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Abstract

As China’s Sponge City Program (SCP) shifts towards retrofitting old communities, enhanc-
ing flood resilience is critical for sustainable urban renewal. However, engineering practice
often encounters a performance inversion—characterized by high design evaluation scores
but low operational efficiency. This issue largely stems from relying on the static importance
of indicators while neglecting dynamic driving forces within the socio-technical system. To
address this, this study aims to construct a Robust Causal Diagnostic Framework integrat-
ing Improved AHP, DEMATEL, and K-means clustering. Through a quadrant positioning
and cluster locking mechanism, it identifies Hidden Leverage Factors (HLFs)—critical
indicators typically assigned low weights but exerting strong driving forces. To demon-
strate the practical application of this framework, an empirical analysis of H City’s DG
Community was conducted, identifying residents’ willingness and design pertinence as
the project’s HLFs. Optimization strategies based on this diagnosis were simulated using
SWMM. Results show that the Annual Runoff Volume Capture Ratio increased by 44.45%,
with significant improvements in peak flow reduction and water purification. This study
facilitates a shift from empirical evaluation to precision diagnosis, offering a quantitative
reference for enhancing urban flood resilience under complex social constraints.

Keywords: sponge city retrofitting; old community; sustainable urban renewal; flood
resilience; socio-technical system; robust causal diagnosis; hidden leverage factors (HLFs);
SWMM simulation

1. Introduction
As China’s Sponge City Program (SCP) pivots from the incremental development of

new districts to the stock renewal of existing old communities, enhancing flood resilience
within limited spaces and under complex social constraints has emerged as a critical chal-
lenge for urban regeneration [1,2]. According to national guidelines, urban renewal is
categorized into three tiers: basic, improvement, and elevation. Among these, upgrading
drainage networks and implementing sponge retrofits are strictly classified as basic-tier
renovations, emphasizing their fundamental role in ensuring residents’ safety [3]. This
policy of prioritization is crucial; compared to sporadic natural hazards like earthquakes or
fires, urban pluvial flooding represents the most frequent and disruptive threat to daily
socio-economic activities in these aging areas. Addressing this specific threat in existing
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neighborhoods is highly challenging. Unlike new construction projects with flexible plan-
ning, retrofitting old communities presents typical problems: rigid spatial boundaries, the
severe deterioration of existing pipeline networks [4–6], and highly heterogeneous resident
demands [7,8] tightly intertwine to constitute a complex socio-technical system [9,10]. Al-
though the engineering sector has invested heavily in optimizing technical solutions, the
contradiction of performance inversion—characterized by high design evaluation scores
but low actual operational efficiency—remains prevalent in practice [11,12]. Many retrofit
projects eventually fall into a dilemma of facility abandonment or functional degradation
due to a lack of endogenous motivation [13–15].

Existing research has addressed these challenges from multiple perspectives, broadly
along two primary pathways. The first focuses on improving hydrological performance
through simulation-based optimization. Studies employing the Storm Water Management
Model (SWMM), often combined with multi-objective algorithms such as NSGA-II [16–18],
enable quantitative evaluation of Low-Impact Development (LID) configurations and sup-
port trade-offs between runoff control and construction costs. Spatial layout optimization
further refines the placement and scale of green infrastructure [19,20]. However, these ap-
proaches are typically developed under simplified operational assumptions, where social
dynamics—such as residents’ behavior, maintenance participation, and spatial conflicts—
are treated as fixed boundary conditions, limiting their applicability in old community
retrofits where socio-technical interactions influence long-term performance [21]. The sec-
ond pathway applies Multi-Criteria Decision-Making (MCDM) methods, including AHP,
entropy weighting, and TOPSIS, to evaluate retrofit schemes across technical, environ-
mental, and socio-economic dimensions [22–27]. While these methods improve decision
transparency and enable systematic comparison of alternatives, most rely on linear weight-
ing structures that assume indicator independence [28,29], which may not adequately
represent interdependencies and feedback in complex socio-technical systems [30,31]. As a
result, socially driven factors—such as resident participation and community governance—
are often underrepresented despite their importance for long-term operation and mainte-
nance [10,32,33].

