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Abstract
Water risk early warning systems based on the water environmental carrying ca-
pacity (WECC) are powerful and effective tools to guarantee the sustainability
of rivers. Existing work on the early warning of WECC has mainly concerned
the comprehensive evaluation of the status quo and lacked a quantitative pre-
judgement and warning of future overload. In addition, existing quantitative
methods for short-term early warning have rarely focused on the integrated
change trends of the early warning indicators. Given the periodicity of the so-
cioeconomic system, however, the water environmental system also follows a
trend of cyclical fluctuations. Thus, it is meaningful to monitor and use this
periodicity for the early warning of the WECC. In this study, we first adopted
and improved the prosperity index method to develop an integrated water risk
early warning framework. We also constructed a forecast model to qualitatively
and quantitatively prejudge and warn about the development trends of the wa-
ter environmental system. We selected the North Canal Basin (an essential
connection among the Beijing- Tianjin-Hebei region) in China as a case study
and predicted the WECC in 25 water environmental management units of the
basin in 2018–2023. We found that the analysis of the prosperity index was
helpful in predicting the WECC, to some extent. The result demonstrated that
the early warning system provided reliable prediction (root mean square error
of 0.0651 and mean absolute error of 0.1418), and the calculation results of
the comprehensive early warning index (CEWI) conformed to the actual situ-
ation and related research in the river basin. From 2008 to 2023, the WECC
of most water environmental management units in the basin had improved but
with some spatial differences: the CEWI was generally poor in areas with many
human disturbances, while it was relatively good in the upstream regions with
higher forest and grass covers as well as in the downstream areas with larger wa-
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ter volume. Finally, through a sensitivity analysis of the indicators, we proposed
specific management measures for the sustainability of the water environmen-
tal system in the North Canal Basin. Overall, the integrated water risk early
warning framework could provide an appropriate method for the water environ-
mental administration department to predict the WECC of the basin in the
future. This framework could also assist in implementing corresponding man-
agement measures in advance, especially for the performance evaluation and the
arrangement of key short-term tasks in the River Chief System in China.
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Abstract: Water risk early warning systems based on the water environmen-
tal carrying capacity (WECC) are powerful and effective tools for guaranteeing
river sustainability. Existing research on WECC early warning has primarily
focused on comprehensive evaluation of the current status, lacking quantitative
pre-judgment and warning of future overload conditions. Furthermore, existing
quantitative methods for short-term early warning have rarely addressed the
integrated change trends of early warning indicators. However, given the peri-
odicity of socioeconomic systems, the water environmental system also follows
cyclical fluctuation patterns. Thus, monitoring and utilizing this periodicity
for WECC early warning is meaningful. In this study, we adopted and im-
proved the prosperity index method to develop an integrated water risk early
warning framework. We also constructed a forecast model to qualitatively and
quantitatively pre-judge and warn about development trends in the water envi-
ronmental system. We selected the North Canal Basin—a critical connection in
the Beijing-Tianjin-Hebei region—as a case study and predicted WECC for 25
water environmental management units in the basin from 2018–2023. Our anal-
ysis demonstrated that the prosperity index was helpful for predicting WECC
to some extent. The early warning system provided reliable predictions (root
mean square error of 0.0651 and mean absolute error of 0.1418), and the compre-
hensive early warning index (CEWI) calculations aligned with actual conditions
and related research in the basin. From 2008–2023, WECC improved in most
water environmental management units, though with spatial differences: CEWI
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was generally poor in areas with significant human disturbance, while relatively
good in upstream regions with higher forest and grass coverage and in down-
stream areas with larger water volumes.

