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ARTICLE INFO ABSTRACT

Keywords: Nitrogen use efficiency (NUE) plays an essential role in food security and environmental sustainability. With the
Nitrogen use efficiency development of technology, NUE prediction by models has come available. However, the prediction uncertainty
Input data

of NUE models is still poorly understood. This study aimed to analyze uncertainty in NUE predictions obtained
from a random forest machine learning model. Input and model uncertainties were quantified using Monte Carlo
simulation in three scenarios and quantile regression forests (QRF), respectively, to analyze how these un-
certainties propagate to the NUE predictions for 31 provinces in China from 1978 to 2015. Two NUE indicators
were considered: the partial factor productivity of nitrogen (PFPy) and the partial nutrient balance of nitrogen
(PNBY). The results indicated that the prediction uncertainty for both NUE indicators decreased over time. In
2015, PFPy had a higher 90% prediction interval ratio (PIRgg) of input data in south and west China and a higher
90% prediction interval width (PIWgp) in south and east-coastal China, while PNBy had a higher PIRg in north
China and a higher PIWg in northeast China. The NUE prediction uncertainty propagated from QRF models had
similar spatial patterns as those resulting from uncertainty in input data. NUE in most provinces had smaller
input uncertainty than model uncertainty, except PNBy, which had smaller model uncertainty than input un-
certainty after 2010. Generally, PNBy had higher input uncertainty contributions than PFPy in 2015, especially
in south and northeast China. Overall, the uncertainties in NUE predictions were substantial. A series of rec-
ommendations were made to improve the accuracy of NUE predictions. These may be applied by the govern-
ment, in order to inform sustainable nitrogen management in agroecological systems.

Model uncertainty
Monte Carlo
Quantile regression forests

1. Introduction

The Sustainable Development Goals defined by the United Nations
call to action to ensure agricultural and environmental sustainability.
Nitrogen (N) is one of the most important nutrients for crop growth,
contributing more than 50 % of the crop yield increase (Stewart et al.,
2005; Zhang et al., 2015; Dimkpa et al., 2020). Studies demonstrated
that excessive N application causes diminishing returns for increased
crop yields and N removals, especially in China (Zhang et al., 2015). In
other words, excessive N application leads to decreased nitrogen use
efficiency (NUE). NUE indicators are major detection instruments
related to food security, environmental pollution, economic develop-
ment and resource use, and are widely and increasingly used by
agronomists, environmental scientists, biogeochemists, policymakers
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and other stakeholders at various temporal and spatial scales (Quan
et al., 2021). The partial factor productivity of N (PFPy, in kilograms of
grain per kilogram of N applied) and partial nutrient balance of N
(PNBYy, in kilograms of N removal by aboveground crop per kilogram of
N applied) are two popular indicators to reflect NUE averages and trends
(Dobermann, 2007). Specifically, NUE in China (38 and 0.40 kg
kg ! yr~! for PFPy and PNBy, respectively) (Liu et al., 2020b) is much
lower than in well managed systems in other parts of the world (greater
than 60 and 0.70-0.90 kg kg~ ! yr! for PFPy and PNBy, respectively)
(Roberts, 2007; Fixen et al., 2015). Therefore, improving NUE indicators
to a reasonable range is vital to environmental sustainability in China.

Many studies revealed that NUE has large spatial and temporal
variations as a consequence of different crops, climate, soil properties
and management practices (Zhang et al., 2015; Liu et al., 2020a). For
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example, PFPy changed from 86, 56 and 74 kg kg™! in 1960 to 26, 30
and 69 kg kg~ ! in 2009 in China, India and USA, respectively (Lassaletta
et al., 2014). Statistical modelling can support the understanding of the
causes of the spatial and temporal variations (Li et al., 2020; Liu et al.,
2020b; Zhang et al., 2021b). Random forest (RF), as one of the machine
learning algorithms, stands out due to its flexibility and competitive
explanatory performance. A disadvantage of RF is that the model cannot
be presented as a limited set of equations, which makes it difficult to
interpret (Robinson et al., 2017). Li et al. (2020) used RF and found that
mean annual temperature was the most critical factor of PFPy
improvement. Ren et al. (2019) applied RF to analyze the effects of
manure on recovery efficiency of N, and found that soil properties
contributed up to 55 %, followed by climatic factors that contributed 32
%. N application rate and crop types only contributed 8.3 % and 4.6 %,
respectively. Correndo et al. (2021) explored the driving factors of maize
yield without N fertilizer using RF, and found that previous crop, irri-
gation and soil organic matter were the most relevant factors.

Even though the explanatory performance of RF models is often high
compared to other models, no model is perfect and model predictions
have errors, which might influence their explanatory ability. Models are
useful tools to support increasing policy interest in monitoring and
reporting performance of sustainable agriculture and sustainable
nutrient management practices, but only if their accuracy is sufficient.
So far, current research rarely addressed prediction uncertainty of NUE
models, even though this restricts their application. Additionally, the
sources of uncertainty and their contribution to the model output un-
certainty are as yet poorly understood. Generally speaking, the main
uncertainty sources originate from model inputs, model parameters and
model structure (Heuvelink et al., 1989; Kay et al., 2009). Consequently,
all three will propagate to the model output.

