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Abstract

Coastal reclamation ecological restoration is critical for mitigating nearshore ecosystem 
degradation; however, achieving robust ecological assessment and effectively improving 
ecological health remain challenging for governance and sustainable development. This 
research develops an integrated framework based on two-step fuzzy-set qualitative com-
parative analysis (two-step fsQCA) that combines ecological assessment with pathway 
identification to address this issue under small-sample conditions. The framework includes: 
(i) constructing a tailored ecological health indicator framework; (ii) determining weights 
via a combined model selected by the Weighted Average of Mutual Information Redundancy 
(WAMIR) index; (iii) measuring health status and introducing the Rank Sum Ratio (RSR) 
for objective grading; and (iv) employing two-step fsQCA to identify configurational path-
ways. The framework was validated using time-series data from Laizhou Bay (1980–2019) 
and cross-sectional data from 14 functional zones in Zhejiang Province, China. Results 
show that, compared to previous approaches, the proposed framework can provide a robust 
ecological health assessment under small-sample conditions and effectively capture the 
hierarchical combinatorial causality between conditions and outcomes, offering a practical 
reference for assessment and differentiated management in coastal reclamation areas.

Keywords: coastal reclamation; ecological health; path analysis; fuzzy-set qualitative
comparative analysis (fsQCA); small-sample condition; sustainable coastal management

1. Introduction
Large-scale coastal reclamation projects have supported rapid regional economic devel-

opment, but have inevitably altered bay shorelines and hydrodynamic regimes, triggering 
a series of ecological problems such as coastal wetland shrinkage, biodiversity decline, and 
water eutrophication [1,2]. With the deepening advancement of ecological civilization con-
struction, the ecological restoration of coastal reclamation areas has become an urgent and 
major practical issue. This process typically involves a workflow of ecological problem iden-
tification, indicator construction, health assessment, driving factor diagnosis, restoration 
measure selection, and final management and decision-making. Relevant studies indicate 
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that accurately quantifying the ecological health status of coastal reclamation areas and 
identifying the key factor combinations that drive ecological health are critical prerequisites 
for integrated coastal zone management and differentiated zonal restoration [3–5].

However, due to the strong site-specificity of reclamation projects and their ecological 
responses, available research cases and data are often limited, and small-sample scenarios 
have become a typical methodological constraint in this field. Therefore, in reclamation 
restoration practice, the following challenges remain: How can the ecological health status 
of different regions and time periods be assessed accurately and robustly? And how can 
key factor combinations associated with good ecological health status be identified to 
provide a basis for restoration strategies? To address these challenges, the core scientific 
question of this research focuses on: how to develop an integrated analytical framework that 
combines “robust assessment” and “hierarchical pathway identification” in reclamation 
areas characterized by limited cases, numerous influencing factors, and varying hierarchical 
levels of effects? Specifically, this research addresses two sequentially linked modules: the 
assessment module (quantifying regional ecological health status) and the analysis module 
(identifying the key factors and their combinations affecting ecological health status).

In the ecological health assessment module, multi-criteria decision analysis (MCDA) 
is a widely used quantitative analytical tool in marine and coastal ecological health research. 
By integrating multiple dimensions such as ecology, resources, and socio-economy, and 
balancing conflicts among different objectives, MCDA facilitates systematic comprehensive 
evaluation and analysis [6–9]. In specific assessment practices, researchers have constructed 
multi-tiered indicator systems based on frameworks such as the Pressure–State–Response 
(PSR) framework and the DPSIR framework to quantitatively assess the health status of 
coastal wetlands and bay ecosystems [10–17]. For example, Li et al. [18] combined the PSR 
framework with AHP and entropy weighting to assess ecosystem health in Sanna Bay; Chen 
et al. [10] integrated the DPSIR framework with TOPSIS to evaluate coastal zone ecosystem 
health; Du and Wang [12] applied AHP-entropy-based TOPSIS to assess ecological security 
in marine ranching; and Yuvaraj et al. [15] used integrated AHP-TOPSIS models to evaluate 
coastal ecological carrying capacity under reclamation pressure. These studies provide an 
important methodological foundation for ecological health measurement in reclamation 
and related coastal areas.

However, the above studies mainly focus on the application of a single combined 
weighting scheme, without fully considering the potential impact of the indicator com-
position and information overlap characteristics of specific cases on the stability of the 
final scores; the strategy for selecting weighting schemes thus warrants further exploration. 
Moreover, comprehensive evaluation results mainly reflect the overall level of ecological 
health and cannot adequately explain how such health status is formed [19,20]. Therefore, 
after completing the ecological health assessment, it is necessary to introduce corresponding 
analytical methods to identify key factor combinations associated with good ecological 
health status.

In the analysis module, exploring the driving factors of ecological health is a prereq-
uisite for identifying restoration pathways. Existing review studies have systematically 
summarized this: reclamation and coastal engineering directly lead to the loss of coastal 
wetlands and habitat fragmentation by altering shoreline morphology and hydrological 
connectivity [21]; terrestrial nutrient and pollutant inputs are key driving factors for water 
quality degradation and eutrophication [22]; and coastal land use change, reclamation ex-
pansion, and urbanization jointly weaken the structure and function of ecosystems through 
the cumulative effects of multiple anthropogenic pressures [23]. These studies have re-
vealed the diversity and complexity of the driving factors of ecological health in reclamation 
areas from different perspectives. In specific analyses, researchers have attempted to adopt 
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different analytical methods to explore the ecological types and influencing factors of coastal 
reclamation areas. In terms of classification and zoning analysis, cluster analysis is com-
monly used to identify coastal ecological types and functional zoning. For example, Wang 
et al. applied cluster analysis to distinguish the functional zoning and ecological health 
types of coastal reclamation areas [24]. Pavirani et al. [25] compared the zoning effects 
of multiple unsupervised methods on marine ecosystem risks in the Mediterranean Sea, 
finding that different algorithms tend to produce broader or more focused risk zoning 
ranges, and that multi-method comparisons can provide a reference for management zon-
ing. In terms of dominant dimension extraction, factor analysis and principal component 
analysis are commonly used to extract major influencing dimensions from multidimen-
sional indicators. For example, Li et al. used factor analysis, including principal component 
analysis, to identify the dominant influencing dimensions behind coastal ecological health 
outcomes [26]; Rheuban et al. [27] conducted principal component and factor analyses 
on multi-year summer water quality data from Buzzards Bay, finding that in addition to 
nutrient loading, bay geomorphology is also an important driver of spatial water qual-
ity patterns. In terms of influencing factor pathways and regression analysis, structural 
equation modeling and regression analysis are commonly used to estimate the direct and 
indirect effects of environmental variables on ecological health outcomes. For example, Xu 
et al. [28], based on data from 22 coral reefs and 102 survey sites in the northern South China 
Sea, used panel regression and structural equation modeling to distinguish the direct and 
indirect effects of population, agricultural nitrogen emissions, and sea surface temperature 
on live coral cover; Wu et al. [29] applied structural equation modeling to analyze the 
regulatory pathways through which riverine nutrients, gravel habitat types, and sand cover 
changes affect benthic organism distributions in an algal reef ecosystem in Taiwan, revealing 
the complex mechanisms by which different environmental drivers influence biological 
communities through direct and indirect pathways.

Overall, the above methods focus on case classification, dimension extraction, or testing 
variable relationships under specific model specifications, which helps to summarize re-
gional differences and identify major influencing factors [30–37]. However, these traditional 
statistical methods have obvious methodological limitations when dealing with the driving 
factors of coastal ecological health. First, they require a relatively large sample size, which 
limits their applicability in reclamation research with limited cases; the applicability and 
result stability of these methods may be affected by sample size, variable quantity, and 
model complexity. Among them, when samples are limited and indicators are numerous, 
cluster analysis results may be sensitive to individual cases and variable selection [25]; factor 
analysis has certain requirements for the ratio of sample size to variable quantity [14]; and 
the parameter estimation and model fitting of structural equation modeling and regression 
analysis depend on the match between sample size and model complexity, and estimation 
bias or instability may occur when the sample size is relatively small compared to the 
number of parameters to be estimated [38,39]. Second, these methods usually assume that 
factors act independently and that their effects can be simply superimposed, making it 
difficult to characterize the complex synergistic or substitution relationships among multiple 
causal conditions in small-sample scenarios. Therefore, further analyzing the combined 
effects of multiple factors and their relationship with ecological health outcomes under 
limited case conditions is of great significance for forming governance references with 
explanatory power.

In contrast, fuzzy-set qualitative comparative analysis (fsQCA) provides a configu-
rational perspective for analyzing the combined effects of multiple factors. This method 
focuses on how different conditions synergize or substitute for one another, and how mul-
tiple equivalent pathways are linked to specific outcomes; it has been used in small- and 
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medium-sample studies with complex causal relationships. In the field of coastal and 
marine governance, fsQCA has been applied to configurational analyses of issues such 
as fishery collaborative governance, blue finance and sustainable development of marine 
ranching, and marine economic resilience. For example, Qiu et al. used one-step fsQCA 
to explore the formation configurations of ecological protection participation behavior in 
coastal areas [19]. Roozee et al. [40] used fsQCA to analyze how combinations of orga-
nizational structural conditions in 10 regional fishery management organizations affect 
collaborative performance; Wang and Lian [41] used fsQCA to identify three configura-
tional pathways—policy-led, market-driven, and capability-supported—for blue finance 
promoting the sustainable development of marine ranching; and Liu and Huang [42] used 
fsQCA with 11 coastal provinces in China as cases to analyze the configurational effects 
of conditions such as resistance, recovery, and renewal capacities on marine economic re-
silience. The above studies demonstrate the capacity of one-step fsQCA to identify condition 
combination pathways. However, when influencing factors involve different hierarchical 
levels, placing conditions at the same analytical level (flat hierarchy) may make it difficult 
to reveal their hierarchical differences. Specifically, the one-step method cannot effectively 
distinguish between slowly changing distal structural factors and rapidly changing, opera-
ble proximate governance responses, which often leads to numerous logical remainders 
and makes complex configurational relationships difficult to interpret.

In summary, ecological health research in reclamation areas faces the following method-
ological requirements in the assessment and driving factor analysis modules, respec-
tively [43–49]:
(1) Assessment module: The selection of combined weighting schemes in MCDA is often 

highly subjective. Most studies directly select a single combined weighting method and 
rarely systematically compare multiple combined weighting models based on different 
case characteristics (such as indicator dimension composition, factor quantity, and 
information overlap). Combined weighting methods still lack an adaptive selection 
mechanism, and whether the resulting composite scores are stable and can support 
robust ecological health assessment remains to be further explored [14,50].

(2) Driving factor analysis module: Under conditions of limited cases, numerous influ-
encing factors, and different hierarchical levels of conditions, one-step fsQCA may 
face problems such as numerous logical remainders, complex result interpretation, 
and difficulty in expressing condition hierarchies. When there are many candidate 
conditions and a limited number of cases, numerous logical remainders may appear in 
the truth table, increasing the difficulty of interpreting configurational results; more-
over, if different conditions have different hierarchical levels, placing them at the same 
analytical level may make it difficult to fully reveal their differences in effect. Two-step 
fsQCA provides a methodological foundation for hierarchical configurational analysis 
and has been applied in other fields [51], but its application in identifying ecological 
health driving pathways in reclamation areas still has room for expansion, and whether 
it can yield key factor combinations that are moderate in number, clearly interpretable, 
and capable of supporting governance decisions requires further investigation.
To address the above two methodological requirements, this research develops an 

integrated framework combining ecological health assessment and pathway identification. 
Within this framework, the assessment and analysis modules are sequentially linked and 
logically integrated: First, MCDA serves as the foundational evaluation framework to 
establish a multidimensional indicator system; second, the WAMIR index is introduced as 
a “weighting filter” to objectively select the most robust weighting scheme from multiple 
candidates; subsequently, based on data characteristics, linear weighting or the TOPSIS 
model is employed to calculate the composite score, which is then subjected to the RSR 
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method for five-level objective grading, thereby generating a reliable outcome variable (Y); 
finally, Y is fed into the two-step fsQCA as the analytical engine, which theoretically divides 
conditions into remote and proximate ones to identify the configurational pathways (X) 
driving ecological health. Each method performs its specific function and complements the 
others logically. Compared with existing studies, the main extensions of this research are 
as follows:
(1) Assessment module: To address differences among reclamation cases in indicator 

composition and information overlap, a mutual-information-based selection mecha-
nism for combined weighting schemes is introduced. Using the Weighted Average of 
Mutual Information Redundancy (WAMIR) as a quantitative basis, candidate com-
bined weighting schemes are compared to provide a comparable screening criterion 
for scheme selection, thereby providing methodological support for answering “how 
to obtain robust ecological health assessment results” in the assessment module and 
providing a stable ecological health outcome variable for subsequent configurational 
analysis.