Finally, through sensitivity analysis of indicators, we proposed specific man-
agement measures for sustaining the water environmental system in the North
Canal Basin. Overall, the integrated water risk early warning framework pro-
vides an appropriate method for water environmental administration depart-
ments to predict future WECC in basins. This framework can also assist in
implementing management measures in advance, particularly for performance
evaluation and arrangement of key short-term tasks in China’s River Chief
System.
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1 Introduction
Rapid socioeconomic development has caused a series of water environmental
issues. Increased water demand has led to river depletion, while pollutant dis-
charge has caused water quality deterioration, particularly in semi-arid areas
lacking abundant water resources [?, ?]. Environmental degradation has also re-
stricted regional sustainable development [?, ?]. Sustainable water management
represents a significant solution to this risk [?, ?], and water environmental car-
rying capacity (WECC) serves as an effective indicator for evaluating regional
sustainability [?, ?]. In China, as water environmental management has shifted
from end-of-pipe treatment after pollution discharge to forward-looking envi-
ronmental prevention, numerous policy documents have proposed establishing
monitoring and early warning mechanisms for resources and environmental car-
rying capacity. Since 2016, Chinese government ministries have established
monitoring and early warning mechanisms for WECC and issued technical guid-
ance documents (e.g., Monitoring and Early Warning Techniques of Resources
and Environment Carrying Capacity and National Water Resources Carrying
Capacity Monitoring and Early Warning Technology Outline). However, these
efforts have primarily focused on comprehensive evaluation of the status quo,
lacking quantitative pre-judgment and warning of future overloaded states.

Early warning was first applied in macroeconomics, originating from the the-
oretical hypothesis of economic cycles proposed by British economists in 1875
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[?, ?]. The concept of a global environmental monitoring system called “early
warning”was later introduced to the environmental field [?, ?]. Nevertheless,
most related studies have concentrated on flood forecasting [?, ?], early warning
of water shortage and water resource carrying status [?, ?, ?], and prediction of
water quality and pollutants [?, ?, ?, ?], with very few addressing comprehensive
early warning of water environmental system risk.

Although WECC lacks a uniform definition, it is a broad concept related to wa-
ter’s environmental properties that focuses on interaction mechanisms in human
(socioeconomic)–water environmental systems [?, ?]. The essence of WECC is
to seek balance between the water environmental system and socioeconomic
development. Water environmental system risk represents the uncertainty of
overload caused by imbalance between these systems. Thus, WECC can quanti-
tatively measure risk to the water environmental system by evaluating overload
situations [?, ?]. Early warning of water risk based on WECC is therefore a pow-
erful and practical tool for guaranteeing river sustainability and can provide a
quantitative basis for watershed management [?, ?].

Unlike long-term early warning (three to five years) that supports long-term
planning, short-term early warning (one to two years) is mainly used for as-
sessing and predicting water environmental situations in the next year’s wa-
tershed management. However, existing quantitative methods and models for
short-term early warning of water environmental systems are based primarily
on future trend prediction of single, independent indicators and have rarely
focused on integrated change trends. These methods include variable fuzzy pat-
tern recognition (VFPR) [?, ?], autoregressive moving average model (ARMA)
[?, ?], multiple linear regression model (MLRM) [?, ?], gray forecast model
(GM) [?, ?], and artificial neural networks (ANNs) [?, ?, ?, ?, ?]. In reality,
however, socioeconomic system changes are cyclical and affected by temporal
patterns (e.g., monthly, quarterly, and annual changes). As a comprehensive
concept influenced by socioeconomic development and environmental endow-
ment, WECC indicators should also exhibit cyclicality due to socioeconomic
fluctuations. Thus, learning from economic early warning concepts and ana-
lyzing the periodicity of economic activities’environmental impact on WECC
would provide valuable references for future socioeconomic decision-making and
environmental management.

According to Mitchell and Burns’[?, ?] “measuring business cycles,”this eco-
nomic cycle change is also called the “boom–bust cycle,”referring to regular
expansion and contraction experienced by economic activities following a gen-
eral development trend. Prosperity index (boom or climate index) analysis is
commonly used in economic early warning to measure economic cycle variation
status and trends through fluctuations caused by economic activities [?, ?]. It
evaluates whether the economy is booming or in recession, as exemplified by the
Babson barometer of economic activity and Business Climate Index. Building
on Mitchell and Burns [?, ?], Moore [?, ?] selected 21 representative indicators
(leading, coincident, and lagging categories from nearly a thousand economic in-
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dicators) to develop the diffusion index (DI) and later collaborated with Shiskin
to compile the composite index (CI) [?, ?]. The CI effectively overcomes DI
deficiencies by predicting business cycle turning points and indicating fluctua-
tion intensity. Prosperity index analysis can qualitatively judge future trends
through fluctuation analysis.