The uncertainty of model inputs includes uncertainties in measure-
ments, such as yield and fertilizer inputs, and uncertainties in calcula-
tion parameters, such as straw return and manure coefficients. When
collecting data, measurement uncertainty can be caused by many fac-
tors, such as sampling error, human error, instrument error, and
parameter error in data processing (e.g., N content in manure, straw and
grain ratio). These uncertainties propagate to the model output (i.e.,
NUE predictions). Zhang et al. (2021b) discussed the uncertainty sour-
ces of the N budget, such as calibration parameters, data sources and
calculation methods. A popular method to calculate the uncertainty is
Monte Carlo simulation, as: 1) it can yield the full output probability
distribution, not only the variance; 2) approximation errors can be made
arbitrarily small; 3) it works with any model and is easy to implement.
However, an important disadvantage of the Monte Carlo method is that
it is computationally demanding (Knape and Valpine, 2016). Zheng
et al. (2012) applied Monte Carlo simulation to identify key uncertainty
sources of atmospheric ammonia emission by simulating input data
based on the reliability and accuracy of data sources, estimation
methods used, and uncertainty in emission factors and by propagating
uncertainties in model inputs through source-based emission models.
Miller et al. (2020) used the Monte Carlo method to propagate the un-
certainty of N application measurements to the overall N application
rate. Kros et al. (2012) also used the Monte Carlo method to quantify the
propagation of input uncertainty from initial values, model parameters,
and environmental constants and variables to model outputs (N fluxes).
Although computationally demanding, the Monte Carlo has shown to be
an effective method for quantifying the propagation of input and
parameter uncertainties to model outputs.

In addition to uncertainty in model input, there is also uncertainty
caused by the model itself, because even if the inputs are error-free, the
output is still imperfect. This is because a model is only a simplified
representation of reality (Heuvelink, 1998b). De Vries et al. (2011)
estimated the model structural uncertainty for N budgets for European
agriculture by using an ensemble of modelling approaches. In machine
learning, quantile regression forests (QRF) were developed and used to
assess the uncertainty associated with model-derived predictions
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(Meinshausen, 2006; Cordoba et al., 2021). Lalitha et al. (2021) used
QRF to quantify the model uncertainty of soil depth prediction, while
Vaysse and Lagacherie (2017) showed that QRF provided more accurate
and interpretable predicted patterns of uncertainty than regression
kriging in operational digital soil mapping.

The aim of this paper is to quantify the uncertainty and uncertainty
source contributions in random forest predictions of NUE using a Monte
Carlo analysis and QRF for 31 provinces in China for the years 1978 to
2015. Specifically, the objectives of this paper are to: 1) use expert
judgement and scenarios to quantify the uncertainty (by probability
distributions) in calculations of PFPy and PNBy (through propagating
uncertainty in crop yield, N removal, and N input); 2) analyze how
uncertainty in inputs propagates through the RF model using a Monte
Carlo uncertainty propagation analysis; 3) analyze how model uncer-
tainty leads to uncertainty in model outputs using QRF; and 4) compare
the contributions of input uncertainty and model uncertainty to the
overall model output uncertainty. To facilitate the robustness of the
results, three scenarios were defined for input uncertainty quantifica-
tion, i.e., optimistic, reference and pessimistic. One of these input un-
certainty scenarios (i.e., the reference scenario) was compared with
model uncertainty. The results of this study can be used to benchmark
new national food security projections and quantitative scenario studies
and inform policy analysis and the public debate on improved data
collection and model building.

2. Materials and methods
2.1. Study area and NUE indicators

The study area is defined by 31 provinces of China (excluding Hong
Kong, Macao and Taiwan), for a time period from 1978 to 2015. The
target variables studied were two indicators for long-term trends of
NUE: PFPy and PNBy (Table A1) (Dobermann and Cassman, 2005;
Dobermann, 2007). The indicators were calculated using the data from
the National Bureau of Statistics of China in 2019 (https://data.stats.
gov.cn). The data includes economic yield of different crops, human
and livestock numbers, chemical fertilizer and related parameters, as
listed in Table Al. More details are given in He et al. (2018). The key
steps of the uncertainty analysis are shown in Fig. 1.

2.2. Uncertainty of input data

2.2.1. Measurement errors represented by probability distributions

This study used official data which should be trustworthy. However,
no measurement is error-free, among others due to the use of different
equipments in field and lab and over time, and sampling errors. In
addition, the uncertainty of the input parameters used to calculate N
removal and N input can be different between provinces and over
different years. Measurement errors can also be correlated in space and
time, because similar biases can be made in subsequent years or in
neighboring provinces.

Measurement error can be mathematically represented as follows:

Y=Y, +e¢ (1)

where Y; and Y, are the true and measured values of an input variable,
respectively; and ¢ is a measurement error (i.e., the difference between
the true and measured value).

The actual measurement errors are unknown and therefore repre-
sented by probability distributions. A major task is then to quantify the
statistical parameters of these probability distributions. The following
assumptions were made to be able to do this for yield, N removal and N
input:

e All measurement errors were assumed to be normally distributed.
This substantially facilitates the subsequent statistical analysis and is
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Fig. 1. Flowchart with key steps of the nitrogen use efficiency uncertainty analysis.

defendable because of the central limit theorem (Burt et al., 2009,
Section 6.5).

The means (i.e., expected values) of the error distributions were
assumed to be zero in all cases. In other words, it was assumed that
there were no systematic measurement errors over the provinces and
years.

With the above two assumptions, the marginal distribution of a
measurement error is completely specified once the standard devi-
ation of the distribution is known. In this case, the standard de-
viations were assumed to be proportional to the measured value.
Errors between different inputs (such as between yield and N
removal) were uncorrelated.

Measurement errors of the inputs were allowed to be spatially
autocorrelated and characterized by a negative exponential function
of the geographic distance between the centroids of the provinces.
Temporal autocorrelation of measurement errors was also incorpo-
rated; this was represented by a negative exponential function of the
time difference in years.

