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Abstract: The increasing discharge of nitrogen nutrients into watersheds calls for assessing and
predicting nitrogen inputs, as an important basis for formulating management strategies. The tradi-
tional net anthropogenic nitrogen inputs (NANI) budgeting model relies on 45 predictor variables,
for which data are sourced from local or national statistical yearbooks. The large number of pre-
dictor variables involved makes NANI accounting difficult, and the missingness of data reduces
its accuracy. This study aimed to build a prediction model for NANI based on as few predictor
variables as possible. We built a prediction model based on the last 30 years of NANI data from
the watershed of the Yangtze River in China, with readily available and complete socio-economic
predictor variables (per gross domestic product, population density) through a hierarchical spatially
varying coefficient process model (HSVC), which exploits underlying spatial associations within 11
sub-basins and the spatially varying impacts of predictor variables to improve the accuracy of NANI
prediction. The results showed that the hierarchical spatially varying coefficient model performed
better than the Gaussian process model (GP) and the spatio-temporal dynamic linear model (DLM).
The predicted NANIs within the entire catchment of the Yangtze River in 2025 and in 2030 were
11,522.87 kg N km−2 to 12,760.65 kg N km−2, respectively, showing an obvious increasing trend.
Nitrogen fertilizer application was predicted to be 5755.1 kg N km−2 in 2025, which was the most
significant source of NANI. In addition, the point prediction and 95% interval prediction of NANI in
the watershed of the Yangtze River for 2025 and 2030 were also provided. Our approach provides a
simple and easy-to-use method for NANI prediction.

Keywords: nitrogen cycle; net anthropogenic nitrogen inputs (NANI); hierarchical spatially varying
coefficient model; prediction

1. Introduction

Nitrogen is a common element in nature, and controls the processes, functions, and
diversity of ecosystems [1]. As a result of the industrial revolution and human activities,
new sources of nitrogen, such as fertilizer application, crop cultivation, nitrogen deposition,
and food inputs, have had a significant impact on nitrogen cycling at the global and the
regional level [2–5]; in some cases, natural nitrogen fixation is exceeded [6]. However, when
nitrogen inputs exceed the nitrogen uptake and storage capacity of regional ecosystems,
the remaining nitrogen enters watersheds, with long-term negative impacts [7,8], such as
groundwater contamination, soil acidification, biodiversity decline, water eutrophication,
and hypoxia [9]. The increasing nitrogen concentrations and fluxes in watersheds have
become major factors contributing to the eutrophication of lakeshores, estuaries, and coastal
areas [4–9].

Driven by resource scarcity, population expansion, and economic growth, human
activities greatly interfere with the natural nitrogen cycle [10], and it has been shown
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that the nitrogen input from human activities has exceeded the natural nitrogen fixation
in most river watersheds in China, such as the watershed of the Yangtze River and the
watershed of the Pearl River [11]. For example, in 2010, 61.6% of the 26 state-controlled
key lakes (reservoirs) in China had a water quality of V (the lowest grade), with total
nitrogen being one of the main pollutants; in addition, inorganic nitrogen has become
one of the common pollution indicators in the major sea areas of China [12]. Overall,
excessive nitrogen input from human activities has become an important factor restricting
environmental sustainability in China.

The high load of anthropogenic nitrogen input has attracted widespread attention
from researchers, organizations, and the international scientific community, to study the
anthropogenic biogeochemical cycling of nitrogen for sustainable development [13,14].
Quantitative source analysis of nitrogen in watershed ecosystems has become an interna-
tional research hotspot, guiding studies on the optimization of nitrogen management in
ecosystems at the watershed scale [15,16].