This study identified correlations between socioeconomic indicators and WECC
to improve the prosperity index analysis method and establish an integrated
water risk early warning framework based on WECC. We constructed a compre-
hensive early warning index (CEWI) and its forecast model by simultaneously
considering periodic trends of pressure and support indicators to qualitatively
and quantitatively pre-judge and warn about water environmental system de-
velopment trends.

The Beijing-Tianjin-Hebei region is a crucial transition zone between semi-arid
and semi-humid areas in China. The North Canal Basin serves as an essen-
tial connection among this region. The North Canal is a typical water-short
river, with 70% of its water coming from reclaimed sources. Inadequate self-
purification capacity causes severe water pollution and degradation of river eco-
logical functions, endangering resident health [?, ?]. We selected the North
Canal Basin as our case study to verify the integrated water risk early warning
framework’s feasibility and propose suggestions for water environmental system
sustainability. This framework can also provide a scientific method for perfor-
mance evaluation and key task arrangement in China’s River Chief System,
where local government chief officers serve as regional river chiefs responsible
for water resources management [?, ?].

2 Study Area
The North Canal (Beiyun River) originates in Beijing and runs through the
Beijing-Tianjin-Hebei region [Figure 1: see original paper]. The mainstream
is 143 km long, covering an area of 6166 km2, including 25 water environ-
mental management units divided based on water quality control sections. In
2020, the basin’s annual gross domestic product (GDP) was approximately
3.51$×10^{12}$ CNY, with a permanent population of around 24.0$×10^{6}$
[?, ?, ?, ?], and an annual water volume of 10.48$×10^{6}$ m3 [?, ?].

The North Canal Basin covers most of Beijing’s urban area and serves as the
primary drainage system, receiving 80% of reclaimed water from factories and
sewage plants annually [?, ?]. Dense population and developed economy have
negatively impacted the water environmental system. Within Beijing’s portion
of the North Canal in 2020, 6% of the water body was inferior to Grade V
water quality (the standard for agricultural and general landscape water areas)
according to China’s National Environmental Quality Standards for Surface
Water (GB3838-2002) [?, ?] [?, ?].
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3 Methods
The early warning framework includes six main steps [Figure 2: see original pa-
per]. First, defining the warning situation constructs the indicator system after
analyzing impact factors on the water environmental system. Second, identi-
fying warning sources organizes indicators for WECC characterization through
time-difference correlation analysis. Third, judging the warning trend evaluates
WECC tendencies using the prosperity index (fluctuation). Fourth, quantita-
tive prediction of the warning situation constructs the CEWI and forecasts its
future values. Fifth, dividing warning levels and setting signal lights. Sixth,
making suggestions for warning removal and WECC improvements.

3.1.1 Establishment of the Indicator System

WECC focuses on interaction mechanisms in human–water environmental sys-
tems and serves as an important index for investigating human life and pro-
duction impacts, affected by numerous factors including water resources, water
quality, economy, and population [?, ?, ?]. As this study explored impact fac-
tor fluctuations and forecasted basin sustainability using WECC, we selected
indicators from different perspectives based on whether they applied pressure
or support to socioeconomic and water environmental systems. The water en-
vironmental system can be classified into water quantity and quality, involving
ecosystem water conservation (water interception) and water quality purifica-
tion (pollution interception) capabilities. Indicator selection also ensured data
availability. Table 1 describes the indicator system.

Specifically, we selected 17 pressure indicators from socioeconomic development
activities affecting the water environmental system, including population, GDP,
water consumption, and wastewater/pollution discharge (e.g., chemical oxygen
demand (COD), ammonia nitrogen (NH4), and total phosphorus (TP)). We also
selected 13 indicators describing water environmental system support capacity,
including water resources, sewage treatment capacity, water conservation ca-
pacity, water purification capacity (related to natural vegetation around water
bodies), and environmental protection investment.