2.2.2. Quantifying the standard deviation of input errors
As mentioned above, the standard deviation of the input errors was
assumed to be proportional to the measured value:

PE;;;

Here, o, PEj and Yy are the standard deviation, the proportional
error (expressed as a percentage) and the measured value for province i,
year j and input k, respectively.

The input errors mainly refer to errors in crop yield, N removal and N
input. Specifically, N removal was calculated from yield and N
requirement for each crop. However, the N requirement and its uncer-
tainty may be different for different crop varieties. The uncertainty of N
requirement in the reference scenario was derived from He et al. (2018),
which summarized mean values and standard deviations of N require-
ment from previous publications. The N input was obtained by

(2

Oijk =

aggregating N from chemical fertilizer, manure, cake fertilizer and straw
return. Each of these components was calculated by the equations given
in Table Al, with corresponding parameters given in Table A2. For
example, the chemical fertilizer as one of the N inputs, was composed of
single N fertilizer and N from compound fertilizer (Table Al). Due to the
N proportion in compound fertilizer being different between diverse
fertilizer companies and brands among different years, different pa-
rameters were used for different regions and years. The proportional
error (PE) of single N fertilizer and compound fertilizer was derived
from “N input”, while the PE from N ratio in compound fertilizer was
derived from the “N input coefficient” (Table A2). Manure, as the second
N input, included even more parameters: the number of human and
livestock species, the amount of N content in excretion and urine per
year (i.e., daily excretion/urine, N content, population structure, and
feeding period) and the returning rate to field (Table A1). To simplify
the calculations, “manure coefficient” from “N input coefficient” were
taken to represent the aggregated parameters of manure (i.e., the
amount of N content in excretion and urine and returning rate to field)
(Table A2).

Generally, activity data collected from official statistics or from first-
hand measurements have a smaller PE (likely between 2.5 and 10 %) (e.
g., crop yield, animal numbers, single N fertilizer application amount)
(Huang et al., 2012; Gu et al., 2015; Luo et al., 2019; Xu et al., 2019)
than activity data and parameters collected or summarized from pub-
lished studies, which have a larger PE range (0.3 — 80 %) (e.g., N
requirement, N input) (He et al., 2018). Note that the PE can be different
between crops, years and provinces.

The PE in the optimistic and pessimistic scenarios were chosen as
half and double the PE values of the reference scenario, respectively.
Due to the large differences among the water content of sugar crops,
vegetables, fruits and melons, the uncertainty of these crops was
assumed to be larger (i.e., double) than for dry matter crops, such as
cereals and oil crops. Cereal yield information was obtained from a
complete survey for the period before 1989. Therefore, the PE of cereal
yield was assumed to be small (i.e., 5 % for the reference scenario),
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while other crops with dry matters had a larger PE (i.e., twice as large as
cereal crops: 10 % for the reference scenario). Sugar crops, vegetables,
fruits, melons had a twice as large PE than dry matter crops, as
mentioned before. From 1989 onward sample survey data were used
that obtained from National Bureau of Statistics of China in 2019 (https:
//data.stats.gov.cn). Therefore, the cereal yield uncertainty was larger
than before, which was influenced by sample quality and planting area
(because total production is the product of sample yield and planting
area). In addition, the improvement of statistical methods and laws
decreased the uncertainty of statistical data over the years. The statistics
law of the People’s Republic of China has been enacted in 1983, and
amended in 1996, 2009. Based on this, PEs were decreased for more
recent years. For instance, the PE of dry matter crops from 1989 to 1996
(8 % for the reference scenarios) was smaller than in 1978-1988, but
note that it was larger than that of cereal crops in the previous period,
because the latter was based on a complete survey. The quantification of
the PEs relied largely on expert judgement, which is not as reliable as a
quantitative assessment of measurement errors. Therefore, three sce-
narios were used to quantify the uncertainty of measurements of yield, N
removal and N input: Optimistic (O), Reference (R) and Pessimistic (P)
(see Table A2). Comparison of results between these scenarios provides
insight into how sensitive the results of the uncertainty propagation
analysis are to the values of the PEs.

2.2.3. Spatial and temporal correlation of the errors

Uncertainty about spatially distributed input data tends to be posi-
tively spatially correlated, and this influences the degree to which un-
certainties cancel out by spatial aggregation (Kros et al., 2012). The
uncertainty about input data might also be positively correlated over
time, since in adjacent years the same errors can be repeated by using
the same tools, methods or operators to measure or collect data. Spatial
and temporal autocorrelation of the measurement errors was repre-
sented by a negative exponential function:

p(As, Ar) = e @B P 3)

where As and At refer to distance in space in kilometers and distance in
time in years, respectively. The centroids of provinces were used to
determine the distances between provinces. Three scenarios were used,
because the parameters a and f§ could only be derived by expert judge-
ment (Table A3). For each scenario a and 3 were assumed to be the same
for all uncertain inputs.

With defining the PEs and spatial and temporal autocorrelation
functions, the joint distributions of all uncertain inputs were fully
characterized. The vector of all input errors had a multivariate normal
distribution, whose mean vector was zero and whose var-
iance—covariance matrix could be derived from the autocorrelation
functions, the PE values given in Table A2, and the measured inputs.
Since no cross-correlation was assumed between uncertain inputs, the
joint normal distributions for each input could be managed separately.
Note that the joint distribution was still complex, because the vector of
normal variates for each input consisted of 1159 elements. The 1159 x
1159 covariance matrices were derived for all inputs as described above
and it was verified that all were positive-definite.

