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Abstract

Reclaimed water can alleviate urban water scarcity, but its utilization involves risks across 
production, transmission, utilization, and management. This study established an 18-
indicator assessment system for Yuyao City. Analytic hierarchy process (AHP) and entropy 
weights were combined using a game-theory-based procedure, while a fuzzy matter-element 
model assessed historical risks during 2020–2023. Nonlinear autoregressive models gen-
erated three output settings for seven time series, forming 2187 nonprobabilistic input 
combinations for 2025, 2030, and 2035. Historical risk remained within the medium-risk 
class but declined annually. Production and utilization received the largest criterion weights 
(0.352 and 0.336, respectively). The proportion of reclaimed water usage, reclaimed water 
utilization rate, green space rate in built-up areas, investment proportion, and industrial wa-
ter reuse rate received the highest indicator weights. Across the constructed combinations, 
risk indices ranged from 0.361 to 0.469 in 2025, 0.376 to 0.420 in 2030, and 0.286 to 0.339 in 
2035, with arithmetic means of 0.413, 0.395, and 0.312, respectively. All ranges remained 
within the medium-risk class. Further risk reduction requires coordinated improvements in 
production capacity, pipeline coverage, utilization, and institutional support. Future studies 
should use longer time series, time-ordered validation, and sensitivity tests of weights 
and thresholds.

Keywords: reclaimed water utilization; risk assessment; fuzzy matter-element model; 
game-theory-based weighting; nonlinear autoregressive model; Yuyao City

1. Introduction
Freshwater scarcity is increasingly perceived as a global systemic risk, with about 

two-thirds of the global population facing severe water scarcity conditions [1], particularly 
in these regions (e.g., China, India) due to the conflict between water resource availability 
and local water demand [2,3]. In addition, pollution may exacerbate this imbalance and 
risk of water scarcity due to poor water quality under global climate change and rapid 
urbanization [4–6]. To effectively alleviate the various issues arising from water scarcity, a 
range of solutions has been proposed. Through extensive research and practical applications 
in water conservation, reclaimed water has emerged as a focal point in the field due to its 
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numerous advantages, including a substantial and stable supply, ease of collection and 
treatment, and environmental benefits [7]. Reclaimed water has found widespread usage 
across various sectors, including agriculture [8,9], industry [10], urban miscellaneous uses, 
environmental water use [11], and ecological water replenishment [12,13]. However, the 
reuse of reclaimed water also introduces a range of potential risks. These encompass not 
only threats to human health and the ecological environment posed by chemical substances 
and microorganisms [14,15] but also economic and social risks stemming from factors such 
as technology, management, and funding [16]. Moreover, cognitive biases and low public 
acceptance at the societal level may impede its broader implementation [17].

While considerable progress has been made in current research, certain limitations per-
sist. Most studies tend to focus on a single stage of the process, such as health risks associated 
with water quality, or they perform static assessments at a macro level. There is a notable lack 
of systematic risk assessment research that addresses the typical county scale in the Yangtze 
River Delta, covering the entire “production–transmission–utilization–management” pro-
cess. Additionally, many studies provide limited analysis of possible future risk conditions 
under alternative input configurations, which restricts forward-looking risk management. 
Consequently, it is important to combine whole-process historical risk assessment with 
exploratory analysis of possible future input conditions for reclaimed water utilization at 
the county scale in the Yangtze River Delta.

Thus, this study aims to assess the historical and possible future risk conditions of 
reclaimed water utilization in Yuyao City. Specifically, the study: (1) establishes an 18-
indicator risk assessment system covering the production, transmission, utilization, and 
management stages; (2) combines analytic hierarchy process (AHP) and entropy weights 
through a game-theory-based procedure and applies a fuzzy matter-element model to 
assess historical risks from 2020 to 2023; (3) uses nonlinear autoregressive (NAR) models 
to generate lower, reference, and higher output settings for seven basic time series and 
constructs 37  = 2187 input combinations for 2025, 2030, and 2035; and (4) identifies stage-
specific priorities for reclaimed water risk management. Compared with previous studies, 
the main contribution of this study is the integration of whole-process risk assessment 
with exploratory future input construction at the county scale, thereby linking historical 
diagnosis with forward-looking risk screening.

2. Literature Review
Currently, research on risk assessment for reclaimed water can be broadly categorized 

into two categories. The first is health risk assessment, which focuses on the direct and 
indirect effects of pollutants in reclaimed water on human health and ecosystems. This type 
of risk assessment is characterized by a significant degree of variability and is primarily influ-
enced by water quality. The internationally recognized assessment method is the “four-step 
process” proposed by the U.S. National Academy of Sciences, namely hazard identification, 
exposure assessment, dose–response relationship, and risk characterization [18,19]. The 
second is whole-process risk assessment, which considers reclaimed water as a component 
of the social system and evaluates the comprehensive risks to the economy and society 
during its utilization. For instance, Li et al. [20] constructed a risk evaluation index system 
for urban reclaimed water utilization; Yang et al. [21] applied the AHP-entropy weight 
method to identify economic factors as key influencing factors; Lu et al. [22] and Li and 
Wang [23] applied the fuzzy matter-element model to risk assessment of reclaimed water 
utilization at urban and regional scales, respectively, achieving favorable results. Collec-
tively, these studies have categorized the risks associated with reclaimed water utilization 
into various stages, including production [24], transmission, utilization, and management, 
thereby establishing a foundation for systematic risk management. In summary, previous 
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studies have primarily emphasized contaminant exposure, human-health effects, ecological 
responses, and public acceptance [14,15], whereas whole-process studies have generally 
used indicator-based approaches to evaluate technical, infrastructure, utilization, and man-
agement conditions [14,15]. However, comprehensive assessments integrating all four 
stages remain relatively limited, particularly at the county scale.

