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ABSTRACT

Identifying priority management areas (PMAs) through assessing integrated eco-environmental risk (IER) of
watersheds is vital for efficient integrated watershed management (IWM). However, there is a lack of effective
tools to support IWM. A novel framework, which couples the analytical network process with the mean-square
deviation decision method to quantify reciprocal feedbacks between ecosystems and socio-economic systems for
assessing IER, was developed to identify PMAs for IWM through a case study in the upper Beiyun River
watershed, China. The results show that water pollution, water resources, soil loss, hazards (i.e., floods, debris
flows, collapses, and landslides), and vegetation degradation are noticeable environmental problems in the
watershed. Water pollution, floods, and vegetation degradation risks are high in the southeast plain areas and
low in the northwest mountainous areas of the watershed, while the other eco-environmental risks are opposite
that of the three risks. The soil loss is mainly dominated by negligible class with a mean of 10.87 (t-km 2yr™1).
The weights of water pollution risk and socio-economic indicator for IER are 0.2906 and 0.1837, respectively. It
indicates that water pollution control is crucial for IWM, and socio-economic systems have a significant impact
on IER. The PMAs, which are identified as zones with extremely high IER values, account for 6.46 % (72.91 km?)
of the watershed. They are centrally distributed in the southeastern areas with high risks of both water pollution
and vegetation degradation caused by large population density. The framework provides an effective tool to
assess IER and identify PMAs for IWM.

1. Introduction

resilience, which suggests that watersheds must be restored and
controlled a healthy level through integrated eco-environmental risk

Watersheds are social-ecological systems where humans and other
organisms interact with the physical environment and each other
(Mosaffaie et al., 2021), and provide many ecosystem services such as
nutrient cycles, energy transfer, water supply, carbon storage, and
habitats (Lu et al., 2018). Watersheds are considered as the most
effective units for managing the complex relationships among the water-
land-air-plant-human nexus to support regional sustainable develop-
ment (Li et al., 2018; RazaviToosi and Samani, 2019). Healthy water-
sheds play a vital role in ensuring the sustainability of social-economic
systems and improving the well-being of humans (Ervinia et al., 2019;
Moradi and Limaei, 2018). Healthy watersheds have high reliability and
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assessment for implementing effective watershed restoration and man-
agement (Duan et al., 2022). These restored watersheds could be
reduced the impact of climate change and human activities on water-
shed ecosystems and sustainable development (Liu et al., 2020a).
However, many watersheds are degrading or have the potential to
become impaired because of climate change, urbanization, and the rapid
development of industry, agriculture and tourism (Lerch et al., 2015;
Sanches Fernandes et al., 2018; Zhang et al., 2022). Consequently, there
are various environmental problems in many watersheds, which have
resulted in forgone watershed ecosystem service functions.

To restore degraded ecological functions, integrated watershed
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management (IWM) is increasingly adopted in many regions around the
world (Mekonnen et al., 2021; Satalova and Kenderessy, 2017). IWM is a
holistic method to optimize the complex interactions between ecosys-
tems and socio-economic systems for ensuring sustainable development
(Arteaga et al., 2020; Kang and Park, 2015). For instance, the Rhine
River was regarded as “a dead river” in the 1970 s because of severe eco-
environmental problems resulting from rapid industrialization and
population growth (Dieperink, 2000). With the implementation of an
IWM program called the Rhine action plan, the ecological functions of
the Rhine River watershed gradually recovered (Wang et al., 2016). It
has been reported that the Poyang Lake watershed has experienced
serious environmental problems, such as water pollution and soil loss,
due to the rapid increase in population since the 1980 s (Liu et al., 2015).
After the implementation of the IWM, the ecosystem of the Poyang Lake
watershed was improved (Chen et al., 2005). Teka et al. (2020) indi-
cated that implementing IWM could effectively reduce soil loss rates and
increase people’s incomes in the Gule watershed. Brombal et al. (2018)
showed that the environmental conditions of the Lihu watershed were
improved and that the regional economy increased because of IWM.
However, these outcomes were achieved through significant in-
vestments in resources, time, and manpower due to a lack of proper
methods in IWM, leading to low cost-effectiveness and efficiency of IWM
(Mosaffaie et al., 2021; Sun et al., 2016). It is still a challenge to improve
the efficiency of IWM for watersheds with limited resources.

In order to improve the efficiency of IWM, priority management
areas (PMAs) should be identified by considering as many eco-
environment problems as possible or assessing integrated eco-
environmental risk (IER) within watersheds (Evenson et al., 2021;
Wang et al., 2016). PMAs are defined as relatively small yet sensitive
areas with maximum potential eco-environmental problems. Previous
studies have shown that deploying IWM measures in PMAs is of obvious
significance for the economic viability and overall effectiveness of IWM
(Huang et al., 2015; Shrestha et al., 2021). This is because the selection
and configuration of IWM measures require consideration of the in-
vestment of both construction and maintenance, and the implementa-
tion of IWM measures across entire watersheds is economically and
logistically unfeasible (Shen et al., 2015; Chen et al., 2022). Once the
PMAs are identified, measurement systems can be efficiently determined
for IWM, especially in regions with limited resources. For instance, Zou
etal. (2021) identified PMAs for hazard management, and indicated that
the PMAs are mainly distributed in regions with high altitudes and large
slopes. Wu and Chen (2012) combined the SWAT model with the clas-
sical sediment transport method to identify PMAs for reducing soil loss.
Chen et al. (2022) identified PMAs for non-point source pollution (NSP)
management by using the SWAT model in the Daning River watershed.
However, most of the previous studies only assessed a single problem
(risk) to identify PMAs for watershed management, such as water
pollution (Liu et al., 2018; Zhong et al., 2020), soil loss (Bekele et al.,
2022; Liu et al., 2020b), desertification (Abuzaid and Abdelatif, 2022;
Karavitis et al., 2020), hazards (Chen and Li, 2020; Zou et al., 2021), and
vegetation degradation (Sun et al., 2020; Zhumanova et al., 2018). None
of these previous studies identified PMAs through assessing integrated
eco-environmental problems (risks) to support efficient IWM.