2.3. Uncertainty propagation

2.3.1. Propagation of input uncertainty

Monte Carlo method

The Monte Carlo method is by far the most often used tool for un-
certainty propagation analysis since it is transparent, easily imple-
mented and generally applicable (Heuvelink, 1998a; Sonnemann et al.,
2003; Liu et al., 2017; Jiao et al., 2019). It can approximate the prob-
ability distribution of the uncertain output at an arbitrary accuracy level
as long as the number of Monte Carlo simulations is large enough
(Heuvelink, 1998b). The Monte Carlo approach starts by sampling a
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large number of ‘possible realities’ from the probability distributions of
the uncertain inputs, using a pseudo-random number generator. In this
study, 500 Monte Carlo runs were used, which is considered sufficient to
reach stable results (Heuvelink, 1998a, Section 4.2; Nol et al., 2010). As
the joint distribution of the uncertain inputs was multivariate normal,
the mvrnorm function of the MASS package (version 7.3-54) in R could
be used (Venables and Ripley, 2002). Note that negative simulations
were set to zero.

2.4. Propagation of input uncertainty to NUE calculations

The yields of all crops were summed for each Monte Carlo run to get
the total yield of each province and year for that run. The same was done
for N removal. N input was already recorded for total crops, hence
summation for all crops was not needed.

The PFPy and PNBy values for each Monte Carlo run were next
computed from the yield, N removal and N input simulations for each
province and year. The frequency distributions of the 500 values of PFPy
and PNBy, represent the propagation of input uncertainty to uncertainty
in NUE calculations. 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 calculated NUE indicator.

2.5. Random forest model

The RF model, developed by Breiman (2001), tends to have higher
accuracy compared with other machine learning approaches (Hengl
et al., 2015). It belongs to the family of ensemble machine learning al-
gorithms that predicts a dependent variable (i.e., a NUE indicator) from
a set of explanatory variables selected randomly using a bootstrapping
technique (sampling with replacement). Once a model is calibrated
using paired observations of the dependent and explanatory variables
(the training data), it is used to predict the dependent variable from only
the explanatory variables. The explanatory variables used to build the
RF model included crop type, topography, soil, climate, economy and
agricultural management practice (AMP). These were obtained from the
Climatic Research Unit (1978-2015, https://www.cru.uea.ac.uk/data),
Harris et al. (2014), National Bureau of Statistics of China during
1978-2015 (https://data.stats.gov.cn) and published articles (Shang-
guan et al., 2014; Hengl et al., 2017; Poggio et al., 2020). More details
about the explanatory variables are provided in Liu et al. (2020b). All
explanatory variables available as raster maps were aggregated to pro-
vincial scale by taking the spatial average over all raster cells within a
province. Crop and soil types were transformed to continuous-numerical
variables by computing area proportions. Annual temperatures at night
and daytime were also included. In summary, there were 1159 NUE
observations (30 provinces from 1978 to 2015; Chongqing province was
established in 1997) and 108 explanatory variables.

2.6. Propagation of input uncertainty through the NUE random forest
model

After obtaining the 500 PFPy and PNBy Monte Carlo simulations for
each province and year, the RF model was fitted for each case, i.e., 500
different RF models were obtained because each model was calibrated
with a different PFPy and PNBy dataset. The differences between the
models and their predictions showed how measurement uncertainty in
inputs propagated to the model output. The uncertainty in RF pre-
dictions was characterized by the 90 % prediction interval width
(PIWg) and the ratio of the inter-quantile range over the median (pre-
diction interval ratio, PIRgg). Note that these uncertainty metrics were
computed for every province and year. Their equations are as follows
(Poggio et al., 2020):

PIWgo = qgo.95s — qo.05 @
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PIRyy = q0.95 — 40.05 5)
40.50
Here, qo.05, 9o.50 and qg.95 are the 0.05 quantile, median and the 0.95
quantile of the 500 NUE predictions, respectively.

2.6.1. Model uncertainty

The RF model also causes uncertainty, because the explanatory
variables cannot explain all of the variation of the NUE indicators. For
instance, the RF model could explain only 84 and 89 % of the variation
of PFPy and PNBy, respectively in the study of Liu et al. (2022).

The QRF in this study was used to quantify the model uncertainty
(Meinshausen, 2006). QRF is similar as RF, but it gives a non-parametric
estimation of the quantiles of the conditional distribution of the
dependent variables (i.e., NUE indicators). It keeps the value of all ob-
servations in each node of each tree of the random forest, not just their
mean, and assesses the conditional distribution based on this informa-
tion. It is invoked in the ranger function of the ranger package (version
0.13.1) in R, with quantreg option set to TRUE. In this case, the predic-
tion is not a single value, i.e., the average of the predictions from the
group of decision trees in the random forest, but a cumulative proba-
bility distribution of the PFPy and PNBy for each province and year. The
0.05, 0.50 and 0.95 quantiles from this distribution were obtained to
compute the PIWgy and PIRgg associated with model uncertainty.

2.7. Uncertainty sources contributions

Both input uncertainty and model uncertainty lead to uncertainty in
RF predictions of NUE indicators. Previous sections explained how these
uncertainties can be derived by using Monte Carlo simulation for input
uncertainty and QRF for model uncertainty. The magnitude of the un-
certainties was quantified with PIWgy and PIRgy. Once these are ob-
tained it is an easy step to compare them. The uncertainty contributions
of each source were computed by dividing each by the sum. Such
analysis can provide highly relevant information. For instance, if input
uncertainty is the principal uncertainty source (with larger PIWgy or
PIRgp), then it is important to improve the accuracy of the yield data,
human and livestock numbers, chemical fertilizer data and corre-
sponding coefficients. If model uncertainty is the main uncertainty
source, then there is little gain in putting a large effort in collecting more
accurate data and coefficients. Instead, improvements can best be ach-
ieved by obtaining more and better explanatory variables and models.
Note that the uncertainty contributions were computed for all provinces
and years and can be different between provinces and years.

