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Abstract: Ecosystems are undergoing continuous degradation due to the dual perturbation of global
climate change and human activities, posing unprecedented threats and challenges to the ecosystem
services they provide. To gain a deeper understanding of the spatio-temporal evolution of ecosystem
service value (ESV), it is essential to accurately capture the characteristics of its spatial and temporal
changes and its influencing factors. However, traditional spatio-temporal statistical methods are
limited to analyzing the heterogeneity of ESV in a single temporal or spatial dimension, which
fails to meet the comprehensive analysis needs for spatio-temporal heterogeneity over an extended
continuum. Therefore, this paper constructs a Bayesian spatio-temporal hierarchical model to analyze
the ESV heterogeneity in both temporal and spatial dimensions in Northeast China from 2000 to
2020 to accurately identify the regions with unstable fluctuations in ESV and analyze the influencing
factors behind them. It aims to comprehensively and systematically reveal the intrinsic laws of
spatio-temporal evolution of ESV, and provide a scientific basis for relevant decision-making. The
study found a continuous fluctuating downward trend of ESV in Northeast China from 2000 to
2020, with significant spatial and temporal heterogeneity. Notably, the distribution of hot and cold
spots is regularly concentrated, especially in the transition zone from low hills to plains, which
forms an “unstable zone” of spatial and temporal fluctuations of ESV. Natural factors such as NDVI
and NPP exhibit a significant positive correlation with ESV, while social factors like population
density and GDP show a strong negative correlation. Compared to traditional statistical methods, the
Bayesian spatio-temporal hierarchical model, with its outstanding flexibility and accuracy, provides a
new perspective and way of thinking for analyzing classical spatio-temporal problems. Firstly, the
model examines time and space as a whole and fully accounts for the influence of spatio-temporal
interactions on ESV. Secondly, the Bayesian spatio-temporal hierarchical model meets the needs of
long-term continuous ESV outcome detection, which provides us with solid support for a deeper
understanding of the evolution of ESV.

Keywords: ecosystem service value; Bayesian hierarchy model; spatio-temporal interactions; unstable
regions; Northeast China

1. Introduction

Ecosystem services (ESs) are the various direct and indirect benefits that natural
ecosystems provide to humans [1,2]. They offer us a novel perspective and a profound
comprehension of the importance of ecosystems and the interdependence between humans
and the natural environment [3,4]. ESs are crucial for human development and well-being,
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playing an indispensable role in promoting regional ecological security as well as socio-
economic co-stability [5,6]. However, with the continuous expansion and intensification
of human activities, ESs are confronted with severe threats and challenges [7,8]. Factors
such as overexploitation of natural resources, pollution, and climate change have led to
the degradation of ecosystems, loss of biodiversity, and deterioration in environmental
quality [9,10], significantly impacting the provision and sustainability of ESs [11]. The
United Nations Millennium Ecosystem Assessment reveals that approximately sixty percent
of ESs suffer from degradation [12]. Preserving natural ecosystems and enhancing their
ESs has emerged as an urgent global challenge [13,14].

Since the concept of valuation of ecosystem services was first introduced [15], es-
pecially following the Millennium Ecosystem Assessment, extensive research has been
devoted to exploring the value associated with ecosystem services [16,17]. Despite the initial
controversy surrounding the introduction of this concept, with some scholars arguing that
it would derive multiple ways and channels for humans to derive economic benefits from
ecosystems, and promote a more intense, diversified, and wide-scale exploitation of natural
ecosystems [18,19], it is still widely recognized as a powerful tool for quantifying the capac-
ity of ecosystem services by researchers from a variety of disciplines [20]. Consequently,
it has emerged as a crucial reference point for ecological conservation and sustainable
development [21]. The valuation of ecosystem service is a methodology employed to assess
the economic value of the various services and benefits that ecosystems provide to human
societies [22]. Currently, there is no standardized and harmonized methodology for valuing
environmental services, and the main approaches include cost-based benefit transfer meth-
ods [23,24] and value conversion methods based on model-calculated physical quantities
of ecological services [25]. Among them, model-based approaches excel in the valuation of
single or multiple ESs at small scales due to their ability to simulating and predicting the
spatial pattern of ES functions, thereby capturing the spatial spread of ESV [26]. However,
as the assessment scale expands, the superiority of ESV assessment may diminish due to
challenges associated with acquiring model parameters or executing the model. On the
other hand, the equivalence factor in the benefit transfer method is contingent upon the
spatial homogeneity of land use types, necessitating further enhancement of its estimation
accuracy. Nevertheless, owing to its straightforwardness and applicability, this method
exhibits robust performance in quantifying the overall economic loss or gain resulting from
spatial and temporal land use changes on a large scale, such as the global or national level.
Consequently, it holds significant value in informing ecological conservation efforts and
facilitating decision-making processes for sustainable development [27,28].

The spatio-temporal dynamics of ESV are influenced not only by factors such as land
use change and human activities, but also closely linked to macro-environmental drivers,
including global climate change and biodiversity alteration [29–31]. With the progress of
science and technology advancement, coupled with enhanced data processing capacity, the
comprehensive exploration of ESV has gradually expanded beyond singular temporal or
spatial dimensions to encompass more intricate spatio-temporal dimensions [32]. Tradi-
tional spatio-temporal statistical methods, such as Moran’s I-index and Getis-Ord Gi*, can
only portray the heterogeneity of ESVs in a single time or space [33,34], which fails to meet
the demand for analyzing spatio-temporal heterogeneity of ESVs over an extended period
continuously. In recent years, Bayesian inference-based spatio-temporal analysis methods
have gradually developed in the field of spatial epidemiology [35,36].

