira et al., 2021). The challenges may include the difficulty
to grasp uncertainty for users without basic knowledge of statistics, the fact that uncertainty
is input-dependent, the variation of uncertainty over space, and the lack of software that can
integrate spatial modelling, uncertainty analysis and visualization (Verstegen et al., 2012).
In addition, the success of a method to communicate uncertainty may depend on the subject
matter and on the background of the users (Milne et al., 2015). Uncertainty can be commu-
nicated using an empirical probability distribution, a probability interval, or can be simply
described using words, for example, on a verbal scale (Milne et al., 2015; Spiegelhalter,
2017). It is important that the uncertainty statistics are communicated in an efficient way
that is both informative and understandable to users with varied backgrounds. There should
be ample explanation of the results and a visual representation of the uncertainty to facilitate
communication. In this study, we used the 0.05 and 0.95 quantiles of the probability distri-
bution of the spatially distributed yield and fertilizer recommendation rates to derive a 90%
prediction interval, which expresses the uncertainty about the true values. Furthermore, we
opted to visualize uncertainty in the form of maps which show the mean as well as the upper
and lower bounds of the prediction interval separately.

Agricultural business decisions, e.g., decisions on whether or not to apply fertilizer in a
specific field, depend heavily on model-based recommendations, which are associated with
uncertainty. Decisions based on misinterpreted or erroneous model outputs can be costly
due to the irreversibility of such decisions (Verstegen et al., 2012). Without understanding
this risk, it is not possible for end-users to draw proper conclusions and make optimal deci-
sions. Farmers are aware that fertilizer application improves yield, but fertilization comes
at a cost, and they will want to be sufficiently certain that there will be a positive return on
investment. Farmers could establish ‘rules” which account for uncertainty. For example,
they could state that they are only willing to apply fertilizer if the probability of obtaining
a yield gain above a threshold (e.g., 1.5 tonnes ha™') is greater than 90 per cent. Using this
example rule, we evaluated which locations across the study area would need fertilizers. We

@ Springer



5 Page 10 of 27 Precision Agriculture (2025) 26:5

first predicted the optimal fertilizer application for Scenario 1 (no uncertainty in soil inputs)
needed to achieve the targeted yield of 5 tonnes ha'. From the model predicted fertilizer
recommendation, we derived average fertilizer recommendations for N, P, and K, respec-
tively. These average rates were then applied uniformly across the study area. Subsequently,
a MC simulation, implemented using QUEFTS, was run to determine the yield difference
with and without fertilization for each location, resulting in a spatially explicit map of the
yield gain probability distribution. We then identified three areas based on the probability of
achieving yield gains above the 1.5 tonnes ha™' threshold: areas with a probability greater
than 90%, areas with a probability between 50% and 90%, and areas with a probability less
than 50%.

Data processing and statistical computing

All analyses and modelling in this study were conducted in the R statistical open source
software (Core Team, 2021). The R packages used in this study included “ranger” (Wright
& Ziegler, 2017) for fitting the RF and QRF models; “raster” (Hijmans, 2021) for handling
raster layers; and spplot (Pebesma & Bivand, 2005) and ggplot (Wickham, 2016) for plot-
ting. All soil maps were produced in QGIS version 3.22 using the Albers equal area projec-
tion (EPSG:22832).

Results and discussion
Descriptive statistics of soil property data

Summary statistics of the soil properties are provided in Table S1. The SOC content ranged
from 8.7 to 45.6 g kg~ and had a mean of 25.5 g kg!. This range indicates high potential of
crop responses and recovery of applied fertilizers and therefore, a high productivity of crops
such as maize could be expected in the area. Soils are generally acidic with pH ranging from
4.2 t0 6.3 and a mean of 5.2 and show moderate to severe limitations to crop production. For
a large proportion of the soil samples (>60%), POlsen values were below the critical value
of 10 mg kg ™! for optimum maize yield (Ussiri et al., 1998; Bai et al., 2013). The deficiency
could be due to inherent low P concentration in the parent material and P-fixation (Eijk et
al., 2006). The values of KExch were far below the threshold value of 2 mmol kg ™! required
for the growth of major crops (Chilimba et al., 1999). These findings indicate that P and K
fertilizers are needed to enhance maize production in the study area.