3. Results

This section only presents results of the uncertainty analysis. Spatial
patterns and time series of PFPy and PNBy calculations and RF model
predictions are given in Liu et al. (2020b) and Liu et al. (2022). Due to
space limitations, results are only presented for three provinces (Hei-
longjiang, Henan and Sichuan) and the year 2015. Results for other
provinces and the entire period are presented in the Appendix. The three
provinces were selected due to fact that they are main food productive
provinces in China and their different environmental conditions and
geographical locations are fairly representative for the whole of China.

3.1. Uncertainty of NUE calculations for different scenarios

The probability distribution width (i.e., difference between the 0.95
and 0.05 quantiles) was used to describe the uncertainty of PFPy and
PNBy calculations for each province and year. Results showed as ex-
pected that the uncertainty of PFPy and PNBy calculations in the
reference scenario was larger than that in the optimistic and smaller
than that in the pessimistic scenario (Figs. Al and A2). For PFPy,
Guangxi and Shanghai had the largest distribution width (19 and 14 kg
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kg~! in reference scenario, respectively), while Jilin and Inner Mongolia
had the smallest distribution width (both were 4 kg kg~ in the reference
scenario, see Fig. Al). For PNBy, Heilongjiang and Jilin had the largest
distribution width (0.3 and 0.2 kg kg™! in the reference scenario,
respectively), while Beijing and Hainan had the smallest distribution
width (both were 0.06 kg kg~! in reference scenario, see Fig. A2). All
distributions had small skewness and did not deviate much from normal
distributions.

3.2. Propagation of input calculations uncertainty to RF model output

As explained in Section 2.3, the 500 PFPy and PNBy calculations
obtained with the Monte Carlo method and presented in Section 3.1
were used to calibrate 500 RF models to assess the propagation of input
errors through the RF model. This was again done for the three scenarios
and for all provinces and years. In this section time series and spatial
maps of the uncertainties of these RF model outputs are presented and
interpreted.

3.2.1. PFPy uncertainty

The magnitude and temporal variations of PFPy prediction uncer-
tainty in Heilongjiang, Henan and Sichuan provinces are shown in Fig. 2
(PIRgp) and A5 (PIWgp). Overall, the PIWgy in the three provinces
decreased with time until 2000, after which it was stable in Heilongjiang
and increased in Henan and Sichuan (Fig. A5). The PIWg, was higher in
Heilongjiang than in the other two provinces before 2005. The PIRg in
Heilongjiang and Henan had a decreasing trend while it decreased
before and increased after 2000 in Sichuan (Fig. 2). The PIRgy was
largest in Heilongjiang and smallest in Sichuan in 1978, while it was the
converse in 2015. The temporal variation of PFPy prediction uncertainty
in 31 provinces in China is shown in Figs. A5 (PIWgg) and A6 (PIRgp).
The temporal variation of PIWgo was different in different provinces and
most provinces had a decreasing trend before 2000, after which it
increased or stayed stable, except for Tianjin, which had a decreasing
trend (Fig. A5). The PIRgg in most provinces had a declining trend over
time (Fig. A6).

The spatial variation of PFPy prediction uncertainty in Heilongjiang,
Henan and Sichuan is shown in Fig. 3 (PIRgg) and A7 (PIWyg). PIRgg was
higher in south and west China than in other regions in 2015 (Fig. 3). In
2015, PIRgy was lower than 0.10 in the optimistic scenario (Fig. 3a);
between 0.10 and 0.20 in the reference scenario for most provinces,
except for Heilongjiang, where it was 0.09 (Fig. 3b); and between 0.20
and 0.40 in the pessimistic scenario (Fig. 3c). For PIWgg, south and east-
coastal China had higher values than in other regions in 2015 (Fig. A7).
In 2015, the PIWgy of most provinces in the optimistic scenario were
smaller than 5 kg kg~! yr™!, except for Guangxi. In addition, it was
lower than 10 kg kg*1 yr*l in the reference scenario, except for Guangxi
and Shanghai (Fig. A7b). As expected, the largest uncertainty of PIWgq
occurred in the pessimistic scenario (7 — 28 kg kg ! yr1) (Fig. A7¢).

3.2.2. PNBy uncertainty

The magnitude and temporal variation of PNBy prediction uncer-
tainty for the three input uncertainty scenarios in Heilongjiang, Henan
and Sichuan is shown in Fig. 4 (PIRgp) and A8 (PIWgg). The PIWgq in
Heilongjiang, Henan and Sichuan generally decreased over time. After
2000 it increased dramatically in Heilongjiang and increased slightly in
Henan and Sichuan. Overall, the PIWg, was higher in Heilongjiang and
smaller in Sichuan than in Henan (Fig. A8). The PIRgy showed a
downward trend in Henan and Sichuan and fluctuations in Heilongjiang,
but it went up after 2000. The PIRg, in Heilongjiang was smaller than in
the other two provinces before 2000, and higher after 2000. It should be
noted that Sichuan had a higher PIRgy than Henan all the time (Fig. 4).
The temporal variation of PIWgy and PIRg( in 31 provinces for PNBy was
similar to that for PFPy (Figs. A8 and A9).