Previous studies have focused on a single problem to manage wa-
tersheds. For instance, Zuo et al. (2022) used the SWAT model to
identify PMAs of water pollution and assess the impacts of precipitation
on the identification of PMAs. Guo et al. (2022) reported that PMA
identification of water pollution will help to improve the scientific
configuration of IWM. Wu et al. (2022) integrated the SWAT model and
entropy weight method to identify PMAs, and these areas should be
implemented BMPs to reduce the environmental impact of soil loss. Yu
et al. (2021) reported that PMA identification of soil loss for imple-
menting watershed conservation practices can reduce investment and
disturbance. Sobhani et al. (2017) analyzed different scenarios of
management strategies through assessing the desertification sensitivity
map. Tuerkes et al. (2017) used the analytical hierarchy process model
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to assess desertification vulnerability and risk. Only a few previous
studies have assessed the multiple environmental risks for watershed
management from the perspective of subjective consciousness. Kar-
ageorgis et al. (2005) used the driver-pressure-state-impact-response
(DPSIR) framework to assess environmental pressures and risks
driving climate change and socioeconomic development. Wang et al.
(2006) used an interval fuzzy multi-objective watershed management
model to assess healthy watersheds and solve an IWM problem in the
Lake Qionghai watershed. Water pollution, water supply, forest
coverage, tourism, and soil loss were fully interpreted for optimal
planning of management strategies. Parkes et al. (2010) used the
watershed governance prism method to explore integrated governance
for social-ecological systems, water, and health. Bremer et al. (2021)
investigated the PMAs for groundwater recharge and drinking water
protection in Hawai’i Island.

In addition, some studies focused on the relationships between the
ecological environment in watersheds and socio-economic develop-
ment. Alvarado et al. (2021) reported that the ecological footprint is an
integrated index for assessing environmental problems because it eval-
uates the impact of both climatic change and human activities, and this
study explored the effect of both natural resources rents and economic
complexity on the ecological footprint in Latin America. Khan et al.
(2022) explored the impact of economic expansion, clean energy, and
trilemma energy balance on environmental sustainability. Xie et al.
(2022) explored the impact of the forestry resources obtained from IWM
on socio-economic development. Although the methods of IWM have
been highlighted in several studies, the optimal method should be
explored because of the complexity of watershed management. For
instance, the interpretive structural modeling (ISM), the analytical hi-
erarchy process (AHP) method, the analytical network process (ANP),
the expert scoring method, the coefficient variation method (CVM), and
data envelopment analysis, are used to assess the watershed environ-
mental risk (RazaviToosi and Samani, 2019; Alilou et al., 2019; Ala-
manos et al.,, 2020). A multi-objective optimization algorithm (e.g.,
genetic algorithm, non-dominating sort genetic algorithm, and string
pareto evolutionary algorithm) is applied to the optimization design of
best management practices for efficient watershed management (Liu
et al., 2019). The life cycle assessment method is used to assess the ef-
ficiency of governance measurement systems for IWM (Mostashari-Rad
et al., 2020; Nabavi-Pelesaraei et al., 2017).

Unlike previous studies, this study diagnoses the possible environ-
mental problems in a watershed based on the natural environment and
socio-economic data, and then different environmental risks are quan-
titatively assessed to establish an indicator system including both eco-
environmental risks and socio-economic factors. The weights of both
potential eco-environmental risks and socio-economic factors are
determined to assess the IER of watersheds. The IER is classified into
different levels to identify PMAs for IWM. The novelty of this study is to
develop a framework to quantitatively identify PMAs through assessing
IER for efficient IWM. The framework considers reciprocal feedbacks
between ecosystems and socio-economic systems of watersheds by
coupling the analytical network process with the mean-square deviation
decision method. It is applied in the upper Beiyun River watershed
which has been experiencing both ecological civilization construction
and rapid urbanization. The results provide insights into quantitatively
assessing IER of watersheds and identifying PMAs for efficient IWM.

2. Materials and methods
2.1. Framework development

Eco-environmental risk refers to the combined effect of the proba-
bility and consequence of events or activities induced by natural causes
or human activities, which have adverse effects on the ecological envi-
ronment. The integrated eco-environmental risk assessment (IERA)
framework is developed to quantitatively identify PMAs through
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assessing IER within watersheds. As shown in Fig. 1, the steps of the
framework are as follows. (1) Natural environment and socio-economic
data are collected to diagnose the possible environmental problems
within watersheds. (2) An indicator system including both eco-
environmental risks and socio-economic factors is established. (3) The
weights of both potential eco-environmental risks and socio-economic
factors are determined to assess the IER of watersheds. (4) The IER is
classified into different levels to identify PMAs for IWM. (5) The inte-
grated measure systems could be selected and configured in PMAs. The
framework could also be used to identify PMAs for a single environ-
mental risk (e.g., water pollution), and to support the selection of control
measures for this specific environmental risk.