(2) Driving factor analysis module: To address the problems that may arise in one-step 
fsQCA under limited cases and numerous candidate conditions, such as numerous 
logical remainders and difficulty in reflecting different condition hierarchies, two-
step fsQCA is adopted: antecedent conditions are divided into remote structural 
conditions and proximate regulatory conditions based on theory, so as to hierarchically 
examine the relationships between different conditions and their combinations and 
ecological health outcomes. On this basis, multiple equivalent pathways associated 
with ecological health outcomes are identified, and the synergistic and substitution 
relationships among conditions are analyzed, providing a reference for identifying 
differentiated restoration pathways, thereby providing methodological support for 
answering “how to identify key factor combinations that are moderate in number, 
clearly interpretable, and capable of supporting governance decisions” in the analysis 
module.
In summary, the proposed integrated framework aims to solve two problems that 

traditional MCDA and existing fsQCA applications struggle to address under small-sample 
conditions: how to objectively select a combined weighting scheme in MCDA, and how to 
identify configurational pathways for ecological restoration on the basis of ecological health 
assessment. This framework is expected to identify the key factors affecting regional ecology 
in specific reclamation contexts, thereby supporting restoration measure selection and 
differentiated governance decisions. Apart from the above two extensions, the other steps of 
the proposed framework adopt existing mature techniques, including PSR-based indicator 
construction, AHP/EW weighting, RSR grading, and fsQCA. The proposed framework is 
validated through two case studies in Laizhou Bay and Zhejiang Province.

The remainder of this research is structured as follows: Section 2 elaborates on the 
components of the integrated framework developed in this research, including the construc-
tion of the indicator system, the determination of indicator weights, the measurement and 
grading of ecological health, and the two-step fsQCA configurational analysis. Section 3 
briefly introduces the research cases and the construction of case-related indicator frame-
works. Section 4 demonstrates the effectiveness of the proposed framework through the 
analysis of these two case groups. Section 5 discusses the advantages, applicable scope, and 
limitations of the proposed framework. Section 6 presents the conclusions of this research.
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2. Methods
This section describes in detail the proposed path analysis method for ecological 

health in small-sample coastal reclamation areas, comprising four modules: construction 
of the indicator system, determination of indicator weights, measurement and grading of 
ecological health, and two-step fsQCA configurational analysis. The following subsections 
present the theory, calculation formulas, and operational procedures of each module in 
detail. The complete procedure is illustrated in Figure 1.

Figure 1. Method flowchart.

2.1. Construction of the Indicator System
To conduct path analysis for driving ecological health in coastal reclamation areas, the 

ecological health status of the target areas must first be quantified. To this end, a series 
of indicators capable of characterizing the ecological health status of reclamation areas 
should be selected, and an appropriate method should be adopted to evaluate the ecological 
health status. Methods for assessing ecosystem health include the bio-evaluation method 
(BEM) and the indicator framework method (IFM), among others [52]. Among these, 
the indicator framework method has been widely applied in ecological health assessment 
due to its capacity to fully reflect the structure and function of ecosystems. Therefore, this 
research adopts the indicator framework method to evaluate the ecological health status, 
with the key to this method lying in the selection of basic evaluation indicators [10,18].

The first step of the indicator framework method involves establishing a hierarchical 
evaluation structure. Specifically, the target layer of the evaluation object should first be 
defined. Subsequently, based on the system composition and internal interrelationships of 
the evaluation object, the target layer is decomposed into several criterion layers. Finally, 
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under each criterion layer, corresponding basic indicators are selected in accordance with the 
principles of scientific soundness, representativeness, data availability, comprehensibility, 
and systematicity [1]. In this research, we select regional ecological health status as the 
target layer. Then, conceptual models such as pressure–state–response (PSR) and driving 
force–pressure–state–impact–response (DPSIR) are adopted to systematically decompose 
the target layer into criterion layers. Finally, basic indicators are selected under each criterion 
layer [53,54].

To address the issue that, in the selection of sample indicators, different cases exhibit 
significant differences in spatial scale, temporal attributes, data sources, and management 
objectives, this research further divides the basic evaluation indicators into two categories: 
core conceptual indicators and region-specific indicators. Core conceptual indicators refer 
to conceptual indicators that are generally applicable across different cases under the three 
core dimensions of pressure (P), state (S), and response (R); region-specific indicators, by 
contrast, are supplementary indicators associated with a particular case and intended to 
reflect regional ecological characteristics. By integrating the ecological characteristics of 
coastal reclamation areas and drawing on existing research [10–17], the mapping between 
the core concepts and specific indicators selected in this research is presented in Table 1. 
Accordingly, the indicator framework applied to samples from different coastal reclamation 
areas should cover at least the core concepts listed in Table 1. The specific indicators adopted 
may vary from case to case, but they must be able to characterize the corresponding core 
concepts. The indicator systems of the two cases in this research each cover at least the core 
concepts listed in Table 1, thereby ensuring logical consistency in cross-case comparison. 
In addition, when data conditions permit, region-specific indicators are supplemented 
according to the ecological characteristics of each case, so as to construct the ecological 
health index for each case and conduct configurational analysis.

Table 1. Mapping table of core concepts and specific indicators.

Core Dimension Core Concept Definition Laizhou Bay Zhejiang Reclamation

Pressure (P) Resource development 
pressure

Direct development and 
occupation intensity of marine 

space and biological resources by 
humans.

P1, P13 P1, P2

Pressure (P) Ecological damage 
pressure

Pollution, nutrient input, and 
comprehensive damage to 

ecosystems caused by human 
activities.

P2, P3, P4, P5, P6, P7, 
P10, P12 P3

State (S) Ecological space and 
habitat

Quantity of ecological space, 
vegetation coverage, and habitat 

quality.
S1 S2, S4, S7

State (S) Biological status
Diversity or resource quantity of 

biological components in the 
ecosystem.

S3 S3

State (S) Hydrodynamic conditions Tidal hydrodynamics and water 
exchange capacity. S2 S5

Response (R) Marine protected space
Proportion of marine protected 

areas, reflecting spatial protection 
intensity.

R4 R3

Response (R) Management response 
capacity

Management response capacity in 
terms of institutions, funding, and 

restoration measures.
R2 R2

Note: For the specific meanings of the indicators, please refer to the indicator tables of the correspond-
ing cases in Section 3.
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To examine the impact of indicator selection on the evaluation results, this research 
conducts a sensitivity analysis using three strategies: core indicator subset, dimension 
removal, and random indicator deletion. The core indicator subset test retains only the core 
conceptual indicators in Table 1. In the dimension-removal test, the P, S, and R dimensions 
are removed one at a time for cases adopting the PSR framework, whereas the P, S, R, D, 
and I dimensions are removed one at a time for cases adopting the DPSIR framework. In 
the random indicator deletion test, indicators are randomly deleted at proportions of 10%, 
20%, and 30%, and this process is repeated 1000 times for each proportion. Under all the 
above strategies, whenever the indicator set changes, the weights are renormalized and 
the rankings are recalculated. To measure changes in the rankings, this research takes 
the ranking based on the full indicator set as the benchmark, employs Spearman’s rank 
correlation coefficient to measure overall ranking consistency, and uses the TopN overlap rate 
to measure the stability of top-ranked results. In the random indicator deletion experiment, 
the distributions of the above metrics across 1000 repetitions are further calculated to reflect 
the sensitivity and robustness of the final ranking results of the proposed method to changes 
in the indicator set.

Among these, Spearman’s rank correlation is used to measure the consistency of the 
overall ranking before and after perturbation. Let the ranks of sample i in the benchmark 
ranking and the perturbed ranking be ri  and 𝑟′

𝑖 , respectively. Then, Spearman’s rank corre-
lation coefficient can be expressed as:

𝜌 = 1 −
6∑𝑛

𝑖=1(𝑟𝑖 − 𝑟′
𝑖)2

𝑛(𝑛2 − 1)
(1)

where n is the number of samples. The value of 𝜌 ranges from [−1, 1]. The closer it is to 1, 
the more consistent the rankings before and after perturbation. Referring to commonly used 
standards, 𝜌 > 0.9 is judged as “robust”, 0.8 < 𝜌 ≤ 0.9 as “relatively robust”, and 𝜌 < 0.8 as 
“not robust”.

TopN overlap rate is used to measure the stability of the top key samples. It is calculated 
as follows: take the top N samples in the benchmark ranking and the perturbed ranking, 
and calculate the ratio of the intersection size of the two sets to N:

TopNOverlaprate =
|𝑆Benchmark ∩ 𝑆Disturbance|

𝑁 (2)

where SBenchmark  and SDisturbance  are the sets of the TopN samples in the benchmark ranking 
and the perturbed ranking, respectively. In this research, the number of samples in the 
Laizhou Bay case is 9, and Top3 is used; the number of samples in the Zhejiang case is 
14, and Top5 is used. An overlap rate greater than 80% is judged as “robust,” 60–80% as 
“relatively robust,” and less than 60% as “not robust.”

After the indicator framework is determined, indicators often differ considerably 
in their sources, types, and other attributes, resulting in significant differences in value 
ranges and, consequently, a lack of comparability. To facilitate data comparison, analysis, 
and processing, it is necessary to standardize the raw data of each indicator. According 
to their directional effects, evaluation indicators can be classified into three categories: 
positive, negative, and interval-neutral. Each category has its own distinct standardized 
representation.

For positive indicators:

Zij =
Xij − min(Xj)

max(Xj) − min(Xj)
(3)
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For negative indicators:

Zij =
max(Xj) − X

ij

max(Xj) − min(Xj)
(4)

For interval-neutral indicators:

Zij= 1 −
|Xij − k|

max(|Xij − k|)
(5)

where Zij  denotes the standardized value of the evaluation indicator, Xij  denotes the raw 
value of the evaluation indicator, and k denotes the ideal value. Through the above pro-
cessing, the values of all three types of indicators fall within the range of [0, 1]. A higher 
standardized value indicates a greater positive contribution of that indicator to the ecological 
health status.

2.2. Determination of Indicator Weights
After the construction of the indicator system, it is necessary to assign corresponding 

weights to each indicator to characterize the influence intensity of that indicator on the 
ecosystem health status. However, previous research has tended to select a combined 
weighting method rather subjectively when applying combined weighting approaches to 
determine the weights of each indicator, without adequately considering the structural 
characteristics among the indicators. Therefore, it is crucial to employ an objective method 
for the selection of an appropriate combined weighting scheme [55,56].

To balance domain expert experience and objective discrete information from indicator 
data, existing coastal ecological assessment research generally combine the subjective AHP 
method [55] with the objective Entropy Weight Method (EWM) [57] to determine indicator 
weights. The mainstream combined weighting methods currently employed in the field 
of coastal ecosystem analysis can be categorized into three types: the information entropy 
adaptive weighted combined weighting method, the minimum information discrimination 
combined weighting method, and the game theory-based combined weighting method [58].