The determination of indicator weights is a fundamental aspect of risk assessment. 
The primary methodologies for this process can be categorized into subjective and objective 
weighting methods. Subjective weighting methods, such as the AHP [25] and the Delphi 
expert consultation, leverage the knowledge and experience of experts; however, they may 
introduce biases into the decision-making process. Conversely, objective weighting methods, 
such as the entropy weight method [26], depend on the relationships within objective data 
but may neglect practical experience. Given the limitations of any single approach, some 
scholars have begun to adopt combined weighting approaches, integrating the strengths of 
different methods through techniques such as linear weighting, to enhance the reliability 
and efficiency of the assessment.

A variety of technologies and methodologies have been employed for the utilization of 
reclaimed water and its associated risk assessment. Notably, Fuzzy matter-element models 
are capable of integrating diverse indicators that may vary in units, attributes, and risk 
thresholds, and they have proven effective in environmental evaluations [27]. Addition-
ally, autoregressive and neural-network methodologies have been utilized to characterize 
nonlinear temporal relationships within urban water-demand data [28]. However, these 
methodologies are rarely combined into a cohesive reclaimed water risk framework that 
synthesizes historical assessments with potential future conditions. It is also important to 
emphasize that outputs generated by these models should not be interpreted as scenarios 
for socioeconomic development or probabilistic forecasts unless they are supported by 
appropriate assumptions and probabilities of occurrence.

3. Methods
3.1. Study Area

Yuyao City, situated on the southern bank of Hangzhou Bay and administered by 
Ningbo City, as shown in Figure 1, covers an area of 1526.86 km2  with a population of 
1.265 million. The city has a subtropical monsoon climate, leading to significant spatiotem-
poral disparities in water resource availability. As an industrial center specializing in new 
materials, optoelectronics, and new energy vehicles, Yuyao faces a substantial demand for 
industrial water. The city’s reclaimed water infrastructure is centered around the Xiaocaoe 
Wastewater Treatment Plant, which has a capacity of 225,000 m3 /day, and a coastal industrial 
water plant, currently operating at 10,000 m3 /day, with plans to expand to 50,000 m3 /day. 
Reclaimed water is primarily utilized for industrial cooling in the China-Italy Ningbo Eco-
logical Industrial Park, as well as for municipal greening and road sprinkling. Despite recent 
advancements, the utilization rate of reclaimed water was just 2.6% in 2023, significantly 
lower than the national advanced level.

3.2. Data Sources
The research data were collected from four categories: (1) statistical yearbooks, in-

cluding the Ningbo Statistical Yearbook (2008–2023) and the China Urban and Rural Con-
struction Statistical Yearbook (2020–2023); (2) departmental reports, such as the Yuyao 
Water Resources Bulletin (2019–2023) and monthly operation records from local wastewater 
treatment plants and reclaimed water facilities; (3) planning documents, specifically the 
14th Five-Year Development Plan for Municipal Infrastructure of Yuyao City and the Revised 
Special Plan for Water Supply Engineering of Yuyao City (2022–2035); and (4) primary data 
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obtained through expert interviews and on-site investigations conducted between 2023 and 
2024 with Yuyao’s water management authorities and the coastal reclaimed water plant.

Figure 1. Map of Yuyao City.

3.3. Risk Assessment Index System
Following the life-cycle perspective, reclaimed water utilization was divided into four 

stages: production, transmission, utilization, and management. Candidate indicators were 
identified from previous studies, relevant standards, local reclaimed water practices, and 
the characteristics of the four stages. Indicators were retained according to four criteria: 
relevance to reclaimed water utilization risk, clear meaning and measurability, relative 
independence to avoid duplication, and data availability. The selected indicators cover 
water quality, treatment capacity, pipeline infrastructure, end-use demand, investment, and 
institutional support.

The Delphi consultation panel consisted of five specialists: one technical manager from 
a chemical enterprise, one specialist from a water management authority, two managers 
responsible for reclaimed water plant operation, and one researcher in water treatment. 
Their expertise covered industrial water use, water resources management, reclaimed water 
facility operation, and water treatment technology. Based on the literature review, indicator-
selection criteria, data availability, and expert consultation, 18 indicators were retained to 
construct the risk assessment system (Table 1).
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Table 1. Index system for risk assessment of reclaimed water utilization.

Criterion 
Layer Indicator Layer Definition/Calculation Unit Attribute Data 

Source

Production 
(B1)

Influent Ammonia 
Nitrogen (T1)

Annual mean of the monthly ammonia 
nitrogen concentrations in the influent 

of the reclaimed water facility
mg/L − A

Influent Chemical 
Oxygen Demand 

(COD) (T2)

Annual mean of the monthly COD 
concentrations in the influent of the 

reclaimed water facility
mg/L − A

Sewage Treatment 
Rate (T3)

Annual sewage treatment 
volume/annual sewage discharge 

volume × 100%
% + A, B

Sewage Treatment 
Load (T4)

Annual sewage treatment 
volume/annual design treatment 

capacity × 100%
% − A

Reclaimed Water 
Production Load 

(T5)

Annual reclaimed water utilization 
volume/annual design production 

capacity × 100%
% − A

Reclaimed Water 
Utilization Rate (T6)

Annual reclaimed water utilization 
volume/annual sewage treatment 

volume × 100%
% + A

Transmission 
(B2)

Reclaimed Water 
Pipeline Density 

(T7)

Total length of reclaimed water 
pipelines/built-up area km/km2 + A, B

Sewage Pipeline 
Density (T8)

Total length of sewage 
pipelines/built-up area km/km2 + B

Water Supply Loss 
Rate (T9)

Annual water supply loss volume/total 
annual water supply volume × 100% % − B

Utilization 
(B3)

Effluent Ammonia 
Nitrogen (T10)

Annual mean of the monthly ammonia 
nitrogen concentrations in the effluent 

of the reclaimed water facility
mg/L − A

Effluent COD (T11)
Annual mean of the monthly COD 
concentrations in the effluent of the 

reclaimed water facility
mg/L − A

Proportion of 
Reclaimed Water 

Usage (T12)

Annual reclaimed water utilization 
volume/total annual water 

consumption × 100%
% + A, C

Road-Area-to-Built-
Up-Area Ratio (T13)

Road area within the built-up 
area/total built-up area × 100%; used 

as a proxy for reclaimed water demand 
for road sprinkling and street cleaning

% − B

Green Space Rate in 
Built-up Areas 

(T14)

Green space area within the built-up 
area/total built-up area × 100%; used 

as a proxy for reclaimed water demand 
for urban irrigation

% − B

Industrial Water 
Reuse Rate (T15)

Reused industrial water volume/total 
industrial water consumption × 100%; 

used as a proxy for industrial 
reclaimed water demand

% − D
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Table 1. Cont.