Spatial prediction of soil properties and uncertainty quantification

The correlation analysis and variable selection procedure indicated that not all 191 covari-
ates were useful in explaining the spatial variation of the soil properties of interest. The
optimal number of covariates included in the RF predictive model for pH, SOC, POlsen
and KExch were 9, 3, 22 and 57, respectively. Plots of recursive feature elimination show-
ing model performance as a function of number of covariates are shown in Fig. S1. The
LCOCYV statistics used to evaluate the performance of each predictive model are presented
in Table 1. ME values were close to zero for all properties. The degree to which the spatial
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Table 1 Leave-cluster-out cross- Sl property ME RMSE MEC PICP
validation metrics for the random

forest predictions of the four soil pH 2 —0.001 0.157 0.832 091
properties SOC (gkg™) -0.020 5.620 0.618 0.89
POlsen (mg kg ') 0.010 3.450 0.640 0.89
KExch (mmolc kg™") —0.001 0.130 0.410 0.92

e
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Fig. 2 Spatial distribution of SOC predictions and associated limits of the 90% prediction interval (g
kg™1): (a) lower limit, (b) mean values, (c) upper limit

variation of soil properties was predicted from the available covariates varied substantially.
Spatial variation in pH, POlsen and SOC was best described, with MEC values above 0.60,
while variation in KExch was less described, with a MEC value of 0.41. The low MEC
value for KExch is likely caused by the weak relation between the soil property and the
covariates, which leads to a higher prediction uncertainty. For all four soil properties, the
PICP ranged between 0.89 and 0.92 (Table 1). This indicates that the prediction intervals
obtained with QRF were a realistic representation of the various model prediction uncertain-
ties, as these were close to 0.90.

For each soil property, we spatially predicted the mean value using RF, as well as the
lower and the upper limits of the 90% PI with QRF. The results for SOC are presented in
Fig. 2, while those of the three other soil properties are provided in Fig. S3. Predicted pH
values ranged from 4.68 to 6.04, SOC values from 12.30 to 43.85 g kg™', POlsen from 1.36
to 11.81 mg kg ! and KExch from 0.10 to 0.74 mmol kg '. It can be seen from the maps
that lower values of pH and SOC are found in the south-western parts, while lower values
of POlsen and KExch are found in the central and the northern parts of the study area. These
two areas are dominated by Ferralsols which have a low nutrient retention capacity. High
values of pH, SOC and KExch are found in a region in between these two areas. This region
is a mountainous volcanic area dominated by fertile Nitisols which are well-drained with
very favorable chemical and physical properties.

QUEFTS model outputs ignoring uncertainty in soil inputs
Maps of the potential soil supply of the three macro-nutrients nitrogen, phosphorus and

potassium estimated by QUEFTS under Scenario 1 are presented in Fig. S4. It can be seen
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from the maps that the south-western and central parts of the study area have low soil N
and P supplies, whereas in between these areas there is a region with high N and P supply.
The soil K supply map has a very different spatial pattern and shows high supply of K in the
southern part of the study area. With no fertilizer applied, the predicted yield ranged from
1.44 to 4.94 with a mean of 3.26 tonnes ha ! (Table 2).

The spatial distribution of the yield as predicted by the QUEFTS model without fertilizer
application is presented in Fig. 3a. Predicted yield values in some areas varied from low to
high within a very short distance, e.g., in the central and south-western parts of the study
area.

The spatial distribution of the predicted yield agreed with those of the N and P soil supply
maps and much less with the K soil supply map (Fig. 4). With the estimated soil nutrient
supplies, the QUEFTS model was run to estimate the optimum NPK fertilizer recommenda-
tion rates required to achieve the target yield of 5.0 tonnes ha™!, assuming the predicted soil
properties to be certain (Scenario 1). Summary statistics of the predicted NPK recommen-
dation rates are presented in Table 2. Fertilizer application allowed to reach the target yield
across the entire study area. There were considerable yield gains across the area when NPK
fertilizers were applied, ranging from 0.06 to 3.56 with a mean of 1.74 tonnes ha'.

The spatial distribution of recommended NPK fertilizers to achieve a target yield of 5.0
tonnes ha™' shows high variability across the study area (Fig. 4). Summary statistics of the
predicted yield gain and NPK recommendation rates are presented in Table 2. As expected,
the maps are a mirror image of the soil nutrient supply maps shown in Fig. S4. Some parts of
the study area have sufficient N and P supply from the soil and do not require N and P appli-
cation to reach the target yield, whereas other parts have low soil supply and need a high
fertilizer rate to reach the target yield. The spatial variation of the optimized NPK applica-
tion is very large indicating that blanket fertilizer recommendation would not be a suitable
policy to achieve the target yield of 5.0 tonnes ha™' across the study area. The maximum
N application rate is higher than that of P and K (Fig. 4; Table 2), while the mean recom-
mended application rate is highest for K. This is probably the result of spatial variation in
soil nutrient supplies, which are influenced by other environmental factors, not accounted
for by QUEFTS.