(1) Information entropy adaptive weighted combined weighting method

This method utilizes the information entropy of each indicator as the dynamic allo-
cation coefficient for subjective and objective weights: the higher the discrimination of 
indicator data, the lower the information entropy, the stronger the credibility of the objective 
weights, and the correspondingly larger the proportion of entropy weights in the combined 
weights [53]. The calculation formula for the combined weight is:

Wj = jWA ∗ ej + jWE ∗(1 − ej) (j = 1, 2, … ,m) (6)

where jWA  denotes the subjective weight of the j-th indicator calculated by the AHP method; 
jWE  denotes the objective weight calculated by the EWM; ej  denotes the information entropy 
of indicator j; and m represents the total number of evaluation indicators.

(2) Minimum information discrimination combined weighting method

This method constructs an objective function that minimizes information loss and 
derives the analytical solution of the fused weights using the Lagrange multiplier method. 
Its optimization objective is for the combined weights to simultaneously approach both 
the subjective AHP weights and the objective entropy weights, thereby preserving the 
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information embedded in both types of weights to the greatest extent possible [59]. The 
objective optimization model is formulated as:

{


minF(W) =
n

∑
i=1

(W ∗ ln
W

WA
+ W ∗ ln

W
WE

)

s.t.
n

∑
i=1

Wi = 1, Wi ≥ 0
(7)

Through the Lagrange multiplier method, the analytical solution for the optimal 
combined weight is derived as:

Wi =
√WAi ∗ WEi

∑n
i=1 √WAi ∗ WEi

(8)

(3) Game theory-based combined weighting method

This method treats the subjective AHP weights and objective entropy weights as two 
independent decision-making agents. Taking the minimization of the overall deviation be-
tween the combined weights and the two types of weights as the game-theoretic equilibrium 
objective, the optimal linear combination coefficients are solved to achieve a game-theoretic 
equilibrium between subjective experience and objective data [30]. The objective function 
is formulated as the minimization of the overall deviation of the weights:

min||
2

∑
k=1

ak ∗ kw
T − wk||

2

(9)

The three mainstream combined weighting models described above differ in their 
optimization objectives and directions, which poses a challenge to the selection of an ap-
propriate combined weighting model. Therefore, it is necessary to establish a quantitative 
model selection mechanism. It is noteworthy that information redundancy often exists 
among indicators within the ecological evaluation indicator system for coastal reclama-
tion areas. However, combined weighting methods treat each indicator independently 
during the calculation process, without adequately considering the information structural 
characteristics among indicators. This may lead to high weights being concentrated on 
indicator clusters with high mutual information, resulting in artificial compression bias of 
evaluation dimensions and repeated superposition scoring of information. Consequently, 
the selection of a weighting scheme should not only consider the balance between subjective 
and objective weights, but also examine whether the weight allocation is coordinated with 
the inherent information structure of the indicator system.

To address this issue, this research introduces the Weighted Average of Mutual In-
formation Redundancy (WAMIR) index based on Mutual Information (MI), providing 
an information-theoretic quantitative criterion for the selection of combined weighting 
schemes by quantifying the degree of structural information redundancy among indicators 
under each weighting scheme [60].

For the standardized continuous indicator data Xi  and Xj (i,j = 1,2,…,m), their Mutual 
Information (MI) is defined as:

I(Xi; Xj) = H(Xi) + H(Xj) − H(Xi, Xj) (10)

where H denotes the information entropy.
The interpretation of mutual information is as follows: after knowing the value of 

indicator Xj , by how much the uncertainty of indicator Xi  is reduced. I = 0 indicates that the 
two indicators are completely independent with no information overlap, while I > 0 indicates 
the presence of information overlap, with a larger value signifying higher redundancy. 
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Compared with the Pearson correlation coefficient, the advantage of mutual information 
lies in its ability to capture nonlinear dependency relationships. Mutual information is 
computed for all indicator pairs, yielding an m × m mutual information matrix M, where 
Mij  = I(Xi ;Xj ), and Mii  = 0, i.e., the mutual information of an indicator with itself is excluded 
from the redundancy calculation. For a given set of candidate combined weights w = (w1, 
w2, …, wm)T , the global redundancy index is defined as:

WAMIR(w) =
m

∑
i=1

m
∑
j≠i

wi·wj·I(Xi; Xj) = wTMw (11)

The interpretation of this index is as follows: under a given weight allocation scheme, 
the information overlap between each pair of indicators is weighted and summed by the 
product of their respective weights. If a combined weighting scheme assigns large weights 
to indicator pairs with extremely high mutual information, the WAMIR value will increase 
significantly, indicating that the scheme suffers from the structural defect of “information 
superposition scoring.” Conversely, if the weights are reasonably dispersed across indicators 
with low mutual information and relative information independence, the WAMIR value will 
be lower, indicating that the evaluation dimensions are more diversified and parsimonious.

2.3. Measurement and Grading of Ecological Health
After assigning corresponding weights to each indicator, the ecological health status 

of the region is characterized by calculating the ecological health score. Then, in order 
to effectively classify and analyze each sample within the region, it is necessary to grade 
the ecological health scores. However, due to the distinct characteristics of each analytical 
region, an objective grading model for ecological health status needs to be established.

To achieve objective classification of the samples, it is first necessary to quantify the 
ecological health status of each sample. Both the linear weighted scores and TOPSIS scores 
are commonly used scoring models in the field of coastal ecological analysis to characterize 
ecological health status.

(1) Linear weighted scores

Derived from the weighted summation of standardized indicator data, this method is 
computationally straightforward, offers intuitive result interpretation, and is well-suited for 
long-term dynamic evolution analysis of bays [61].

Si =
m

∑
j=1

Wj ∗ Zij (12)

where Si  is the ecological health score of the i-th sample; Wj  is the combined weight of the 
j-th indicator; Zij  is the standardized value of the j-th indicator for the i-th sample and m is 
the total number of indicators.

(2) TOPSIS scores

Construct positive and negative ideal solutions, and calculate the Euclidean distances 
from each sample to the positive and negative ideal solutions. The closer the evaluation 
indicators are to the positive ideal solution and the farther they are from the negative 
ideal solution, the better the comprehensiveness of the evaluation object. This method is 
predominantly used for cross-sectional horizontal comparison across multiple regions [8].

Construct the weighted standardized matrix:

Vij = Wj ∗ Zij (13)

Determine the positive and negative ideal solutions:
{


V+
j = {max(V1j), max(V2j), … , max(Vmj)}

V−
j = {min(V1j), min(V2j), … , min(Vmj)}

(14)
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Calculate the Euclidean distances:

{


D+
i = √

m
∑
j=1

(Vij − V+
j )

2

D−
i = √

m
∑
j=1

(Vij − V−
j )

2
(15)

Calculate the ecological closeness degree scores:

Ci =
D−

i

D+
i + D−

i
(16)

By employing the two scoring models described above, the ecological health status 
of each regional sample is characterized. Furthermore, based on the derived scores, each 
sample can be graded accordingly, thereby achieving a comprehensive evaluation of the 
ecological health status for all samples.

The Rank Sum Ratio (RSR) is a statistical analysis method capable of achieving objective 
ranking based on empirical data. By employing the linear weighted scores or TOPSIS 
closeness scores as an input sequence, all sample scores are ranked in descending order, 
and the RSR is subsequently calculated, thereby avoiding subjective bias that may arise 
from artificial classification grading [14,62]. The specific procedures are as follows:
(1) The weighted rank sum ratio (WRSR) is calculated for each evaluation object:

WRSRi =
1
n

m
∑
j=1

WjRij (17)

where n is the number of samples, m is the number of indicators, Wj  is the weight of the 
j-th indicator, and Rij  is the rank of the i-th object under the j-th indicator (higher values 
receive higher ranks).

(2) The objects are sorted in ascending order of WRSR. The cumulative frequency is 
calculated as:

Pi =
i
n   i = 1, 2, … , n (18)

For the last group, the cumulative frequency is adjusted as Pn  = 1 − 1/(4n).

(3) The cumulative frequency is transformed into the Probit value:

Zi = Φ−1(Pi) (19)

where Φ−1(·) denotes the inverse cumulative distribution function of the standard normal 
distribution.

(4) A linear regression is established with Probit Z as the independent variable and the 
comprehensive score S as the dependent variable:

Si = β0 + β1Zi + εi (20)

(5) The theoretical quantiles q = {0.2, 0.4, 0.6, 0.8} are used to derive the score cutoffs:

Scut(q) = β0 + β1Φ
−1(q) (21)

The four cutoffs divide the objects into five grades: Poor, Relatively Poor, Medium, 
Good, and Excellent. Model performance is assessed using R2 , adjusted R2 , leave-one-out 
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Q2 , the F-statistic, and the parameter-to-sample ratio. The grading thresholds presented in 
Table 2 below.

Table 2. Five-level grading rules based on theoretical quantiles.

Grade Score Range

Poor (Level I) S < Scut(0.2) 
Relatively Poor (Level II) Scut(0.2) ≤ S < Scut(0.4) 

Medium (Level III) Scut(0.4) ≤ S < Scut(0.6) 
Good (Level IV) Scut(0.6) ≤ S < Scut(0.8) 

Excellent (Level V) Scut(0.8) ≤ S
Scut(q) = β0 + β1Φ

−1(q), estimated separately for each case.

The final evaluation grade of each sample is determined according to the interval into 
which its fitted RSR value falls.

2.4. Two-Step fsQCA Configurational Analysis
After achieving a quantitative characterization of regional ecological health status, 

an appropriate method is required to explore the configurational paths driving ecological 
health. When exploring the combined effects of different ecological indicators on reclama-
tion ecological health, fuzzy-set Qualitative Comparative Analysis (fsQCA) [51] appears to 
be a sufficient method, as it is capable of detecting combinatorial causality between condi-
tions and outcomes. However, the conventional one-step fsQCA often faces the dilemma of 
“too many variables, too few cases” in reclamation ecological health research, which may 
lead to overly complex results and limited diversity, while also failing to fully account for 
the interrelationships among indicators.

To address the above issues, this research employs the two-step fsQCA method pro-
posed by Schneider and Wagemann (2006) [51], selecting key indicators as condition 
variables and using the calculated ecological health scores as the outcome variable for 
configurational analysis. The screening of condition variables is primarily based on two 
considerations. The first is causal relevance: priority is given to indicators that are strongly 
correlated with ecological health and whose associations are supported by existing research, 
thereby avoiding weakly correlated or redundant indicators that consume limited degrees 
of freedom. The second is representativeness and dimensional coverage: at least one rep-
resentative indicator is retained under each criterion layer, so that the retained conditions 
collectively capture the causal chain structure of the PSR/DPSIR framework rather than 
being concentrated within a single dimension.

Once the condition variables have been determined, they are further divided into 
remote and proximate conditions according to two criteria. Specifically, remote conditions 
are slowly changing structural factors located upstream in the causal chain, with slower 
ecological responses; by contrast, proximate conditions are more rapidly changing variables 
located downstream and more directly related to the outcome [63]. Within the selected 
framework, indicators at the driving force (D), pressure (P), and state (S) levels are regarded 
as remote conditions, whereas indicators at the impact (I) and response (R) levels are 
regarded as proximate conditions.