Therefore, overcoming the limitations of traditional static evaluation and linear
decision-making frameworks to systematically identify factors—specifically those eas-
ily underestimated in the early decision-making stage but critical to long-term opera-
tional performance—has become a core research question for enhancing flood resilience in
old communities.

2. Methodology
2.1. Construction of the Robust Causal Diagnostic Framework

Drawing on Donella Meadows’ classic theory of Leverage Points—where small inter-
ventions at key nodes in a system trigger significant overall structural changes [34]—this
study constructs a Robust Causal Diagnostic Framework. Adopting a systemic perspective,
this framework aims to identify Hidden Leverage Factors (HLFs): critical factors that are
often masked by static weights but exert a decisive influence on project success.

The rationale for constructing this hybrid framework lies in the necessity to decouple
the complex socio-technical constraints of old community retrofitting. Traditional linear
assessments focus on static importance but fail to capture the dynamic driving forces (e.g.,
social resistance) that cause Performance Inversion. To bridge this gap, this study integrates
Improved AHP to establish the engineering static baseline, DEMATEL to map the dynamic
causal network of social interactions, and K-means to objectively lock the Hidden Leverage
Factors (HLFs) without human bias. This combination forms a closed-loop diagnosis from
Static Weighting to Dynamic Diagnosis to Objective Locking (Figure 1).
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Figure 1. Technical roadmap.

The framework consists of three logically progressive phases. The first is the “Static
Baseline Establishment Phase,” which acquires the static baseline weights of indicators
using an Improved AHP method incorporating expert judgment weights, thereby reflecting
explicit priorities under engineering technical standards [35]. The second is the “Dynamic
Causal Diagnosis Phase,” which utilizes the DEMATEL method to construct a causal
network of indicators. Through a dual mechanism of “Quadrant Positioning–K-means
Cluster Locking,” this phase reveals deep driving logic from the dimensions of system
topological structure and data distribution characteristics, locking in the HLFs. Finally,
the “Robustness Verification Phase” introduces random perturbations via Monte Carlo
simulation to quantify the impact of uncertainty in expert subjective judgment on diagnostic
results, verifying the reliability of decision-making conclusions.

2.2. Phase I: Static Baseline Establishment

Before executing the quantitative calculation, it is necessary to define the dimension-
ality of the target evaluation system. This study constructs a socio-technical evaluation
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framework comprising 23 specific indicators across three dimensions (detailed in Section 3.
The expert scoring and subsequent judgment matrices described in this section are struc-
turally scaled to these 23 target indicators.

Given the paucity of long-term historical monitoring data for old community
retrofitting, which renders purely data-driven models inapplicable, this study adopts
a knowledge-driven approach. To characterize experts’ static cognition of the relative
importance of evaluation indicators, this paper uses the Improved Analytic Hierarchy Pro-
cess (IAHP) to determine the basic weights (wi

AHP) [31]. Considering differences in expert
backgrounds and consistency of judgment, the equal-weight aggregation assumption of
traditional AHP may amplify individual subjective biases. Therefore, this paper introduces
expert judgment weights within the group decision-making framework to comprehensively
integrate expert opinions [36,37].

To ensure a multi-dimensional perspective of decision-making, we invited a panel of
7 experts based on a Socio-Technical selection criterion. The panel comprises 4 technical
experts from design institutes and research agencies (focusing on engineering design and
feasibility) and 3 administrative officials from government departments (focusing on policy
implementation and community coordination). All seven experts hold senior professional
titles and possess extensive practical experience in compiling technical codes and standards
for sponge city construction or comprehensive old community retrofitting. The detailed
profiles are presented in Table 1.