The Bayesian spatio-temporal modeling (BSTM) framework decomposes spatio-temporal
processes into three parts: spatial patterns, temporal trends, and local changes. This de-
composition enables accurate analysis of the spatio-temporal characteristics of the object
under study [37]. As research has progressed, BSTM has given rise to several extended
models [38–40], among which the Bayesian hierarchical spatio-temporal model (BHM)
stands out. The BHM approach is a Bayesian spatio-temporal modeling technique that
integrates a Bayesian spatio-temporal model with a spatio-temporal interaction model.
This methodology incorporates both regional random effects and mean/regional trend
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terms, while also taking into account the periodicity of variables, thereby improving the
precision of the estimates [41]. The BHM has been widely applied in various fields such
as sociology and disease transmission for its powerful spatio-temporal analysis [42,43]. Li
et al. (2014) extended the model to incorporate temporal random effects to investigate the
spatio-temporal characteristics of the distribution of crime rates in Peterborough, UK, from
2005 to 2008 [42]. In addition, hierarchical models allow for the flexibility to incorporate
time, space, space–time interactions and other factors to facilitate spatio-temporal analy-
sis [36,43,44]. However, its use in ecosystem service valuation remains limited [45,46]. The
results of long-term continuous ecosystem service value estimates usually pose technical
challenges for spatio-temporal analysis, and traditional spatial analysis methods cannot
meet the demand for detecting ESV patterns and drivers. In addition, regions with large
fluctuations in patterns may be affected by mechanisms that can cause significant changes
in ecosystem service values in a short period of time [47]. Therefore, analyzing spatio-
temporal profiles can deepen the understanding of the overall pattern of ecosystem service
fluctuations. Compared with traditional statistical methods, Bayesian spatio-temporal
hierarchical modeling provides an innovative perspective and extraordinary flexibility and
accuracy for analyzing classical spatio-temporal problems.

The Northeast China region, characterized by its extensive territory and intricate
topography, plays a crucial role as an ecological environment barrier for the Northeast
China Plain, the North China Plain, and Northeast Asia. It exhibits high sensitivity and vul-
nerability to global climate change [48]. Rapid urbanization and irrational natural resource
exploitation in recent decades have posed serious challenges to the ecological environment
of the region, triggering a range of ecological and environmental issues, including black soil
degradation [49], wetland disappearance [50], forest ecological function decline [51], and
grassland desertification [52]. Therefore, it has become an urgent imperative to investigate
the trajectory of ESV within the region to safeguarding its ecological security and promote
sustainable socio-economic development not only locally but also across North China
and Northeast Asia. The objective of this paper is to conduct an in-depth exploration
into the spatio-temporal distribution pattern of ESV in Northeast China, aiming to unveil
regions with unstable fluctuations in ESV and comprehensively analyze the natural and
anthropogenic factors influencing these fluctuations. To achieve this purpose, a Bayesian hi-
erarchical model is proposed in this study to reveal the predictable spatio-temporal patterns
of regional ESVs while accurately capturing deviations from these predictable components.
Specifically, the research objectives of this paper are as follows: (1) estimate the annual ESV
in Northeast China (233 districts and counties) from 2000 to 2020; (2) construct a Bayesian
spatio-temporal hierarchical model to comprehensively analyze the heterogeneity of the
ESV in the temporal and spatial dimensions, aiming to accurately identify areas with
unstable fluctuations in their values; and (3) enhance the hierarchical modeling system
by incorporating natural and economic-demographic factors into the model. Through
these studies, we anticipate acquiring a more profound comprehension of the intrinsic
mechanism underlying the decline in ESV in the Northeast, thereby furnishing a scientific
foundation for adjusting pertinent ecological policies.

2. Materials and Methods
2.1. Study Area

The Northeast region is located in northern China and covers the provinces of Hei-
longjiang, Jilin, and Liaoning, as well as the four eastern leagues of Inner Mongolia
(Figure 1). It is the highest latitude region within China, with a total area of approxi-
mately 1.45 million km2. The climate there is characterized by frigid winters, temperate
summers, fleeting spring and autumn seasons, a relative scarcity of thermal resources,
and an annual precipitation range of 400 to 1000 mm. The region is abundant in natural
resources and serves as the primary distribution belt and critical area for forests in China,
encompassing 27% of the nation’s total forested land. The dominant forest types include
broad-leaved forests, coniferous forests, and mixed coniferous–broadleaved forests. Ad-
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ditionally, it also boasts a diverse array of grassland resources, encompassing meadow
grassland, typical grassland, and forest grassland. Notably, meadow grassland exhibits the
highest yield of vegetation among temperate natural grasslands in China, with Hulunbeier
and Horqin grasslands standing out as two of the most well-preserved exceptional grass-
lands across Asia and Europe. The exceptional natural resources play an indispensable
role in water conservation, soil preservation, and climate warming mitigation, serving as a
crucial ecological barrier in the Northeast Asian region [48].
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2.2. Data Sources

The dataset employed in this study included land use coverage data, physical geogra-
phy data, and socio-economic data.

(1) The land use cover data in this study were derived from the Annual China Land
Cover Dataset (CLCD), which was developed by a team from Wuhan University using
Landsat imagery on Google Earth Engine. The dataset provided detailed information
on land cover from 1985 to 2022, and employed a novel classification system comprising
nine major land use types: cropland, forest, shrub, grassland, water, snow and ice, barren,
impervious surfaces and wetlands. Notably, the CLCD demonstrated an impressive overall
accuracy of up to 80% [53]. In this study, according to the research objectives, the land
use cover data (excluding construction land) in the Northeast region were extracted and
aggregated into six land use types: cropland, forest, grassland, water, wetland, and barren;
(2) physical geography data encompassed various parameters, including annual precipi-
tation, average annual temperature, annual sunshine hours, normalized vegetative index
(NDVI), net primary productivity (NPP), and transpiration; and (3) socio-economic data
comprised indicators such as gross domestic product (GDP), population density, length of
highway, and building area. The dataset contains data from 233 districts and counties in
Northeast China, and the data formats are all raster data, and the data details are shown in
Table 1.
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Table 1. The description of data and data sources.