In terms of operational procedures, the direct calibration method is first applied for 
variable calibration: the 5th, 50th, and 95th percentiles of the sample distribution for each 
condition variable are set as the thresholds for full non-membership, the crossover point, 
and full membership, respectively, transforming the standardized indicator data into fuzzy 
membership scores within the [0, 1] interval. Subsequently, to examine whether each 
condition variable constitutes a necessary condition for the outcome, a necessity analysis is 
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conducted on the calibrated condition variables, where a consistency level exceeding 0.9 
indicates that the condition variable is a necessary condition for the outcome. Finally, a 
two-step fsQCA is employed for sufficiency analysis [64–66]:

In the first step, remote conditions are used as antecedent conditions and the ecological 
health scores as the outcome, with the consistency threshold set at 0.6. Because the number 
of cases is small, a relatively lenient threshold is adopted so as to retain sufficient structural 
contexts. Only the parsimonious solutions are carried forward, yielding compact, structural 
configurations that reduce the number of logical combinations entering the second step.

In the second step, each remote configuration identified in the first step is operational-
ized as a fixed context condition (CTX). For a single remote condition, CTX is its calibrated 
membership score; for a conjunction of remote conditions, CTX is the minimum of their 
calibrated membership scores. CTX is then included together with all proximate conditions 
as antecedent conditions in a second-step fsQCA applied to the full set of cases, with a 
stricter consistency threshold of 0.8 and a PRI threshold of 0.6, as the larger set of conditions 
warrants more conservative criteria. In the truth table, all rows in which CTX = 0 are 
treated as logical remainders and excluded from the minimization, so that the direction 
of the remote configuration identified in the first step remains fixed. In this step, we focus 
exclusively on the complex solutions generated by the output, so as to reduce the complexity 
of causal combinations and thereby produce a highly consistent solution set.

To assess the robustness of the configurational results, the raw consistency threshold 
and the PRI threshold are raised in the robustness check, and the resulting solutions are 
compared with the baseline solutions. It should be noted that all antecedent and outcome 
conditions included in this research have undergone positive standardization during the in-
dicator normalization stage described in Section 2.1. That is, a higher fuzzy-set membership 
score corresponds to stronger ecological friendliness of the indicator and a more significant 
positive effect on ecosystem health; conversely, its negation (~X, low membership) repre-
sents elevated ecological pressure and deteriorated health status. The specific type (+, −, 
or N) of each indicator is detailed in Tables 3 and 4.

Table 3. Indicator system for ecosystem health assessment in LZB.

Criterion 
Layer Indicator Criterion 

Layer Indicator

Driving 
force (D)

Total population (D1, −)
GDP per capita (D2, +)

Value-added of primary industry (D3, −)
Value-added of secondary industry (D4,−)

Value-added of tertiary industry (D5, +)
Proportion of primary industry (D6, −)

Proportion of secondary industry (D7, −)
Proportion of tertiary industry (D8, +)

State (S)

Natural wetland area (S1, +)
Maximum tidal range (S2, +)

Phytoplankton biodiversity (S3, +)
Salinity (S4, N)

Water temperature (S5, +)
Dissolved oxygen (DO) (S6, +)

COD (S7, −)
pH (S8, +)

Chlorophyll a (S9, +)
DIN (S10, −)

Active phosphate (PO4-P) (S11, −)

Pressure 
(P)

Marine catch (P1, −)
Discharge of total nitrogen (TN) from mariculture (P2, −)

Discharge of TN from livestock and poultry breeding (P3, −)
Amount of agricultural chemical fertilizer entering the sea (P4, −)

Amount of pesticides entering the sea (P5, −)
Industrial wastewater discharge (P6, −)

Domestic sewage discharge (P7, −)
Annual runoff of the Yellow River (P8, N)

Annual sediment discharge of the Yellow River (P9, N)
Dissolved inorganic nitrogen (DIN) flux of the Yellow River (P10, −)

Annual runoff of the Xiaoqing River (P11, N)
Chemical Oxygen Demand (COD) flux of the Xiaoqing River (P12, −)

Declaration area (P13, −)

Impact (I)

Occurrence area of red tide in coastal waters (I1, −)
Maximum offshore distance of sea ice outer line (I2, −)
Proportion of sea area below Class I sea water quality 

standard (I3, −)
Ratio of nitrogen and phosphorus (N/P) (I4, N)

Response 
(R)

Centralized treatment rate of sewage treatment plant (R1, +)
Perfection of relevant policies, laws and regulations (R2, +)

Retention rate of natural coastline (R3, +)
Proportion of marine nature/special reserves

(marine parks) (R4, +)

Note: Type + denotes a positive indicator; − denotes a negative/pressure indicator; N denotes a 
neutral/interval indicator. All indicators were positively standardized before analysis. Therefore, re-
gardless of indicator type, a higher standardized score (X) always represents an ecologically favorable 
state, whereas its negation (~X) represents an ecologically unfavorable state.
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Table 4. Indicator system for ecosystem health assessment in Zhejiang.

Criterion Layer Indicator Layer Criterion Layer Indicator Layer

Pressure (P)

Reclamation area (P1, −)

State (S)

Tidal prism (S5, +)

Natural shoreline
occupancy intensity (P2, −) Landscape satisfaction (S6, +)

Ecological damage intensity
per unit area (P3, −) Vegetation coverage (S7, +)

State (S)

Proportion of urban construction land from 
reclamation (S1, −)

Response (R)

fund investment execution rate (R1, +)

Proportion of ecological space (S2, +) Ecological restoration
completion rate (R2, +)

Marine biological resources (S3, +) Proportion of marine
protected areas (R3, +)

Habitat quality index (S4, +) Popular science education intensity (R4, +)

Note: Type + denotes a positive indicator; − denotes a negative/pressure indicator; N denotes a 
neutral/interval indicator. All indicators were positively standardized before analysis. Therefore, re-
gardless of indicator type, a higher standardized score (X) always represents an ecologically favorable 
state, whereas its negation (~X) represents an ecologically unfavorable state.

3. Materials
3.1. Laizhou Bay

Laizhou Bay (36°25′–37°45′ N, 118°17′–120°45′ E) is located in the southern Bohai Sea 
and the northern Shandong Peninsula, China, as shown in Figure 2. More than ten rivers, 
including the Yellow River, discharge into the bay. Pollution accumulated from long-term 
economic activities in this region has led to water quality degradation, eutrophication, 
habitat destruction, and a decline in marine ecosystem services, imposing rigid constraints 
on the sustainable development of the coastal areas around Laizhou Bay. To analyze 
the evolutionary trend of ecological health over the past four decades and to identify 
configurational pathways under long-term dynamic conditions, this research collected 
time-series data for Laizhou Bay from 1980 to 2019, comprising nine annual samples for 
1980, 1985, 1990, 1995, 2000, 2005, 2010, 2015, and 2019. The data were mainly obtained 
with reference to Wu et al. (2023) [1], with the original data derived from bulletins such as 
the China River Sediment Bulletin and yearbooks such as the China Statistical Yearbook on 
Environment.

Figure 2. Laizhou Bay map (left); Zhejiang Province (right).

Regarding indicator selection, given the relatively abundant monitoring information 
available for the Laizhou Bay case, this case adopted the Driver–Pressure–State–Impact–
Response (DPSIR) framework, comprising five criterion layers and 40 indicators, to charac-
terize the causal chain from socio-economic drivers to ecological responses. The specific 
indicators are presented in Table 3. On the basis of the core conceptual indicators for 
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Laizhou Bay listed in Table 1, and in light of the high intensity of economic activities and 
numerous inflowing rivers in Laizhou Bay, additional indicators were incorporated, includ-
ing economic driver indicators (D1–D8), river-input-related indicators (P8, P9, P11), and 
impact indicators (I1–I4), thereby strengthening the mapping relationship between the 
indicator system and the actual ecological assessment of Laizhou Bay.

3.2. Coastal Reclamation Zones in Zhejiang Province
The second case group comprises 14 functional reclamation zones located in Zhejiang 

Province, China, as shown in Figure 2. Since the 1950s, large-scale reclamation in Zhejiang 
Province has significantly altered shoreline and hydrodynamic conditions. While support-
ing economic development, it has also led to coastal wetland shrinkage, biodiversity decline, 
and water eutrophication [2]. These 14 functional reclamation zones differ considerably in 
reclamation intensity, ecological baseline, and management regimes. This heterogeneity 
provides an ideal setting for identifying differentiated ecological restoration pathways 
using cross-sectional data. This research collected data for the 14 reclamation zones. The 
data were mainly obtained from secondary sources related to Zhejiang Province, including 
statistical yearbooks, environmental monitoring reports, and basic research data provided 
by the Zhejiang Institute of Surveying and Mapping Science and Technology.

Regarding indicator selection, given the considerable differences in geographical en-
dowments among the zones and the limited number of common ecological indicators, this 
case adopted the Pressure–State–Response (PSR) framework, comprising three criterion 
layers and 14 indicators, as detailed in Table 4. Based on the core conceptual indicators for 
reclamation listed in Table 1, and in view of the prominent anthropogenic development and 
governance response factors in these zones, three additional indicators were incorporated: 
the proportion of urban construction land formed by reclamation (S1), landscape satisfac-
tion (S6), and popular science education intensity (R4). This enhanced the capacity of the 
indicator system to characterize the actual ecological conditions of the reclamation zones.

4. Results
In this section, to further demonstrate the effectiveness of the proposed small-sample 

path analysis method for ecological health in reclamation areas, two distinct scenarios are 
selected for case analysis. In Section 4.1, based on long-term panel data of Laizhou Bay, a path 
analysis of the ecological health of the bay’s ecosystem is conducted over its evolutionary 
process from 1980 to 2019. In Section 4.2, cross-sectional data from 14 reclamation zones 
in Zhejiang Province are adopted to complete the path analysis of ecological health for 
different development blocks.

4.1. Case 1: Long-Term Sample of Laizhou Bay
The Laizhou Bay case was measured based on long-term time-series data from 

1980 to 2019. The indicator framework was constructed based on the DPSIR (Driving–
Pressure–State–Impact–Response) framework, encompassing 40 indicators across five crite-
rion layers. A total of nine yearly samples, 1980, 1985, 1990, 1995, 2000, 2005, 2010, 2015, 
and 2019 were included.

After the indicator standardization was completed, the WAMIR (Weighted Average of 
Mutual Information Redundancy) index was employed to quantitatively select among the 
three combination weighting schemes. Based on the standardized data of the 40 indicators 
for Laizhou Bay, the WAMIR values corresponding to the weights derived from the informa-
tion entropy-adaptive weighted combination weighting method, the minimum information 
discrimination combination weighting method, and the game theory combination weight-
ing method were calculated, yielding values of 0.401, 0.402, and 0.405, respectively. Among 
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these, the information entropy-adaptive fusion weights achieved the lowest WAMIR value, 
indicating that this scheme can effectively reduce information redundancy among indica-
tors and avoid duplicate information scoring under the Laizhou Bay indicator framework. 
Consequently, it was selected as the weighting scheme for this case. The linear weighted 
summation model was adopted for the ecological health score calculation, so as to preserve 
the additivity of indicator contributions and ensure temporal comparability.

To examine the influence of the above indicator selection on evaluation results, this 
research conducts sensitivity analysis from three aspects: core indicator subset, dimension 
removal, and random indicator deletion. The results are shown in Table 5.

Table 5. Experimental Results Table of Indicator Sensitivity Analysis of Case 1.