For PNBy, the PIRgq in 2015 was higher in northeast China than in
other regions (Fig. 5). The PIRgy of most provinces in the reference
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Fig. 2. Time series from 1978 to 2015 of the partial factor productivity (PFPy) 90% prediction interval ratio (PIRgo) of the random forest model outputs in Hei-
longjiang, Henan and Sichuan, as resulting from measurement uncertainty in input data for the optimistic (a), reference (b), and pessimistic scenarios (c), and as

resulting from model uncertainty (d).

scenario was between 0.1 and 0.2. In the pessimistic scenario, most
provinces had a PIRgy within 0.2 and 0.5, apart from Jilin, Inner
Mongolia, Liaoning and Heilongjiang. The PIWg, of different scenarios
had similar spatial distribution patterns as PIWgq in 2015 (Fig. A10). In
2015, the PIWgy of most provinces in the optimistic scenario were
smaller than 0.1 kg kg~ . It was also lower than 0.1 kg kg™ in the
reference scenario, except for Heilongjiang, Jilin and Inner Mongolia. It
was between 0.1 and 0.3 kg kg™ in the pessimistic scenario, except for
Hainan, Heilongjiang and Jilin.

3.3. Model uncertainty

3.3.1. PFPy model uncertainty

The PIWy of the QRF model in Heilongjiang was higher than that in
the other two provinces (Fig. A5d). It was higher in Henan than in
Sichuan from 1978 to 2008, but reversed from 2008 to 2015. For PIRg,
Heilongjiang had considerably higher values than Henan and Sichuan
during 1982-1995 (Fig. 2d). Henan had a lower model uncertainty PIRgg
than Sichuan from 2007 onwards. The temporal variation of model
uncertainty (PIWgq and PIRgg) had more fluctuations than that of input
uncertainty (Figs. A5 and A6). Note that the uncertainty resulting from
model uncertainty was higher than that obtained in the optimistic and
reference input error scenarios, but smaller than that of the pessimistic
input error scenario (see also Section 3.4). The PIRg, for the QRF model
in northwest and east China was higher than in other regions in 2015
(Fig. 3d). The PIWgy was higher in northwest and southeast China in
2015 (Fig. A7d).

3.3.2. PNBy model uncertainty
The PIWg, for the QRF model in Heilongjiang was higher than in
other provinces (Fig. A8d). It was higher in Henan than in Sichuan from

1978 to 2008, but reversed from 2008 to 2015. Heilongjiang and Henan
had higher PIRgg than Sichuan before 1995, and thereafter Heilongjiang
had similar PIRgy as Sichuan, while Henan had the lowest PIRgq
(Fig. 4d). The model uncertainty (PIWgy and PIRgg) had a decreasing
trend over time and showed more fluctuations than uncertainty caused
by input measurements (Figs. A8 and A9). The PIRgg in 2015 was higher
in north China than in south China in 2015 (Fig. 5d). For PNBy, the
PIWg of the QRF model was highest in north and west China in 2015
(Fig. A10d).

3.4. Uncertainty source contributions

The NUE uncertainty was caused by input measurement uncertainty
and model uncertainty. This section compares the contributions of these
two uncertainty sources for the reference scenario case, and using PIRgg
as uncertainty metric. Figs. 6, 7 and A1l show the input uncertainty
contributions, presented as a percentage of the total uncertainty (i.e., the
sum of the PIRgy of both sources). Input uncertainty is the dominant
source of uncertainty if it is above the horizontal dashed lines in Figs. 6
and Al1, otherwise model uncertainty has a bigger contribution.

3.4.1. Uncertainty sources contribution for PFPy

The input uncertainty contribution in Heilongjiang was higher than
in Henan and Sichuan until 1981, after which it was lower than in the
other provinces (Fig. 6a). The input uncertainty contribution in Sichuan
was higher than in Henan at first but after 2008 it was lower than that in
Henan. The input uncertainty contribution in Heilongjiang was smaller
than the model uncertainty contribution during the entire period from
1980 to 2015, while Sichuan and Henan had an input uncertainty
contribution higher than 50 % in the 1985-2006 and 2008-2015 pe-
riods, respectively. The contributions of input uncertainty were within
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Fig. 3. Spatial distribution of the 90% prediction interval ratio (PIRgo) of PFPy in 31 provinces of China in 2015, in the optimistic (a), reference (b) and pessimistic
scenarios (c), obtained by propagating measurement uncertainty in crop yield, N removal and N input measurements through the RF model. Map of PIRq, caused by

model uncertainty as quantified by quantile regression forests (d).

25 and 60 % from 1978 to 2015 for most provinces; most provinces had
an input uncertainty contribution smaller than 50 % (Fig. Al1a). There
was also a large variation in spatial patterns of input uncertainty
contribution. In 2015, the input uncertainty contribution in Henan,
Yunnan and Tibet was higher than 55 %, while Tianjin and Jilin had the
smallest values (<30 %) (Fig. 7a).

3.4.2. Uncertainty sources contribution for PNBy

The input uncertainty contribution in Sichuan was higher than in
other provinces before 1995, and lower than in other provinces after
2009 (Fig. 6b). The temporal variation trend of input uncertainty
contribution in Henan and Heilongjiang was very similar: fluctuating
and on average upward. The input uncertainty contribution in Sichuan
was close to or higher than 50 % over time, while Henan and Hei-
longjiang mostly had input uncertainty contributions higher than 50 %
after 1995. The contributions of input uncertainty were within 30 and
60 % in 1978 for most provinces and increased to the range of 40 — 75 %
in 2015; most provinces had input uncertainty contributions lower than

50 % before 2010 (Fig. Al1lb). Large variation existed in the spatial
distribution of input uncertainty contribution (Fig. 7b). In 2015, the
input uncertainty contribution in Jiangxi, Henan, Guangxi and Hei-
longjiang was higher than 66 %, while it was lower than 40 % in Tianjin,
Beijing and Qinghai (Fig. 7b).