Criterion 
Layer Indicator Layer Definition/Calculation Unit Attribute Data 

Source

Management 
(B4)

Investment 
Proportion (T16)

Annual investment in sewage 
treatment and reclaimed water 

utilization/total annual fixed-asset 
investment × 100%

% + D, E

Incentive Policies 
(T17)

1 if a reclaimed water incentive policy 
was in effect during the year; 

otherwise, 0
− + E

Management 
Measures (T18)

1 if a reclaimed water management 
measure was in effect during the year; 

otherwise, 0
− + E

Note: “+” denotes a benefit-type indicator, for which a higher value corresponds to a lower risk, 
whereas “−” denotes a cost-type indicator, for which a higher value corresponds to a higher risk. 
Annual design treatment and production capacities were calculated from the corresponding daily 
design capacities multiplied by 365 days. Data sources were as follows: A, monthly operational 
and administrative records provided by local treatment plants, reclaimed water facilities, and water-
management authorities; B, China Urban and Rural Construction Statistical Yearbook (2020–2023); 
C, Yuyao Water Resources Bulletin (2019–2023); D, Ningbo Statistical Yearbook (2008–2023); and E, 
official policy and management documents and expert interviews and on-site investigations conducted 
in 2023–2024.

The low-, medium-, and high-risk levels of each indicator were determined using 
national and local standards, including GB/T 19923-2024 [29], GB/T 18920-2020 [30], and 
DB33/2169-2018 [31], together with regional planning targets and historical reference values 
(Table 2). Incentive policies (T17) and management measures (T18) were represented as 
binary indicators, where 1 denotes that the corresponding policy or measure was in effect 
and 0 denotes its absence. The road-area-to-built-up-area ratio (T13) was calculated as 
the road area divided by the built-up area. It was used as a proxy for potential municipal 
reclaimed water demand associated with road sprinkling and street cleaning. Under limited 
reclaimed water supply, a higher ratio indicates greater demand-side pressure and was 
therefore treated as a negative indicator.

Table 2. Classification of risk indicator levels.

Indicator Low Risk Medium Risk High Risk

T1 (0, 5) (5, 8) (8, ∞)
T2 (0, 50) (50, 100) (100, ∞)
T3 (97.5, 100) (95, 97.5) (0, 95)
T4 (0, 60) (60, 85) (85, 100)
T5 (0, 50) (50, 90) (90, 100)
T6 (50, 100) (25, 50) (0, 25)
T7 (0.5, ∞) (0.2, 0.5) (0, 0.2)
T8 (25, ∞) (5, 25) (0, 5)
T9 (0, 9.5) (9.5, 10) (10, 100)

T10 (0, 5) (5, 8) (8, ∞)
T11 (0, 60) (60, 100) (100, ∞)
T12 (25, 100) (5, 25) (0, 5)
T13 (0, 8) (8, 12.5) (12.5, 100)
T14 (0, 20) (20, 40) (40, 100)
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Table 2. Cont.

Indicator Low Risk Medium Risk High Risk

T15 (0, 50) (50, 70) (70, 100)
T16 (50, 100) (20, 50) (0, 20)
T17 1 0 0
T18 1 0 0

Note: The thresholds for T1 and T2 were based on DB33/2169-2018, whereas those for T10 and T11 
were based on GB/T 18920-2020 and GB/T 19923-2024. The thresholds for T3 and T6 were based on 
national planning targets and provincial reference values, and that for T9 was based on the national 
target for public water supply network loss control. The thresholds for T7, T8, and T13 were based on 
municipal reference values in Zhejiang Province, while those for T14 and T15 were based on published 
studies. We determined the remaining thresholds using local historical data and planning targets. T17 
and T18 are binary indicators: 1 indicates the presence of the corresponding policy or management 
measure, and 0 indicates its absence.

3.4. Risk Assessment and Future Analysis Framework
Figure 2 presents the methodological framework adopted in this study. Following 

data preprocessing and construction of the risk assessment indicator system, AHP and 
entropy weights were integrated using a game-theory-based combination weighting method. 
Historical and exploratory future risk assessments were subsequently conducted using the 
fuzzy matter-element model.

Figure 2. Methodological framework for reclaimed water utilization risk assessment.
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3.4.1. Combined Weighting Method Based on Game Theory
To integrate expert experience and objective data, a game-theory-based combined 

weighting method was adopted. Subjective weights calculated via the AHP and objective 
weights derived from the entropy weight method are optimally integrated to determine 
the comprehensive weights of all indicators [27]. A three-level hierarchy (target, criterion, 
and indicator layers) was established based on Table 1. Five experts performed pairwise 
comparisons using the 1–9 scale (Table 3). Consistency was assessed using the consistency 
ratio (CR), with CR < 0.10 as the acceptance criterion. The subjective weight 𝜔1 j  was 
calculated as the average of the five experts’ global weights for indicator j.

Table 3. Scale values of judgment matrix elements and their meanings.

Scale Value Meaning

1 The two factors are equally important.
3 The former is slightly more important than the latter.
5 The former is obviously more important than the latter.
7 The former is strongly more important than the latter.
9 The former is extremely more important than the latter.