Test Type Scenario Spearman Rank 
Correlation Judgment TopN Overlap Rate 

(Top3) Judgment

Core indicator subset 15 core indicators 0.883 Relatively robust 0.667 Relatively robust

Dimension removal Removing D 0.950 Robust 0.667 Relatively robust

Dimension removal Removing P 0.583 Not robust 0.667 Relatively robust

Dimension removal Removing S 0.933 Robust 0.667 Relatively robust

Dimension removal Removing I 1.000 Robust 1.000 Robust

Dimension removal Removing R 0.933 Robust 0.667 Relatively robust

Random indicator 
deletion Deleting 10% Mean 0.973 Robust Mean 0.867 Robust

Random indicator 
deletion Deleting 20% Mean 0.947 Robust Mean 0.867 Robust

Random indicator 
deletion Deleting 30% Mean 0.908 Relatively robust Mean 0.790 Relatively robust

The results indicate that the core indicator subset has good consistency with the 
full-indicator ranking, and retaining only the core conceptual indicators can still reflect 
the overall evaluation results. Among the dimensions, pressure is the core constraint on 
ecological health in Laizhou Bay. After removing this dimension, the ranking changes 
significantly, which is consistent with the actual characteristics of the region being affected 
by long-term human activities. After random indicator deletion, the ranking is generally 
robust, and changes in score distribution are within an acceptable range. In summary, 
the core conceptual indicators of the Laizhou Bay case have good representativeness, the 
identification of key dimensions conforms to ecological logic, and the evaluation results are 
generally robust to indicator perturbation.

Based on the standardized indicator data, the information entropy-adaptive weighted 
combination weighting method was adopted to derive the indicator weights. Figure 3 
illustrates the distribution of weights across the criterion layers under this weighting scheme. 
Under this weighting scheme, the pressure subsystem accounted for 35.5% of the total 
weight, ranking the highest among all dimensions. Moreover, pressure-layer indicators 
such as reclamation area and the amount of agricultural chemical fertilizer entering the sea 
exhibited particularly prominent weights, indicating that pressures originating from both 
land and the bay were the primary drivers of ecological degradation in Laizhou Bay.

Figure 4 presents the evolution curve of the linear weighted ecological health scores 
for Laizhou Bay from 1980 to 2019, derived from the information entropy-adaptive fusion 
weights. Over the period from 1980 to 2019, the linear weighted ecological health scores 
exhibited a phased characteristic, with an initial trend of fluctuating deterioration followed 
by a continuous recovery.
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Figure 3. Weight distribution for Laizhou Bay.

Figure 4. Linear weighted score curve for Laizhou Bay.

Furthermore, the RSR (Rank Sum Ratio) model was employed to perform a five-level 
objective classification for each sample, transforming the obtained scores into standardized 
grade determination results. With RSR as the dependent variable and Probit as the inde-
pendent variable, a linear regression was fitted, and the regression equation is presented as 
follows:

S = 0.5007 + 0.0819 × Z (22)

The R2  is 0.960, the adjusted R2  is 0.954, and the F-statistic is 167.18 (p < 0.05), indicat-
ing a relatively strong linear relationship between the composite score and Probit in the 
RSR–Probit anchoring. The leave-one-out cross-validation Q2  is 0.917, indicating that the 
regression relationship is insensitive to the removal of a single sample and can provide 
support for the grading results. The five-level score cutoffs are 0.4318, 0.4800, 0.5215, and 
0.5697, and the resulting grades are presented in Table 6.
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Table 6. RSR comprehensive ranking table by year.

Year Original Score Rank Evaluation Level

2005 0.3813 1 Poor
2000 0.4376 2 Relatively poor
2010 0.4584 3 Relatively poor
2015 0.5053 4 Medium
1995 0.5227 5 Good
1990 0.5491 6 Good
2019 0.5598 7 Good
1980 0.6134 8 Excellent
1985 0.6359 9 Excellent

Score cutoffs: 0.4318, 0.4800, 0.5215, 0.5697.

The ecological health status, characterized by the linear weighted scores, was adopted 
as the outcome variable, and the configurational analysis was conducted following the 
two-step fsQCA procedure described in Section 2.4. Following the method described in 
Section 2.4, five remote conditions and four proximate conditions were screened from the 
original forty indicators for Laizhou Bay. The five remote conditions were: GDP per capita 
(D2), the amount of agricultural chemical fertilizer entering the sea (P4), the reclamation 
area (P13), the natural wetland area (S1), and dissolved inorganic nitrogen (S10). The 
four proximate conditions were: the proportion of sea area below Class I sea water quality 
standard (I3), the centralized treatment rate of sewage treatment plants (R1), the retention 
rate of natural coastline (R3), and the proportion of marine protected areas (R4).

After completing the calibration procedure described in Section 2.4, a necessity test 
was performed. The results of the single-condition necessity test are presented in Table 7, 
which show that only natural wetland area (S1) achieved a consistency score of 0.9043, 
slightly exceeding the threshold of 0.9, while the consistency scores of all other antecedent 
conditions fell below 0.9. This result indicates that an adequate scale of natural wetlands 
is a necessary condition for maintaining the ecosystem health of Laizhou Bay. However, 
it cannot be concluded that other conditions with lower consistency scores are causally 
irrelevant, as they may still function as INUS conditions (i.e., an insufficient but necessary 
part of a condition that is itself unnecessary but sufficient for the outcome) and jointly 
induce the outcome in combination with other conditions. Against this backdrop, all 
selected antecedent conditions were incorporated into the configurational analysis.

Table 7. Analysis of Necessary Conditions in LZB.

Conditions Tested Consistency Coverage Conditions Tested Consistency Coverage

D2 0.3941 0.4174 ~D2 0.7662 0.7231
P4 0.8399 0.9087 ~P4 0.4050 0.3751
P13 0.7707 0.7605 ~P13 0.4320 0.4361
S1 0.9043 0.8639 ~S1 0.4117 0.4301

S10 0.7170 0.7795 ~S10 0.5346 0.4931
I3 0.8577 0.8733 ~I3 0.3939 0.3855
R1 0.5636 0.5207 ~R1 0.6123 0.6644
R3 0.7217 0.7884 ~R3 0.5032 0.4623
R4 0.7624 0.5857 ~R4 0.5090 0.7248

Note: The symbol ~ denotes the negation of a condition.

The parsimonious solution derived from the first-step fsQCA is presented in Table 8. 
With the five remote conditions as the antecedent factors, the configurational analysis 
yielded one remote configuration: the amount of agricultural chemical fertilizer entering 
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the sea (P4), with a consistency of 0.9087, covering 83.99% of the cases with high ecological 
health scores. This configuration indicates that a low agricultural fertilizer input into the 
sea (where P4 denotes low fertilizer input into the sea; since P4 is a negative indicator and 
was positively standardized, a high P4 score represents the ecologically favorable state; see 
Table 3) serves as the core prerequisite for sustaining the ecosystem health of Laizhou Bay.

Table 8. Configurations of remote conditions in LZB.

Item Solution

D2
P4 •

P13
S1

S10
consistency 0.9087

raw coverage 0.8399
unique coverage 0.8399
solution coverage 0.8399

solution consistency 0.9087
Black circles (•) denote a relatively high level of the condition; crossed-out circles (⊗) denote the 
negation of a causal condition, indicating a relatively low level of the condition in fsQCA; blank 
spaces denote conditions that are irrelevant to the outcome. (Note: All conditions were positively 
standardized; please refer to Tables 3 and 4 for the specific type of each indicator).

The complex solution derived from the second-step fsQCA is presented in Table 9. 
The analysis shows that when the low agricultural chemical fertilizer input into the sea 
(P4) was combined with all proximate conditions, a total of two configurational paths were 
identified. The overall consistency of the solution was 0.9817, and the overall coverage 
reached 0.5956, indicating that these two configurations exhibit good explanatory power for 
the ecological health samples of Laizhou Bay. The analysis reveals that the synergy among 
three factors—low agricultural fertilizer input into the sea, effective governance of coastal 
water quality (where I3 denotes good water quality; since I3 is a negative indicator and 
was positively standardized, a high I3 score represents the ecologically favorable state; see 
Table 3), and the development and improvement of marine protected areas—constitutes 
the core configurational architecture driving the ecological health of Laizhou Bay. The 
differences between the two paths are primarily reflected in the supplementary peripheral 
conditions. Based on these differences, the two paths can be further summarized into two 
governance models: 

Table 9. Configurations for High ecological benefits in LZB.

Item Solution S1 Solution S2

P4 • •
I3 • •
R1 •
R3 •
R4 • •

consistency 0.9727 0.9779
raw coverage 0.3968 0.4930

unique coverage 0.1027 0.1998
solution coverage 0.5956

solution consistency 0.9817
Black circles (•) denote a relatively high level of the condition; crossed-out circles (⊗) denote the 
negation of a causal condition, indicating a relatively low level of the condition in fsQCA; blank 
spaces denote conditions that are irrelevant to the outcome. (Note: All conditions were positively 
standardized; please refer to Tables 3 and 4 for the specific type of each indicator).
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Artificial engineering-dominated ecological health path: For areas with a high degree 
of coastal development, limited natural habitat endowment, but relatively well-established 
municipal pollution treatment infrastructure, a high sewage treatment rate (R1) is the 
key to achieving ecological health. By enhancing the centralized treatment capacity of 
urban sewage, land-based pollution can be further reduced, which, in combination with 
source control of agricultural fertilizer inputs into the sea, enables comprehensive control 
of land-based pollution.

Natural conservation-dominated ecological maintenance path: For areas with low 
coastal development intensity and well-preserved shoreline resources, a high natural coast-
line retention rate (R3) is the key to achieving ecological health. Intact natural coastlines 
encompass natural purification units such as intertidal zones and coastal wetlands, which 
can attenuate pollutants entering the sea through natural processes including vegetation 
interception and microbial degradation. Moreover, marine protected areas can function in 
synergy with natural coastlines to establish an integrated ecological conservation space, 
further enhancing the self-regulating capacity of the ecosystem and achieving ecological 
restoration at relatively low governance costs.

To assess the robustness of the configurational results under small-sample conditions, 
three checks were conducted. First, the raw consistency threshold was raised from 0.8 
to 0.85 and the PRI threshold from 0.6 to 0.65; the recalculated results remained largely 
consistent with the baseline. Second, the calibration anchors were shifted from the 5th, 50th, 
and 95th percentiles to the 10th, 50th, and 90th percentiles, and the core configurations 
remained essentially unchanged. Third, a leave-one-out test was performed. Each of the 
nine annual observations was removed in turn, the full two-step procedure was re-run 
on the remaining eight cases, and the resulting configurations were compared with the 
baseline. The core configuration remained largely stable across the nine runs, indicating 
that the identified pathways are not dominated by any single observation. In this case, 
based on the long-term time-series data of Laizhou Bay from 1980 to 2019, the proposed 
method successfully identified a combination weighting scheme with minimal information 
redundancy and distinguished two governance paths—namely, the engineering-dominated 
path and the conservation-oriented path. These results demonstrate that the small-sample 
path analysis method for ecological health in reclamation areas based on the two-step 
fsQCA, as constructed in this research, is effective in long-term evolutionary scenarios and 
can provide configurational evidence to inform differentiated policymaking.

4.2. Case 2: Cross-Sectional Sample of Reclamation Zones in Zhejiang Province
For the Zhejiang Province case, 14 functional reclamation zones within the province 

were selected for measurement. The relevant data and information were mainly obtained 
from secondary data sources pertaining to Zhejiang Province. The indicator framework 
was constructed based on the PSR (Pressure–State–Response) framework, encompassing 
14 indicators across three criterion layers, with a total of 14 regional samples coded as 
P001–P014. After the indicator standardization was completed, the WAMIR index was 
employed to quantitatively select among the three combination weighting schemes. Based 
on the standardized data of the 14 indicators for Zhejiang Province, the WAMIR values 
corresponding to the weights derived from the information entropy-adaptive weighted 
combination weighting method, the minimum information discrimination combination 
weighting method, and the game theory combination weighting method were calculated, 
yielding values of 0.264, 0.263, and 0.265, respectively. Among these, the minimum infor-
mation discrimination combination weighting method achieved the lowest WAMIR value, 
indicating that this scheme can effectively reduce information redundancy among indicators 
and avoid duplicate information scoring under the Zhejiang Province indicator framework. 
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Consequently, it was selected as the weighting scheme for this case. The TOPSIS (Technique 
for Order Preference by Similarity to Ideal Solution) model was adopted for the ecological 
health score calculation, so as to enhance the discriminatory power for cross-sectional 
comparisons across multiple zones.