Variable Category Variable Definition Units Spatial Resolution Data Sources

Geographical Data

Precipitation mm 1000 m
National Earth System Science Data Center

http://www.geodata.cn/ (accessed on 8 May 2023)
Temperature ◦C 1000 m

Sunshine duration h 1000 m

NDVI
(Normalized Vegetation Index) % 1000 m

NASA
http://modis.gsfc.nasa.gov (accessed on 8 May 2023)NPP

(Net Primary Productivity) gC/m2 500 m

Transpiration mm 1000 m

Socio-economic Data

GDP
(Gross Domestic Product) Hundred million yuan 1000 m China’s Economic and Social Big Data

Research Platform
https://data.cnki.net/ (accessed on 10 May 2023)Length of the highway km 1000 m

Population density Persons/square
Kilometer 1000 m

WorldPop
https://www.worldpop.org/ (accessed on

10 May 2023)

Built up area km2 30 m
Annual China Land Cover Dataset, CLCD

https://doi.org/10.5281/zenodo.5816591 (accessed
on 8 May 2023)

2.3. Evaluation of ESV and Correction of Its Correlation Coefficient

Xie et al. (2008) calculated the economic value of China’s standard unit-equivalent
coefficients based on Costanza’s benefit-transfer method, incorporating modified parame-
ters [15,54]. The equation could be expressed as follows:

ESVk = ∑
f

Ak × VCk f (1)

ESV f = ∑
k

Ak × VCk f (2)

ESV = ∑
f

∑
k

Ak × VCk f (3)

where f represents the land cover type, k denotes the ecosystem service function, Ak signifies
the area (ha) of different land cover type k, and VCkf is the value of the unit area (ha) for
land cover type f in relation to various ecosystem service functions k. The formula for
VCkf is

VCk f =
1
7
(P × T)× Ek f (4)

where P and T represents the average market price (CNY/kg) and unit area production
(kg/ha) of grain crops, respectively. Based on the actual conditions of the study area, we
selected the average market price and unit area production of the Northeast region in
2020, which were 2.19 CNY/kg and 5977.5 kg/ha, respectively. The unit area equivalence
coefficient (Ekf) was formulated based on national data.

In order to better match the characteristics of the Northeast region, this paper combines
the relevant studies [53] and amends the original equivalence coefficient (Ekf) to establish
the ESV coefficient applicable to this study area. The specific parameter correction model is
presented in Table 2. Then, the equivalent value of ecosystem services in the Northeast was
determined in Table 3.

http://www.geodata.cn/
http://modis.gsfc.nasa.gov
https://data.cnki.net/
https://www.worldpop.org/
https://doi.org/10.5281/zenodo.5816591
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Table 2. Parameter correction model of unit area equivalent coefficient (Ekf).

The Type of Coefficient Correction Parameter Description

grain output [55]

Ek f 1 = 1
4

(
ri
RI +

wt
WT + co

CO + so
SO

)
where Ekf1 is the crop correction factor. Rice, corn, wheat and soybean
are the main food crops in Northeast China, so the outputs of the four

crops are used as the correction factors. ri, wt, co and so are the
average yield per mu of rice, corn, wheat and soybean in the study

area respectively. RT, WT, CO and SO are the average yield per mu of
rice, corn, wheat and soybean in China.

natural resource scarcity [56]

Ek f 2 = ln PDx
ln PDc

where Ekf2 is the scarcity coefficient of natural resources. China has a
vast geographical area, uneven distribution of resources in the north

and south regions, population change, insufficient per capita
ownership and great differences in spatial distribution have uneven
impacts on regional ESV. Therefore, population density is selected to
correct the relationship between resource provision and demand. PDx

is the population density of the study area; PDc is the population
density within China.

Socio-economic development [57]

Ek f 3 = ELC
ELx

× gdp
GDP

Ekf3 is the social and economic development coefficient. Due to the
difference between the economic development of the study region

and the overall economic development of China, the social and
economic development has an important impact on the layout of ESV.
In this paper, the Engel coefficient and GDP are selected as factors to
revise the social development coefficient. ELc and ELx are the Engel
coefficients in the study area and China region, respectively. gdp and
GDP are the per capita gross domestic product of the study area and

China, respectively.

Table 3. ESV equivalent of the ecosystem service functions in Northeast China.

Primary Category Subcategories Forest Grassland Cropland Wetland Water Barren

Provisioning services Food production 1731.57 930.72 2164.46 779.21 1147.16 43.29
Raw material production 5558.34 779.21 844.14 519.47 757.56 86.58

Regulating services
Gas regulation 9350.47 3246.69 1558.41 5216.35 1103.88 129.87

Climate regulation 8809.36 3376.56 2099.53 29,328.45 4458.79 281.38
Hydrological regulation 8852.65 3289.98 1666.64 29,090.36 40,626.94 151.51

Waste treatment 3722.87 2857.09 3008.60 31,168.24 32,142.25 562.76
Supporting services Soil conservation 8701.13 4848.39 3181.76 4307.28 887.43 367.96

Biodiversity maintenance 9761.72 4047.54 2207.75 7986.86 7424.10 865.78
Cultural services Entertainment and culture 4502.08 1883.08 367.96 10,151.32 9610.21 519.47