We required a benchmark indicator to directly reflect WECC with suitable pe-
riodicity, determining the time lag of pressure and support indicators in subse-
quent time-difference correlation analysis. This study selected a comprehensive
water environmental carrying rate (CWECR) as the benchmark indicator:

𝐶𝑊𝐸𝐶𝑅 = [𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝑅𝑊𝑅, 𝑅𝑊𝐸)]
[𝑀𝑎𝑥(𝑅𝑊𝑅, 𝑅𝑊𝐸)]

where 𝑅𝑊𝑅 is the water resources carrying rate; 𝑅𝑊𝐸 is the water environmental
carrying rate; 𝑈𝑊𝑅 (m3) is water utilization; 𝑄𝑊𝑅 (m3) is water resources
amount; 𝑃𝐶𝑂𝐷 (t), 𝑃𝑁𝐻4 (t) and 𝑃𝑇 𝑃 (t) are pollutant discharges of COD,
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NH4, and TP, respectively; and 𝑊𝐶𝑂𝐷 (t), 𝑊𝑁𝐻4 (t), and 𝑊𝑇 𝑃 (t) are water
environmental capacities for COD, NH4, and TP, respectively.

3.1.2 Data Collection

Most data were obtained from statistical yearbooks: Beijing Area Statistical
Yearbook \cite{Beijing Municipal Bureau Statistics, 2009–2018}, Tianjin
Statistical Yearbook \cite{Tianjin Municipal Bureau Statistics, 2009–2018},
Hebei Statistical Yearbook \cite{Hebei Provincial Bureau of Statistics, 2009–
2018}, Langfang Economic Statistical Yearbook \cite{Langfang Municipal
Bureau Statistics, 2009–2018}, Hebei Rural Statistical Yearbook \cite{Hebei
Provincial Bureau of Statistics, 2008–2017}, Yearbook of Tianjin Beichen
\cite{Local Chronicles Office of Beichen District, 2015–2017}, Yearbook of
Wuqing \cite{Local Chronicles Office of Wuqing District, 2015–2017}, Tianjin
Water Resources Bulletin \cite{Tianjin Water Authority, 2008–2017}, Beijing
Water Resources Bulletin \cite{Beijing Water Authority, 2008–2017}, Hebei
Water Resources Bulletin \cite{Department of Water Resources of Hebei
Province, 2008–2017}, and other unpublished departmental statistics.

Environmental pollution discharge data, sewage treatment, and waste reuse
information came from China’s secondary pollution investigation (conducted in
2017). Beijing University of Chemical Technology provided non-point pollution
data. Water environmental capacity data came from our research group’s
previous results. Land use data (30 m resolution) were interpreted from Landsat
remote sensing images. Considering data availability, the study time span is
2008–2017, with a forecast period of 2018–2023.

3.2 Identification of Warning Sources

For early warning accuracy, we must determine key factors consistent with
WECC fluctuation cycles. We used time-difference correlation analysis to clas-
sify indicators into leading and synchronous (coincident) categories (lagging indi-
cators were not considered). This analysis identified correlation (time-difference)
between the benchmark indicator and selected indicators using SPSS (Statistical
Package for Social Science).

The formula is:

𝑅𝑙 = ∑𝑁−𝑙
𝑡=1 (𝑋𝑡+𝑙 − ̄𝑥)(𝑌𝑡 − ̄𝑦)

√∑𝑁−𝑙
𝑡=1 (𝑋𝑡+𝑙 − ̄𝑥)2 ∑𝑁−𝑙

𝑡=1 (𝑌𝑡 − ̄𝑦)2

where 𝑅𝑙 is the time-difference correlation coefficient; 𝑙 is the time-difference
or time lag (positive = lagging, negative = leading, zero = synchronous);
𝑡 is time; 𝑁 is the number of indicators; 𝑋 is the impact indicator
(𝑋 = {𝑋1, 𝑋2, … , 𝑋𝑁}); 𝑌 is the benchmark indicator (𝑌 = {𝑌1, 𝑌2, … , 𝑌𝑁});
and ̄𝑥 and ̄𝑦 are average values of 𝑋 and 𝑌 . If 𝑅𝑙 is largest when 𝑙 = 0,
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indicator 𝑋 is synchronous with 𝑌 . If 𝑅𝑙 is largest when 𝑙 is negative, 𝑋 is a
leading indicator of 𝑌 .

3.3 Judgement of Warning Trend

The prosperity index reflects comprehensive changes in WECC impact indica-
tors, enabling indirect (qualitative) judgment of WECC deterioration or im-
provement trends in the next period. The prosperity index is generally divided
into DI and CI.