To examine the influence of the above indicator selection on evaluation results, this 
research likewise conducts sensitivity analysis from three aspects: core indicator subset, 
dimension removal, and random indicator deletion. The results are shown in Table 10.

Table 10. Experimental Results Table of Indicator Sensitivity Analysis of Case 2.

Test Type Scenario Spearman Rank 
Correlation Judgment TopN Overlap Rate 

(Top5) Judgment

Core indicator subset 11 core indicators 0.969 Robust 1.000 Relatively robust

Dimension removal Removing D 0.969 Robust 1.000 Relatively robust

Dimension removal Removing P 0.600 Not robust 0.400 Relatively robust

Dimension removal Removing S 0.969 Robust 1.000 Relatively robust

Random indicator 
deletion Deleting 10% Mean 0.967 Robust Mean 0.876 Robust

Random indicator 
deletion Deleting 20% Mean 0.915 Robust Mean 0.790 Robust

Random indicator 
deletion Deleting 30% Mean 0.886 Relatively robust Mean 0.780 Relatively robust

The results indicate that the core indicator subset is highly consistent with the full-
indicator ranking, and the core conceptual indicators can represent the full indicator system. 
The state dimension is the core dimension of ecological health in Zhejiang reclamation areas. 
After removing this dimension, the ranking changes significantly, which is consistent with 
the objective condition that the geographical endowments of different reclamation sample 
zones differ. After random indicator deletion, the ranking is generally robust, and the score 
distribution pattern remains stable. In summary, the core indicator subset of the Zhejiang 
case is highly representative of the full indicators, the identification of key dimensions 
conforms to ecological logic, and the evaluation results are generally robust to indicator 
perturbation.

Based on the standardized indicator data, the minimum information discrimination 
combination weighting method was adopted to derive the indicator weights. Figure 5 
illustrates the distribution of weights across the criterion layers under this weighting scheme. 
Under this weighting scheme, the state subsystem accounted for 57.3% of the total weight, 
ranking the highest among all dimensions. Moreover, state-layer indicators such as the 
habitat quality coefficient and the proportion of ecological space exhibited particularly 
prominent weights, indicating that the ecological baseline conditions serve as the core 
priority for ecological restoration projects in reclamation zones of Zhejiang Province.

Figure 6 presents the TOPSIS scores of ecological health for the Zhejiang Province 
reclamation zones P001–P014, derived from the minimum information discrimination 
combination weights. The results show considerable variation in the ecological health status 
across the different zones.

Furthermore, the RSR model was employed to perform a five-level objective classifica-
tion, transforming the TOPSIS scores into standardized grade determination results. With 
RSR as the dependent variable and Probit as the independent variable, a linear regression 
was fitted, and the regression equation is presented as follows:

RSR = 0.5426 + 0.1140 × Z (23)
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Figure 5. Weight distribution for Zhejiang Province.

Figure 6. TOPSIS score curve for Zhejiang.

The R2  is 0.848, the adjusted R2  is 0.836, and the F-statistic is 67.16 (p < 0.05), indicating 
good model fit and a significant linear relationship between Probit and the composite score. 
The leave-one-out cross-validation Q2  is 0.791, which is 0.057 lower than the fitted R2 . The 
five-level score cutoffs are 0.4467, 0.5137, 0.5715, and 0.6385, and the resulting grades are 
presented in Table 11.

The ecological health status, characterized by the TOPSIS scores, was adopted as the 
outcome variable, and the configurational analysis was conducted following the two-step 
fsQCA procedure described in Section 2.4. Following the method described in Section 2.4, 
five remote conditions and three proximate conditions were screened and divided from the 
original fourteen indicators for Zhejiang Province. The five remote conditions were: the 
reclamation area (P1), the ecological damage intensity per unit area (P3), the proportion 
of ecological space (S2), the marine biological resource stock (S3), and the habitat quality 
coefficient (S4). The three proximate conditions were: the fund investment execution rate 
(R1), the ecological restoration completion rate (R2), and the proportion of marine protected 
areas (R3).
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Table 11. Comprehensive rank analysis table of RSR for 14 evaluation projects.

Project Original Score Rank Evaluation Level

P007 0.3255 1 Poor
P006 0.3502 2 Poor
P013 0.4437 3 Poor
P009 0.4850 4 Relatively poor
P001 0.5295 5 Medium
P011 0.5390 6 Medium
P003 0.5910 7 Good
P014 0.5916 8 Good
P010 0.6207 9 Good
P008 0.6287 10 Good
P012 0.6459 11 Excellent
P002 0.6646 12 Excellent
P005 0.6651 13 Excellent
P004 0.7555 14 Excellent

Score cutoffs: 0.4467, 0.5137, 0.5715, 0.6385.

After completing the calibration procedure described in Section 2.4, a necessity test 
was performed. The results of the single-condition necessity test are presented in Table 12, 
which show that the consistency scores of all condition variables in this case fell below 
0.9, indicating that none of them constitute necessary conditions for the occurrence of the 
outcome. Therefore, no condition variables were excluded from the subsequent sufficiency 
analysis.

Table 12. Analysis of Necessary Conditions in Zhejiang.

Conditions Tested Consistency Coverage Conditions Tested Consistency Coverage

P1 0.5187 0.5210 ~P1 0.7379 0.7714
P3 0.7474 0.7204 ~P3 0.5482 0.5994
S2 0.5775 0.5729 ~S2 0.6233 0.6603
S3 0.7685 0.8314 ~S3 0.5033 0.4898
S4 0.8257 0.8090 ~S4 0.4518 0.4850
R1 0.8310 0.8576 ~R1 0.4186 0.4258
R2 0.7503 0.7341 ~R2 0.477 0.5129
R3 0.7029 0.7580 ~R3 0.5244 0.5117

Note: The symbol ~ denotes the negation of a condition.

The parsimonious solution derived from the first-step fsQCA is presented in Table 13. 
With the five remote conditions as the antecedent factors, the configurational analysis 
yielded one remote configuration: high reclamation intensity * high habitat quality (~P1*S4) 
(where ~P1 denotes high reclamation intensity; since P1 is a negative indicator and was 
positively standardized, ~P1 represents the ecologically unfavorable state; see Table 4) with 
high ecological health scores. This configuration indicates that, for the reclamation zones 
in Zhejiang Province, even when the scale of reclamation development is relatively large, 
maintaining a sound habitat quality baseline in the marine area can still constitute the 
underlying foundational architecture supporting regional ecological health.
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Table 13. Configurations of remote conditions in Zhejiang.

Item Solution

P1 ⊗
P3
S2
S3
S4 •

consistency 0.8670
raw coverage 0.6528

unique coverage 0.6528
solution coverage 0.6528

solution consistency 0.8670
Black circles (•) denote a relatively high level of the condition; crossed-out circles (⊗) denote the 
negation of a causal condition, indicating a relatively low level of the condition in fsQCA; blank 
spaces denote conditions that are irrelevant to the outcome. (Note: All conditions were positively 
standardized; please refer to Tables 3 and 4 for the specific type of each indicator).

The complex solution derived from the second-step fsQCA is presented in Table 14. In 
this step, the remote configuration ~P1*S4 identified in the first step was operationalized as 
a fixed context condition (CTX = min(~P1, S4)), and all rows with CTX = 0 were excluded 
from the truth table. CTX was then analyzed together with all proximate conditions across 
the full set of fourteen regional cases. A total of three configurational paths were identified. 
The overall consistency of the solution was 0.9595, and the overall coverage reached 0.6207, 
indicating that these three configurations exhibit good explanatory power for the ecological 
health samples of Zhejiang Province.

Table 14. Configurations for High ecological benefits in Zhejiang.

Item Solution S1 Solution S2 Solution S3

P1 ⊗ ⊗ ⊗
S4 • • •
R1 •
R2 • ⊗
R3 ⊗ •

consistency 0.9975 0.9586 0.9535
raw coverage 0.5563 0.2874 0.2832

unique coverage 0.1673 0.0379 0.0211
solution coverage 0.6207

solution consistency 0.9595
Black circles (•) denote a relatively high level of the condition; crossed-out circles (⊗) denote the 
negation of a causal condition, indicating a relatively low level of the condition in fsQCA; blank 
spaces denote conditions that are irrelevant to the outcome. (Note: All conditions were positively 
standardized; please refer to Tables 3 and 4 for the specific type of each indicator).

The results show that, under the fixed context of high reclamation development inten-
sity combined with high habitat quality (~P1*S4), ecological health can be achieved through 
three distinct pathways. Solution S1 consists of a high fund investment execution rate (R1) 
alone, with a raw coverage of 0.5563, indicating that well-executed restoration funding is 
sufficient to maintain ecological health in areas with a sound habitat baseline and relatively 
high historical reclamation intensity (~P1). Solution S2 combines a high ecological restora-
tion completion rate (R2) with a low proportion of marine protected areas (~R3), with a 
raw coverage of 0.2874. Solution S3 combines a low ecological restoration completion rate 
(~R2) with a high proportion of marine protected areas (R3), with a raw coverage of 0.2832. 
Solutions S2 and S3 reveal an equivalent substitution relationship between engineering 
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restoration measures and spatial protection measures: within the same context, ecological 
health can be achieved either by prioritizing ecological restoration projects or by prioritizing 
the establishment of marine protected areas. Based on these differences, the three paths 
can be further summarized into two differentiated ecological governance models:

Fund-led light-weighted governance path: A high fund investment execution rate (R1) 
is the core condition for achieving ecological health. A sound marine habitat baseline can 
effectively buffer the ecological disturbances caused by reclamation activities. On this basis, 
relying on well-implemented special restoration funds to carry out light-weighted gover-
nance projects—such as localized shoreline restoration, small-scale ecological compensation, 
and biological stock enhancement—can lead to positive ecological health outcomes. This 
path entails controllable governance costs and moderate implementation difficulty.

Restoration-protection equivalent governance path: Ecological health can be achieved 
through two equivalent sub-paths (Solutions S2 and S3). In sub-path S2, a high ecological 
restoration completion rate (R2) combined with a low proportion of marine protected 
areas (~R3) is sufficient; this indicates that engineering restoration measures alone can 
effectively remedy habitat loss. In sub-path S3, a low ecological restoration completion rate 
(~R2) combined with a high proportion of marine protected areas (R3) is sufficient; this 
indicates that spatial protection measures alone can achieve the same outcome. These two 
sub-paths demonstrate that engineering restoration and spatial protection are functionally 
equivalent under this context. Therefore, in such areas, relying solely on fund investment 
may be insufficient to repair habitat damage; it is necessary to either implement large-scale 
ecological restoration projects or establish extensive marine protected areas to effectively 
remedy the ecological losses caused by historical reclamation activities.

To assess the robustness of the configurational results under small-sample conditions, 
three checks were conducted. First, the raw consistency threshold was raised from 0.8 to 0.85 
and the PRI threshold from 0.6 to 0.65; the recalculated results remained largely consistent 
with the baseline. Second, the calibration anchors were shifted from the 5th, 50th, and 95th 
percentiles to the 10th, 50th, and 90th percentiles, and the core configurations remained 
essentially unchanged. Third, a leave-one-out test was performed. Each of the 14 zones was 
removed in turn, the full two-step procedure was re-run on the remaining 13 zones, and the 
resulting configurations were compared with the baseline. The core configuration remained 
largely stable across the 14 runs, indicating that the identified pathways are not dominated 
by any single observation. In this case, based on the 14 reclamation zones in Zhejiang 
Province, the proposed method successfully identified a combination weighting scheme 
with minimal information redundancy and distinguished two governance paths—namely, 
the fund-led light-weighted governance path and the restoration-protection equivalent 
governance path. These results demonstrate that the small-sample path analysis method for 
ecological health in reclamation areas based on the two-step fsQCA, as constructed in this 
research, is effective in multi-zone cross-sectional scenarios and can provide configurational 
evidence to inform differentiated policymaking.