The most widely used model for accounting for anthropogenic nitrogen inputs into
watersheds is the NANI model proposed by [17] and consisting of four components: atmo-
spheric nitrogen deposition, nitrogen fertilizer consumption, crop nitrogen fixation, and
food/feed imports, which represent the main types of nitrogen inputs due to human activi-
ties. The calculation results can be used to characterize the impacts of nitrogen produced by
human activities on watersheds. The NANI model and its improved methods are widely
used at various watershed and regional scales in the U.S., Europe, and Asia [18–21]. Han et
al. estimated NANI for 99% of the world from 1961 to 2009 and suggested that the global
NANI levels dramatically increased due to higher net nitrogen inputs in Asia; furthermore,
the NANI values in Asia, Europe, and North America were above average [2]. To calculate
NANI across United States watersheds, a consistent method was proposed and showed
that yield-based estimation of NANI differed significantly from area-based estimation [18].
Hong et al. investigated regional variation parameters for the NANI Calculator Toolbox
and observed significant regional variation in NANI across the Baltic Sea Basin, where
the associated relationship with riverine nitrogen fluxes suggested that NANI contributed
to a portion of the riverine nutrient fluxes [19]. Swaney et al. calculated NANI in Indian
watersheds, showing that agricultural fertilizer is the main source of NANI, followed by
crop nitrogen fixation, but the regression relationship between NANI and riverine nitrogen
fluxes is problematic, due to the limited availability of river data [20]. A study about the
spatiotemporal differences of NANI in mainland China from 1981 to 2009 revealed that the
NANI had more than doubled [21].

To guide nitrogen management at the macroscopic scale, assessing the impacts of
human activities on nitrogen inputs into watersheds is of great significance. The indicators
involved in the NANI accounting model include the urban population, the rural population,
the number of livestock, crop yield, nitrogen fertilizer consumption, compound fertilizer
use, planting area, and energy consumption, among others, with a total of 45 indicators [22].
Data for these indicators are usually obtained from local or national statistical yearbooks.
At longer time scales, the data usually have heavy missingness because of changes in the
accounting of statistical yearbooks or omissions in data aggregation. The large number
of indicators involved increases the difficulty of NANI accounting, and the missing data
make NANI accounting less accurate. In this paper, we attempt to build a NANI prediction
HSVC model based on as few predictor variables as possible for the Yangtze River Basin,
China.The HSVC model is a generalization of the variable coefficient model, aiming to
determine the spatial variations of data by allowing the coefficients to be functions of
location. Since the model has obvious indigenous effects on analyzing spatial heterogeneity,
and the coefficient function has a strong flexibility, it has been widely used in environmental
science, ecology, and epidemiology [23–26].

In this study, a hierarchical spatially varying coefficient process regression (HSVC)
model was built to elaborate the mechanisms of the predictor variables per gross domestic
product (PGDP) and population density (PD) for NANI, and to forecast the annual values
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of NANI within the watershed of the Yangtze River. The main objectives were as follows:
(1) to analyze the spatiotemporal variations of NANI, PGDP, and PD; (2) to explore the
relationship between watershed NANI, PGDP, and PD, and to compare the fitting and
prediction accuracy of HSVC, GP, and DLM models; (3) to predict the values and 95%
interval predictions of NANI for the years 2025 and 2030. This study not only provides a
simple and easy-to-use method for NANI prediction but also provides a watershed nitrogen
management strategy, which is useful for nitrogen pollution control.

2. Study Area and Data Sources

The Yangtze River Basin, displayed in Figure 1, is located between 90◦–122◦ E and
24◦–35◦ N, covering an area of approximately 1.8 million km2 [27]. It originates southwest
of the Tang-gu-la Mountains on the Qinghai-Tibet Plateau and flows through 11 provinces
and autonomous regions, flowing into the East China Sea in Shanghai. According to the
characteristics of the Yangtze River basin, the watershed of the Yangtze River is divided
into 11 sub-basins; namely, Jinshajiang (JSJ), Mingtuojiang (MTJ), Wujiang (WJ), the Upper
mainstream region (UM), Jialingjiang (JLJ), Dongtinghu (DTH), the Middle mainstream
region (MM), Hanjiang (HJ), Poyanghu (PYH), the lower mainstream region (LM), and
Taihu (TH) [22]. These sub-basins range in area from approximately 36,900 km2 (TH) to
483,000 km2 (JSJ). The map of the Yangtze River Basin and its subcatchments was created
using ArcGIS 10.2.

Figure 1. Map of the Yangtze River watershed and its subcatchments. JSJ—Jinshajiang,
MTJ—Mingtuojiang, WJ—Wujiang, UM—the Upper mainstream region, JLJ—Jialingjiang, DTH—
Dongtinghu, MM—the Middle mainstream region, HJ—Hanjiang, PYH—Poyanghu, LM—the lower
mainstream region, and TH—Taihu.