QUEFTS model outputs with uncertain soil inputs

We applied the same procedure as in Sect. 4.3 and used QUEFTS to calculate the yield
without fertilizer application and calculate the fertilizer recommendation rates required to

Table2 Summary statistics of Statistic ~ tonnes ha™! kgha™! Yield
the QUEFTS model predicted

ic1d without fertil i Yield without ~ N Fer- P K gain
zle W(; NOPuK erthizer ap é) éga— NPK application tilizer  fertilizer fertilizer (tognes
ion an recommendation (tonnes ha™) (ke (ke (ke ha )

rates required to achieve a target

1 "1 1
yield of 5.0 tonnes ha™' under ha ) ha ) ha )

scenario 1 (ignoring soil input Maximum 4.94 205.8 143.2 157.0 3.56
uncertainty) 75th 3.47 107.2 84.4 115.2 2.00
percentile
Mean 3.26 89.8 69.1 102.6 1.74
25th 3.02 77.4 56.9 93.8 1.52
percentile
Minimum 1.44 0.0 0.0 329 0.06
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Fig.3 Spatial distribution of yield as predicted by QUEFTS without fertilizer application: (a) yield ignor-

ing uncertainty in soil inputs, (b) 0.05 quantile of 500 MC yield maps; (c) mean of 500 MC yields; (d)
0.95 quantile of 500 MC yields

achieve the target yield of 5.0 tonnes ha™!, but now assuming the four soil inputs to be uncer-
tain (Scenario 2). Each of the 500 MC runs produced a realisation of the yield and fertilizer
recommendations, so that the frequency distribution of the 500 outputs approximates the
probability distribution of the uncertain yield and fertilizer recommendation rates. In a case
without fertilizer application, we compared the yield map of the deterministic run with the
mean of the results of the 500 MC simulations and found substantial differences (Fig. 3).
Our analysis revealed a significant systematic difference in yield predictions between the
deterministic run and the mean of the Monte Carlo simulations. For the case without fertil-
izer application, the deterministic run (Fig. 3a) yielded a spatial average of 3.26 tonnes ha™',
while the mean of the Monte Carlo runs (Fig. 3b) resulted in a spatial average of 2.64 tonnes
ha™!, a difference of 0.62 tonnes ha™'. This discrepancy, which is caused by the non-linear
relation between soil nutrients and yield as modelled in QUEFTS, highlights the importance
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L IS I
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Fig.4 Fertilizer recommendation rates required to obtain the targeted yield of 5.0 tonnes ha ! as predicted
by the QUEFTS model while ignoring uncertainty in soil inputs (in kg ha™): (a) N fertilizer; (b) P fertil-
izer; (c) K fertilizer

of incorporating uncertainty into yield prediction models. Ignoring uncertainty and using
average input values not only fails to quantify output uncertainty but can also lead to biased
results (Heuvelink, 1998 page 34; and Sect. 5.4; Savage, 2012). Ignoring uncertainty also
leads to an underestimation of fertilizer requirements needed to achieve target yields. Our
results indicate that larger fertilizer quantities might be needed to reach the same yield target
(5 tonnes ha™') when considering the uncertainties captured by the Monte Carlo simula-
tions. This is because QUEFTS is a non-linear model, where yield increments are more
pronounced for soil supply increments in the low range compared to the high range of soil
nutrient supply (Dhakal and Lange, 2021). The implications of the fertilizer application rate
underestimation are significant, potentially leading to misinformed agricultural planning
and management decisions, leading to suboptimal application rates, increased costs and
potential environmental impacts.