5. Discussion
5.1. Main Findings

This research conducted a case analysis on nine time series samples from Laizhou 
Bay in China and 14 cross-sectional samples from functional restoration areas in Zhejiang 
Province. It explores how the proposed method realizes ecological health assessment and 
the construction of ecological restoration pathways and strategies under small-sample 
reclamation scenarios. The research reached the following conclusions:
(1) In assessing the ecological health status of coastal areas, MCDA is a commonly used 

methodological framework, but traditional MCDA frameworks often rely on subjective 
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experience or convenience when selecting combined weighting schemes. For instance, 
Li et al. [18] directly adopted an equal-weight fusion method, combining the Analytic 
Hierarchy Process (AHP) and the Entropy Weight (EW) method to assess ecosystem 
health in Sanna Bay. Chen et al. [10] directly applied entropy weights to the weighted 
normalized matrix of TOPSIS. M. Ji et al. [53] and H. Gong et al. [30] employed an 
information-entropy-adaptive weighted combination weighting method and a game-
theory-based combination weighting method, respectively, in their ecological case 
assessments. However, these research typically adopt only one combined weighting 
model, without systematically comparing multiple schemes according to case-specific 
characteristics or explicitly addressing information redundancy among indicators. 
When information overlap among indicators is strong, inappropriate weighting may 
distort health scores and make them unstable. To this end, this research proposes a 
mutual-information-based WAMIR index for screening indicator weighting schemes, 
thereby addressing this gap in the existing literature.
To test the effectiveness of WAMIR, this research conducts a random indicator-deletion 

perturbation experiment: indicators are randomly deleted at proportions of 10%, 20%, and 
30%, with 1000 repetitions; the Spearman rank correlation coefficients of the score rankings 
before and after perturbation are then calculated and averaged. The results are reported in 
Table 15. The results show that the scheme selected by WAMIR (marked with an asterisk in 
the table) achieves the highest rank correlation levels in both the Laizhou Bay and Zhejiang 
cases, indicating strong robustness to perturbations in the indicator set. This helps reduce 
the risk of score instability caused by omissions, substitutions, and subjective trade-offs 
during indicator screening. Its theoretical significance lies in providing a robust outcome 
variable for configurational analysis, thereby ensuring the reliability of subsequent causal 
diagnosis.

Table 15. Stability Analysis Table of Combined Weighting Scheme (Spearman Mean).

Proportion of Indicators Deleted Laizhou Bay Zhejiang

I * G M I G M *
10% 0.9695 0.9383 0.9588 0.9668 0.9690 0.9691
20% 0.9448 0.9062 0.9288 0.9140 0.9177 0.9180
30% 0.9117 0.8681 0.8928 0.8835 0.8872 0.8876

Note: I is “Information entropy adaptive weight”, G is “Game theory-based combined weight” and 
M is “Minimum information discrimination combined weight”. * Indicates the weighting scheme 
selected by the WAMIR method for this case.

(2) In the process of strategy analysis, fsQCA is an advanced method that can effectively 
analyze the configurational causal relationships between condition variables and as-
sessment outcomes. Previous configurational research on coastal zones have mostly 
adopted one-step fsQCA. For example, Wang and Gong [31] used one-step fsQCA to 
examine the formation mechanism of collaborative environmental governance relation-
ships in coastal zones, and Gong [30] applied one-step fsQCA to identify the driving 
pathways of bay environmental governance performance. However, when applied 
to small-sample scenarios, one-step fsQCA may generate a large number of logical 
remainders, making the results difficult to interpret. In addition, one-step fsQCA 
places all conditions at the same analytical level and can only answer “which condi-
tions co-occur,” without distinguishing whether a condition is a structural constraint 
of the regional background or an adjustable governance response measure. The large 
number of logical remainders and lengthy pathways are manifestations of this flat 
hierarchy. To address the above issues, this research introduces two-step fsQCA.
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The fundamental difference between the two-step and one-step methods lies in whether 
a causal hierarchy among condition variables is introduced. To demonstrate the effective-
ness of two-step fsQCA, this research conducted a comparative experiment: all condition 
variables from the two cases in Section 4 were placed at the same level, and one-step fsQCA 
was re-run under the same thresholds (consistency 0.8, PRI 0.6), with its complex solution 
examined. The results showed that Laizhou Bay and Zhejiang produced 3 and 6 config-
urations, respectively. In terms of result form, the number of configurations was large 
and highly similar; each configuration covered almost all conditions; and all antecedent 
conditions were placed at a single analytical level, making the results lengthy and difficult 
to distill into specific governance pathways. In contrast, two-step fsQCA reduced the two 
cases to 2 and 3 configurations, respectively, and presented distal structural contexts and 
proximal regulatory conditions separately, markedly improving interpretability. Notably, 
although the number of configurations was substantially reduced, the solution coverage of 
the two-step results remained comparable to that of the one-step results, indicating that the 
two-step method can effectively enhance the parsimony and interpretability of the results 
with almost no loss of explanatory power, as summarized in Table 16.

Table 16. Comparison of fsQCA solution indicators for one-step and two-step approaches.

Case Method No. of 
Configurations

Max Conditions per 
Configuration Solution Coverage Solution 

Consistency

LZB One-step 3 8 0.5956 0.9817
LZB Two-step 2 4 0.5956 0.9817

Zhejiang One-step 6 7 0.6555 0.9633
Zhejiang Two-step 3 4 0.6207 0.9595

Note: The solution data for the two-step method are taken from the second-step complex solution; 
the one-step method adopts the complex solution.

Moreover, the theoretical contribution of the two-step method lies more in first 
identifying remote structural contexts and then identifying proximate governance re-
sponses under these contexts, so that each proximate pathway corresponds to a spe-
cific remote context. Table 17 lists representative complex-solution configurations from 
the one-step fsQCA, selected as the configuration with the highest raw coverage in 
each case: ~D2*P4*P13*S1*I3*~R1*R3*R4 for Laizhou Bay (raw coverage 0.4903) and 
~P1*P3*~S2*S3*S4*R1*R3 for Zhejiang (raw coverage 0.2984). From the configuration con-
tent, the one-step method outputs an aggregated form of condition combinations without 
distinguishing the causal positions of conditions, and can only explain how ecological health 
governance is achieved through condition combinations. In contrast, the causal hierarchy 
of the two-step method is reflected as follows: for Laizhou Bay, two proximate pathways, 
I3*R1*R4 and I3*R3*R4, are obtained under the P4 context; for Zhejiang, three proximate 
pathways, R1, R2*~R3, and ~R2*R3, are obtained under the ~P1*S4 context. These two sets 
of results jointly indicate that the sufficiency of proximate governance responses is condi-
tional on the remote context, which is manifested in two aspects. One aspect is that different 
proximate responses under the same remote context can separately constitute sufficient 
pathways: under the P4 context in Laizhou Bay, R1 and R3 appear in I3*R1*R4 and I3*R3*R4, 
respectively; under the ~P1*S4 context in Zhejiang, R2 and R3 appear in R2*~R3 and ~R2*R3, 
respectively. Another aspect is that proximate response conditions with similar meanings or 
ecological functions are combined differently under different remote contexts. For example, 
the proportion of marine nature/special reserves (marine parks) (R4) in Laizhou Bay needs 
to combine with the proportion of sea area below Class I sea water quality standard (I3) 
and either the centralized treatment rate of sewage treatment plant (R1) or the retention 
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rate of natural coastline (R3) to constitute a pathway, whereas in Zhejiang, the proportion of 
marine protected areas (R3), which has a similar meaning, shows an equivalent substitution 
relationship with the ecological restoration completion rate (R2) (R2*~R3 and ~R2*R3). 
Therefore, the configuration results of the two-step method are clearer in causal structure, 
retaining the hierarchical relationship between remote contexts and proximate responses 
in the configurations, and can thus be used to determine the governance responses and 
priorities for regions with different structural backgrounds, realizing a clearer structural 
chain of “how a region achieves ecological health under what structural background.”

Table 17. Representative configurations from one-step and two-step fsQCA.

Case One-Step Complex Solution 
(Representative)

Composition of Conditions 
in the One-Step 
Configuration

Two-Step Remote 
Structural Context

(Step 1)

Two-Step Proximate 
Governance Responses 

(Step 2)

Laizhou Bay ~D2*P4*P13*S1*I3*~R1*R3*R4 4 remote + 4 proximate P4 I3R1R4; I3R3R4
Zhejiang ~P1*P3*~S2*S3*S4*R1*R3 5 remote + 2 proximate ~P1*S4 R1; R2~R3; ~R2R3

Note: The representative configuration of the one-step method is selected as the one with the highest 
raw coverage in each case and is used only to show the pathway covering the most samples in that 
case; “*” denotes conjunction and “~” denotes negation.

By comparing the two approaches, it becomes evident that the value of the two-step 
method is neither limited to producing fewer configurations nor merely to identifying 
specific pathways; rather, its fundamental contribution lies in deeply revealing the causal 
hierarchy between distal structural contexts and proximate governance responses. In other 
words, the effectiveness of this approach is demonstrated not only by quantitative changes in 
the results, but also by its superior explanatory power regarding the underlying mechanisms. 
Specifically, this hierarchical analysis advances our understanding of ecological health 
pathways in coastal reclamation areas from three theoretical perspectives:

First, at the level of conditional constraints, it reveals that proximate governance re-
sponses are strictly bounded by distal structural contexts. Traditional net-effect analyses 
often assume that specific governance measures are universally effective. However, our two-
step results demonstrate that the sufficiency of proximate responses is strictly conditional 
upon the remote structural background. This shifts the theoretical focus from “identifying 
universally effective measures” to “determining under what structural preconditions a 
specific measure becomes sufficient.” It provides a preconditional cognition for reclamation 
governance that both curbing new structural pressures and mitigating historical cumulative 
pressures are essential to ensure the effectiveness of subsequent restoration interventions.

Second, at the level of pathway selection, it clarifies that equifinality in reclamation 
ecosystems is context-dependent. The equivalent substitution relationship among gover-
nance measures is not an unconditional law; rather, it is inherently bounded by the remote 
structural context. This deepens our understanding of the “equifinality” mechanism in 
reclamation ecology, indicating that no absolute “panacea” exists for coastal restoration; 
instead, specific engineering or spatial protection measures must be precisely matched to 
the regional ecological baseline.

Third, at the level of systemic coordination, it establishes a “hierarchical matching” logic 
for ecological restoration. Since ecological health in reclamation areas is the result of the joint 
action of structural backgrounds and governance responses, achieving it requires matching 
actionable, proximate interventions with specific foundational structural constraints. By 
distinguishing the causal positions of “background constraints” and “intervention levers,” 
this logic constructs a systemic regulation framework from macro to micro, urging coastal 
management to shift from fragmented single-measure inputs to coordinated alignment. 
Consequently, it provides a robust theoretical foundation with greater explanatory power for 
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understanding the formation mechanism of ecological health and formulating differentiated 
governance strategies in reclamation areas.

5.2. Research Insights
Based on the results of this research, the following two guidelines may be primarily 

used to inform the formulation of restoration measures. First, relevant authorities should 
act on the guidance of the Construction Plan for Major Projects of Coastal Ecological Pro-
tection and Restoration (2021–2035) concerning zoned management and the layout of key 
projects [67], establish a hierarchical habitat protection system based on the ecological health 
grading results, give priority attention to restoration units with weak ecological health and 
high cumulative anthropogenic stress, and include them within the ecological protection 
red line to safeguard the long-term stability of the ecosystem [68]. Second, relevant au-
thorities should draw on the systematic governance framework of the “Xiamen Practice” 
of Xi Jinping’s ecological civilization thought [69], and, following the governance logic of 
source prevention and control, one bay one policy, and prioritizing natural restoration with 
artificial restoration as a supplement, formulate restoration strategies by combining the 
dominant stressor, the level of ecological resilience, and the intensity of human disturbance.