2.1.1. Step 1. Qualitative analysis of watershed characteristics

The characteristics of different watersheds vary greatly as they are
affected by many factors such as climate, human activities, hydrology,
geology, soil, and vegetation characteristics (Elmes and Price, 2019; Qiu
et al., 2021). Therefore, based on the collected data (e.g., rainfall, soil,
water quality, vegetation, topography, lithology, and land use) of a
watershed, the watershed characteristics must be analyzed to diagnose
the possible eco-environmental risks, such as water pollution, hazards,
desertification, water resources, vegetation degradation, and soil loss. In
addition to these eco-environmental risks, the socio-economic system
should also be considered because there is a strong relationship between
ecosystems and socio-economic systems (Nguyen et al., 2016; White-
head et al., 2018). For instance, regions with high incomes are more
capable of eco-environmental risk control, while rapid population
growth will increase pressure on ecosystems (Lopes et al., 2022;
Mosaffaie et al., 2021).
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2.1.2. Step 2. Establishing eco-environmental risk and socio-economic
indicator system

Based on Step 1, the possible eco-environmental risks and socio-
economic factors of watersheds are selected to establish an indicator
system. The indicator system is listed and explained as follows (Fig. 2).

Water pollution: is one of the major challenges for watershed
management as it has a fundamental impact on water ecosystems and
public health (Ma et al., 2020; Wang et al., 2022). The influence of water
quality is mainly categorized as point source pollution (PSP) and non-
point source pollution (NSP). According to the national pollution
source census manual of China, empirical models (e.g, export coefficient
model) are applied to calculate water pollution (i.e., PSP and NSP) as
shown in Appendix A.

Vegetation degradation: vegetation provides important ecological
services and resources and plays an important role in the ecosystem
(Chen et al., 2020; Isabel et al., 2020; Sun et al., 2020). It is necessary to
assess vegetation quality for vegetation management (e.g., replanting,
thinning, updating, and density control of vegetation). The assessment
method can be found in Appendix A.

Water resource: is regarded as the leading, fundamental, and con-
trolling factor of socio-economy development, and is the key element
linking environmental protection, food production, energy develop-
ment, and safe water supply (Bai et al., 2022; Zuo et al., 2021). Water
yield is crucial since it provides water resources for people and other
natural resources (Li et al., 2021a; Sun et al., 2019). The integrated
valuation of ecosystem services and trade-offs (InVEST) model is applied
to assess water yield as shown in Appendix A.

Soil loss: is a common form of land degradation with many negative
influences, such as degrading soil structure, weakening soil fertility,

Fig. 1. Schematic diagram of integrated eco-environmental risk assessment (IERA) framework for integrated watershed management.
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Fig. 2. Technology roadmap of integrated eco-environmental risk assessment (IERA) framework.

decreasing water availability, silting up rivers and reservoirs, and losing
economy (Bouamrane et al., 2021; Kayet et al., 2018). The Revised
Universal Soil Loss Equation is used to evaluate soil loss, referring to
Appendix A.

Hazards: such as collapses, landslides, floods, and debris flows
damage to water conservancy facilities and construction of traffic ar-
teries, restricting local socio-economic development (Chen and Li, 2020;
Zou et al., 2021). Previous research showed that thousands of hazards
(e.g., collapses, landslides, floods, and debris flows) occur in China every
year, and 9933 people died from hazards from 2001 to 2010 (excluding
approximately 25,000 deaths from the Wenchuan earthquake) (Qiang
et al., 2019). The calculation method is applied to assess hazards, as
shown in Appendix A.

Socio-economic factors: socio-ecological systems of watersheds are
complex and demonstrate reciprocal feedbacks between humans and
nature (Nguyen et al., 2016; Whitehead et al., 2018). Due to the rapid
development of the economy and industry, urbanization, and the rapid
rise of population, the watershed ecosystem has collapsed, leading to
economic, social, and cultural losses. On the contrary, the key envi-
ronmental problem risks are used to assess and identify IER for restoring
healthy watersheds, it will be led to diverse societal benefits (Leslie
et al., 2015; Lopes et al., 2022). Thus, the impacts of socio-economic
systems on watershed ecosystems should be nested in the IERA frame-
work. According to the Pressure-State-Response (PSR) theory, the pos-
itive or negative impacts of socio-economic systems on watershed
ecosystems are considered in the IERA framework (Hazbavi et al., 2020;
Mosaffaie et al., 2021). Taking previous studies (Duan et al., 2021;
Ferguson et al., 2017; Mosaffaie et al., 2021) as references, it is assumed

that gross domestic product (GDP) and tertiary industry have positive
impacts on watershed ecosystems, while population density, secondary
industry, and urbanization rate have negative impacts on watershed
ecosystems.

Additionally, the framework should also consider desertification (or
rocky desertification) in watersheds with severe desertification (or rocky
desertification) as it affects the local ecological environment, forestry
production, agricultural activities, food security, etc. (Abuzaid and
Abdelatif, 2022; Jiang et al., 2014). The desertification risk assessment
decision support tool is used to assess the desertification risk, as shown
in Karavitis et al. (2020). In addition, the evaluation of rocky desertifi-
cation risk refers to ref. Zhang et al. (2021).

2.1.3. Step 3. Integrated eco-environmental risk (IER)

With the outputs from Step 2, the values of both possible eco-
environmental risks and socio-economic factors are standardized
through the max-min standardization method for eliminating the
dimension impact caused by different ranges and units of these values
(Li et al., 2022). The IER is then assessed by the weighted average of
both possible eco-environmental risks and socio-economic factors
within a watershed as shown in Eq. (1).

1=3 R+ b, M
=1 =1

where I represents the IER of watersheds, q; is the weight of the i-th
kind of eco-environmental risk, R; is the i-th risk, b; is the weight of the
j-th socio-economic factor, S; is the j-th socio-economic indicator, and &
represents the positive or negative feedbacks between the socio-
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economic factors and the watershed ecosystems.

The weights of the eco-environmental risks and the socio-economic
factors are determined by coupling the analytical network process
(ANP) method with the mean-square deviation decision (MDD) method.
The ANP method is based on multi-criteria decision-making (MCDM)
theory, and it can be used to determine the weights of dependent in-
dicators. Previous studies have shown that the method considers re-
lationships among indicators of both socio-economic factors and eco-
environmental risks in a more appropriate manner than other MCDM
methods (e.g., the analytical hierarchy process (AHP) method, expert
scoring method, coefficient variation method (CVM), and data envel-
opment analysis (DEA)) (Azareh et al., 2019; Sajedi-Hosseini et al.,
2018). Details of the principles and computation steps of the ANP
method are presented in Alilou et al. (2018) and Saaty (1996).