Table 1. Profiles of the Expert Panel.

Expert ID Sector Affiliation/Role Specialization

Exp. 1 Technical (Design) Team Leader, Municipal Design Institute (Z) Sponge City Design & Planning
Exp. 2 Technical (Design) Core Member, Municipal Design Institute (Z) Drainage Engineering
Exp. 3 Technical (Design) Core Member, Urban Design Institute (U) Landscape Architecture
Exp. 4 Technical (Research) Team Leader, Municipal Research Institute (C) Sponge City Consulting
Exp. 5 Management (Gov.) Staff Member, Municipal Sponge City Office Policy & Management
Exp. 6 Management (Gov.) Staff Member, Municipal Sponge City Office Project Assessment
Exp. 7 Management (Gov.) Staff Member, Renovation Coordination Group Community Coordination

Regarding the panel size, the selection of 7 experts aligns with Saaty’s “magic number
seven plus or minus two” principle [38] to optimally ensure logical consistency without
inducing group polarization. Data collection was conducted via email using the Saaty
1–9 scale. These experts constructed the initial judgment matrices (A(k)), and the Consis-
tency Index (CIk) of each matrix was calculated.

To attribute greater influence to experts with higher logical consistency and mitigate
subjective bias in group decision-making [39], the expert judgment weight (PAHP

k ) is
constructed using a specific exponential function adopted from established Group AHP
methodologies [40], calculated as follows:

PAHP
k =

e−10(m−1)·CIk

∑m
i=1 e−10(m−1)·CIi

(1)

where m = 7 is the total number of participating experts. A smaller CIk value indicates
tighter judgment logic and more reliable opinions from the k-th expert, resulting in a larger
decision weight PAHP

k .
Subsequently, utilizing these weights, the elements e∗ij of the 7 experts’ judgment

matrices were aggregated to obtain the comprehensive judgment matrix A∗, with elements
e∗ij calculated as follows:

e∗ij = ∑m
k=1 PAHP

k ·ek
ij (2)
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Finally, the eigenvector method was applied to the comprehensive judgment matrix A∗

to calculate the final static weight vector wi
AHP, followed by a consistency check (requiring

CR < 0.1). Within the Robust Causal Diagnostic Framework, this weight characterizes
the “Static Importance” of the indicator and serves as the basic input for subsequent
dynamic diagnosis.

2.3. Phase II: Dynamic Causal Diagnosis and Identification of Hidden Leverage Factors

This phase identifies HLFs from the socio-technical network through causal parameter
calculation and a dual locking mechanism.

(1) Calculation of Causal Parameters

This study uses DEMATEL to analyze the causal mechanisms between indicators [41].
Based on the scoring of the 7 core experts, a Direct Influence Matrix Z was constructed and
normalized to obtain the Comprehensive Influence Matrix T:

N =
Z

max
i

∑j
∣∣zij

∣∣ (3)

T = N(I − N)−1 (4)

Then, the row sum (Di, representing the comprehensive influencing value) and column
sum (Ri, representing the influenced value) of Matrix T were calculated to compute the
Centrality (Mi) and Relation Degree (Ei) of each indicator [42]:

Mi = Di + Ri (5)

Ei = Di − Ri (6)

where Mi reflects the overall importance of the indicator in the system; Ei is used to
determine the attribute of the indicator: if Ei > 0, the indicator is a Causal Factor, exerting a
net driving force on the system; if Ei < 0, it is a Result Factor [43].

(2) Dual Locking Mechanism for HLFs

This study defines HLFs as key indicators that are undervalued within the static
weighting system but possess high driving power over other indicators within the system’s
causal network. To precisely identify such indicators, a two-step locking mechanism based
on “Position–Strength” was constructed (see Figure 2).

Figure 2. The dual locking mechanism for identifying HLFs.