4. Discussion
4.1. Uncertainty of NUE predictions

Most of the uncertainty assessment of input data was based on expert
knowledge and unreliable. This problem was addressed quantitatively
by using three scenarios. The results indicated that the uncertainties are
different in different scenarios, which meant that the results of the un-
certainty analysis are sensitive to the quantification of input uncertainty.
Therefore, it is important that the government pays more attention to
accurate assessment of input uncertainty. Moreover, yield aggregation
at spatial and crop scale leads to additional input uncertainty. Porwollik
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Fig. 4. Time series from 1978 to 2015 of the 90 % prediction interval ratio (PIRgq) of PNBy for Heilongjiang, Henan and Sichuan in the optimistic (a), reference (b),
and pessimistic scenario (c), obtained by propagating measurement uncertainty in crop yield, N removal and N input measurements through the RF model. Times
series of PIRgq as caused by model uncertainty and quantified by quantile regression forests (d).

et al. (2017) demonstrated that aggregation uncertainty of gridded
yields at national scale can be up to 37 % (maize, in South Africa), 43 %
(wheat, in Pakistan), 51 % (rice, in Japan), and 427 % (Soybean, in
Bolivia). On the other hand, crop aggregation leads to uncertainty of
provincial yield, since there are large differences between dry matter
crop yield and fresh weight crop yield. Zhang et al. (2021a) reported
that uncertainties of N inputs and outputs were 8 % and 12 %, respec-
tively. Chemical fertilizer, as the most important N input, is uncertain
because of uncertainty in fertilizer rate collected and N ratio in com-
pound fertilizer. For manure, process wastewater was the dominant
source of uncertainty in manure application N, contributing 64 — 94 % to
the overall uncertainty (Miller et al., 2020). Other uncertainty might
arise from N content in manure and livestock numbers. These parame-
ters used in the calculations lack validation and may have large
uncertainty.

Interestingly, model uncertainty had similar spatial and temporal
trends as input uncertainty. A possible explanation is that the develop-
ment of science and technology improve the accuracy of input data and
model simultaneously. Temporal variation of model uncertainty had
more fluctuations than input uncertainty during the study period. This
might be because the annual discrepancies in some explanatory vari-
ables were neglected due to lack of information. This leads to a weaker
relation between the target variable (i.e., NUE) and explanatory vari-
ables, which means a higher model uncertainty in time. But it is difficult
to determine which explanatory variables cause this effect since the QRF
model is a highly complex model in which it is difficult to see the effect
of each variable on the predictions. Wang et al. (2017) and Lobell and
Field (2007) indicated that the uncertainty of temperature measurement
or prediction will influence the accuracy of crop yield prediction.
Additionally, the explanatory variables could not explain all variation in
NUE indicators because crucial explanatory variables were lacking, such

as fertilizer management information. Model uncertainty also increased
because no information about water supply was available, which is
known to have a significant influence on NUE indicators (Lemaire and
Ciampitti, 2020). Helfenstein et al. (2022) and Hounkpatin et al. (2022)
indicated that the QRF model may slightly overestimate the prediction
uncertainty. Therefore, other advanced models might be applied in
order to find a more suitable model for NUE uncertainty. Nigon et al.
(2020) showed that the performance among Lasso, SVR, and PLSR was
comparable when predicting N requirement in maize, while the per-
formance of random forest was substantially inferior with higher error
values.

The temporal and spatial variation of NUE uncertainty (PIWgg)
(Figs. A5, A7, A8 and A10) from uncertainty in input data was related to
the variation of PFPy values as shown in Fig. 2a in Liu et al. (2020b).
This phenomenon was most obvious in the pessimistic scenario. A
possible reason for this is that the assumption for parameters/statistical
data for computing input data (crop yield, N removal and N input) was
based on proportional errors. This effect shows up in the PIWgy but not
in the PIRg, because PIRg is a relative error metric (with the median in
the denominator).

Overall, PIRgg decreased over time. This may be explained from the
improvement of technology and statistical policy over the years. A very
interesting result was that northeast China had a lower PIRg for PFPy,
but a higher PIRgq for PNBy in 2015. Since these were calculated by the
same N input, the difference can only be explained from differences in
crop yield and N removal uncertainties. An explanation is that the un-
certainty of crop yield was lower in northeast China, while N removal
uncertainty was higher in northeast China (Fig. A12). That might be
caused by the crop types that are different between these regions.
Northeast China has much less fruits, vegetables and melons, which
were high yield uncertainty crops.



Y. Liu et al.

Computers and Electronics in Agriculture 204 (2023) 107533

90°E 100°E 10 120°E

w1000 km

90°E 100°E 110°E 120°E

90°E 100°E 110°E 120°E

w1000 km

90°E 100°E 110°E 120°E

Fig. 5. Spatial distribution of the 90 % prediction interval ratio (PIRgo) of PNBy in 31 provinces of China in 2015, in the optimistic (a), reference (b) and pessimistic
scenarios (c), obtained by propagating measurement uncertainty in crop yield, N removal and N input measurements through the RF model. Map of PIRq, caused by

model uncertainty as quantified by quantile regression forests (d).

4.2. Contribution of uncertainty sources to NUE prediction uncertainty

In this study, the input uncertainty contribution in the reference
scenario had a similar distribution range for PFPy and PNBy. Overall,
input uncertainty had lesser contribution than model uncertainty in
most of the provinces, except for PNBy after 2010 (Fig. A11) and the
contribution of input uncertainty increased over time, possibly because
the QRF model improved over time. This also meant that the QRF model
was more competitive for PNBy in the 2010s. More attention should be
paid to improving the accuracy of explanatory variables or the
advancement of models to decrease the model uncertainty propagation
to PFPy, while simultaneously improving the input data accuracy when
computing PNBy. Both investments pay off because both sources of
uncertainty have a substantial and comparable contribution.