The DI evaluates and measures fluctuation status of impact indicators, essen-
tially indicating whether half of the indicators are increasing annually [?, ?].
When DI exceeds 50 (prosperous line), more than half of impact indicators are
in a prosperous state. Under the benchmark indicator, WECC is a negative
indicator (higher WECC = worse carrying situation). Thus, if more than half
of pressure indicators increase or more than half of support indicators decrease,
WECC worsens. When DI is below 50, more than half of impact indicators are
depressed—meaning more than half of pressure indicators decrease or more than
half of support indicators increase—and WECC improves. The leading degree of
the leading DI to the synchronous DI (time lag 𝑙) indicates that WECC changes
will appear after 𝑙 years.

The CI, also called the “prosperity composite index,”is commonly used inde-
pendently in economic early warning studies. It represents a weighted average
of indicator changes and can predict fluctuation turning points while reflecting
the degree (amplitude) of indicators’influence on WECC. When CI exceeds
100 (prosperous line), impact indicators are booming (increasing) and WECC
worsens. When CI is below 100, impact indicators are in a downturn (declining)
and WECC improves. The leading degree of the leading CI to the synchronous
CI (time lag 𝑙) indicates WECC changes will occur after 𝑙 years.

3.3.1 Calculation of the DI The DI represents the percentage of variables
with increasing time-series changes:

𝐷𝐼𝑡 = 𝐼𝑃 + 𝐼𝑆
𝑛 × 100

where 𝐷𝐼𝑡 is the diffusion index at time 𝑡, representing the ratio of increasing
pressure indicators and decreasing support indicators in the next period to all
indicators; 𝑛 is the total number of indicators; 𝐼𝑃 is the number of increased
pressure indicators; 𝑋𝑖,𝑡 is the value of the 𝑖th indicator at time 𝑡; 𝑋𝑖,𝑡−1 is the
value at time 𝑡 − 1; and 𝐼𝑆 is the number of reduced support indicators.

3.3.2 Calculation of the CI CI calculation is more complex than DI. The
process involves:
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First, obtaining the symmetrical change ratio for each indicator by finding the
time series of relative cyclic fluctuations based on original indicator time series:

𝐶𝑖(𝑡) = 𝑋𝑖,𝑡 − 𝑋𝑖,𝑡−1
(𝑋𝑖,𝑡 + 𝑋𝑖,𝑡−1)/2 × 100

where 𝐶𝑖(𝑡) is the symmetrical change ratio of each indicator.

Second, quantifying the normalization factor of sequence 𝐴𝑖:

𝐴𝑖 = ∑ℎ
𝑡=1 |𝐶𝑖(𝑡)|

ℎ

where ℎ is the number of periods.

Third, calculating the standardized symmetrical change ratio 𝑆𝑖:

𝑆𝑖(𝑡) = 𝐶𝑖(𝑡)
𝐴𝑖

Fourth, determining the average rate of change 𝑅(𝑡):

𝑅(𝑡) = ∑𝑛
𝑖=1 𝑊𝑖𝑆𝑖(𝑡)
∑𝑛

𝑖=1 𝑊𝑖

where 𝑊𝑖 represents the weight of the 𝑖th indicator, determined by its time-
difference correlation coefficient.

Assuming 𝐼(𝑡) = 100 (no fluctuation trend), we have:

𝐼(𝑡) = 𝐼(𝑡 − 1) × 200 + 𝑅(𝑡)
200 − 𝑅(𝑡)

Finally, the CI formula is:

𝐶𝐼(𝑡) = 𝐼(𝑡)
𝐼(𝑡)𝑜

× 100

where 𝐼(𝑡)𝑜 is the average value of 𝐼(𝑡) in the reference period.

By calculating CI separately from pressure and support indicators, we obtain
the integrated CI as the ratio of pressure CI to support CI:

𝐶𝐼(𝑡)𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒𝑑 = 𝐶𝐼(𝑡)𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒
𝐶𝐼(𝑡)𝑠𝑢𝑝𝑝𝑜𝑟𝑡
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where 𝐶𝐼(𝑡)𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒𝑑 is the integrated CI, and 𝐶𝐼(𝑡)𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 and 𝐶𝐼(𝑡)𝑠𝑢𝑝𝑝𝑜𝑟𝑡
are CI values from pressure and support indicators, respectively.