Maps of the mean and 0.05 and 0.95 quantiles obtained by propagating uncertainty in
soil input variables through the QUEFTS model are presented in Fig. 5, while those of the
90% prediction interval widths are presented in Fig. S5. Uncertainty in soil inputs resulted
in a large uncertainty of the NPK fertilizer recommendation rates required to reach the target
yield. As shown in Fig. 5, there is a large difference between the lower and upper limits of
the prediction intervals, resulting in large 90% prediction interval widths. High uncertainty
of soil properties leads to high uncertainty of soil nutrient supplies, and this in turn means
that we are highly uncertain about how much fertilizer should be applied to reach the target
yield of 5.0 tonnes ha™'. The uncertainty maps of Fig. S5 show that the spatial distribution
of uncertainty is not homogeneous and varies substantially across the study area. Relatively
low values are found close to the sentinel sites, where soil input uncertainty is lower than
elsewhere in the study area. The 90% prediction interval was generally wider for N and K
fertilizers and narrower for P fertilizer, particularly in the western and northern parts of the
study area. For instance, lower uncertainty for N was observed in areas where N fertilizer
recommendation is low (see Fig. 4a). This corresponds to areas with fairly high soil supply
of N. In these areas, we are less uncertain about the recommended N fertilization, because
in many MC runs the soil supply is sufficient to reach the target yield, so that the N applica-
tion rate is zero.
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Fig. 5 Spatial distribution of fertilizer recommendation rates calculated using QUEFTS (kg ha ') under
Scenario 2: lower limit, mean values, and upper limit for N (a, b, ¢); P (d, e, f); and K (g, h, 1)

The spatial variation of the QUEFTS model outputs can also be displayed as spatial
cumulative frequency distributions. In Scenario 2, this yields a cumulative distribution for
each single MC run. We represented the 500 MC curves by curves of the mean and the 0.05
and 0.95 quantiles (Fig. 6). Incorporation of uncertainty leads to a systematic shift of the
cumulative distributions of the three fertilizer applications to the right (higher values) while
that of the yield shifted to the left (lower values) when uncertainty in soil inputs is accounted
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for. This indicates an overestimation of the yield and underestimation of the fertilizer rec-
ommendation when uncertainty in soil inputs is ignored, as noted before. Though the spa-
tial variation is not large, as shown by the steepness of the curves, large uncertainty was
observed, as indicated by the wide prediction regions in Fig. 6, in particular for N fertilizer
recommendation. Thus, Fig. 6 nicely combines and allows to compare spatial variability
and uncertainty in one figure (Heuvelink & Pebesma, 1999).

Contribution of soil input variables to the uncertainty of fertilizer recommendation
rates

We decomposed the uncertainty of each of the three fertilizer recommendation rates into
the contribution of the four soil input variables using the stochastic sensitivity analysis
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Fig. 6 Spatial cumulative frequency distribution of the yield (tonnes ha™' and the N, P and K fertilizer
recommendations (kg ha™!) for cases with and without soil uncertainty: red lines represent deterministic
run, black lines the mean of all MC runs, dashed blue lines represent the 0.05 and 0.95 quantiles. The grey
area indicates uncertainty about the position of the ‘true’ cumulative distribution, while the steepness of
the curves shows the degree of spatial variation
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described in Sect. 3.4. An additional four MC simulations with 500 runs each were per-
formed to estimate the stochastic sensitivity of the input variables pH, SOC, POlsen and
KExch (Table 3). The relative contributions of input variables varied greatly among the four
soil input variables.

Soil pH is the main source of uncertainty for K fertilizer (82%) while uncertainty in SOC
is by far the most dominant for N fertilizer (97%), and a substantial source of uncertainty
for P fertilizer (25%) and K fertilizer (18%). As expected, POlsen is the main source of
uncertainty for P fertilizer (55%). The third-most important variable that contributes to the
uncertainty of P fertilizer is KExch, with a stochastic sensitivity coefficient of about 21%.
KExch is the least important uncertainty contributor for N and P fertilizers. From these
results, we can infer that pH, SOC and POlsen were the dominant sources of uncertainty for
the N, P, and K fertilizer recommendation rates. K fertilizer uncertainty is more influenced
by pH uncertainty as compared to N and P. At low pH, the soil’s ability to keep supplying
potassium to plants is decreased, therefore potentially increasing the need for additional K
fertilizer application. SOC uncertainty contributes strongly to N fertilizer uncertainty due to
its direct relationship with organic matter and the strong correlation between the two proper-
ties (Takoutsing et al., 2017).