Total 60,990.2 25,259.3 17,099.24 118,547.5 98,158.3 3008.6

2.4. Construction of Bayesian Spatio-Temporal Hierarchical Models
2.4.1. Model Building

This study employed a Bayesian spatio-temporal hierarchical model, with the coun-
ties in the study area serving as units of analysis. The ESV in Northeast China exhibited
significant regional differences due to its vast span. As a discrete counting dataset, it exhib-
ited a higher variance comparison to the mean value, indicating excessive dispersion that
contradicts the fundamental assumption of Poisson distribution. The Poisson lognormal
model was proposed as a solution to this issue. The model effectively accommodated the
highly discrete nature of data by incorporating an error term εit into the joint function to
account for its discreteness. The Poisson–Lognormal model was therefore chosen as the
benchmark in this study to conduct a comprehensive investigation into the valuation of
ecological services. The equations governing this model are presented below:

yit = Possion(σit) (5)
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log (σ it) = log α + Si + β(t) + ωit(i, t) +
K

∑
k

βk
i log

(
Xk

i,t

)
+ εit (6)

β(t) = b0t∗ + vt (7)

ωit(i, t) = b1it∗ (8)

where yit represents the ESV amount of region i in year t. The constant α was derived from
the mean value of ESV for each district and county between 2000 and 2020, representing
the ecological service capacity over the study period. Si described the spatial heterogeneity
effect associated with region i. β(t) described the overall temporal trend of ESV, where b0t*
represented a linear trend and vt represented a stochastic trend. t* = t − tmid denoted the
temporal distance relative to the midpoint of the study period. The term ωit(i,t) represented
the localized trend of region i during the study period. When b1i > 0, it indicated that the
local trend of change in region i exceeded the overall trend. Conversely, when b1i < 0, it
signified that the local trend of change in region i was smaller than the overall trend, εit
represented the Gaussian noise random error, which was used to characterize the additional
fluctuations in the data that were not explained by the model; βk

i k denoted the influence
coefficient of k factors on ESV in region i.

2.4.2. Parameter Calibration

The prior distributions of the impact coefficients were determined using an uninforma-
tive prior model, while the prior distributions of the parameters Si and b1i were determined
using the Besag York Mollie (BYM) model. The BYM model seamlessly integrates spatially
structured and non-structured random effects through a convolution operation. Among
them, the spatial non-structural random effects followed a Gaussian distribution. To rep-
resent the spatially structured random effect, we employed a conditional auto-regressive
prior and estimate its parameters through the INLA package in R language. In terms of
the prior distribution for the time random effects parameter, we employ a first-order auto-
regressive model that accounted for the correlation between adjacent time points, denoted
as v|vt−1 ∼

(
vt−1, σ2

vt
)
. The Gaussian random variable εit was expressed as εit ∼

(
N, σ2

t
)
.

The hyperparametric prior distributions of the variance of all random effects in the model
(e.g., σ2

vt, σ2
t ) were specified as strictly positive semi-Gaussian distributions, following

Gelman et al. (2006), with a form of N+∞ (0,10) [58].

2.4.3. Selection of Hot and Cold Spots

The overall spatial effect parameter exp (Si) was computed in this study to quantify
the magnitude of ESV in region i relative to the average level α in the study area during the
observation period. The hot and cold spots of the ESV spatial distribution are determined
based on the value of P (exp(si) > 1|data). Regions with P(exp(si) > 1|data) > 0.8, were
identified as hot spots, while regions with P(exp(si) > 1|data) < 0.2 were classified as cold
spots; regions with P(exp(si) > 1|data) between 0.2 and 0.8 were categorized as warm
spots [59].

2.5. Analysis of Spatio-Temporal Fluctuations in ESV

In short-term fluctuation analyses, it could be anticipated that significant spatio-
temporal interactions were not the norm, and the overall spatio-temporal component could
capture the most structure of the fluctuations. Consequently, the spatio-temporal interaction
component could effectively smooth out tiny noise and capture significant deviations from
predictable patterns in both spatial and temporal components. Thus, the prior distribution
of µit was expressed as a hybrid model comprising two Gaussian distributions, wherein one
accounted for minor unexplained variations while the other captured significant deviations
from the overall spatial pattern and temporal trend [60]. This study employed these two
types of deviations for the identification of “unstable” regions of ESV fluctuations, referred
to as the first and second decision rules, respectively. Hybrid models possessed the ability to
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yield flexible prior structure when faced with heterogeneity concerns [47]. Spatio-temporal
interactions are modeled as follows:

log (σ it) = log α + Si + β(t) + ωit(i, t) + µit + εit (9)

µit ∼ βN
(

0, τ2
1

)
+ (1 − β)N

(
0, τ2

2

)
(10)

τ1 ∼ N+∞(0, 0.01) (11)

π ∼ N+∞(0, 100) (12)

τ2 = τ1 + π (13)

where the weight parameter β = (β, 1 − β) follows the Dirichlet distribution of β∼D (1, 1).
Here we defined a positive semi-normal super-prior for the standard deviations τ1 and τ2.
We introduced a potential model indicator Mit that follows a multinomial distribution [47].
Mit can take the value of 1 or 2, depending on whether it is modeled with τ1 or τ2. The
posterior probability of the second component in each spatio-temporal interaction was
computed. This computational process followed a Bayesian inference framework, which
integrated prior knowledge and observations to derive uncertainty estimates for each
component parameter.