In the ANP method, a supermatrix of pairwise comparisons among
indicators, which is used to calculate the relative weights of indicators,
is generated by the expert scoring method (RazaviToosi and Samani,
2019). To avoid subjective error resulting from the expert scoring
method, the MDD method can be used to replace the expert scoring
method for building the supermatrix of pairwise comparisons to calcu-
late the weights of indicators. The computation formulas and steps of the
MDD can be found in Li et al. (2021b). In this study, the weights of the
eco-environmental risks and socio-economic factors are determined for
obtaining IER by using the MDD-ANP method.

2.1.4. Step 4. Identifying priority management areas (PMAs)

On the basis of Step 3, the obtained IER could be classified into five
levels to identify PMAs of watersheds using the cumulative risk curve
method. Details of the cumulative risk curve method are presented in Li
et al. (2022).

2.1.5. Step 5. Integrated watershed management (IWM)

With the outputs from Step 4, management measures, such as soil
erosion control, water purification, peak flow reduction, and disaster
prevention practices, could be selected and configured in PMAs to
reduce eco-environmental risks.

Ecological Indicators 146 (2023) 109919
2.2. Case study

The IERA framework is applied in the upper Beiyun River watershed
which has been experiencing both ecological civilization construction
and rapid urbanization in the past four decades. The watershed is
located in northwest Beijing, China, and its area is approximately 1130
km? (Fig. 3). The Dongsha River, Beisha River, and Nansha River are the
three tributaries of the watershed. It is located in a warm temperate
monsoon climate zone with cold and dry winter, hot and rainy summer,
and four distinct seasons. The average annual rainfall ranges from 463 to
598 mm, and the annual average temperature ranges from 10 to 12 °C
(Li et al., 2022).

3. Results
3.1. Qualitative analysis of watershed characteristics

The dataset of the upper Beiyun River watershed is collected and
presented in Fig. B1 and Tables C1, 2. According to observed water
quality data from 2018 to 2019 (Table C2), the total nitrogen (TN) and
total phosphorus (TP) concentrations ranged from 1.72 mg-L’1 to 16.03
mg-L ! and 0.06 mg-L! to 5.51 mg-L, respectively. This indicated that
the water was contaminated to varying levels, and the spatial distribu-
tion characteristics of water pollution risk should be investigated to
improve water quality. The domestic waste disposal rate has reached
99.99 % based on the Beijing Statistical Yearbook, and there are no
factories that may be a source of point source pollution(PSP) in the
upper Beiyun River watershed. Therefore, the spatial distribution of
non-point source pollution (NSP) is assessed to control water pollution
in this watershed. The vegetation of the watershed has changed signif-
icantly because of urbanization and the implementation of policies (e.g.,
Ecological Civilization Construction, Grain for Green Program) in the
past four decades (Li et al., 2022). Therefore, it is also necessary to
evaluate vegetation quality. Rainfall is the most significant source of
water recharge in the watershed, and the average annual rainfall
changed from 463 mm to 598 mm from 1980 to 2020. Water yield
should be evaluated to manage water resources. Moreover, approxi-
mately 80 % of the rainfall occurred between June and August, and the
slope of the watershed is large and ranges from 0° to 87°. Therefore, soil

Fig. 3. Location of the upper Beiyun River watershed.
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loss may occur in the watershed. Based on the hazard datasets provided
by the Beijing Changping District Water Authority, hazards (i.e., debris
flows, floods, collapses, and landslides) occurred occasionally in the
watershed (Fig. B1). Meanwhile, tertiary industry (TI), population
density (PD), secondary industry (SI), and gross domestic product (GDP)
of the watershed are selected to quantitatively represent the socio-
economic system.

3.2. Assessing eco-environmental risks and socio-economic factors

3.2.1. Non-point source pollution

The spatial distribution characteristics of non-point source pollution
(NSP) in the upper Beiyun River watershed of 2019 are shown in Fig. 4.
Generally, the high-value zones of both TN and TP, which are zones
giving the maximum potential contribution to water pollution, are
distributed in the southeastern plain zones. This is appropriate because
most of these zones are densely populated or cultivated and may
generate amounts of pollution. As shown in Fig. 4a, b, the highest values
of TN and TP are estimated as 37.29 kg-pixel *-yr~! (pixel size = 30 m
x 30 m) and 1.88 kg-pixel 1.yr?, respectively. On the other hand, the
low-value zones of both TN and TP, which are zones exerting the min-
imum potential contribution to water pollution, are mostly located in
the northwestern mountainous zones. The land-use types in these zones
are mainly forest and pasture lands characterized by low anthropogenic
modification and low pollution potential.

3.2.2. Vegetation degradation

Fig. 5a illustrates the spatial distribution characteristics of the
vegetation ecological quality (VEQ) risk in the watershed. The high-
value areas of VEQ risk, where vegetation management (e.g., replant-
ing, thinning, updating, and density control of vegetation) should be
implemented to improve the vegetation quality, are distributed in the
southeastern plain areas. This is because most of these regions are urban
land, cultivated land, and rural residential land, which are characterized
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by high population density and frequent human activities. It implies that
the vegetation of these areas needs to be controlled for improving the
ecological function of vegetation. In contrast, the low-value areas of
VEQ risk are located in the northwestern mountainous areas with green
spaces. It is worth noting that there are several sporadic high values in
the northwest mountainous areas, which may be caused by the
abnormal values from the MYD17A3HGF product dataset.