3.4 Prediction of Warning Situation

Using selected leading pressure and support indicators, we constructed the
CEWI to reflect comprehensive carrying capacity in advance. To avoid cor-
relation between indicators that could bias the early warning index by strength-
ening pressure or support trends, we adopted factor analysis to extract common
factors and calculate CEWI. We used principal component analysis to extract
common factors and applied maximum variance rotation. Kaiser-Meyer-Olkin
(KMO) and Bartlett’s sphericity tests measured suitability for factor analysis,
requiring KMO > 0.50 and Bartlett’s significance < 0.05 [?, ?]. Component
scores were calculated using the regression method in SPSS.

The formulas are:

𝑇𝑖 = 𝑋𝑖 − 𝑋𝑚𝑖𝑛
𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

𝐹𝑖 =
𝑚

∑
𝑖=1

𝐶𝑜𝑒𝑖 × 𝑇𝑖

𝐸𝑊𝐼𝑃 (or 𝐸𝑊𝐼𝑆) =
𝑚

∑
𝑖=1

𝑊𝑖 × 𝐹𝑖

where 𝑇𝑖 is the normalized indicator; 𝑋𝑖 is the leading pressure or support
indicator selected in step 2; 𝑋𝑚𝑎𝑥 and 𝑋𝑚𝑖𝑛 are maximum and minimum values;
𝐹𝑖 is the factor; 𝑚 is the total number of factors; 𝐶𝑜𝑒𝑖 is the component score
coefficient; 𝐸𝑊𝐼𝑃 and 𝐸𝑊𝐼𝑆 are pressure and support early warning indices;
and 𝑊𝑖 is each factor’s contribution rate.

Referencing the CI calculation formula, we constructed a prediction model for
CEWI in the next period, related to the change rate of the leading integrated
CI and CEWI values from the last two periods. The change rate of the leading
integrated CI for the next period can be calculated through time-series analysis:

𝐶𝐸𝑊𝐼𝑡+1 = 𝐶𝐸𝑊𝐼𝑡 × 200 + 𝑅𝐶𝐼𝑡+1
200 − 𝑅𝐶𝐼𝑡+1

+ (𝐶𝐸𝑊𝐼𝑡 − 𝐶𝐸𝑊𝐼𝑡−1)

where 𝐶𝐸𝑊𝐼𝑡+1 is the comprehensive early warning index for period 𝑡 + 1;
𝐶𝐸𝑊𝐼𝑡 and 𝐶𝐸𝑊𝐼𝑡−1 are indices at times 𝑡 and 𝑡 − 1; and 𝑅𝐶𝐼𝑡+1 is the
change rate of the leading integrated CI for period 𝑡 + 1.

We used root mean square error (RMSE) and mean absolute error (MAE) to
evaluate prediction model performance [?, ?]. RMSE reflects absolute deviation

chinarxiv.org/items/chinaxiv-202302.00078 Machine Translation

https://chinarxiv.org/items/chinaxiv-202302.00078


between predicted and actual values, while MAE represents relative deviation.
Lower values indicate better model performance.

3.5 Division of Warning Levels and Setting of Signal Lights

CEWI is the ratio of pressure early warning index to support early warning index
(Eq. 16). We set 1.000 as the non-overloading status with 0.500 intervals. Early
warning signal lights represent WECC status. Warning levels and explanations
are given in Table 2 .

Table 2. Classification of warning levels and corresponding explana-
tion

Signal light Warning level Range of CEWI Explanation
Red light Heavy warning >1.500 Water

environmental
system is
seriously
overloaded;
emergency
measures
needed to
prevent
irreversible
deterioration.

Yellow light Medium warning 1.000–1.500 Socioeconomic
development
significantly
affects the
system,
exceeding
carrying
capacity.
Restrict growth
and reduce
pressure.

Green light Slight warning 0.500–1.000 Impact of
socioeconomic
development on
water
environmental
system is
moderate.
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Signal light Warning level Range of CEWI Explanation
Deep green light No warning <0.500 Socioeconomic

and water
environmental
systems develop
in harmony.