In previous research, Cui et al. [28], studied the linear relationship between NANI, per
capita GDP (PGDP), and population density (PD). In addition, the correlation coefficients
between PGDP and PD were below 0.7, and we did not consider collinearity, as per reference
[29]. Therefore, we directly adopted PGDP and PD as explanatory variables. The data
for modeling were derived from a published master’s thesis [22], including the response
variable NANI and its four components; the predictor variables GDP; and the population
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in each subcatchment for the years 1980, 1985, 1990, 1995, 2000, 2005, 2010, and 2012, with
a total of 88 samples. To ensure normality, NANI was modeled on the square root scale,
PGDP and PD were centralized. Model fitting was performed using data between 1980 and
2010; for validation, data from 2012 were used.

3. Methods
3.1. Hierarchical Spatially Varying Coefficient Process Regression

In the Bayesian hierarchical setting, the hierarchical spatially varying coefficient model
is specified, as follows [30,31]: Let Y(ui, t), i = 1, · · · , N, t = 1, · · · , T be the response
variable of the observed data at site ui for time t, Xj(ui, t), j = 1, · · · , p denote the predictor
variables. The HSVC model has three stages, with the first stage equation given by

Y(ui, t) = µ(ui, t) + ε(ui, t), (1)

where µ(ui, t) is the underlying mean process, ε(ui, t) is an independent error term of the
model, assumed to follow a normal distribution ε(ui, t) ∼ N(0, σ2

ε ). In the second stage,
specifying the underlying mean process µ(ui, t) as

µ(ui, t) = γ(ui, t) + η(ui, t), (2)

where γ(ui, t) is the mean surface modeled by the following equation:

γ(ui, t) = α +
p

∑
j=1

Xj(ui, t)β̃ j, (3)

here, α is the global intercept, β̃ j = β j0 + β j(ui) and β j0, β j(ui) are the fixed coefficient
and the spatially varying coefficient at site ui, respectively. η(ui, t) is a spatially correlated
random effect assumed to follow a Gaussian process with mean 0 and spatial correlated
covariance Ση = σ2

η Hη(φ). In particular, for any t, the covariance of η(ui, t) and η(uj, t) is

(Ση)ij = σ2
η Hη(φ)ij

= σ2
η exp(−φ‖ui − uj‖),

where σ2
η is an unknown invariant variance parameter, Hη(φ) is an exponential covari-

ance function, which depends on the distance ‖ui − uj‖ between sites ui and uj, φ is the
parameter of correlation, controlling the decay rate, so the larger φ is, the faster (Ση)ij
decrease.

Let Yt = (Y(u1, t), · · · , Y(uN , t))>, µt = (µ(u1, t), · · · µ(uN , t))>, εt = (ε(u1, t), · · ·
ε(uN , t))>, and ηt = (η(u1, t), · · · η(uN , t))>, (1)–(3) are therefore written in vector and
matrix notations:

Yt = µt + εt,

µt = Xtβ0 +
p

∑
j=1

Zjtβ j(u) + ηt,
(4)

where β0 = (α, β10, · · · , βp0)
> is an unknown p+ 1 dimensional vector of fixed parameters,

β j(u) = (β j(u1), · · · , β j(uN))
> is an unknown N dimensional spatially varying parameter

vector. In this study, we assume β j(u) ∼ N(0, Σβ), Σβ = σ2
β Hη(φ) with σ2

β as an unknown
hyper-parameter and β0 ∼ N(µ0, Σ0) in the last stage [26,32]. The term Xt is the N× (p+ 1)
matrix and defined as

Xt =

 1 X1(u1, t) X2(u1, t) · · · Xp(u1, t)
...

...
... · · ·

...
1 X1(uN , t) X2(uN , t) · · · Xp(uN , t)

,
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the term Zjt is an N × N diagonal matrix and defined as

Zjt =


Xj(u1, t) 0 · · · 0

0 Xj(u2, t) · · · 0
...

...
... 0

0 0 · · · Xj(uN , t)

,

and ηt = (η(u1, t), · · · , η(uN , t))>.
To estimate the parameters of HSVC model in Equation (4), it is necessary to obtain

the posterior distribution of the parameters conditional on the observed data based on
Bayes rule, which is as follows:

π(θ|Y(u, t)) ∝ π(Y(u, t)|θ)π(θ),

where θ = (β0, σ2
ε , σ2

η , σ2
β, φ) denotes all unknown parameters, π(θ) is the prior distribution

of the parameters θ. Let n = NT, Y = {Y1, · · · , YT} denote the observed data, the posterior
distribution of the parameters θ given by the observed data Y can be written as follows:

π(θ|Y) ∝(σ2
ε )
−N/2 exp[− 1

2σ2
ε

T

∑
t=1

(Yt − µt)
>(Yt − µt)]

× |Ση |−N/2 exp[− 1
2σ2

η

T

∑
t=1

((µt − νt)
>Hη(φ)

−1(µt − νt))]

×Πp
j=1|Σβ|−N/2 exp[− 1

2σ2
β

(β j(u))>Hη(φ)
−1(β j(u))]

× π(σ2
ε )× π(σ2

η)× π(σ2
β)× π(β0)× π(φ),

(5)

where νt = Xtβ0 + ∑
p
j=1 Zjtβ j(u); π(σ2

ε ), π(σ2
η),π(σ2

β), φ(β0), and π(φ) are the prior distri-
bution.

3.2. Temporal Forecasting and Model Assessment

Suppose we forecast Y(ui, T + 1), the value at location ui for time point T + 1. In terms
of (1) and (2), Y(ui, T + 1) has a normal distribution

Y(ui, T + 1) ∼ N(µ(ui, T + 1), σ2
ε ).

Subsequently, µ(ui, T + 1) was obtained sequentially as

µ(ui, T + 1) = α +
p

∑
j=1

Xj(ui, T + 1)(β j0 + β j(ui)) + η(ui, T + 1).

As a result, the posterior predictive distribution of Y(ui, T + 1) conditional on Y is followed
by

π(Y(ui, T + 1)|Y) =
∫

π(Y(ui, T + 1)|µ(ui, T + 1), σ2
ε )

× π(µ(ui, T + 1)|β j(ui), θ)

× π(β j(ui)|θ)π(θ|Y)dµ(ui, T + 1)dβ(ui)dθ,

(6)
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To derive the distribution π(Y(ui, T + 1)|Y), some assumptions need to be made for the
terms on the right-hand side of (6). The terms µ(ui, T + 1) and µT+1 follow a multivariate
normal distribution,(

µ(ui , T + 1)
µT+1

)
∼ N

[(
α + ∑

p
j=1 Xj(ui , T + 1)(β j0 + β j(ui))

XT+1β0 + ∑
p
j=1 Zj,T+1β j(u)

)
, σ2

β

(
1 S12

S21 Hη(φ)

)]
,

where XT+1 and µT+1 are Xt and µt with t being replaced by T + 1. Subsequently, the
conditional distribution π(µ(ui, T + 1)|β j(ui), θ) is

µ(ui, T + 1)|β j(ui), θ ∼ N(ζ, σ2
η(1− S12Hη(φ)

−1S21)),

where ζ = α+∑
p
j=1 Xj(ui, T+ 1)(β j0 + β j(ui))+S12Hη(φ)−1(µT+1−XT+1β0 +∑

p
j=1 Zj,T+1

β j(u)), S12 is the 1× N vector with the ith entry as exp(−φ‖ui − uj‖) and S12 = S21. Fur-
thermore, the coefficients β j(ui) and β j(u) have the following joint distribution,(

β j(ui)
β j(u)

)
∼ N

[(
0
0

)
, σ2

β

(
1 S12

S21 Hη(φ)

)]
, j = 1, · · · , p.

Hence, we obtain the conditional distribution β j(ui)|θ:

β j(ui)|θ ∼ N(S12Hη(φ)
−1β j(u), σ2

β(1− S12Hη(φ)
−1S21)).

The conditional distribution π(θ|Y) is provided in (5), where the parameters of the poste-
rior distribution are not tractable, but sampling from the posterior predictive distribution
π(Y(ui, T + 1)|Y) using the Markov chain Monte Carlo(MCMC) algorithm is straightfor-
ward [33–35].