Pit = Pr(Mit = 2|data) (14)

The “unstable” pattern of fluctuations under two rules was characterized in this study
by establishing a threshold probability Pcut. The first rule stated that if the fluctuation
probability of ecosystem service value pit exceeded the threshold probability pcut by at least
one unit, the fluctuation of ESV was deemed “unstable”. In accordance with the second
rule, if the average of the three maximum values of the fluctuation probability of ESV pit in
the region surpassed the threshold probability pcut, the fluctuation of ESV was also judged
to be “unstable”.

3. Results
3.1. Characters of the Total ESV

Nine subcategories in provision services, regulatory services, supporting services,
and cultural services were quantified, and fitting methodology was employed to identify
trends in the Northeast region from 2000 to 2020 (Figure 2). In this case, the solid lines
in orange, green, blue, and red represented the respective monetary values associated
with provisioning, regulating, supporting, and cultural services. Additionally, the black
dashed line depicted a linearly fitted trend. The ESVs under six different land covers were
processed in the same way, and the results were illustrated in Figure 3. The solid blue
line showed the annual change in ESV for different land uses, and the dashed black line
represented the linearly fitted trend.

From Figure 2, it can be inferred that there were quantitative disparities in the contribution
of different types of ESV. Specifically, gas regulation (CNY 837,353–857,476 million), climate reg-
ulation (CNY 900,449–980,556 million), hydrologic regulation (CNY 103,6412–113,0638 million),
waste treatment (CNY 718,651–809,294 million), soil conservation (CNY 924,800–945,458 million),
and biodiversity maintenance (CNY 959,841–990,833 million) contributed more to ESV. In
contrast, the ESV contributions of food production (CNY 277,757–281,372 million), raw
material production (CNY 458,078–463,039 billion), and entertainment and culture (CNY
446,618–479,451 million) were relatively small. In terms of temporal trends, the ESV of the
nine ecological services exhibited a consistent decline throughout the study period. Notably,
climate regulation, hydrologic regulation, and waste disposal demonstrated substantial
decreases in ESV. Conversely, ESVs for food production and raw material production
remained relatively stable.



Land 2024, 13, 833 9 of 20
Land 2024, 13, x FOR PEER REVIEW 9 of 21 
 

 
Figure 2. Monetary value of different ESs. 

From Figure 2, it can be inferred that there were quantitative disparities in the con-
tribution of different types of ESV. Specifically, gas regulation (CNY 837,353–857,476 mil-
lion), climate regulation (CNY 900,449–980,556 million), hydrologic regulation (CNY 
103,6412–113,0638 million), waste treatment (CNY 718,651–809,294 million), soil conser-
vation (CNY 924,800–945,458 million), and biodiversity maintenance (CNY 959,841–
990,833 million) contributed more to ESV. In contrast, the ESV contributions of food pro-
duction (CNY 277,757–281,372 million), raw material production (CNY 458,078–463,039 
billion), and entertainment and culture (CNY 446,618–479,451 million) were relatively 
small. In terms of temporal trends, the ESV of the nine ecological services exhibited a con-
sistent decline throughout the study period. Notably, climate regulation, hydrologic reg-
ulation, and waste disposal demonstrated substantial decreases in ESV. Conversely, ESVs 
for food production and raw material production remained relatively stable. 

Figure 2. Monetary value of different ESs.

Land 2024, 13, x FOR PEER REVIEW 10 of 21 
 

 
Figure 3. ESV under different land uses. 

The information depicted in Figure 3 indicated that the quantitative contribution of 
ESVs varied significantly among different land use types. In descending order of contri-
bution, it was forest (CNY 4,333,596–4,385,888 million), grassland (CNY 77,396–754,288 
million), cropland (CNY 1,017,896–1,063,991 million), wetland (CNY 7102–21,410 million), 
water (CNY 183,029–204,596 million), and barren (CNY 2859- 3884 million). In terms of 
temporal trend, the ESV in grassland, wetland, and barren were generally decreasing, 
while the ESV in waters were generally increasing. However, neither forest (R2 = 0.11102) 
nor cropland (R2 = 0.00991) exhibited a linear trend in ESV and neither demonstrated any 
significant overall increase or decrease. 

3.2. Spatio-Temporal Heterogeneity of ESVs 
3.2.1. Temporal Heterogeneity of ESV 

Changes in the posterior probability distribution of ESVs in the northeast region from 
2000 to 2020 were shown in Figure 4. The time trend in the value of integrated ESs is de-
picted in Figure 4a, where the solid red line represents the multi-year average. Addition-
ally, the black dashed line and yellow shaded area indicate the integrated time-trend pa-
rameter (exp (b0t* + vt)) and its 95% credible interval, respectively. Figure 4b illustrates the 
time trend in the value of provision, regulation, supporting, and cultural services. 

Figure 3. ESV under different land uses.



Land 2024, 13, 833 10 of 20

The information depicted in Figure 3 indicated that the quantitative contribution of
ESVs varied significantly among different land use types. In descending order of contribu-
tion, it was forest (CNY 4,333,596–4,385,888 million), grassland (CNY 77,396–754,288 million),
cropland (CNY 1,017,896–1,063,991 million), wetland (CNY 7102–21,410 million), water
(CNY 183,029–204,596 million), and barren (CNY 2859- 3884 million). In terms of temporal
trend, the ESV in grassland, wetland, and barren were generally decreasing, while the ESV
in waters were generally increasing. However, neither forest (R2 = 0.11102) nor cropland
(R2 = 0.00991) exhibited a linear trend in ESV and neither demonstrated any significant
overall increase or decrease.