Step 1: Quadrant Positioning based on a 2D Model. A “Normalized Static Weight–
Relation Degree” 2D diagnostic model was built, with the normalized Improved AHP
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weight (w′AHP
i ) as the x-axis and the DEMATEL Relation Degree (Ei) as the y-axis. Indi-

cators falling into the Second Quadrant (the “Low Weight–High Cause Zone”) possess
structural characteristics of “low resource allocation priority but high causal drive,” thus
constituting the “Candidate HLFs Set.”

Step 2: Strength Locking based on K-means Clustering. To overcome the artificial
ambiguity of quadrant boundaries, the K-means clustering algorithm was used to quantita-
tively stratify the candidate set. Taking the normalized relation degree (E′

i) of the indicators
as the input feature and setting the cluster number k = 2, the algorithm aims to objectify
the visual fault lines observed in the data, automatically dividing the candidate set into a
“Core Driving Cluster” and a “General Driving Cluster.” Only indicators classified into the
“Core Driving Cluster” are finally locked as the core HLFs. This mechanism ensures that
the identification results are determined by the internal data structure of the system rather
than relying on the researcher’s subjective experience.

2.4. Phase III: Robustness Verification

Given the inherent subjectivity and ambiguity of expert scoring methods, relying
on a single static diagnostic result may introduce bias. To verify the credibility of the
identified HLFs against subjective biases, Phase III of the overall Robust Causal Diagnostic
Framework employs a full-parameter dual-dimensional Monte Carlo simulation model for
global robustness analysis [44,45].

This mechanism simultaneously introduces stochastic perturbations into all evaluation
indicators (“full parameter”) across two core parameters: the weight and the normalized
relation degree (“dual dimensional”). The model assumes that these original parameters
are not deterministic constants but random variables following a triangular distribution
with a ±20% fluctuation range, a standard threshold set to simulate significant expert
cognitive uncertainty [46]. Through 10,000 random sampling simulations, the study tracks
whether the topological positions of key indicators in the 2D diagnostic model drift.

The judgment criterion is set as follows: If a target indicator can remain in the “Low
Weight–High Cause” Hidden Leverage Zone (Second Quadrant) with a high probability
(e.g., >90%) within a wide range of random fluctuations, and does not jump to the “High
Weight Zone” (First/Fourth Quadrants) or “Non-Driving Zone” (Third Quadrant), it proves
that the diagnostic result is determined by the inherent structural characteristics of the
socio-technical system and possesses high robustness.

3. Empirical Diagnosis and Identification of Hidden Leverage Factors
The DG Community in H City (built in the late 1990s), selected to demonstrate the

framework’s application in diagnosing retrofit barriers under complex socio-technical
constraints, faces severe dual constraints posed by hydro-geological conditions and spatial
resources. On the one hand, the groundwater level is extremely shallow (0.2–0.8 m), and
the soil is dominated by clay with weak permeability, rendering conventional infiltration
facilities unsuitable. On the other hand, a severe shortage of parking spaces leads to
long-term encroachment on public spaces, triggering fierce spatial competition between
sponge facility construction and residents’ parking needs. To accurately diagnose these
constraints, we constructed a comprehensive evaluation system where the selection of the
23 indicator names followed a rigorous Standard–Literature–Field triangulation protocol.
To ensure mandatory compliance, ecological indicators (D111–D124) were strictly inherited
from GB/T 51345-2018 [35], while socio-economic indicators (e.g., D323) were synthesized
from high-impact urban renewal literature (e.g., [4,7]). Furthermore, addressing specific
pain points in the DG Community (e.g., facility abandonment), operational indicators
like Management Maintainability (D231) were derived from on-site interviews. Finally, to

https://doi.org/10.3390/su18052419

https://doi.org/10.3390/su18052419


Sustainability 2026, 18, 2419 7 of 15

ensure scientific rigor, the initial candidate set underwent a two-round Delphi screening by
the expert panel, where indicators with high divergence (i.e., high coefficient of variation)
were excluded, finalizing the evaluation system (Table 2). On this basis, causal diagnosis
was carried out utilizing judgment data from 7 project experts (Cronbach’s α > 0.8) [47].