In this paper, model performance was assessed using predictive model choice criteria
(PMCC) [36], which are expressed as follows:

PMCC =
N

∑
i=1

T

∑
t=1

E{Y(ui, t)new −Y(ui, t)}2 + Var{Y(ui, t)new},

where Y(ui, t)new is a new observation, sampled from the distribution π(Y(ui, t)new|Y) for
the given data Y(ui, t). The smaller the value of PMCC, the better the model fitting perfor-
mance. Model prediction capability was assessed using the root mean square error (RMSE),
mean absolute error (MAE), and relative bias (RB) [37], which are defined as follows:

RMSE =
√

1
NT ∑N

i=1 ∑T
t=1(Ŷ(ui, t)−Y(ui, t))2,

MAE = 1
NT ∑N

i=1 ∑T
t=1 |Ŷ(ui, t)−Y(ui, t)|,

RB = 1
NTȲ ∑N

i=1 ∑T
t=1(Ŷ(ui, t)−Y(ui, t)),

where Ŷ(ui, t) is the prediction value, which could be the mean of the posterior distribution
π(Y(ui, t)|Y), and Ȳ is the mean of the observations, a model with a lower value is preferred
for prediction.

3.3. Spatial Correlation Test

Global Moran’s I index was determined, to examine the spatial correlation of NANI
across the Yangtze River Basin. Based on the locations and values of each sub-basin
simultaneously, global Moran’s I measures spatial autocorrelation and evaluates whether
the Yangtze River Basin shows a positive correlation, negative correlation, or random
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correlation [38]. The global Moran’s I for spatial autocorrelation across the Yangtze River
Basin of the t year is given as follows:

It =
∑N

i=1 ∑N
j=1 wij(Y(ui, t)− Ȳt)(Y(uj, t)− Ȳt)

s2 ∑N
i=1 ∑N

j=1 wij
,

where wij is the spatial weight between sub-basin i and j, if i and j are adjacent, wij = 1; oth-
erwise, wij = 0, Y(ui, t) is the NANI value for sub-basin i in the year t, Ȳt = ∑N

i=1 Y(ui, t)/N,
s2 = ∑N

i=1(Y(ui, t)− Ȳt)2/N. The z-score is computed as follows:

zt =
It − E(It)√

Var(It)
.

According to [39], E(It) = − 1
N−1 and limN→∞ Var(It) = 2/ ∑N

i=1 ∑N
j=1 wij.

4. Results
4.1. Exploratory Analysis of Spatiotemporal Availability and Variability of the Observations

Figure 2a shows the year-by-year changes in the overall spatial pattern of NANI in the
Yangtze River Basin. To ensure the clarity of the standard deviation ellipse trajectory, only
the elliptical trajectories of NANI in 1980, 1990, 2000, and 2010 are shown. The dynamic
feature is that the average center of NANI moved from east to west during 1980–2010. To
analyze the spatial variations of NANI, PGDP, and PD, the average NANI, PGDP, and PD
values in each subcatchment were calculated. Figure 2b shows that NANI, PGDP, and
PD had significant spatial variations in 11 subcatchments. The spatial differences in the
PDGP and PD distributions were highly influenced by the NANI distribution across the
catchment of the Yangtze River. The TH subcatchment had the highest PDGP/PD and the
highest NANI values, and the JSJ subcatchment had the lowest PGDP/PD and the lowest
NANI values.

(a) (b)

Figure 2. Temporal variation map of NANI (a) and spatial variation map of average NANI, PGDP
(per gross domestic product), and PD (population density) (b) based on the standard deviation ellipse
across the Yangtze River Basin.

The results of Global Moran’s I for NANI across the catchment of the Yangtze River
from 1980 to 2012 are listed in Table 1.

Table 1. Global Moran’s I of NANI across the Yangtze River Basin 1980–2012.

Year 1980 1985 1990 1995 2000 2005 2010 2012

Moran’s I 0.237 0.304 0.257 0.272 0.253 0.250 0.211 0.211
zt 2.671 2.769 2.563 2.570 2.398 2.317 2.052 2.018

p-value 0.004 0.003 0.005 0.005 0.008 0.01 0.02 0.022
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The values of global Moran’s I ranged between 0.211 and 0.304, and all p-values were
below 0.05, indicating that the NANI of the basin was significantly positively spatially
correlated at a 5% significance level.