Communicating model output uncertainty to end-users and integration in decision-
making processes

The uncertainty propagation analysis showed that the fertilizer recommendation rates
derived by the QUEFTS model were highly uncertain due to uncertainty about soil inputs.
The uncertainty was visualized by jointly plotting the lower and upper limits of prediction
intervals (Figs. 2 and 5, S3) and the prediction interval width maps (Fig. S5). The prob-
ability that the true value lies within a prediction interval might not be easily interpreted by
a range of end-users, particularly farmers. Moreover, it is also challenging to include the
reported uncertainty in decision-making related to fertilizer. Section 3.5 explained how end-
users can be supported by providing threshold maps that show where it is sufficiently certain
that fertilizer application will pay off. We considered a yield gain of 1.5 tonnes ha™! as the
minimum threshold that will encourage farmers to apply fertilizers. Figure 7 illustrates the
spatial probability of exceeding this threshold within the study area using blanket fertilizer
rates of 95, 73, and 102 kg ha™! for N, P, and K, respectively. Locations depicted in green
indicate a probability greater than 0.90 of achieving yield gains above the threshold. Yellow
signifies a probability between 0.50 and 0.90, while orange represents areas with a probabil-
ity less than 0.50 of exceeding the 1.5 tonnes yield gain threshold. The map shown in Fig. 7
could be a simple and useful tool to communicate uncertainty to end-users for a rapid deci-
sion on whether to apply fertilizer in a specific plot or not. For instance, farmers are advised
to apply fertilizer in the green areas and not apply fertilizer in the orange areas. Whether to
apply fertilizer in the yellow areas depends on the risk attitude of farmers. Farmers who are

Table 3 Relative contributions Soil inputs Stochastic sensitivity (S;) of input variable (%)
of soil m put variables to the N fertilizer P fertilizer K fertilizer
uncertainty of QUEFTS model
outputs in terms of percentage of pH 0.1 0.0 81.6
total variance SOC 96.7 24.8 18.2
POlsen 0.1 54.8 0.0
KExch 3.2 20.5 0.2
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Fig. 7 Maps showing areas where yield gains are above the threshold of 1.5 tonnes ha ! with constant
fertilizer application rates of 95, 73 and 102 kg ha™! for N, P and K, respectively. Green=probability that
yield gains are above threshold greater than 0.90, yellow =probability that yield gains are above threshold
between 0.50 and 0.90, orange =probability that yield gains are above threshold smaller than 0.50

Voo

risk-aversive would probably not apply fertilizer in these areas, while those who can afford
the risk would (Takoutsing et al., 2016). The yellow areas could be targeted by farmers to
reduce uncertainty in soil properties through additional soil sampling, hence also reducing
uncertainty in yield gain.

The findings regarding the spatial probability of exceeding the 1.5 tonnes ha™! yield gain
threshold have several significant implications for fertilizer application strategies across
the study area: (i) Fig. 7 allows for a spatially targeted approach to fertilizer application.
Resources can be concentrated in areas with a high probability (green) of exceeding the
yield gain threshold, maximizing the return on investment and minimizing unnecessary fer-
tilizer use in less responsive areas; (ii) by focusing fertilizer application on high-probability
zones, farmers and agricultural extension services can optimize resource allocation, (iii) the
spatial variability highlighted in the probability map suggests the need for further research
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to investigate the underlying factors contributing to the differences observed. This could
involve detailed soil analysis, investigation of other limiting factors (e.g., water availability,
pest pressure), and the development of site-specific fertilizer recommendations.

General discussion
Uncertainty propagation analysis and implication for QUEFTS modelling

One of the key objectives of this study was to quantify the uncertainty in soil information
and analyse how this uncertainty propagates through the QUEFTS model to affect yield and
fertilizer recommendations. We illustrated the methodology by combining QRF with Monte
Carlo simulation to quantify uncertainty in soil inputs and explore their impacts on the
overall uncertainty of the model outputs. We also quantified the contributions of individual
soil input uncertainty to the QUEFTS outputs. Then, we summarised the model output prob-
ability distributions in a map that shows where fertilizer application has almost certainly a
large effect, thus providing a tool to communicate uncertainty to end-users and supporting
the integration of uncertain information in decision-making. The methodology applied in
a case study in the Western Highlands of Cameroon yielded satisfactory results in recom-
mending fertilizer application rates required to achieve a target maize yield across the study
area, along with associated uncertainty. To the best of our knowledge, this study represents
the first analysis of the uncertainty in QUEFTS model outputs in Cameroon.