2, 4, 6 and 8 Intermediate values

Objective weights were derived using the entropy weight method. Let Q = (qij )n×m , 
where i denotes a historical assessment sample, j denotes an indicator, n is the number of 
samples, and m = 18. The normalization formulas are:

{


𝑟ij =
𝑞ij−min𝑖(𝑞𝑖𝑗)

max𝑖(𝑞𝑖𝑗)−min𝑖(𝑞𝑖𝑗)
(𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

𝑟ij =
max𝑖(𝑞𝑖𝑗)−𝑞ij

max𝑖(𝑞𝑖𝑗)−min𝑖(𝑞𝑖𝑗)
(𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)

(1)

where maxi (qij ) and mini (qij ) are the maximum and minimum values of indicator j across 
the historical assessment samples. A positive indicator represents an indicator for which a 
larger value indicates a more favorable condition, whereas a negative indicator represents 
an indicator for which a smaller value indicates a more favorable condition. The normalized 
value rij  is dimensionless and ranges from 0 to 1.

The information entropy Hj  and entropy weight ω2 j  were then computed as:

𝐻𝑗= −
1

ln 𝑛∑
𝑛

𝑖=1

𝑟ij

∑𝑛
𝑘=1 𝑟kj

ln(


𝑟ij

∑𝑛
𝑘=1 𝑟kj

)


(2)

𝜔2𝑗 =
1 − 𝐻𝑗

𝑚 − ∑𝑚
𝑘=1 𝐻𝑘

(3)

In Equation (2), Hj  is the information entropy of indicator j, and the term 0ln0 is 
defined as 0. If the values of an indicator are constant across all historical samples, Hj  = 1 
and 𝜔2 j  = 0 are assigned. In Equation (3), 𝜔2 j  is the objective entropy weight of indicator j. 
Both Hj  and 𝜔2 j  are dimensionless.

Let ω1  = (ω11, …, 𝜔1m) and 𝜔2  = (ω21, …, ω2m) denote the normalized subjective and 
objective weight vectors, respectively. Both are 1 × m row vectors. In the game-theory-based 
combination, the combination coefficients were determined by minimizing the deviation 
between each individual weight vector and the combined weight vector:

min𝑎𝑘≥0
‖∑

2

𝑙=1
𝑎𝑙𝜔𝑇

𝑙 − 𝜔𝑇
𝑘 ‖

2

2
, 𝑘 = 1, 2 (4)
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where al  is the combination coefficient of weight vector 𝜔l , and ‖·‖2 denotes the Euclidean 
norm. The simultaneous first-order conditions give:

[


𝜔1𝜔𝑇
1 𝜔1𝜔𝑇

2
𝜔2𝜔𝑇

1 𝜔2𝜔𝑇
2

]


[


𝑎1
𝑎2

]


= [


𝜔1𝜔𝑇
1

𝜔2𝜔𝑇
2

]


(5)

The coefficients are normalized as 𝛼k  = ak /(a1  + a2 ), where k = 1, 2. The comprehensive 
weight vector is defined as:

𝜔 = 𝛼1𝜔𝑇
1 + 𝛼2𝜔𝑇

2 (6)

The combination coefficients used in this study were α1  = 0.48 and α2  = 0.52, cor-
responding to the subjective AHP weights and objective entropy weights, respectively. 
Therefore, the combined weight of indicator j was calculated as 𝜔j  = 0.48𝜔1 j  + 0.52𝜔2 j . 
Criterion-level weights were obtained by summing the combined weights of the corre-
sponding indicators. The weights 𝜔1 j , 𝜔2 j , and 𝜔j , as well as the coefficients ak  and 𝛼k , 
are dimensionless.

3.4.2. Fuzzy Matter-Element Model
The fuzzy matter-element model was used to calculate the risk value [27]. For each 

indicator, the optimal membership degree 𝜂ij  was determined according to its positive or 
negative attribute:

{


𝜂ij =
𝑞ij

max(𝑞ij)
(Positive indicator)

𝜂ij =
min(𝑞ij)

𝑞ij
(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟)

(7)

The reference fuzzy matter-element is constructed from the maximum favorable mem-
bership degree of each indicator within the fixed reference dataset and represents the most 
favorable state of the reclaimed water utilization system. For sample i, the favorable mem-
bership degree of indicator j is denoted by 𝜂ij , and the corresponding membership degree 
of the reference sample is denoted by 𝜂0 j . The Euclidean closeness degree Ci  measures the 
proximity of the sample to this favorable reference state:

𝐶𝑖= 1 − √
𝑚

∑
𝑗=1

𝜔𝑗(𝜂0𝑗 − 𝜂ij)
2

(8)

where m = 18 is the number of assessment indicators, and 𝜔j  is the combined weight of 
indicator j, with 𝜔j ≥ 0 and ∑𝑚

𝑗=1 𝜔𝑗 = 1. A larger Ci  indicates greater proximity to the 
favorable reference state and therefore a lower level of risk. To express the assessment on a 
scale that increases with risk, the risk index Ri  is defined as:

𝑅i= 1 − 𝐶𝑖 = √
𝑚

∑
𝑗=1

𝜔𝑗(𝜂0𝑗 − 𝜂ij)
2

(9)

Both Ci  and Ri  are dimensionless and range from 0 to 1 when the membership degrees 
lie within this interval. A larger Ri  indicates greater deviation from the favorable reference 
state and a higher level of reclaimed water utilization risk.