In the watershed of the Yangtze River, the total NANI gradually increased from
3514.7 kg N km−2 in 1980 to 8138.2 kg N km−2 in 2012. However, in the same period, the
mean values of NANI were 2360 km−2 in 1980 and 5013 kg N km−2 in 2009 in mainland
China [21], lower than those for the Yangtze River Basin. At the same time, the temporal
variations in NANI, PGDP, and PD are shown in Figure 3, illustrating that they steadily
increased from 1980 to 2012. The PGDP grew at a rate of approximate 2.5 times per year,
which was the highest, whereas PD increased at a rate of approximate 5% each year, which
was the lowest.

Figure 3. Temporal variations in NANI, PGDP, and PD across the watershed of the Yangtze River.

4.2. Model Fitting Based on Hierarchical Spatially Varying Coefficient Process Model

To complete the estimation of model parameters, for the parameters σ2
ε , σ2

η , and σ2
β, we

assigned an inverse Gamma prior with hyperparameters 1 and 2. Considering a normal
distribution with hyperparameters Σ0 = 104 I3 and µ0 = 0 for parameter β0. For the
parameter φ, assuming a Gamma distribution, the location parameter and scale parameter
were set to 2 and 1, respectively [26,40]. The calculations were performed using the software
R and the package spTDyn proposed by [32]. The MCMC chain was run for 5000 iterations,
with the first 1000 as burn-in iterations. Satisfactory convergence of the chain was obtained
in 5000 iterations.

The estimated results of the parameters based on fitting data for the HSVC model
are displayed in Table 2, which shows that the predictor variables PD and PGDP had a
significant and positive effect on NANI. The variance estimators of the random error term
σ2

ε and the spatially correlated error term σ2
η were 0.0302 and 61.2185, respectively. Thus, the

variability in NANI could be attributed to the spatially correlated error term. This indicates
the necessity of using the HSCV modeling approach for NANI. The estimated spatial decay
parameter φ was 0.4079, implying that the effective spatial correlation distance in NANI
among sub-basins was 8 km, determined by exp(−φd0) ≈ 0.05 [41].



Sustainability 2023, 15, 12567 9 of 15

Table 2. Parameters estimated based on fitting data for the HSVC Model.

Parameter Posterior Mean 95% Credible Intervals

Intercept 93.6702 (89.8597, 97.3934)
PGDP 0.0014 (0.0003, 0.0025)

PD 0.0513 (0.0460, 0.0566)
σ2

ε 0.0302 (0.0221, 0.0418)
σ2

η 61.2185 (34.4768, 68.1783)
σ2

β 0.1006 (0.0531, 0.1725)
φ 0.4079 (0.0110, 0.9469)

Figure 4 shows the spatially varying coefficient values for PGDP and PD by sub-basin.
As expected, the coefficient estimators varied by location, which also validated the HSVC
model. The positive effect of PGDP on NANI was significant across sub-basins JSJ, DTH,
and MM, and the negative effect of PGDP on NANI was seen across sub-basins WJ and JLJ.
PD had a positive effect on NANI and was significant across sub-basins WJ, UM, and JLJ,
and in the DTH and HJ sub-basins, PD had a significant positive effect on NANI.

Figure 4. Boxplot of the spatially varying coefficient values for PGDP (per gross domestic product)
and PD (population density).

4.3. Forecasting Based on the Hierarchical Spatially Varying Coefficient Process Model

A fitted HSVC model was applied for the temporal prediction of NANI. For the
purpose of comparison among prediction models, we also fitted a GP model and a DLM
with the same response and predictor variables. For more details of these two models, see
previous studies [34,42]. Based on Table 3, the PMCC for the HSVC model was 4952.56,
and those for the other two models were 23,125.30 and 1,762,757.79, indicating a better
performance of the HSVC model in model fitting. To access the performance in prediction,
we predicted the NANI for the 11 sub-basins in 2012 based on the HSVC model. In Table 4,
the results show that the RMSE, MAE, and RB values were lower for the HSVC model.
Thus, the HSVC model had a better prediction than the other two models.

Table 3. PMCC for HSVC, GP, and DLM.

Model Gof Penalty PMCC

HSVC 30.34 4922.13 4952.56
GP 73.41 23,051.89 23,125.30

DLM 473.68 1,762,284.12 1,762,757.79
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Table 4. Validation statistics for temporal predictions.