3.2. Spatio-Temporal Heterogeneity of ESVs
3.2.1. Temporal Heterogeneity of ESV

Changes in the posterior probability distribution of ESVs in the northeast region from
2000 to 2020 were shown in Figure 4. The time trend in the value of integrated ESs is de-
picted in Figure 4a, where the solid red line represents the multi-year average. Additionally,
the black dashed line and yellow shaded area indicate the integrated time-trend parameter
(exp (b0t* + vt)) and its 95% credible interval, respectively. Figure 4b illustrates the time
trend in the value of provision, regulation, supporting, and cultural services.
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As depicted in Figure 4, a clear overall downward trend in ESV was evident during
the period of 2000–2020, with a larger number of districts and counties experiencing a
decrease rather than an increase in ESV. The overall time effect parameter (exp (b0t* + vt))
further confirmed this declining trend by revealing the deviation of ESV from the multi-year
average on a yearly basis (Figure 4a). However, it should be noted that this decline had not
been consistently sustained, as there had been intermittent periods of slow growth in ESV
observed in 2002, 2006, and 2008. Additionally, the downward trend exhibited a zigzag
pattern based on the analysis of the 95% confidence intervals (Figure 4b), with regulatory
services fluctuating the most and cultural services the least.

3.2.2. Spatial Heterogeneity of ESV

By incorporating the estimated ESVs of the 233 district units in the northeast region
into a Bayesian spatio-temporal hierarchical model, we obtained the spatial distribution of
the overall spatial effect parameter (exp (Si)) (Figure 5a). Figure 5b shows the districts and
counties that were filtered to have ESV values higher than the overall mean in the study
area from 2000 to 2020. Figure 5c shows the spatial hot and cold spots of ESV.
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The spatial distribution of ESV in the districts and counties of the study area during
2000–2020 exhibited significant spatial heterogeneity, as depicted in Figure 5. Specifically,
ESV was generally higher in the peripheral regions while it was relatively lower in the
central region. In terms of interprovincial differences, ESV had the most pronounced
spatial effect in Inner Mongolia’s four eastern league regions, closely followed by Greater
and Lesser Xing’anling as well as Laoyeling and Wandashan vein regions in Heilongjiagn
Province. Comparatively, Shenyang urban agglomeration in central Liaoning Province
and Changji urban agglomeration in central Jilin Province exhibited the lowest ESV spa-
tial effects. By comparing the posterior probability (exp(si)) with 1, we identified that
155 districts and counties had ESV values higher than the overall average of the study
area, predominantly concentrated in the northwestern region. Meanwhile, there were
178 districts and counties located in gentle terrain areas within eastern and southern parts
exhibited ESVs below the overall mean value. In terms of cold–hot spot analysis, a total
of 183 hotspot areas were identified, accounting for 54.95% of the total number of units
in the study area. These hotspots were primarily concentrated in the peripheral regions
of the study area. Correspondingly, there were 150 districts and counties located in cold
spot areas, representing 45.05% of the total number of units. These spots were situated
across most parts of Liaoning and Jilin Provinces, with sporadic occurrences observed in
the northeastern corner of Heilongjiang Province (Figure 6).
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3.3. Spatio-Temporal Fluctuations in ESV

Based on Equation (14) and related studies [47], we rationalize the assignment of the
threshold probability Pcut. Specifically, a smaller value of 0.5 and a larger one of 0.9 were
rationally chosen to identify unstable regions of spatio-temporal fluctuations of ESV in the
study area. The corresponding results were illustrated in Figure 7.
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under rule 1 and rule 2 for threshold Pcut = 0.9, respectively.
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Regardless of whether the threshold probability pcut was set at 0.5 or 0.9, the unstable
areas of spatio-temporal fluctuations of ESV determined by rules 1 and 2 exhibited a high
degree of consistency, thereby ensuring the model’s accuracy in delineating regions char-
acterized as “unstable”. When employing a threshold probability pcut of 0.9, there were
fewer instances of spatio-temporal fluctuations of ESV classified as “unstable” compared
to when using a threshold probability pcut of 0.5, with notable changes primarily concen-
trated within the Sanjiang Plain. According to Rule 1, we identified 95 “unstable” regions,
and in accordance with Rule 2, we picked out 91 “unstable” regions, thereby reinforcing
the heightened stringency of Rule 2 compared to Rule 1. From a spatial perspective, the
distribution of these “unstable” areas did not exhibit any discernible geographic pattern.
Instead, they primarily concentrated within transitional zones spanning from the Great and
Small Xing’an Mountains to the Songnen Plain, the Laoye Mountains in south-central Hei-
longjiang, the north-central region of Sanjiang Plain, agro-pastoral ecotone in middle and
southern Inner Mongolia, as well as mountainous regions in southeastern part of Liaoning
Province. These specific locations were distinctly characterized by their transition from
low hills to plains, marked by significant anthropogenic disturbances and compromised
ecosystem stability.

3.4. Influence of ESV Drivers under the Model

In order to comprehensively analyze the impact of drivers on the spatio-temporal
fluctuations of ESV, both anthropogenic and natural drivers were incorporated as covariates
in this spatio-temporal hierarchical model for each region. Figure 8 presented the estimated
effects of these ten covariates. The Bayesian spatio-temporal hierarchical model yielded
posterior median values for the 10 influences. The Gelman–Rubin statistical parameters
of these influences were all close to 1, indicating excellent convergence. Further analysis
revealed a negative correlation between GDP, population density, floor area, annual pre-
cipitation and average annual temperature with ESV; conversely, length of the highway,
sunshine duration, NDVI, NPP and transpiration exhibited a positive correlation with ESV.
Specifically, an increase in GDP, population density, floor space, annual precipitation, and
average annual temperature was associated with a decrease in ESV by 0.16 (95% CI: −0.21,
−0.13), 0.01 (95% CI: −0.03, 0.00), 0.07 (95% CI: −0.21, 0.88), 0.1 (95% CI: −0.12, −0.09) and
0.02 (95% CI: −0.06, 0.00) units. Conversely, for every increase in highway length, sunshine
hours, NDVI, NPP, and transpiration, the probability of ESV growth increased by 0.18 (95%
CI: 0.05, 031), 0.01 (95% CI: 0.00, 0.02), 0.48 (95% CI: 0.44, 0.52), 0.2 (95% CI: 0.16, 0.25) and
0.07 (95% CI: 0.06, 0.16) units.
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4. Discussion
4.1. Spatio-Temporal Heterogeneity of ESV