There is general consensus among modellers that uncertainty originating from inputs is a
major source of uncertainty in crop modelling, given that inputs constitute the most substan-
tial data source (Dokoohaki et al., 2021). In this study, we focused only on the uncertainty in
four soil inputs, which in itself is worthwhile, but of course other uncertainty sources should
also be considered in future research. We found that just uncertainty in the four soil inputs
already resulted in large uncertainty in yield and fertilizer recommendation, thus underlin-
ing the importance of improving the accuracy of soil maps used as input in the QUEFTS
model. This can be achieved through several strategies, including increasing data collection
through extensive field sampling (Silva et al., 2019; Loiseau et al., 2021), optimizing spa-
tial sampling designs (Wadoux et al., 2019), incorporating superior covariates (Nussbaum
et al., 2018), and employing more advanced DSM models, such as ensemble approaches
(Taghizadeh-Mehrjardi et al., 2019).

Not all soil inputs had equal contribution to the output uncertainty, and this varied greatly
depending on the output variable considered (Table 3). Clearly, the overall output uncer-
tainty and uncertainty contributions will vary from one case study to another. In other case
studies, it is conceivable that the model output may exhibit varying degrees of sensitivity to
specific inputs, with the potential for greater sensitivity in one scenario compared to another.
The contribution of uncertainty is significant only when the input uncertainty is large, and
the model demonstrates sensitivity to that specific input in a specific case study (Nol et al.,
2010). Understanding the apportioned uncertainty from different soil inputs helps recog-
nize the key soil properties influencing model outcomes. For instance, certain soil proper-
ties account for over 90% of the uncertainty in fertilizer recommendations This knowledge
guides efforts to map these inputs more accurately, focusing resources on components with
the most significant impact on model uncertainty (Brown & Heuvelink, 2005).
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The uncertainty in soil inputs was translated into large uncertainty in fertilizer recom-
mendations (Fig. 5) to reach the target yield of 5 tonnes ha ! across the entire study area.
We think that aiming for a constant target yield for all locations may not be probably most
efficient. Instead, it’s more efficient to target the yield level where fertilizer application still
yields substantial gains, indicated by a steep slope on the nutrient supply-yield response
curve. The results indicated that some parts of the study area do not require fertilizer to
reach the targeted yield due to inherent favourable soil conditions (Fig. 3). A higher yield
could be aimed for in such areas, while investment to increase yield in areas with very poor
soil conditions should be well analyzed.

While the results presented in Fig. 7 identify areas with high probability of significant
yield gains from fertilizer application (and thus where such application is beneficial), it does
not capture the long-term implications of continuous cropping without fertilizer replenish-
ment. The current analysis, while valuable in identifying areas with high and low yield
gain, is made for one growing season using the soil properties at that point in time. But soil
nutrient status will decrease if no fertilization is applied so the fertilizer recommendation
would need to be adjusted periodically. Therefore, while our findings support targeted fertil-
izer application in high-probability zones (i.e., the green area in Fig. 7), we acknowledge
the necessity for periodic adjustments to fertilizer recommendations to account for evolving
soil nutrient status.

We observed that fertilizer application is predicted to be highly beneficial in a relatively
small area (green area), with high certainty of payoff. However, a much larger area (yellow)
is predicted to experience a yield increase of at least 1.5 tonnes ha™!, although the predic-
tion is associated with considerable uncertainty. The area predicted to show insufficient
benefits from fertilizer application (orange) coincides with areas of relatively fertile soils
(Fig. 3). This is consistent with the plateauing of the yield response curve; as nutrient sup-
ply increases, the marginal yield increase from additional fertilizer diminishes. This effect
also explains why we have the green area in parts of the study area where the soil is poor
and has a low yield in case of no fertilization (Fig. 3c). According to the QUEFTS model,
the lower the soil nutrient supply, the greater the potential benefit from fertilizer applica-
tion. This reflects the principle of diminishing returns. In nutrient-poor soils, added fertilizer
significantly boosts available nutrients, resulting in a substantial yield increase. Conversely,
in nutrient-rich soils, added fertilizer provides only marginal improvement, as the plants are
already largely satisfied. The large extent of the yellow area highlights considerable uncer-
tainty regarding fertilizer application benefits. This uncertainty presents a significant risk
for farmers, particularly those with a risk-averse approach. Farmers having fields within this
area might decide to not apply fertilizer due to insufficient confidence in a positive return
on investment.