Risk classification is based on Ri . Two virtual boundary samples are constructed 
using the indicator values separating low from medium risk and medium from high risk 
in Table 2. Their risk indices are calculated using the same membership transformation, 
reference sample, and indicator weights applied to the assessment samples. The resulting 
thresholds are denoted by 𝜏L  and 𝜏H , respectively, where 0 ≤ 𝜏L  < 𝜏H ≤ 1. The risk grades 
are defined as follows:

𝑅𝑖𝑠𝑘 𝑙𝑒𝑣𝑒𝑙𝑖 =
{


Low risk, 0 ≤ 𝑅𝑖 ≤ 𝜏𝐿
Medium risk, 𝜏𝐿 < 𝑅𝑖 ≤ 𝜏𝐻

High risk, 𝜏𝐻 < 𝑅𝑖 ≤ 1
(10)
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The membership transformation, reference sample, indicator weights, and classification 
thresholds were held constant across the historical and exploratory future assessments to 
ensure that the resulting risk indices were comparable.

For the historical samples, the relative contribution score of each indicator was calcu-
lated using the factor contribution method [28]. First, the original indicator values were 
converted into dimensionless risk-oriented standardized values:

𝑧ij =
{


𝑞ij−𝑞min
𝑗

𝑞max
𝑗 −𝑞min

𝑗
, for a cost-type indicator,

𝑞max
𝑗 −𝑞ij

𝑞max
𝑗 −𝑞min

𝑗
, for a benefit-type indicator,

(11)

where qij  is the original value of indicator j in historical year i, and qj min  and qj max  are the 
minimum and maximum values of indicator j in the fixed normalization dataset, including 
the historical observations and corresponding risk-level reference values. Thus, a larger zij 
indicates a less favorable condition and a higher level of risk.

The relative contribution score of indicator j in year i was calculated as:

𝑅𝐶𝑖𝑗 =
𝜔𝑗𝑧𝑖𝑗

𝑚
∑
𝑘=1

𝜔𝑘𝑧𝑖𝑘

, j = 1, 2, … , 𝑚 (12)

where RCij  is the dimensionless relative contribution score, 𝜔j  is the comprehensive weight 
of indicator j, and m = 18 is the number of indicators. For each historical year, ∑𝑚

𝑗=1 𝑅𝐶𝑖𝑗 = 1. 
A larger RCij  indicates a larger weighted risk-oriented standardized value within the adopted 
assessment framework. The contribution score is used for the relative comparison and 
ranking of indicators and does not represent a causal effect.

3.4.3. NAR Neural Network and Exploratory Future Input Construction
A nonlinear auto-regressive (NAR) neural network [28] was adopted to predict seven 

basic time-series indicators: wastewater treatment volume, wastewater discharge volume, 
total water consumption, built-up area, sewage pipeline length, road area, and green space 
area. The NAR model uses the historical values of the target variable as inputs and can be 
expressed as:

Y(t) = f[y(𝑡 − 1), y(𝑡 − 2), … , y(𝑡 − 𝑑)] + 𝑒(𝑡) (13)

where d denotes the delay order and e(t) is the residual term. Compared with a static 
mapping model, the feedback structure of the NAR network enables it to represent nonlinear 
temporal relationships in urban water-use and infrastructure-development indicators.

For each indicator, the model was developed using 15 annual observations from 2008 
to 2022. The original model implementation specified a nominal training, validation, and 
testing ratio of 70:15:15, and each model was run 100 times. Because the available records do 
not retain the year-by-year allocation of observations among the three subsets, the nominal 
ratio should not be interpreted as a strictly chronological holdout validation. Given the 
short annual series, the NAR outputs were used primarily to construct exploratory future 
input settings.

Model fitting was evaluated using the mean relative error (MRE), defined as the mean 
absolute percentage deviation between the modeled and observed values:

MRW =
100
N ∑

N

t=1
|
Y(𝑡) − y(𝑡)

y(𝑡) | (14)

where N is the number of evaluated observations, Y(t) is the modeled value, and y(t) is 
the corresponding positive observed value. The available model records provide only the 
overall historical MRE rather than separate training, validation, and testing errors. Runs 
with an overall historical MRE below 10% were retained for future input construction. 
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This criterion measures agreement with the available historical observations but does not 
establish independent out-of-sample forecasting accuracy.

For each retained model, lower, reference, and higher output settings were constructed 
from the minimum output, the output of the run with the lowest historical MRE, and the 
maximum output, respectively. The remaining indicators were assigned using planning 
targets, policy settings, or historical reference values. The three settings for the seven 
NAR-predicted series formed 37  = 2187 candidate combinations for each target year. These 
constructed combinations have no assigned occurrence probabilities; their arithmetic mean 
describes the selected combination ensemble rather than an expected future risk.

4. Results
4.1. Index Weights and Relative Importance of Indicators

Based on the game-theory-based combination weighting method, the subjective 
weights calculated by the AHP and the objective weights calculated by the entropy weight 
method were optimally combined. The resulting comprehensive weights of the risk assess-
ment index system for reclaimed water utilization in Yuyao City are presented in Table 4. 
These weights represent the relative importance assigned to each indicator within the as-
sessment framework rather than its actual contribution to risk in a particular year. The 
annual risk contribution of an indicator depends on both its weight and its normalized 
observed value.

Table 4. Comprehensive weighting of the index system.

Criterion 
Layer

Indicator 
Layer

Objective 
Weights

Subjective 
Weights

Final 
Weights

Criterion 
Weight

Production 
(B1)

T1 0.051 0.029 0.040

0.352

T2 0.047 0.029 0.038
T3 0.064 0.078 0.071
T4 0.075 0.042 0.058
T5 0.066 0.069 0.067
T6 0.032 0.122 0.077

Transmis-
sion (B2)

T7 0.030 0.058 0.044
0.143T8 0.034 0.037 0.036

T9 0.091 0.035 0.063

Utilization 
(B3)

T10 0.036 0.037 0.036

0.336

T11 0.043 0.037 0.040
T12 0.040 0.126 0.083
T13 0.030 0.043 0.037
T14 0.101 0.043 0.072
T15 0.058 0.079 0.069

Manage-
ment (B4)