By applying a Bayesian spatio-temporal hierarchical model, this paper presented a
comprehensive analysis of the spatio-temporal dynamics of ESV in the Northeast region.
The findings revealed substantial heterogeneity in these values across space and time, which
was consistent with previous findings [23,25], thereby validating the precision and reliabil-
ity of our constructed spatio-temporal hierarchical model. From a time-series perspective,
the total amount of ESV in the northeast region exhibited a declining trend, falling from
CNY 559,524 million in 2000 to CNY 558,565 million in 2020. This represents a total decrease
of CNY 7459 million over two decades, or an average annual reduction of about CNY 370
million. The primary driver behind this transformation could be attributed to the depletion
of eight crucial ecosystem services: food production, gas regulation, climate regulation,
hydrological regulation, waste disposal, soil conservation, maintenance of biodiversity, and
provision of entertainment and culture [25,61]. However, it was important to note that the
decline in ESV exhibited fluctuations rather than a continuous and homogeneous pattern.
These fluctuations were mainly due to the declining trend in forest and grassland areas
after a period of growth, while changes in farmland area had also contributed to variations
in ESV [57,62]. From the perspective of spatial variability, ESV hotspot areas were mainly
concentrated in the Greater and Small Xing’an Mountains, Changbai Mountains, Laoyeling
and Wundashan Veins, as well as the Inner Mongolia territory in the northwestern part
of the study area. These regions had high terrain and were rich in forests, grasslands and
wetlands, which contributed significantly to increased ESV [26,63]. In the northwestern
part of the study area, there was a gradual and persistent increase in ESV, exceeding the
average ESV observed across the whole study area. Conversely, cold spots of ESV were
predominantly concentrated in the central region, characterized by gentle terrain, which
served as a primary distribution hub for major cities and populations within the provinces.
These regions exhibited lower than average ESV due to increased urban land use expansion
and intensification of farmland, resulting in a declining trend in ESV [64].

4.2. Drivers of ESV

ESs are affected by both natural environment and anthropogenic activities [29,31]. In
this study, natural and anthropogenic factors were included as covariates in the analysis
by integrating the spatio-temporal hierarchical model to accurately represent the spatial
effects of ESV in each district and county [47]. The results of the study showed that there
was a significant positive correlation between natural factors such as NDVI, NPP and
ESV, highlighting their important role in the provision of ecological services. On the
contrary, anthropogenic factors such as population density and GDP showed a strong
negative correlation with ESV, suggesting that while pursuing economic growth, we need
to properly balance the relationship with the value of ecological services in order to achieve
sustainable development. How to scientifically quantify the relationship between economic
indicators represented by GDP and ESV has become a hot topic in current research [33,65].
In addition, the correlation between other variables and ESV was found to be insignificant
in this study. Given the complex and variable spatial and temporal distribution of regional
ESV, it is often difficult for a single indicator to comprehensively reveal its dynamic pattern
of change, so it is necessary to further refine the assessment indicators. For example,
indicators such as building area and road length should receive more attention in future
studies as they exhibit a large range of fluctuation.

4.3. Detection Method for the ESV Spatio-Temporal Pattern

Traditional spatial data analysis at the regional level generally uses probabilistic sta-
tistical methods for cluster analysis and identification of hot and cold spots, or analyzes
influencing factors through some spatial econometric models. However, in spatial econo-
metric models of probabilistic statistics, the regression parameters are generally regarded
as fixed, while in reality, these are uncertain and non-fixed [58,66]. Traditional probabilistic
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statistical models cannot systematically analyze the available information and the form
of the model is more restricted because the fitted probabilistic model must be easy to
solve [67]. At the same time, the explanatory variables in traditional probabilistic statistical
models are generally required to be continuous, non-counting, and to follow a normal
distribution. In contrast to traditional probability statistics, the Bayesian approach treats
the parameters as random variables and obeys a certain form of distribution, and the data
can be discrete, obeying Poisson, Bernoulli distributions, and so on [42,43]. Through the
hierarchical structure, Bayesian methods can incorporate temporal, spatial and temporal
interaction information into a model and estimate it through simulation [68,69].

In the constructed model, the overall spatial effect parameter exp (Si) directly reflects
the extent of provincial ESV relative to the overall level, further identifying hot and cold
spots in the spatial distribution. The overall time effect parameter (exp (β0t* + vt)) is used
to better understand the trend of ESV for each year relative to the multi-year average, while
the spatio-temporal effect quantity is utilized to determine the spatio-temporal volatility
of ESV. The correlation parameter (exp (βn)) of the post-test estimation suggests that an-
thropogenic drivers have a positive or negative effect on ESV and confirms its significance
by incorporating the nature of the parameter values within the 95% CI [43,70]. Thus, a
multi-task integrated analysis of spatio-temporal patterns and exploratory variables was re-
alized [71]. Overall, the Bayesian spatio-temporal hierarchical model is more advantageous
than the traditional analysis methods in terms of applicability and flexibility.