3.2.3. Water yield

The spatial distribution characteristics of water yield in the upper
Beiyun River watershed are shown in Fig. 5b. The low-value regions of
water yield are located in the northwestern mountainous areas. It is
reasonable because most of these zones are forests, pasture, and orchard
lands which are characterized by high rates of both evapotranspiration
and soil infiltration. On the contrary, the high-value regions of water
yield are distributed in the southeastern plain areas with built-up land (i.
e., industrial land, rural residential land, and urban land). This is
appropriate because the impervious surface leads to the reduction of
evapotranspiration and the increase of surface runoff. It indicates that
water yield will increase due to the increase in built-up land under the
same rainfall conditions. As shown in Fig. 5b, the water yield is rela-
tively low, and changes from 262.29 mm-pixel ! to 566.86 mm-pixel ..
It is fundamentally related to rainfall since rainfall is the most significant
source of water recharge in the upper Beiyun River watershed.

3.2.4. Soil loss

According to the classification standard of soil erosion (SL190-2007)
of China, the soil loss of the watershed is mainly dominated by negligible
class with a mean of 10.87 t-km 2yr~!, and 69.81 % of the watershed
area is in the negligible class of soil loss (Table 1). Fig. 5c presents the
spatial distribution characteristics of soil loss. The high-value areas of
soil loss are mostly distributed in the northwestern mountainous areas
with large slopes and relatively low vegetation coverage. In contrast, the
soil loss rates are low in the southeastern plain areas where the main

Fig. 4. Spatial distributions of both total nitrogen (TN) and total phosphorus (TP) of non-point source pollution (NSP) in the upper Beiyun River watershed. (a) TN

release from NSP, (b) TP release from NSP.
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Fig. 5. Vegetation ecological quality (a), water yield (b), and soil loss (c) of the upper Beiyun River watershed in 2019.

Table 1
Soil loss rate of the upper Beiyun River watershed in 2019.

Class (tkm~2yr~!)  Intensity class Mean (tkm~2.yr!)  Percent area (%)

0-200 Negligible 10.87 69.81
200-2500 Low 1148.35 6.49
2500-5000 Medium 3821.47 10.01
5000-8000 High 6303.93 9.13
>8000 Extremely high 11229.62 4.56
Total 1552.35 100

land-use types are built-up lands. This is reasonable because the terrain
of these regions is flat and the area percentage of impervious surfaces in
these regions is larger than that in the northwestern mountainous areas.

3.2.5. Hazards

The spatial distribution characteristics of hazard risks (i.e., floods,
debris flows, collapses, and landslides) in the watershed are presented in
Fig. 6. The high values of flood risks are located in the southeastern plain
areas (e.g., Changping, Huilongguan, Shigezhuang, Yongfeng) with
built-up land (Fig. 6a). Impervious surface leads to the reduction of
evapotranspiration and the increase of surface runoff, thereby the pos-
sibility of flooding increases. However, the high-value areas of the other
types of hazards (i.e., debris flows, collapses, and landslides) are located
in the northwestern mountainous areas. It is fundamentally related to
the spatial distributions of slope (Fig. B1.c) and lithology (Fig. B1.f). In
addition, with the soft rocky masses and main faults in these regions,
intense tectonic activity and many loose deposits promote the occur-
rence of hazards. It could be inferred that the three hazards (i.e., debris
flows, collapses, and landslides) occur frequently in the northwestern
mountainous areas with slopes between 25° and 87° based on the spatial
distributions of slope (Fig. Bl.c). On the contrary, the low-value areas
for debris flows, collapses, and landslides (excluding flood risks) are
mostly distributed in the southeastern areas which are characterized by
gentle slopes (0°- 6°), a large share of impervious surfaces, and no faults.
As demonstrated in Fig. 6b-d, the spatial distribution characteristics of
debris flows, collapses, and landslides are quite similar, but with rela-
tively minor differences. For instance, the medium-risk areas of both
collapses and debris flows are located in the southwestern mountainous
regions of the watershed, whereas most of these areas are under the
high-risk class of landslides (Fig. 6d).

3.2.6. Socio-economic factors

The spatial distribution characteristics of the socio-economic factors
in the upper Beiyun River watershed are shown in Fig. 7. The high-value
areas of the four indicators of the socio-economic system (i.e., PD, GDP,
TI, and SI) are all located in the southeastern plain areas, which are the
core zones for human habitation with a large population and economy.
As shown in Fig. 7a, b, the spatial distribution characteristics of PD are
consistent with those of GDP. The values of PD change from 0.02 per-
son~pixel_1 to12.19 person~pixe1_1 (Fig. 7a), and the total population of
Changping town is the largest (317 584 person). The values of GDP
range from 900 RMB-pixel ! to 605 400 RMB-pixel ! (Fig. 7b), and the
GDP value of Changping town is the largest (1 577.41 million RMB). On
the other hand, the spatial distribution characteristics of TI are consis-
tent with those of SI (Fig. 7c, d). The extremely high values of both TI
and SI are located in the southeastern plain areas, such as Wenquan,
Shangzhuang, and Sujiatuo town. The values of TI and SI in the water-
shed change from 0.06 million RMB-pixel ! to 2.51 million RMB-pixel !
and from 0.23 million RMB.pixel ! to 2.83 million RMB-pixel !,
respectively.