T16 0.068 0.072 0.070
0.169T17 0.067 0.034 0.050

T18 0.067 0.031 0.049

At the criterion level, production (B1) and utilization (B3) received the largest com-
prehensive weights, at 0.352 and 0.336, respectively, followed by management (B4, 0.169) 
and transmission (B2, 0.143). This distribution indicates that the assessment framework 
assigns greater relative importance to production- and utilization-related indicators. The 
comparatively lower weight of the transmission stage reflects its relative position within 
the adopted weighting structure and does not imply that transmission-related risks are 
negligible or adequately controlled.
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At the indicator level, the five largest comprehensive weights were assigned to the 
proportion of reclaimed water usage (T12, 0.083), reclaimed water utilization rate (T6, 0.077), 
green space rate in built-up areas (T14, 0.072), investment proportion (T16, 0.070), and 
industrial water reuse rate (T15, 0.069). Together, these indicators accounted for 37.1% of 
the total weight. T12 and T6 describe the scale and efficiency of reclaimed water utilization, 
T14 and T15 represent components of the demand structure, and T16 represents financial 
support for system development.

4.2. Historical Risk Evolution Analysis
The risk index Ri  for reclaimed water utilization in Yuyao City from 2020 to 2023 

was calculated using the fuzzy matter-element model. The risk levels were classified as 
low risk (0 ≤ Ri ≤ 0.249), medium risk (0.249 < Ri ≤ 0.714), and high risk (0.714 < Ri 
≤ 1), as shown in Figure 3. The evaluation results show that the risk of reclaimed water 
utilization in Yuyao City from 2020 to 2023 remained at a medium level, with a year-over-
year decline. The lower risk index in 2023 coincided with changes in several indicators. In 
terms of process upgrading, the Binhai Reclaimed Water Plant completed its “ultrafiltration 
+ reverse osmosis” dual-membrane renovation by the end of 2022, achieving effluent quality 
superior to tap water in key indicators such as conductivity and chloride concentration. 
Effluent ammonia nitrogen (T10) and COD (T11) dropped well below low-risk thresholds. 
Reclaimed water and sewage pipeline densities increased in 2023, corresponding to lower 
transmission-stage risk contributions. In terms of policy implementation, the issuance of 
incentive policies (T17) and management measures (T18) in 2022 coincided with lower risk 
contributions from these indicators in 2023. Regarding water demand structure optimization, 
the built-up road area ratio decreased from 21.86% to 18.28%, corresponding to a lower 
risk contribution from T13. Nevertheless, a considerable gap remains in the low-risk range. 
Persistent issues, such as the reclaimed water utilization rate (T6) remaining below 5% and 
the sharply increasing production load (T5), have yet to be resolved, indicating that risk 
management still faces challenges.

 

Figure 3. Risk assessment results of reclaimed water utilization in Yuyao City.

4.3. Indicator Contribution Analysis
To compare the relative contributions of individual indicators in each assessment year, 

the indicator contribution values were calculated using the standardized indicator values 
and comprehensive weights. Figure 4 presents the results for 2020–2023. These values 
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represent the relative contributions of the indicators to the calculated risk index within the 
adopted assessment framework and do not establish causal effects.

 

Figure 4. Contributions of individual indicators to the calculated risk index (2020–2023).

The reclaimed water utilization rate (T6) and industrial water reuse rate (T15) had the 
two largest calculated contributions in each year from 2020 to 2023. In 2020 and 2021, the 
investment proportion (T16), incentive policies (T17), and management measures (T18) 
were also among the five largest contributors. In 2022, the water supply loss rate (T9) 
entered the five largest contributors, while in 2023, the reclaimed water production load 
(T5) did so. These results show that utilization-related indicators remained prominent 
throughout the assessment period, whereas the relative contributions of other indicators 
varied among years.

4.4. Exploratory Future Risk Assessment
The seven fundamental time series were projected through repeated NAR runs, which 

were subsequently integrated with the planning-based indicator settings. Table 5 provides 
a summary of the model parameters utilized in this process. Figures 5 and 6 depict the 
projected trajectories and the progression of historical fitting errors, respectively. In conclu-
sion, the findings indicate the variability in the overall historical mean relative error (MRE) 
throughout the model training phase. The retained runs demonstrated an overall historical 
MRE that remained below 10%, suggesting a satisfactory alignment between the fitted and 
observed historical values. However, it is important to note that the absence of separate 
training, validation, and testing errors necessitates a cautious interpretation of these results. 
Therefore, they should be viewed primarily as indicators of historical fitting performance 
rather than as measures of independent out-of-sample forecasting capabilities.
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Figure 5. Observed and NAR-projected trajectories of the seven basic variables.

Table 5. NAR model parameters for the seven basic time series.

Indicators Hidden Layer 
Nodes

Delay 
Order

Learning 
Rate

Wastewater Treatment Volume (104  m3 ) 10 1 0.005
Wastewater Discharge Volume (104  m3 ) 15 2 0.001

Total Water Consumption (104  m3 ) 10 2 0.05
Built-up Area (km2 ) 13 1 0.01

Sewage Pipeline Length (km) 12 1 0.005
Road Area (104  m2 ) 13 1 0.01

Green Space Area (104  m2 ) 14 1 0.01
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Figure 6. Variation in historical fitting MRE during the training of the seven NAR models.

Table 6 presents the lower, reference, and higher numerical settings for the seven 
projected series. These settings explore variation in model outputs and are not assigned 
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socioeconomic or policy narratives. The reference setting follows the run with the low-
est historical MRE. Combining the settings across indicators explores alternative input 
configurations rather than three mutually exclusive urban development pathways.

Table 6. Numerical settings of the projected basic variables for 2025, 2030, and 2035.