In the Laizhou Bay case, the long-term cumulative input of land-based pollution, 
centred on agricultural non-point source pollution, is the main factor driving the ecological 
evolution of the bay. Such stress originates from the loss of farmland nutrients within river 
basins that span administrative boundaries, so effective governance cannot be achieved by 
improving end-of-pipe water quality alone. A land–sea coordinated governance system 
is therefore needed, incorporating agricultural source-reduction measures such as the 
optimization of farmland water and fertilizer use and the construction of riparian buffer 
strips into the key control scope of regional ecological protection. On this basis, relevant 
authorities should pay attention to the long-term changes in the ecological health status of 
Laizhou Bay, adopt adaptive restoration strategies, give priority to restoring key ecological 
nodes, and enhance the ecosystem’s self-regulation capacity and overall resilience with 
minimal human intervention [70].

In the Zhejiang Province case, the differences in the ecological health status of the 
reclamation zones are dominated by the spatial gradients of development intensity and 
ecological baseline, so a hierarchical and zoned governance model is appropriate. Zones 
with relatively good ecological health should be managed mainly through ecological pro-
tection and natural recovery, and large-scale restoration engineering interventions should 
not be implemented; for zones with a degraded ecological baseline, the processes and 
mechanisms of natural recovery of coastal ecosystems should be fully considered, and a 
series of conservation and restoration measures for vulnerable and sensitive bay habitats 
should be implemented, including establishing marine protected areas, strengthening the 
supervision of important ecological function zones, stock enhancement and release, and 
the ecological retrofitting of hardened shorelines through ecological seawalls.

In summary, the method proposed in this research provides a reference for the zoned 
governance and precise restoration of complex reclamation ecosystems. In actual gov-
ernance, relevant departments should clarify the regional ecological and environmental 
baseline conditions and core limiting factors, define targeted restoration objectives and 
build a long-term monitoring system, so as to achieve dynamic iterative optimization of 
restoration strategies, and at the same time encourage active public participation in restora-
tion actions, thereby contributing to the sound and sustainable development of the ecology 
in reclamation areas.
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5.3. Interpretation of Cross-Case Differences and Methodological Applicability Testing
To examine the applicability of the proposed methodological framework under differ-

ent coastal reclamation scenarios, this research selects two case groups—Laizhou Bay and 
Zhejiang Province—with different data structures and ecological contexts for cross-case anal-
ysis, and discusses the relationship between the framework core and the context-adaptive 
modules.

The two cases differ in specific indicator measurement, scoring models, and configu-
rational condition variables. However, such differences constitute operational adaptation 
within the same methodological framework, while the framework core remains consistent. 
The framework core mainly includes: the selection of core conceptual indicators and the 
construction of the indicator framework for coastal reclamation scenarios; the stepwise 
framework of assessment–grading–configurational analysis; and the two principles followed 
in two-step fsQCA condition selection. First, condition variables are selected using the dom-
inant ecological pressure of the study area as the content basis; second, remote structural 
conditions and proximate governance conditions should be distinguished during selection. 
On this premise, specific indicator selection, sample organization, scoring models, and 
condition variable combinations can be adaptively adjusted according to the data structure 
and ecological context of each case.

In the specific indicator selection step, the two cases differ in data availability, manage-
ment objectives, and regional ecological characteristics, which leads to differences in the 
number of indicators, the setting of criterion layers, and specific measurement approaches. 
Nevertheless, the indicator selection in both cases revolves around the core indicator con-
cepts for coastal reclamation scenarios, so as to ensure consistency in the core dimensions 
and logic of assessment.

In the scoring and grading step, the scoring models of the two cases are selected accord-
ing to sample structure and comparison purpose: the Laizhou Bay data constitute long-term 
time-series data for the same region, and the samples share a relatively consistent ecological 
baseline; therefore, the linear weighted scoring method is used to assess the relative ecologi-
cal quality of different years, and RSR grading is performed accordingly, yielding a relatively 
high R2 . The sub-regional samples in the Zhejiang case differ significantly in geographical 
endowment, reclamation intensity, and ecological baseline; therefore, the TOPSIS method 
is used for scoring to enhance comparability among heterogeneous sub-regions, and the 
R2  of its RSR grading is relatively lower. To further test the reliability of RSR grading, a 
leave-one-out stability analysis is conducted for both cases: each sample is sequentially 
removed, the model is refitted, and the samples are re-graded to examine whether the 
grades of the remaining samples change. The results show that the grading results of both 
cases are highly stable, indicating that RSR grading generally does not depend on any single 
sample and has good validity and stability. The stability rate of the Zhejiang case (92.86%) 
is higher than that of the Laizhou Bay case (87.5%), possibly because the sub-regional 
samples have stronger discrimination in spatial heterogeneity.

In the configurational analysis step, the condition variable combinations of the two 
cases are set according to the same logic, namely, centering on the dominant ecological 
pressure dimension of the study area and distinguishing remote structural conditions from 
proximate governance conditions in condition variable selection. In the Laizhou Bay case, 
constrained by limited natural purification capacity and cumulative land-based pollution, 
the condition variables in its configurational pathways are mostly related to pollution 
control, such as lower agricultural chemical fertilizer input into the sea (P4) and a higher 
sewage treatment rate (R1). The sub-regions in the Zhejiang case have a development 
context dominated by reclamation projects and considerable differences in geographical 
endowment; therefore, their configurational analysis incorporates indicators reflecting the 
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ecological baseline of the sub-regions, such as habitat quality and reclamation intensity, and 
different pathway results are obtained after distinguishing different ecological baselines. 
The above differences indicate that the proposed methodological framework can incorporate 
corresponding condition variables according to regional ecological contexts and capture 
the spatial heterogeneity of sub-regions.

From the perspectives of grading stability and interpretability of configurational results, 
the methodological framework in this research can adapt to two typical scenarios: first, long-
term time-series analysis of a single region, whose results focus on ecological pressures and 
regulatory factors evolving over time; second, spatial heterogeneity analysis of multiple sub-
regions, whose results can incorporate regional ecological baselines and spatial differences 
into configurational interpretation. The differences among the two cases in indicator systems, 
scoring models, and condition variables reflect the stability of the framework’s core logic 
and the flexibility of its operational modules, indicating that the proposed methodological 
framework has certain transferability and operability under different data conditions and 
coastal reclamation scenarios.

The boundary conditions of the proposed framework should also be explained. 
Whether the proposed framework performs well mainly depends on three conditions: 
the indicator system must capture the dominant ecological pressure of the study area; 
the sample size must be sufficient to support the number of conditions included; and the 
ecological context must allow a meaningful distinction between remote structural condi-
tions and proximate governance conditions. When these conditions are met, the two-step 
procedure is particularly useful because it can reduce the number of logical remainders. 
However, it should be noted that when the sample size is already sufficient for one-step 
fsQCA, the value of the stepwise operation in two-step fsQCA may diminish. In addition, 
when transferring and applying the proposed methodological framework, it is necessary 
to distinguish coastal scenarios from other ecosystem types. When applying the method 
to other bays, wetlands, and other coastal scenarios, the core indicator concepts proposed 
in this research for coastal reclamation scenarios can be adopted to maintain consistency 
in cross-regional ecological assessment. However, when extending the method to other 
ecosystem types, it is strongly recommended to redesign the indicator system according to 
the dominant ecological pressures and context of the study area, so as to more accurately 
capture and analyze the ecological conditions of the study area. Whether the proposed 
method can provide appropriate analysis for more coastal types, reclamation development 
intensities, and ecosystem types remains to be further verified in future research.

5.4. Limitations
Although this research has conducted a relatively systematic analysis, certain inevitable 

limitations remain, mainly in two respects. First, the case coverage is limited, as only two 
sample groups—Laizhou Bay and the coastal areas of Zhejiang Province—are selected, 
which may not be sufficient to cover the assessment scenarios under different coastal types 
and varying reclamation development intensities across China’s coastal regions. Second, 
this research relies mainly on cross-sectional and annual static indicators for measurement 
and does not incorporate long-term continuous dynamic data. Future research could inte-
grate annual remote sensing monitoring data to construct dynamic configurational models, 
thereby revealing the evolutionary patterns of configurational pathways for reclamation 
ecological health over time.

Furthermore, constrained by data availability and case specificity, the indicators used 
to extract causal conditions partially overlap with those used to construct the composite 
ecological health score (the outcome variable). However, the following should be noted: 
First, both the composite outcome and the condition variables were transformed into fuzzy-
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set membership scores (0–1) via direct calibration before entering the fsQCA. This process 
severs the direct linear arithmetic linkage between the raw indicators, shifting the analytical 
object from an “algebraic sum of values” to a “set-theoretic subset relationship.” Second, 
QCA focuses on asymmetric causality; specifically, it identifies whether combinations of 
specific dimensional conditions, once crossing a critical threshold, are sufficient to trigger a 
systemic transition to high ecological health. The composite score represents the macro-
level emergent state of the system, whereas the proximate conditions represent micro-level 
governance levers that can be directly intervened upon by policies; the two are conceptually 
distinct. To empirically test whether the identified pathways are sensitive to this overlap, a 
supplementary check was conducted: the selected proximate conditions were temporarily 
removed from the indicator pool, the composite score was recalculated with renormalized 
weights, and the two-step fsQCA was re-run while keeping the calibration of the remote 
conditions unchanged. The results demonstrated that the core pathways (especially the 
combinations of remote contexts and proximate responses) remained unchanged, with 
only slight fluctuations in consistency and coverage metrics. This further indicates that the 
identified pathways reflect genuine structural driving mechanisms rather than an artifact 
of index construction. If more comprehensive data become available in the future, it is 
recommended to achieve a fully independent treatment by replacing overlapping indicators 
with relative measures (e.g., ratios), integrating exogenous data, or selecting alternative 
representative indicators from the same dimension.

6. Conclusions
This research couples MCDA with two-step fsQCA to develop a method for identifying 

restoration priorities and analysing restoration strategies in reclamation areas, providing 
scientific support for the differentiated management and ecologically sustainable gover-
nance of different reclamation zones under small-sample conditions. This method advances 
restoration practice in reclamation areas by shifting the focus from a single ecological health 
score towards the identification of configurational pathways and the formulation of differ-
entiated restoration strategies across different ecological backgrounds. The results show 
that the selection of a combined weighting scheme should be determined according to 
case characteristics, and that the WAMIR index can objectively select a weighting scheme 
on this basis, providing a stable and reliable variable for the subsequent configurational 
analysis. In terms of identifying the driving mechanism, the two-step fsQCA effectively 
reduces logical remainders under small-sample conditions and yields clearer and more 
interpretable configurations than the one-step fsQCA. On the basis of this method, the two 
cases exhibit different restoration orientations: the restoration pathway in Laizhou Bay is 
dominated by pollution control, whereas Zhejiang shows stronger spatial differentiation, 
which is the joint result of factors such as the regional ecological baseline, human activity 
intensity, and management conditions. The restoration priority results indicate that Laizhou 
Bay should first address the periods with the heaviest accumulation of long-term human 
activity, whereas the priority zones in Zhejiang are those with high development intensity 
and a weak ecological baseline. Overall, this research shows that restoration planning in 
reclamation areas needs to consider the robustness of the assessment results and the differ-
ences in the causes of degradation across zones, providing a scientific basis for ecologically 
resilient adaptive management and the delineation of differentiated restoration priorities in 
reclamation areas.
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