3.3. Assessing IER

Fig. 8a presents the weights of both socio-economic factors and eco-
environmental risks. The weights of total nitrogen, total phosphorus,
vegetation ecological quality, soil loss, population density, water yield,
collapses, debris flows, landslides, floods, secondary industry, tertiary
industry, and gross domestic product are 0.1453, 0.1453, 0.1360,
0.1346, 0.1210, 0.0911, 0.0526, 0.0502, 0.0334, 0.0278, 0.0232,
0.0222, and 0.0173, respectively. The weight of water pollution is larger
(0.2906) than the other indicators, i.e., socio-economic indicator
(0.1837), hazards (i.e., debris flows, collapses, floods, and landslides)
(0.1640), vegetation ecological quality (0.1360), soil loss (0.1346), and
water resource (0.0911). This indicates that water pollution control is
crucial for managing the watershed ecosystem, and the socio-economic
systems have a significant impact on the IER in the watershed and
determine the economic capacity for IWM.

The spatial distribution characteristics of IER in the upper Beiyun
River watershed are shown in Fig. 8b. Generally, the high-value zones of
IER are mainly located in southeastern areas because most of these re-
gions are urban land, cultivated land, and rural residential land which
are characterized by high risks of both pollution and vegetation degra-
dation. Surprisingly, the extremely high-value zones (0.53-0.67) of IER
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Fig. 6. Hazard risks in the upper Beiyun River watershed. (a) flood, (b) debris flow, (c) collapse, and (d) landslide.

are mostly distributed in Changping town with the highest risks of water
pollution caused by the largest population density. On the contrary, the
extremely low-value zones of IER are mainly located in the northern
areas (e.g., Dazhuangke, Jingjiazhuang, Badaling, Yanchi, and Miao-
fengshan) because most of these regions are green spaces that are
characterized by low population density, anthropogenic modification,
and pollution risk. It is worth noting that the low-value zones of IER are
mainly located in the northwestern mountainous areas, which are under
the extremely high-risk class of debris flows, collapses, and landslides.

3.4. Identifying PMAs

The spatial distribution characteristics of the PMAs of the watershed
are presented in Fig. 9a. Generally, the PMAs are centrally distributed in
southeastern areas which are characterized by high risks of water
pollution, vegetation degradation, and flood. It should be noted that
most of the PMAs appear in Changping town, which is located in the
southeastern plain areas of the watershed. It is reasonable that the land-
use types in the PMAs are built-up lands with high risks of both water
pollution and vegetation degradation caused by the largest population
density (12.19 person-pixel 1). It is important to highlight that although
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Fig. 7. Spatial distributions of socio-economic factors in 2019. (a) population density (PD), (b) gross domestic product (GDP), (c) tertiary industry (TI), and (d)

secondary industry (SI).

the water resources scarcity (Fig. 5b), soil loss risk (Fig. 5¢), debris flows
(Fig. 6b), collapses (Fig. 6¢), and landslides (Fig. 6d) in the northwestern
mountainous areas of the watershed are higher than that in the south-
eastern plain areas, the PMAs are centrally distributed in southeastern
areas because of the total weight of water pollution, vegetation
ecological quality, and flood risks is higher (0.4544) than the total
weight (0.3619) of the other eco-environmental risks. This implies that
it is necessary to take into account the relative weights of risk indicators,
as the weights of indicators also have a significant effect on the results of
IER and thus the identification of PMAs. As shown in Fig. Ob, the average
area percentages of PMAs (i.e., extremely high-risk), high-risk, medium-

risk, low-risk, and extremely low-risk zones are 6.46 % (72.91 km?),
13.28 % (149.85 km?), 18.64 % (210.43 km?), 21.95 % (247.74 km?),
and 39.67 % (447.69 kmz), respectively.

Overall, watersheds are considered as the most effective units to
support regional sustainable development. Many watersheds are
degrading or have the potential to become impaired because of climate
change and human activities. To restore degraded ecological functions
of watersheds, IWM is increasingly adopted in many regions around the
world. PMAs should be identified by considering as many eco-
environment problems as possible or assessing integrated to improve
the efficiency of IWM. However, most of the previous studies only
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Fig. 8. (a) Weights of indicators and (b) spatial distributions of integrated eco-environmental risk in the upper Beiyun River watershed. TP, total phosphorus; TN,
total nitrogen; VEQ, vegetation ecological quality; SL, soil loss; PD, population density; WY, water yield; CO, collapse; DF, debris flow; LA, landslide; LF: flood; SI,

secondary industry; TI, tertiary industry; GDP, gross domestic product.

Fig. 9. (a) Identification of priority management areas (PMAs) in the upper Beiyun River watershed and (b) area percentage of PMAs.

assessed a single problem (risk) to identify PMAs for watershed man-
agement. None of these previous studies identified PMAs through
assessing integrated eco-environmental problems (risks) to support
efficient IWM. In addition, this study considers reciprocal feedbacks
between ecosystems and socio-economic systems of watersheds by
coupling the analytical network process with the mean-square deviation
decision method. The novelty of this study is to develop a framework to
quantitatively identify PMAs through assessing IER for efficient IWM

10

through a case study in the upper Beiyun River watershed, China.

In this case study, there are five noticeable environmental problems,
including water pollution, water resources scarcity, soil loss, hazards,
and vegetation degradation based on the natural environment and socio-
economic data of the upper Beiyun River watershed. The water pollution
was contaminated to varying levels using the export coefficient model,
and the regions of the southeastern plain areas should be implemented
to improve the vegetation quality since these regions have been
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experiencing rapid urbanization. The water yield is relatively low using
the InVEST model, and changes from 262.29 rnm-pixel_1 to 566.86
mm-pixel L. It is fundamentally related to rainfall since rainfall is the
most significant source of water recharge in the upper Beiyun River
watershed. According to the classification standard of soil erosion
(SL190-2007) of China, the soil loss of the watershed is mainly domi-
nated by negligible class with a mean of 10.87 t-km~2.yr™". For hazards,
the high-value areas of the debris flows, collapses, and landslides are
located in the northwestern mountainous areas. Through the analytical
network process with the mean-square deviation decision method, the
weight of water pollution for the IER is the largest (0.2906), indicating
that water pollution control is crucial for IWM in the upper Beiyun River
watershed. The weight of socio-economic systems is 0.1837, suggesting
that the socio-economic systems have a significant impact on the IER
and determine the economic capacity for IWM. The PMAs, which are
identified as zones with extremely high IER values, account for 6.46 %
(72.91 km?) of the watershed. They are centrally distributed in the
southeastern areas with high risks of both water pollution and vegeta-
tion degradation caused by large population density. In this case study,
our results may provide a scientific reference for efficient watershed
management through identifying PMAs. The best management practices
should be selected and configured to reduce eco-environmental risks for
restoring watershed ecosystem service functions in the upper Beiyun
River watershed. The framework provides insights into quantitatively
assessing IER of watersheds and identifying PMAs for efficient IWM.
With flexible structure, the framework has the potential to be applicable
in various watersheds to identify PMAs through assessing IER for effi-
cient IWM.