Indicators Output 
Setting 2025 2030 2035

Wastewater Treatment Volume (104  m3 )
Lower 6750 7980 9120

Reference 6901 8224 9587
Higher 7050 8510 10,050

Wastewater Discharge Volume (104  m3 )
Lower 6880 8050 9250

Reference 7027 8346 9682
Higher 7200 8680 10,120

Total Water Consumption (104  m3 )
Lower 28,500 30,200 31,800

Reference 29,134 31,125 33,015
Higher 29,800 32,100 34,500

Built-up Area (km2 )
Lower 106.5 115.2 122.8

Reference 108.3 118.5 127.6
Higher 110.2 122.0 133.0

Sewage Pipeline Length (km)
Lower 1220 1450 1680

Reference 1265 1526 1807
Higher 1310 1605 1940

Road Area (104  m2 )
Lower 1980 2150 2280

Reference 2026 2222 2375
Higher 2075 2300 2480

Green Space Area (104  m2 )
Lower 1520 1710 1880

Reference 1553 1763 1956
Higher 1590 1820 2040

Indicators constrained by planning targets or policy assumptions were assigned com-
mon values across the constructed combinations for each target year. These include water 
supply loss rate, proportion of reclaimed water usage, industrial water reuse rate, investment 
proportion, incentive policies, and management measures. Investment proportion was set 
to its historical median for 2003–2022, while incentive policies and management measures 
were assumed to remain active. The seven NAR-predicted basic series were combined using 
the lower, reference, and higher settings, yielding 2187 candidate combinations for each 
target year (Figure 7). The ellipsis in Figure 7 represents the three additional NAR-predicted 
series—built-up area, sewage pipeline length, and road area—which follow the same lower, 
reference, and higher settings; the crossing lines indicate all possible combinations among 
the seven predicted series.

The constructed input combinations were evaluated using the fuzzy matter-element 
model (Figure 8). The risk ranges were 0.361–0.469 in 2025, 0.376–0.420 in 2030, and 
0.286–0.339 in 2035, with arithmetic means of 0.413, 0.395, and 0.312, respectively. Under 
the stated classification thresholds, all three ranges fall within the medium-risk class. Their 
widths were 0.108, 0.044, and 0.053, respectively: the ranges for 2030 and 2035 were narrower 
than that for 2025, but the width did not decrease monotonically. These ranges describe 
dispersion across constructed input combinations, not statistical prediction intervals or 
changes in the probability of future outcomes.
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Figure 7. Construction of the 2187 candidate input combinations for future risk assessment.

Figure 8. Distribution of reclaimed water utilization risk indices across the constructed input combi-
nations in 2025, 2030, and 2035.

The results across the constructed input combinations were further examined in rela-
tion to the indicator settings for the production, transmission, utilization, and management 
stages. In the production stage, increases in wastewater treatment and reclaimed water 
production loads may place greater pressure on available capacity. In the transmission 
stage, pipeline expansion that lags behind the growth of the built-up area may reduce 
pipeline density. In the utilization stage, low reclaimed water utilization may limit further 
risk reduction. In the management stage, stable investment, incentive policies, and man-
agement measures remain important for supporting system operation and infrastructure 
development. Overall, coordinated improvements in production capacity, pipeline cover-
age, reclaimed water utilization, and institutional support are needed to further reduce 
future risk.

5. Discussion
5.1. Interpretation of Historical and Exploratory Future Risk Patterns

The historical assessment results show that the overall risk index of reclaimed water 
utilization in Yuyao City decreased from 0.611 in 2020 to 0.534 in 2023, while remaining 
within the medium-risk class. At the criterion level, the production and utilization stages 
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received the largest comprehensive weights, followed by the management and transmission 
stages. These weights represent the relative importance assigned to the four stages by the 
combined weighting method rather than their actual annual contributions to the calculated 
risk. At the indicator level, the proportion of reclaimed water usage (T12), reclaimed 
water utilization rate (T6), green space rate in built-up areas (T14), investment proportion 
(T16), and industrial water reuse rate (T15) received relatively large weights. However, 
the contribution of an indicator in a particular year also depends on its standardized 
indicator value.

The year-specific contribution analysis provides additional information beyond the 
weight results. The reclaimed water utilization rate (T6) and industrial water reuse rate 
(T15) had the two largest calculated contributions throughout 2020–2023. The investment 
proportion (T16) was among the five largest contributors in 2020 and 2021, while the water 
supply loss rate (T9) and reclaimed water production load (T5) entered the five largest 
contributors in 2022 and 2023, respectively. Incentive policies (T17) and management mea-
sures (T18) also remained among the indicators with relatively large contributions. This 
variation indicates that the annual assessment results were influenced by both the compre-
hensive weights and the observed indicator values. It also shows that the transmission and 
management stages should not be considered unimportant solely because their criterion 
weights were lower.

The 2187 constructed input combinations for each target year provide an exploratory 
perspective on possible future risk conditions. The calculated risk indices ranged from 
0.361 to 0.469 in 2025, from 0.376 to 0.420 in 2030, and from 0.286 to 0.339 in 2035, with 
arithmetic means of 0.413, 0.395, and 0.312, respectively. All three ranges remained within 
the medium-risk class. The corresponding range widths were 0.108, 0.044, and 0.053. 
Although the ranges for 2030 and 2035 were narrower than that for 2025, their widths 
did not decrease monotonically. Because the constructed combinations were not assigned 
occurrence probabilities, these ranges should not be interpreted as statistical prediction 
intervals, and their arithmetic means represent summaries of the constructed combination 
ensembles rather than expected future risk values.

5.2. Management Implications for the Reclaimed Water System
The assessment results indicate that risk management should address the production, 

transmission, utilization, and management stages in a coordinated manner. In the produc-
tion stage, increases in wastewater treatment volume and reclaimed water demand may 
place pressure on production capacity if facility expansion and process reliability do not 
keep pace. Future measures should therefore coordinate capacity expansion with demand 
growth, strengthen influent and effluent monitoring, and promote graded water-quality 
supply according to the requirements of different users.