Furthermore, the results underscore the importance of investing in areas with poor soil
conditions, where yield increases may require a more holistic approach encompassing fer-
tilizer application alongside soil improvement practices, such as enhancing organic matter
content, soil structure, and water retention capacity, and mitigating nutrient leaching. Future
research should focus on incorporating these effects into a more comprehensive and sustain-
able fertilizer recommendation system.5.2 Communicating model uncertainty and integra-
tion in decision-making processes.

One of the objectives of this study was to provide a method for communicating QUEFTS
model outputs to end-users and how it can be integrated in decision-making. We argue that
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instead of reporting a single mean value, i.e. result from a deterministic run, the entire prob-
ability distribution in model outputs should be recognized and reported, since it represents
the uncertainty about the output, and how confident modellers are with the results of their
predictions. The uncertainty in soil inputs resulted in large uncertainty in fertilizer recom-
mendation rates and yield gains (Fig. 6). We summarized the output probability distribu-
tions in a map that shows where fertilizer application has almost certainly a large effect on
yield gains (Fig. 7). This map provided a simple visual aid to show the spatial distribution
of the uncertainty for a threshold of yield gains. By showing the areas where there is suf-
ficient certainty that fertilization pays off, the map provides an intuitive way for end-users to
integrate uncertainty in decision-making. This is under the assumption that the only source
of uncertainty is the four soil properties considered in this study. In the real world, there are
many other factors including climate, pest and diseases, and crop management practices
that affect yield, so we are not certain that the yield gain will always be above the threshold
at all locations across the study area. This mode of visualization for uncertain spatial data
could be very suitable for end-users without profound knowledge of statistics. Communicat-
ing the impacts of uncertainty in this spatially explicit way is a contribution to the ongoing
dialogue taking place between modellers, policy makers, and farmers on how uncertainty
about model outputs could be communicated and accounted for while making decisions
(Getson et al., 2022).

A significant factor contributing to the gap between a modellers’ comprehension of
model output uncertainty and the end-users’ utilization concerns the uncertainty communi-
cation method and tools. Ineffective communication strategies, especially concerning risk
communication (Begho et al., 2022), can result in heightened misinterpretation of uncer-
tainty, potentially fostering disbelief and lack of trust in the usefulness and impact of model
outputs. This is especially critical in the context of fertilizer recommendations that entail
substantial investments on the part of small-scale farmers with limited resources (Islam et
al., 2022). Drawing from experiences in other fields, particularly the health sector, where
effective communication and visualization approaches for conveying uncertainty have been
developed and used in critical situations such as the COVID-19 pandemic (McCabe et al.,
2021), it becomes evident that scientists often do not convey uncertainty through appropri-
ate communication channels or present in a format easily digestible by farmers for integra-
tion into decision-making (Spiegelhalter, 2017). This could also be the lack of skills on the
part of scientists to design suitable uncertainty communication tools that cater to a diverse
range of stakeholders. Therefore, efforts to enhance the capacities of both modellers and
end-users could help overcome the challenge (Milne et al., 2015). Well-formulated fertil-
izers can boost yields but pose risks for small-scale farmers. Our QUEFTS study showed
that large uncertainty in fertilizer reccommendations can lead to risk-averse decisions (Mon-
jardino et al., 2015). Due to financial constraints, farmers tend to be risk-averse because
fertilizer application is a high-risk, high-return agricultural business (Haile et al., 2020).
In a single input case like fertilizer, a risk-averse farmer uses fewer inputs than a risk-neu-
tral counterpart if the input increases output variability, assuming all other factors constant
(Begho et al., 2022). In addition, there is a need to address the economic uncertainties of
the model outputs, including market price fluctuations, in future research, emphasizing their
importance in developing communication tools that are both effective and sustainable. This
could involve exploring methods for incorporating economic factors into decision-making

@ Springer



5 Page 22 of 27 Precision Agriculture (2025) 26:5

models and communication strategies to ensure that model recommendations are aligned
with farmers’ economic realities and environmental considerations.

Limitations to our study and possible improvements

While the QUEFTS model demonstrated satisfactory performance based on the objec-
tives of this study, it is essential to acknowledge certain limitations and challenges. These
areas provide opportunities for further development and improvement in the model, as well
as enhancing the results of uncertainty quantification and propagation analysis for crop
modelling.