Table 2. Summary of weights and causal parameters for the sponge city retrofitting evaluation
indicators of the DG Community in H City.

Indicator
Code Indicator Name Improved

AHP Weight
Centrality

(Mi)
Relation Degree

(Ei)
System

Attribute

D111 SS Removal Rate 0.0438 2.88 −0.18 Result Factor
D121 Peak Flow Reduction Rate 0.0485 2.92 −0.22 Result Factor
D122 Peak Delay Time 0.0370 2.35 −0.25 Result Factor
D123 Annual Runoff Volume Capture Ratio 0.0929 3.21 0.11 Causal Factor
D124 Comprehensive Runoff Coefficient 0.0485 2.90 −0.20 Result Factor
D131 Integrity of Landscape Design 0.0276 2.15 −0.28 Result Factor
D132 Integration of Landscape & Sponge Retrofitting 0.0179 1.98 −0.61 Result Factor
D133 Selection of Landscape Materials 0.0125 1.72 −0.35 Result Factor
D211 Unit Construction Cost 0.0518 2.55 −0.31 Result Factor
D212 Unit O&M Cost 0.0386 2.48 −0.29 Result Factor
D213 Rainwater Utilization Efficiency 0.0158 1.52 0.15 Causal Factor
D221 Rationality of Public Space Layout 0.0232 2.25 −0.41 Result Factor
D222 Practicality of Public Space & Facilities 0.0246 2.30 −0.38 Result Factor
D231 Management Maintainability 0.0174 1.78 −0.05 Result Factor
D311 Completeness of Design Data 0.1397 3.62 −0.45 Result Factor
D312 Design Pertinence 0.0569 2.08 0.52 Causal Factor
D313 Innovation & Constructability of Design 0.0164 1.68 0.25 Causal Factor
D321 Status of Underlying Surface 0.0195 1.89 0.19 Causal Factor
D322 Availability of Construction Materials 0.0105 1.45 0.32 Causal Factor
D323 Residents’ Willingness to Renovate 0.0216 2.15 0.58 Causal Factor
D331 Selection of Sponge Facilities 0.1191 3.45 0.23 Causal Factor
D332 Layout of Sponge Facilities 0.0910 2.95 0.08 Causal Factor
D341 Implementation of Monitoring Equipment 0.0252 1.65 −0.12 Result Factor

3.1. Diagnostic Results: Misalignment Between Static Importance and Causal Driving Force

The calculation results of Improved AHP and DEMATEL (Table 2) show a structural
misalignment between the “Static Importance” and “Dynamic Causal Driving Force” of the
indicator system. To visualize this cognitive conflict, this study established a 2D diagnostic
coordinate system with normalized static weight as the x-axis and relation degree as the
y-axis, mapping all indicators onto it (Figure 3).

Figure 3. The 2D diagnostic chart of normalized static weight vs. relation degree.
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Observation of the scatter distribution reveals a significantly unbalanced structure
among system indicators. The Explicit Key Driving Zone (First Quadrant) contains very few
indicators, including only a few technical indicators like Sponge Facility Selection (D331),
which occupy a high share of weights, reflecting the explicit emphasis on engineering tech-
nical parameters in traditional decision-making. Conversely, most indicators are densely
distributed in the Marginal Factor Zone (Third Quadrant), indicating their secondary status
in the current evaluation system and weak causal driving force on the system. Notably,
in the Candidate Hidden Leverage Zone (Second Quadrant), “Residents’ Willingness to
Renovate (D323)” and “Design Pertinence (D312)” exhibit significant outlier characteristics.
This visual fault line suggests that although their static weights are underestimated, they
may harbor substantial positive driving effects in the system’s causal network [8,48].