In the transmission stage, pipeline development should be coordinated with the ex-
pansion of built-up areas and the spatial distribution of reclaimed water users. If pipeline 
construction grows more slowly than the serviced urban area, reclaimed water pipeline den-
sity may decline even when the total pipeline length increases. Reclaimed water pipelines 
should therefore be incorporated into urban infrastructure planning together with wastew-
ater collection and conventional water supply systems. Pipeline extension, leakage control, 
and pressure management are also important for improving transmission reliability.

In the utilization stage, the reclaimed water utilization rate and the proportion of 
reclaimed water usage remain important constraints. Reclaimed water applications may be 
extended beyond existing industrial cooling and municipal greening uses to other suitable 
non-potable industrial uses, municipal miscellaneous uses, and ecological replenishment, pro-
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vided that water-quality and planning requirements are satisfied. Incentive policies may also 
be linked more closely to actual reclaimed water consumption and water-saving performance.

In the management stage, stable investment, enforceable technical standards, and 
regular performance evaluation are needed to support the operation and expansion of the 
reclaimed water system. Diversified financing and performance-based incentives may help 
reduce the dependence of infrastructure development on short-term fiscal expenditure. 
Together, these measures can improve coordination among production capacity, pipeline 
coverage, effective demand, and institutional support.

5.3. Comparison with Previous Studies
Previous studies have applied indicator systems, combined weighting methods, and 

fuzzy matter-element models to reclaimed water risk assessment [20,21]. The present study 
extends this work by explicitly organizing the indicators into production, transmission, 
utilization, and management stages and applying the framework at the county scale. This 
stage-based structure links the assessment results with specific components of the reclaimed 
water system and supports the identification of management priorities.

Methodologically, the game-theory-based weighting procedure combines the AHP 
and entropy weights by minimizing the deviation between the combined and basic weight 
vectors, thereby reducing dependence on a single weighting method. The NAR models 
provide alternative numerical settings for seven basic time series, which are subsequently 
combined with planning- and policy-based indicator settings. The resulting 2187 combi-
nations are used to examine how alternative input configurations correspond to different 
risk indices. Therefore, the contribution of the combined framework lies in exploratory risk 
screening and management support rather than probabilistic forecasting of future events.

5.4. Limitations and Future Work
Several limitations should be considered when interpreting the results. First, each 

NAR model was developed using only 15 annual observations from 2008 to 2022. Under the 
nominal 70:15:15 division, the validation and testing subsets necessarily contain very few 
observations. Moreover, the retained modeling records contain only the overall historical 
MRE and do not preserve the exact year-by-year subset allocation or subset-specific perfor-
mance statistics. Therefore, the nominal division cannot be regarded as strict chronological 
out-of-sample validation, and the possibility of overfitting cannot be excluded. The pro-
jected trajectories should consequently be interpreted as exploratory future input settings 
rather than independently validated forecasts. Future studies should use longer time series, 
apply time-ordered or rolling-origin validation, report training, validation, and testing 
performance separately, and compare the NAR results with simpler forecasting methods.

Second, the different data periods serve different analytical purposes. The 2008–2022 
series were used for the seven NAR-predicted variables, the 2020–2023 period was used for 
the historical assessment because complete data for all 18 indicators were available only for 
these years, and the 2003–2022 investment series was used to obtain a longer-term reference 
value. These periods should not be interpreted as a single common calibration window.

Third, the 2187 combinations are constructed from predefined lower, reference, and 
higher settings and have no assigned occurrence probabilities. Their distribution depends 
on the selected NAR outputs, planning targets, and policy assumptions. In addition, the 
indicator weights and risk thresholds were fixed in the present assessment. Future research 
should examine the robustness of the results through systematic perturbation of the weights 
and thresholds and, where sufficient evidence is available, incorporate probability-informed 
scenario analysis.
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Finally, some management indicators are represented as binary variables and there-
fore do not fully describe policy intensity, coverage, or implementation effectiveness. The 
water-quality indicators also focus on conventional parameters and do not include trace 
contaminants or pathogenic microorganisms. Future studies could develop continuous 
management indices, incorporate quantitative microbial and ecological risk assessments, 
and compare reclaimed water systems across counties with different industrial and infras-
tructure conditions.

6. Conclusions
This study developed an integrated framework for assessing historical and future 

reclaimed water utilization risks in Yuyao City by combining game-theory-based weighting, 
the fuzzy matter-element model, nonlinear autoregressive models, and constructed input 
combinations. The historical assessment showed that the overall risk decreased from 2020 
to 2023 but remained within the medium-risk class. The production and utilization stages 
received the largest comprehensive weights. The proportion of reclaimed water usage, 
reclaimed water utilization rate, green space rate in built-up areas, investment proportion, 
and industrial water reuse rate were identified as important indicators. For the constructed 
input combinations, the risk indices ranged from 0.361 to 0.469 in 2025, from 0.376 to 
0.420 in 2030, and from 0.286 to 0.339 in 2035, with arithmetic means of 0.413, 0.395, and 
0.312, respectively. All three ranges remained within the medium-risk class. These values 
summarize the selected combination ensemble and should not be interpreted as probability-
weighted forecasts.

Further risk reduction requires coordinated measures across the reclaimed water 
system. Production capacity and water-quality monitoring should be strengthened in 
response to increasing treatment and production loads. Pipeline construction should be 
coordinated with urban development, while leakage control and network coverage should 
be improved. Reclaimed water applications should be expanded where water-quality and 
planning requirements are satisfied, supported by stable investment, enforceable technical 
standards, and performance-based incentives. Future research should use longer time 
series and independent or rolling-origin validation, examine the sensitivity of the results to 
indicator weights and risk thresholds, and incorporate more detailed indicators of policy 
implementation, emerging contaminants, pathogens, and ecological effects.
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Abbreviations
 The following abbreviations are used in this manuscript:

Abbreviation Full term
AHP Analytic Hierarchy Process
COD Chemical Oxygen Demand
CR Consistency Ratio
MRE Mean Relative Error
NAR Nonlinear Autoregressive
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