Non-consideration of other sources of uncertainty

The DSM and crop modelling processes involve multiple sources of uncertainty, contribut-
ing to the overall uncertainty in the output. These uncertainties arise from various factors,
including input data inaccuracies, model limitations, environmental variation, and scaling
challenges. For instance, soil data derived from spectroscopic techniques and pedotransfer
functions introduce uncertainties due to the inherent limitations of these methods. Addi-
tionally, the DSM and crop models themselves have imperfections that can contribute to
uncertainty in the end results. Furthermore, spatial and temporal variations in environmental
conditions that are not adequately represented in the model inputs, can affect model out-
puts. Scaling up model results from local to regional levels can also introduce additional
uncertainties. Human errors, imprecise parameterization, and the dynamic nature of crop-
ping systems further add complexity and lead to error propagation. In previous research
(Takoutsing et al., 2020) we investigated the impact of uncertainties in soil measurements
(spectral and analytical) on DSM maps and found that these uncertainties did not signifi-
cantly affect DSM prediction uncertainty, due to a partial cancellation effect of measurement
errors. Based on these findings, we decided to focus on other sources of soil uncertainty in
this study. While this study specifically addressed soil input uncertainties, neglecting other
input uncertainties such as weather data and management practices, and QUEFTS model
uncertainties, it is crucial to recognize that overlooking an important uncertainty source may
lead to an underestimation of the overall output uncertainty. To enhance future studies, care-
ful consideration of all sources of uncertainties is essential for a comprehensive estimation
of the accuracy of the model outputs.

Not-accounting for cross-correlation between the uncertainty of soil inputs

In our uncertainty propagation analyses, we did not account for interactions between the
uncertainty of soil inputs, a factor we recognize as a limitation. We posit that incorporating
such correlations would have provided a more realistic model uncertainty, given the known
strong correlations among some of the soil variables. Employing methods that simulta-
neously model multiple soil properties, such as multivariate random forest or regression
kriging models could be a valuable approach to quantify the correlations between the uncer-
tainties of multiple variables, and even simulate from the joint probability distribution (van
der Westhuizen et al., 2023). If such correlation can be quantified, then it can also be incor-
porated in the MC analysis, and this can be explored in further research.
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Use of average value of temperature as input

The QUEFTS model requires temperature as an input parameter. While our study assumed
constant temperature across the entire area, this simplification may not accurately reflect
the reality of the landscape. Large areas, as in this study, often exhibit significant spatial
variability in temperature due to differences in landscape attributes and weather patterns.
To address this simplification, future modelling efforts with QUEFTS should incorporate
spatial temperature data as a layer.

Conclusion

Our study proposed a methodological procedure for quantifying and propagating uncer-
tainty in soil inputs to QUEFTS outputs, focusing on its impacts on yield and fertilizer
recommendation rates in the Western Highlands of Cameroon. The results showed that
uncertainty in soil inputs resulted in a large uncertainty in the NPK fertilizer recommenda-
tion rates required to reach the target yield of 5 tonnes ha™!. There was an overestimation
of the yield and underestimation of the fertilizer recommendations when uncertainty in soil
inputs was ignored. Comparison of the results of a deterministic model run with the mean
of the Monte Carlo simulation runs showed systematic differences in yield predictions, with
Monte Carlo simulations consistently predicting lower yields than the deterministic run.
The difference was up to 1.0 tonnes ha!, with an average difference of 0.62 tonnes ha .
Similar systematic differences were observed for fertilizer recommendations, with Monte
Carlo simulations estimating up to 59, 42, and 20 kg ha™! lower recommendations for N,
P, and K fertilizers, respectively. Stochastic sensitivity analysis showed that pH was the
main source of uncertainty for K fertilizer (81.6%) and that SOC contributed most to the
uncertainty of N fertilizer (97%). Uncertainty in P fertilizer mostly came from uncertainty
in POlsen (55%) and KExch (20%). A threshold probability map of yield gains designed
using statistical predictions served as a visual tool that empowers farmers to swiftly make
informed decisions about fertilizer application locations. The apportionment of the contri-
bution of different soil inputs to model outputs facilitates prioritizing future efforts in crop
modelling to reduce uncertainty around yield gains and enhance agricultural intensification.
This approach developed in this study provides valuable spatial insights into crop nutrient
requirement estimations with associated uncertainty, enabling farmers to adopt tailored fer-
tilizer application based on specific soil conditions. The study highlighted the importance of
refining the accuracy of soil maps, which improves QUEFTS model predictions and offers
valuable insights into the relationship between soil information accuracy and reliable crop
modelling for sustainable agricultural decisions.
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