4.4. Policy Implications

Reconciling ecosystem conservation and socio-economic development to achieve
sustainable development has been a focus for policy makers around the world. Many
studies have attempted to address this challenge by directly designating ecosystem service
hotspots as ecological reserves [72,73]. While this approach provides some relief for natural
ecosystems, it does not take into account the variability of management responses across
heterogeneous units. Therefore, exploring the characteristics of spatio-temporal hetero-
geneity of ecosystem services may provide more rational recommendations for sustainable
development [74]. Over the past 20 years, the value of ecosystem services in Northeast
China has shown a fluctuating downward trend. From the cold hotspot analyses in this
paper, it can be drawn that hotspot areas are mainly concentrated in areas rich in natu-
ral resources such as forests, grasslands and wetlands, which play an important role in
providing ESV. However, the stability analysis shows that these regions are also clustered
in some areas with strong ESV fluctuations. They are located in the transition zone from
slopes to plains, where anthropogenic disturbances are relatively intense and irrational
land use development activities, such as agricultural reclamation and rapid expansion of
urban land use, exacerbate the fragmentation of ecological landscapes, such as forests, and
the degradation of habitat quality, resulting in the decline of locally important ecological
functions. Obviously, it is impossible to protect all natural ecological space, but it is nec-
essary to protect important ecological space and natural ecological security boundaries
by drawing ecological protection red lines [75]. Therefore, strengthening the protection of
ecosystems and enhancing the supervision of human activities around the construction of
the ecological protection red line and the system of nature reserves is an important basis
for protecting the core area of ecological security and safeguarding the boundary of natural
ecological security. In addition, for cold spot areas, regional ecological functions should be
moderately improved. For example, in areas with poor ecological conditions, the intensity
of land development should be strictly limited, new impervious surfaces should be limited,
and the layout of green spaces should be optimized. These measures help to improve
ecological carrying capacity by regulating the water cycle, increasing carbon sequestration,
promoting climate regulation, and providing habitats for certain organisms [76].
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4.5. Limitations and Outlook

The dynamics of ESV are an extremely complex issue, but they also tend to exhibit
striking regularity and predictability, as has been confirmed by a large number of stud-
ies [29,71]. There are complex dependencies in the spatio-temporal distribution of ESV,
which are particularly evident in certain regions. In this study, we take full advantage of
Bayesian hierarchical modeling to explore in depth the “predictable pattern” of LUCC-
based ESV fluctuations by integrating the joint mixture of spatio-temporally interacting
components. We use the overall temporal effect parameter (exp (bot* + vt)) to better under-
stand the tendency of ESV to deviate from the multi-year average in each year. In addition,
we identify the effect of anthropogenic drivers on the ESV using the posteriorly estimated
correlation parameter (exp (βn)) confirm its significance on the ESV over time and space in
relation to the nature of the parameter values within the 95% CI, a result consistent with
the findings of references [70,71]. The experiments show that the results of the Bayesian
spatio-temporal model can meet the needs of ESV spatio-temporal heterogeneity analysis.
The covariates should be further optimized and the effects of multiple influencing factors
on ESV spatio-temporal can be assessed. The hybrid component uses a flexible a priori
structure that achieves a separation between small unexplained variability and “true”
substantial deviations from predictable patterns based on spatio-temporal main effects, as
further demonstrated in reference [24]. Nevertheless, there is still room for improvement in
the method in regional applications. First, a finer classification of land use types would
help to improve the accuracy of ESV assessment and deepen our understanding of different
ESVs. Second, although it is mathematically feasible to incorporate explanatory variables
into Bayesian spatio-temporal models, this does not adequately explain the intricate pro-
cess of ecosystem evolution. For long-term continuous studies on the spatio-temporal
heterogeneity of ESVs, the impacts of explanatory variables may encompass pure space,
pure time, or both. Therefore, the effects of explanatory variables on the spatio-temporal
heterogeneity of ESVs in the temporal dimension, the spatial dimension and the integrated
spatio-temporal dimension need to be further investigated in depth.

5. Conclusions

In this study, we estimated the ecological service value (ESV) in Northeast China
from 2000 to 2020 based on a 30 m annual land use cover dataset, and explored the spatio-
temporal heterogeneity of the ESV, hot and cold spots, and unstable regions of spatial and
temporal variability by constructing a Bayesian spatio-temporal hierarchical model using
the spatial effect parameter exp (Si) and the posterior probability that the spatial effects
parameter exp (Si) is greater than 1, i.e., P(exp(si) > 1|data). The main conclusions of the
study are as follows:

(1) From 2000 to 2020, the total ESV in the study area shows a decreasing trend, decreas-
ing from CNY 559,524 million in 2000 to CNY 558,565 million in 2020, with a total
decrease of CNY 7459 million in 20 years, averaging about CNY 370 million per year.
The uneven decrease in forests, grasslands and farmlands is the main reason of the
unevenly fluctuating decline of ESV;

(2) The spatial distribution of ESV is significantly heterogeneous, with hotspots mainly
concentrated in areas with high terrain and rich forest, grassland and wetland re-
sources, while cold spots are mainly distributed in urban agglomerations with gentle
terrain and intense anthropogenic interference. The transition zone from low hills to
plains is an “unstable zone” for spatial and temporal fluctuations of ESV due to poor
ecosystem stability;

(3) Both the ecological environment and human activities have a strong influence on
ESV. Among them, there is a significant positive correlation between NDVI, NPP and
ESV, while anthropogenic factors such as population density and GDP show a strong
negative correlation with ESV. Therefore, strengthening the protection of ecosystems
such as forests, grasslands and wetlands, rationally configuring the intensity and
layout of human activities, and promoting the coordinated development of human
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economic activities and ecological protection are necessary ways for the sustainable
development of the study area.
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