4. Discussion
4.1. Advantages of the IERA framework

The framework was developed to identify PMAs through assessing
integrated eco-environmental problems for IWM. Compared with pre-
vious studies in the IWNM (Akhbari and Grigg, 2014; Lee and Chung,
2007; Lopes et al., 2022; Wang et al., 2006), the framework compre-
hensively identified possible environmental problems such as water
pollution (i.e., PSP and NSP), soil loss, desertification, rocky desertifi-
cation, hazards (e.g., collapses, landslides, floods, and debris flows), and
vegetation degeneration to assess IER of watersheds. Therefore, the
framework can be more widely used for IWM than previous methods
(Baloch and Tanik, 2008; Biswas et al., 2012; Karageorgis et al., 2005).
Theoretically, the framework is applicable to various watersheds, which
have different natural environments and socio-economic characteristics.
In addition, the framework can also be used to identify PMAs for a single
environmental risk (e.g., water pollution, soil loss, hazards, or vegeta-
tion degradation), and to support the selection of control measures for
this specific environmental risk.

The socio-economic system and the watershed ecosystem are insep-
arably linked in a symbiotic relationship (Whitehead et al., 2018). For
instance, Berger et al. (2021) reported that socio-economic factors have
a significant impact on water quality and quantity. Leslie et al. (2015)
found that a healthy watershed ecosystem can increase the income and
well-being of people. In previous studies, the impacts of socio-economic
systems on land management (Brymer et al., 2016), ecological service
value (Chen et al., 2021), watershed health (Parkes et al., 2010), water
resource management (Akhbari and Grigg, 2015; Almaarofi et al.,
2017), and flood management (Ahmadisharaf et al., 2016) have been
extensively investigated. However, the impacts of socio-economic sys-
tems on IER of watersheds are still lacking. In this study, the positive or
negative feedbacks between watershed socio-economic systems and
ecosystems were nested in the IERA framework. As shown in Fig. 8, the
results of this study demonstrated that the socio-economic system
affected the IER of the upper Beiyun River watershed and eco-
environmental risks. This result was consistent with the findings of
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previous studies (Lopes et al., 2022; RazaviToosi and Samani, 2019).

Previous studies have shown that it is vital to precisely determine the
weights of indicators as the values of indicator weights will affect the
output results of the investigation (Azareh et al., 2019). As shown in
Fig. 9, the weights of indicators had a significant effect on the assess-
ment result of IER, and thus they could also impact the identification of
PMAs for INM. Therefore, it is critical to select a proper methodology for
calculating the weights of indicators. In this study, to ensure that in-
teractions of indicators were correctly expressed in the assessment of
IER, a robust technique (i.e., ANP) was used to describe the interde-
pendency among indicators of both socio-economic factors and eco-
environmental risks. Previous studies have shown that the ANP
method considers the relationship among indicators in a more appro-
priate manner than other MCDM methods (e.g., DEA, AHP, and CVM)
(Azareh et al., 2019; Sajedi-Hosseini et al., 2018). Moreover, successful
applications of the ANP method have been confirmed by (Alilou et al.,
2018; Alilou et al., 2019). In the ANP method, a supermatrix of pairwise
comparisons among indicators, which is used to calculate the relative
weights of indicators, is generated by expert scoring. However, un-
certainties and subjective errors are always associated with the expert
scoring method (Kanani-Sadat et al., 2019). In this study, the MDD
method was used to replace the expert scoring method and avoid sub-
jective errors and uncertainties. We apply a couplet method in order to
avoid subjective errors and uncertainties and provide more information
of the advantage of this approach in the outcomes of research and in the
establishment of PMAs.

4.2. Limitations

Although the IERA framework has several advantages as discussed in
Section 4.1, there are also some limitations need to be improved. The
framework for quantitative assessment of IER requires considerable
computational power and time, and it requires the collection of massive
datasets. In this study, the eco-environmental risks of the watershed
were assessed based on a relatively simple method. For instance, the
export coefficient model, which is recognized as an empirical model,
was applied to assess the NSP risk. Although the export coefficient model
has been widely applied to evaluate NSP, the evaluated pollutant con-
centrations may not match the actual pollutant concentrations (Wang
et al., 2020; Zhang et al., 2020). These empirical models may not be
capable of investigating the intrinsic mechanism of migration and
transformation of pollutants (Li et al., 2022; Shen et al., 2015). In future
studies, mechanistic models (e.g., AnnAGNPS model, SWMM model, and
SWAT model) can be used for the assessment of NSP. In addition, the net
primary productivity (NPP) values were extracted from the
MYD17A3HGF product dataset to assess the vegetation ecological
quality. As shown in Fig. 5a, there were several sporadic high values in
the northwest mountainous areas, which may have been caused by the
abnormal values of the MYD17A3HGF product dataset. For future
studies, the NPP can be calculated by using the Carnegie-Ames-Stanford
Approach (CASA) model to improve the accuracy of assessing vegetation
ecological quality (Cheng et al., 2020).