Model RMSE MAE RB

HSVC 2125.95 1771.33 0.12
GP 4367.85 3214.07 0.30

DLM 86,377.89 48,133.13 4.64

Plotting the validation values against predicted values based on validation data is
another way to validate the prediction accuracy. As shown in Figure 5, for the HSVC model,
most of the validation values ranged between 4000 and 21,000. The predicted values in
this interval had a higher accuracy. Based on the results, the HSVC model had a better
prediction performance.

Figure 5. Predicted values of the validation data for the HSVC, GP, and DLM models.

We also predicted the future NANI in 2025 and 2030 using GDP and the natural rate
of population growth as base conditions. In this study, GDP growth was 5.35%, the natural
growth rate of the population continued to decline to 1.76 per 1000 per year, and 2021 was
the peak year of China’s population [43,44]. For simplicity, we set the population size in
2030 at the same level as in 2025. The predicted PGDP and PD values in each sub-basin are
given in Table 5.

By plugging the predicted PGDP and PD values for 2025 and 2030 into the fitted HSVC
model, the future NANI values in each sub-basin were predicted (Table 6 and Figure 6).
As shown in Figure 6, the spatial variability was well captured by the spatial distribution
of the predicted NANI. High NANIs appeared in almost all eastern and northern sub-
basins, indicating that economically developed and densely populated areas tended to
form agglomerations of high NANIs.

The NANI within the catchment of the Yangtze River was calculated as follows:

NANI =
11

∑
i=1

(areai ×NANIi)/area,
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where area denotes the entire area of the watershed of the Yangtze River, areai denotes the
area of the ith subcatchment, and NANIi denotes the predicted NANI of the ith subcatch-
ment. As a result, the predicted NANIs within the entire catchment of the Yangtze River
in 2025 and in 2030 were 11,522.87 kg N km−2 and 12,760.65 kg N km−2, respectively. By
mimicking the above procedure of the prediction, the NANI values of four components was
also predicted, namely the atmospheric nitrogen deposition, nitrogen fertilizer application,
crop nitrogen fixation, and food/feed imports in 2025 (Figure 7). Based on this, NANI from
atmospheric nitrogen deposition was the main source, whereas that from crop nitrogen
fixation was the most insignificant.

Figure 6. Spatial distribution of the predicted NANI in 2025 (left) and 2030 (right).

Figure 7. Predicted value of AND (atmospheric nitrogen deposition), NFA(nitrogen fertilizer applica-
tion), CNF (crop nitrogen fixation), and FA (food/feed imports) in 2025.

Although these predictions were affected by the uncertainty of the predicted values of
PGDP and PD in each sub-basin in 2025 and 2030, these predicted results roughly reflect the
potential impact of PGDP and PD on NANI in the Yangtze River Basin.The response of the
NANI yield can provide a reference for protecting the estuarine and coastal environment.
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Table 5. Predicted values of PGDP (per gross domestic product) and PD (population density) in each
sub-basin in 2025 and 2030.

Sub-Basins PGDP (Dollars) PGDP (Dollars) PD (Population/km2)
2025 2025/2030 2030

JSJ 8760.68 10,658.71 101.60
MTJ 9029.65 10,985.95 489.51
WJ 6785.13 8255.14 500.80
UM 9679.47 11,776.55 562.88
JLJ 9007.11 10,958.53 412.88
DTH 10,352.04 12,594.84 269.93
MM 13,083.11 15,917.60 624.39
HJ 11,568.40 14,074.73 381.75
PYH 11,020.25 14,074.73 312.14
LM 12,382.57 15,065.29 768.59
TH 24,586.34 29,913.04 1587.02

Table 6. Point prediction and 95% interval prediction of NANI in each sub-basin in 2025 and 2030.

Sub-Basins NANI (kg N km−2) NANI (kg N km−2)
2025 2030

JSJ 6905.86 (4568.95, 9453.57) 8041.85 (5464.00, 11,136.07)
MTJ 8049.21 (5577.38, 610,984.13) 8088.81 (5549.45, 10,982.74)
WJ 5900.07 (3844.00, 8157.66) 4424.72 (2673.50, 6533.14)
UM 13,022.74 (9987.85, 16,427.58) 13,120.21 (9849.54, 16,771.60)
JLJ 6463.78 (4273.25, 9001.23) 6765.21 (4334.47, 9424.51)
DTH 15,948.36 (14,391.56, 17,609.91) 18,749.05 (16,595.49, 21,051.63)
MM 21,272.38 (17,059.94, 25,753.51) 24,127.07 (19,596.08, 28,939.42)
HJ 17,788.22 (13,748.97, 21,978.56) 21,114.85 (16,681.13, 26,004.13)
PYH 10,166.15 (7284.77, 13,316.57) 11,210.31 (8091.63, 14,810.84)
LM 17,898.68 (14,225.23, 22,057.67) 18,005.86 (14,140.37, 22,067.98)
TH 26,094.68 (21,804.81, 30,773.32) 27,268.08 (22,856.46, 31,876.56)