3.6 Suggestions for Warning Removal

We conducted sensitivity analysis to identify indicators with the most signif-
icant impact on future CEWI. We decreased each leading pressure indicator
by 10% or increased each leading support indicator by 10% at time 𝑡, then re-
calculated the resulting CEWI𝑡+1 decrease. Based on this analysis and related
North Canal Basin research, we proposed risk elimination measures for high-risk
units, focusing on two aspects: alleviating/decreasing pressures and enhancing
carrying capacities (increasing supports).

4 Results
4.1 Identification of Warning Sources

While some studies use all indicators for water safety analysis or WECC evalua-
tion without secondary screening [?, ?, ?], we retained only indicators with corre-
lation coefficients > 0.500 to improve early warning accuracy. Classification re-
sults [Figure 3: see original paper] revealed 11 leading indicators (seven pressure,
four support) and seven synchronous indicators (three pressure, four support).
Synchronous indicators reflected current WECC, with current pressure derived
mainly from agricultural water consumption, non-point-source COD pollution
discharge, and NH4 pollution discharge intensity. Related research confirms the
North Canal is relatively polluted by organic substances and NH4 [?, ?]. These
leading indicators provide WECC early warning with a time lag of approxi-
mately one to two years, suggesting that measures to improve WECC should
be taken one to two years in advance, particularly for reducing point-source
NH4 and TP pollution (correlation coefficient > 0.700). Specifically, prevent-
ing potential phosphorus leaching is most needed in downstream sections, while
cutting off external pollutants could help control nitrogen pollution [?, ?, ?].

4.2 Analysis of Prosperity Index

4.2.1 Analysis of the DI The DI represents the percentage of increasing
pressure indicators or decreasing support indicators, demonstrating whether
WECC is improving or worsening. From the synchronous DI [Figure 4a: see
original paper], values exceeded 50 in 2010, 2014, and 2017, indicating worse
WECC in those years. Examining cycle peaks and troughs to judge indicator
adaptability [?, ?], we found a time lag (zero to two years) between synchronous
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and leading DI, confirming excellent advancement of leading indicators. Based
on this lag, we inferred the synchronous DI might peak next in 2017, 2018, or
2019. The leading DI trended downward in 2017, suggesting WECC would likely
improve or at least not worsen significantly in the next period.

4.2.2 Analysis of the CI The CI simultaneously presents fluctuation trends
and degrees, comprehensively reflecting WECC [?, ?]. The synchronous in-
tegrated CI [Figure 4b: see original paper] was generally consistent with the
benchmark indicator (CWECR), indicating it could evaluate WECC changes.
Similar to DI analysis, synchronous integrated CI peaked in 2010 and 2014, sug-
gesting worse WECC in those years. Cycle analysis revealed a time lag (zero to
two years) between synchronous and leading integrated CI, confirming leading
indicators as good early warning indices. The synchronous integrated CI would
continue upward, but despite the leading integrated CI’s uptrend, its value
remained below 100, indicating WECC would not worsen significantly in the
next period.

4.3 Analysis and Prediction of CEWI

4.3.1 Analysis of CEWI in 2008–2017 To avoid indicator correlation, we
conducted factor analysis on leading pressure and support indicators. Results
showed KMO values > 0.500 (0.742 and 0.559 for pressure and support indi-
cators, respectively) and Bartlett’s sphericity test significance < 0.001 (0.000
for both), indicating selected indicators passed correlation tests and were suit-
able for factor analysis [?, ?]. The accumulated contribution rate of the first
three factors reached 82.293% for pressure indicators and 89.657% for support
indicators, so we extracted three common factors for each.

We calculated CEWI for 25 water environmental management units in the North
Canal Basin [FIGURE:5a1–a5]. After 2013, lower reaches’WECC improved,
and by 2017, overall basin WECC improved, especially in middle and upper
reaches (Beijing areas). Box plots [Figure 5b: see original paper] show CEWI
generally declined year-over-year since 2009, with most values remaining below
1.000 despite slight upward fluctuation after 2014. Box-shape changes stabilized
after 2013, implying regional WECC differences gradually reduced and overall
status improved. These results align with actual conditions.