To ensure the generality and performance of the framework, the
upper Beiyun River watershed, which has been experiencing both
ecological civilization construction and rapid urbanization, was taken as
an example for identifying PMAs by assessing IER. According to the
characteristics of the watershed, it may be affected by water pollution,
soil loss, hazards, and vegetation degradation. Other kinds of eco-
environmental risks (e.g., desertification, rocky desertification) are not
assessed because these risks may not occur in the watershed. More
watersheds, where various eco-environmental risks (e.g., desertifica-
tion, rocky desertification, hazards, soil loss, water pollution, and
vegetation degradation) may occur, could be selected to demonstrate
the applicability of this framework in the future. Furthermore, due to the
lack of alternatives, we adopted a simplified and generalized derivation
of social fitness as reciprocal feedbacks between socio-economic systems
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and watershed ecosystems. Despite such limitations, the framework is
capable of identifying PMAs through assessing IER for efficient IWM.

4.3. Future work

The limitations of the study presented in Section 4.2 need to be
further improved, for example, various watersheds could be selected to
demonstrate the applicability of this framework. More importantly,
given the advantages of the framework, an interactive user platform
could be developed to improve its generalizability and applicability for
efficient IWM in the future. The platform may consist of input, output,
and decision interfaces, and it could be developed using advanced
technologies such as big data, virtual reality, and artificial intelligence
to provide powerful functions. For example, big data technology not
only plays an important role in data acquisition, storage, and analytics
but also provides data for the IERA framework (Li et al., 2018). Virtual
reality is applied to create a digital watershed that can be virtually
handled and visualized in the configuration of IWM measures. In terms
of functions, the platform can be used to select optimized measures for
adapting to future climate change (Wang et al., 2016b). In the platform,
users are able to adjust their management strategies to more effectively
meet existing and new governance issues by evaluating the efficiency of
IWM measurement systems. More importantly, the platform can
recommend and select the best management strategies for efficient IWM
to achieve the goal of sustainable development.

5. Conclusion

This study developed a novel framework to quantitatively identify
priority management areas (PMAs) for efficient integrated watershed
management (IWM) through assessing integrated eco-environmental
risk (IER) of watersheds. This framework was applied and tested in
the upper Beiyun River watershed of Beijing, China. The results showed
that there are five noticeable environmental problems (i.e., water
pollution, water resources, soil loss, hazards, and vegetation degrada-
tion) in this watershed. The high-risk regions of both water pollution and
vegetation degradation are located in the southeastern plain areas,
which are covered by urban land, cultivated land, and rural residential
land. The water yield changes from 262.29 mm-pixel ! to 566.86
mm-pixel "}, and the soil loss is mainly dominated by negligible class
with a mean of 10.87 (t-km’2~yr’1). Debris flows, collapses, and land-
slides occur frequently in the northwestern mountainous areas with
large slopes between 25° and 87°, while the high-risk regions of floods
are distributed in the southeastern plain areas. The weight of water
pollution for the IER is the largest (0.2906), followed by the weights of
socio-economic indicator (0.1837), hazards (0.1640), vegetation
degradation (0.1360), soil loss (0.1346), and water resources (0.0911),
indicating that water pollution control is crucial for IWM in the water-
shed. It also implies that the socio-economic systems have a significant
impact on the IER and determine the economic capacity for IWM. The
PMAs, which are identified as zones with extremely high IER values,
account for 6.46 % (72.91 kmz) of the watershed. They are centrally
distributed in the southeastern areas with high risks of both water
pollution and vegetation degradation caused by large population den-
sity. With flexible structure, the framework has the potential to be
applicable in various watersheds to identify PMAs through assessing IER
for efficient IWM.

The eco-environmental risks of the watershed were assessed based on
a relatively simple method because the framework for quantitative
assessment of IER requires considerable computational power and time,
and it requires the collection of massive datasets. We should collect
massive data using big data technology, and choose an optimal and
accurate assessment method to assess various environmental risks and
identify PMAs for IWM. In addition, to ensure the generality and per-
formance of the framework, more watersheds, where various eco-
environmental risks (e.g., desertification and rocky desertification)
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may occur, could be selected to demonstrate the applicability of the
framework in the future. The management strategies, which are
designed based on PMAs with historical data, may not have the adaptive
capacity to adequately address climate change. IWM will need to
consider the influence of climate change to ensure that watersheds
continue to serve their ecological functions. Importantly, the framework
can also be used to identify PMAs for a single environmental risk (e.g.,
water pollution, soil loss, hazards, or vegetation degradation), and to
support the selection of control measures for this specific environmental
risk.

PMA identification is only the first step in this study, the best man-
agement practices should be selected and configured to reduce eco-
environmental risks for restoring watershed ecosystem service func-
tions in the next step. More importantly, the optimization design of best
management practices using a multi-objective optimization algorithm
(e.g., genetic algorithm, non-dominating sort genetic algorithm, string
pareto evolutionary algorithm, and multi-objective shuffled frog leaping
algorithm) are essential for efficient watershed management in the
future.

Secondly, based on the optimization design of best management
practices, the efficiency of governance measure systems for IWM is
assessed through the life cycle assessment method to adjust their man-
agement strategies to more effectively meet existing and new gover-
nance issues. Lastly, developing the best management strategies to
achieve the goals of sustainability in relation to land and water resource
use, the ecosystem of watersheds, the ecological economy, and human
health and well-being.

Thirdly, an interactive user platform could be developed to improve
its generalizability and applicability for efficient IWM in the future. The
platform could be developed using advanced technologies (e.g., big
data, virtual reality, and artificial intelligence) to provide powerful
functions. The platform can recommend and select the best management
strategies for efficient IWM to achieve the goal of sustainable
development.
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