5. Discussion
5.1. Characteristics of the Predictor Variables

In this study, we modeled NANI based on as few predictor variables as possible, i.e.,
PGDP and DP across the Yangtze River Basin for 1980–2012 through a HSVC model. The
NANI, PGDP, and PD in the Basin showed remarkable spatiotemporal variations.

Specifically, PGDP and PD had a positive effect on NANI. This is consistent with
the results of Cui et al. [28], where PGDP and PD contributed to the increase in NANI in
the watershed of the Pearl River. However, in some sub-basins such as WJ and DTH, the
spatially varying coefficient values for PGDP and PD were negatively related to NANI,
respectively. As a result, the predicted NANIs within the WJ sub-basin decreased from
2025 to 2030, this conclusion contradicts the fact that NANl increases over time.

5.2. Limitations and Future Research

The limitations of this research are as follows: (1) Due to the data available for analysis
being eight years, we only used one year of data from 2012 for model validation. Therefore,
the validation measures, RMSE, MAE, and RB were calculated for a fixed time, which
may have caused the prediction to be inaccurate. (2) When predicting the future NANI
in 2025 and 2030, the GDP growth and the natural rate of population growth were based
on previous expert evaluations [43,44]. However, GDP growth and the natural rate of
population growth can be divided into various scenarios, and we only used one of them
for prediction, which is an approximate way to achieve this.NANI can be influenced by
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various factors, such as land-use factors and social factors [15], which still need further
investigation. Further research could explore the explanatory variables of NANI, to gain
a deeper understanding of the factors influencing NANI and to make more accurate
predictions. Additionally, exploring more scientific model and research methods, such as
geographically and temporally weighted regression, could provide a more comprehensive
and profound understanding of modeling NANI.

5.3. Implications for Watershed Nitrogen Management

With the ongoing development of globalization in China, the Yangtze River Basin will
play a increasing role in the future of the regional economy. The prediction of NANI is of
great significance for nitrogen management in watersheds, since nitrogen concentrations
in watersheds have become an indicator of ecological restoration and eutrophication
mitigation. Based on the results of this study, watershed nitrogen management strategies
could be implemented. First, partially organic alternatives to nitrogen fertilizer should be
explored, given the high predicted value of nitrogen fertilizer application. Second, more
attention should be given to atmospheric nitrogen deposition and reducing the amount of
nitrogen emissions. Finally, from the perspective of nitrogen pollution control, effective
riparian buffer strips and wetland treatment techniques could be built downstream of
NANI hotspot areas, to intercept nitrogen pollution [45].

6. Conclusions

The purpose of this study was to use a hierarchical spatially varying coefficient process
regression (HSVC) model to elaborate the mechanisms of the predictor variables per gross
domestic product (PGDP) and population density (PD) for NANI, as well as to forecast
the annual values of NANI within the watershed of the Yangtze River. First, we analyzed
the spatiotemporal availability and variability of NANI, PGDP, and PD, and a significant
(p < 0.05) spatial autocorrelation of NANI was diagnosed using global Moran’s I from 1980
to 2012 in the watershed of the Yangtze River. Then, through a case study of NANI within
the watershed of the Yangtze River, the performance of the proposed NANI prediction
model was compared with those of the Gaussian process (GP) model and the spatiotemporal
dynamic linear model (DLM). It was found that the HSVC model could extract more
information on the relationships among NANI and predictor variables, thus improving the
fitting and prediction accuracy. Finally, we predicted the NANI values for the years 2025
and 2030, and the values increased from 11,522.87 kg N km−2 to 12,760.65 kg·N km−2. In
addition, the point predictions and 95% interval predictions of NANI within the watershed
of the Yangtze River for the years 2025 and 2030 were provided. This paper provides a
simple and easy-to-use method for NANI prediction.
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