Since 2013, Beijing’s government issued two“Three-Year Action Plans”for water
environmental treatment and established the River Chief System covering over
1200 river reaches, built 18 new reclaimed water plants, and upgraded three
sewage treatment plants [?, ?, ?], making treatment effects obvious. Box plots
for different management units [Figure 5c: see original paper] show urban central
areas have poor and unstable WECC. Unit B-13’s CEWI exceeded 1.000 with
large data distribution span, while unit B-14 risked overload with higher CEWI
(near 0.800). Units B-3 and B-16 showed significant CEWI variation, indicating
substantial WECC improvement and corresponding water quality improvement
[?, ?, ?].
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4.3.2 Prediction of CEWI in 2018–2023 Before predicting CEWI for the
next period, we validated the model using historical data. Since CEWI values
were relatively stable after 2014 [Figure 5: see original paper], we simulated
values for 2014–2017 (100 total samples) and verified them against actual values.
Results demonstrated good fit (RMSE = 0.0651, MAE = 0.1418), confirming
the prediction model’s reliability [?, ?].

As shown in Figure 6 [Figure 6: see original paper], except for some units
(B-12, B-19, B-20, B-21, B-22, B-23, B-24, and B-25), CEWI values for the
remaining 17 units improved in 2017, consistent with recent water environmental
system improvements. The proportion of water bodies inferior to Grade V
decreased from 60% in 2017 to 6% in 2020 \cite{Beijing Municipal Ecology
and Environment Bureau, 2017–2019, 2020}. Results showed prosperity index
fluctuation analysis helped predict WECC to some extent.

Spatial CEWI distribution indicated upstream and downstream regions would
have better WECC in 2023, primarily due to high vegetation cover and less
human interference upstream, plus large flow enhancing WECC downstream.
Sustainability levels would be higher in middle reaches (city center locations).
Although overload situations would improve, risk remains in unit B-13 (CEWI =
0.880) due to high population density, large domestic water use, and significant
pollution discharge in central Beijing. Unit B-21’s CEWI would significantly
increase in 2023, requiring strengthened water environmental management.

4.4 Suggestions for Warning Removal

Sensitivity analysis results [Figure 7: see original paper] demonstrated that
total population reduction, domestic water consumption reduction, and water
purification capacity enhancement were the three most effective measures for
improving basin WECC, while decreasing point-source NH4 pollution was key
for central city areas (units B-13 and B-14). If all assumed measures were taken,
unit B-13’s CEWI would drop below 1.000. Improvement potential existed in
units B-6, B-11, B-12, B-14, and B-17 (accumulated CEWI decline > 0.100).

Based on this analysis, we suggest the North Canal Basin (especially Beijing)
should control population size where possible. According to regional water-
saving management measures, district governments should create water use
plans, implement strict water quota management, and pursue laddered water
pricing for water consumption units, particularly high-consumption enterprises.
Governments should strengthen water-saving education and publicity while en-
couraging water-saving equipment renovation/installation through appropriate
compensation. To enhance ecosystem water purification capacity, governments
should optimize land use patterns. Research shows North Canal Basin eco-
environmental quality improvement relates to increased vegetation cover [?, ?],
especially water quality improvement through forestland increase [?, ?]. Govern-
ments should increase ecological conservation areas in urban planning, restrict
construction land expansion, and reduce built-up land and impervious surface
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aggregation [?, ?]. Since wastewater treatment plants remain the main pollution
source [?, ?], stricter effluent standards should be set to optimize central city
water quality.

5 Conclusions
From an economic fluctuation perspective, this study utilized the prosperity
index to construct a water risk early warning system based on WECC and
applied it to the North Canal Basin. Results demonstrated that prosperity index
analysis helped predict WECC status, the early warning system was reliable
(RMSE = 0.0651, MAE = 0.1418), and CEWI calculations aligned with actual
conditions and related research. This index provides an appropriate method for
water environmental administration departments to predict future basin WECC
and assists in implementing management measures in advance, particularly for
performance evaluation and key short-term task arrangement in China’s River
Chief System.

The case study suggested that while most North Canal Basin water environmen-
tal management units’WECC improved, middle reaches face water environmen-
tal system overload risk. Specific management measures are needed, including
population control, water quota management, water conservation publicity and
education, water-saving equipment renovation/installation, land use structure
optimization, and stricter effluent standards.
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