It is worth noting that Tianjin and Jilin had smaller input uncertainty
for PFPy. In other words, in these cases the model uncertainty was most

limiting. More suitable models need to be applied in these provinces if
more explanatory variables cannot be collected to improve model per-
formance. For PNBy, provinces in south and northeast China had higher
input uncertainty than model uncertainty. This might be because N
removal had larger uncertainty in northeast China with higher uncer-
tainty crops (e.g., rice, maize). Moreover, there are more crop types and
planting seasons in south China, which leads to high uncertainty in N
removal and N input. Del Grosso et al. (2010) showed that model un-
certainty and input data accounted for 83 % and 17 % of the total un-
certainty of N2O emission, respectively. In such case, it is best to put
more effort in model improvement. In this study, both uncertainty
sources had large contributions in the recent past. Therefore, it is
advised to put more effort into obtaining reliable information about
statistical data and crop parameters as well as improving the model
performance.
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in 2015.

4.3. Recommendations for reducing NUE prediction uncertainty

4.3.1. Importance of reducing NUE uncertainty

NUE is an important indicator of scientific and efficient fertilization.
Quantifying NUE prediction accurately is beneficial for improved
fertilization and mitigating environmental pollution. If NUE indicators
can be accurately calculated and predicted, then the optimal N fertilizer
rate and fertilization tactics can be better determined. Thus, accurate
information about NUE can enhance productivity of crops and decrease
fertilization costs of farmers (Lobell, 2007). Meanwhile, the fertilization
model can be developed and optimized. Wang and Zhou (2014) indi-
cated that suitable NUE calculation methods could decrease NUE un-
certainty and were favorable to guiding fertilization and management.
Such analyses could prevent excessive N application and waste of N
resources in China. Reducing NUE uncertainty is also helpful to pre-
venting environmental pollution and taking alleviation measures. For
example, even though the PNBy is higher in northeast China than in
other parts of the country (Liu et al., 2020b), its uncertainty is also
higher in this area. Therefore, it is not certain that northeast China has
less environmental pollution. The NUE prediction uncertainty in
northeast China should be reduced, using strategies outlined before and
in Section 4.3.2 below.

10

4.3.2. Recommendations for decreasing NUE uncertainty

Most studies on uncertainty related to crop research assess uncer-
tainty through treatment replications (e.g., coefficient of variation,
standard deviation). This assesses the uncertainty about the response of
crops to fertilizers, but does not represent uncertainty in measurements
(Yang et al., 2017). As far as we know, this study is the first attempt to
quantify NUE uncertainty at provincial scale, while including spatial and
temporal correlation between measurement errors, which is crucial in
regional scale assessments and when aggregating results to national
level. But more efforts are still needed to improve the NUE uncertainty
sources, both from input data and model. Firstly, it is essential to
formulate standard procedures and guidelines for data collection and
defining their associated uncertainties, especially for key parameters (e.
g., crop N requirement, livestock excretion, crop-specific fertilizer
application, N ratio in compound fertilizer). The decreasing uncertainty
over time shows the benefit of increasingly mature and rigorous statis-
tical surveys. For provinces with higher input uncertainty, such as
Henan, Heilongjiang, Guangxi and Jiangxi, it is suggested to improve the
accuracy of N requirement parameters (e.g., rice, maize, vegetables and
fruits). Secondly, important management practices need to be recorded,
such as irrigation water volume (only including irrigation area so far),
manure nutrient content for agriculture, fertilization times, and fertil-
ization date. For example, Jilin, Beijing, Tianjin and Hainan provinces
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with higher model uncertainty should record more mechanization and
economy covariates (e.g., irrigation water volume, crops price) since
these may serve as important covariates in an improved machine
learning model. Thirdly, the technological advancement of experimental
observations and improved bookkeeping of human activity data must be
achieved by the statistical bureau, and be shared publicly in a clear and
accessible format, to reduce errors in secondary inputs. Finally, a
scientists-farmers network should be built. Scientists should cooperate
with farmers and train them to finish the survey accurately and online.
They can also provide better management practices for farmers in order
to increase NUE. In this case, more accurate field parameters can be
obtained, thus enhancing NUE accuracy. Although these recommenda-
tions cannot be completely achieved within a short term, these should be
put on the agenda to realize them in the long run.

5. Conclusion

This study conducted a comprehensive uncertainty analysis for NUE
prediction with consideration of the spatial and temporal correlation of
measurement errors in inputs. The differences of NUE uncertainty cal-
culations between scenarios were large, which indicates that accurate
quantification of the inputs is important. Results also revealed that the
random forest model prediction uncertainty (PIWgg and PIRgg) had a
downward trend over time due to the improvement of technology and
policy. In 2015, PFPy had lower uncertainty and PNBy had higher un-
certainty in northeast China. This was likely caused by the difference in
major crop types between these regions. NUE had smaller input uncer-
tainty than model uncertainty in most provinces, except for PNBy, which
showed converse results after 2010. This means that the QRF model had
a better performance for PNBy in the 2010s. Overall, both input and
model uncertainties contributed more or less equally to uncertainty in
predicted NUE indicators. This indicates that it pays off to invest both in
improved input data collection and covariates preparation. Future work
should therefore focus on improved bookkeeping of detailed field and
survey data and accurate collection of crop parameters and explanatory
variables.
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