To eliminate the subjectivity of visual judgment, the study further used the K-means
clustering algorithm to perform statistical stratification verification on the normalized
relation degrees (E′

i) of indicators in the Hidden Leverage Zone (Second Quadrant). The
K-means clustering results (Figure 4) confirmed the existence of the visual fault line:

Figure 4. K-means clustering results and driving force stratification of indicators in the Hidden
Leverage Zone.

The first tier is the “Core Driving Cluster,” containing only D323 and D312. The normal-
ized relation degrees of these two indicators are as high as 1.00 and 0.95, respectively, both
located above the classification boundary determined by the algorithm (Boundary ≈ 0.84).
In contrast, the value of the top indicator in the second tier, “General Driving Cluster,” D322
(Availability of Construction Materials), drops to 0.78. The K-means algorithm confirms
that the 0.17 numerical gap between D312 and D322 is not a random fluctuation of data but
an objective boundary of the internal driving structure of the system. Based on this, D323
and D312 are locked as the Core HLFs for the DG Community retrofit project.

3.2. Robustness Verification of Diagnostic Results

Given the subjective ambiguity of expert scoring, to verify the reliability of the HLF
identification results, a full-parameter dual-dimensional Monte Carlo simulation model was
established. Assuming the original weights and relation degrees of all 23 indicators follow a
triangular distribution with random perturbations of ±20% [49,50]. Through 10,000 random
iterations, the model reconstructed the entire system boundary in real-time and recalculated
the simulated normalized relation degree (E′

sim). To determine whether key indicators ex-
perienced “Topological Drift,” a dual robustness judgment threshold was set: the indicator
must simultaneously satisfy “Simulated Weight wsim < 0.065′′ (empirical upper limit of the
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low-weight zone) and “Simulated Normalized Relation Degree E′
sim > 0.84′′ (lower limit

of the Core Driving Cluster determined by K-means in Section 3.1).
The statistical analysis and visualization results are shown in Figure 5.

Figure 5. Global robustness verification results for key Hidden Leverage Factors (HLFs) considering
dual uncertainty.

Simulation results show that D323 (Residents’ Willingness to Renovate) demonstrated
absolute robustness (Probability 100%), with its scatter cloud highly converged deep
within the “Effective Identification Zone,” showing no spillover towards the high-weight
zone or low-driving zone. D312 (Design Pertinence) also maintained extremely high
structural stability (Probability 96.22%). Although minor random perturbations caused
a slight diffusion of scatter points, the vast majority of sample points remained tightly
clustered within the threshold boundary. This confirms that locking D323 and D312 as Core
HLFs is not due to accidental data errors but is a stable characteristic determined by the
inherent causal topological structure of the socio-technical system.

4. Optimization Strategies and Performance Verification
4.1. Socio-Technical Feedback Mechanism of Traditional Retrofit Failure

Based on the Core Hidden Leverage Factors (HLFs) locked in Chapter 3, this study
reveals the deep causal feedback paths underlying the sponge retrofitting of the DG Com-
munity (Figure 6). As shown in Figure 6, the systemic neglect of D312 (Design Pertinence)
and D323 (Residents’ Willingness) in the traditional decision-making mode triggers dual
negative feedback loops:

 

Figure 6. Key causal feedback paths and failure mechanism model based on HLFs.
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First is the Conflict Loop in the Spatial Dimension: The lack of “Design Pertinence” as
a source constraint leads to the mechanical replication of Low Impact Development (LID)
facility layouts, which aggressively encroach on scarce parking and public spaces. This
triggers a spatial game of “Construction vs. Livelihood” [51,52], leading to obstruction of
construction or forced simplification of schemes.

Second is the Broken Loop in the O&M Dimension: If “Residents’ Willingness” fails to
be transformed into effective social capital, the facilities will face a severe “Community O&M
Vacuum” after handover [13,53,54], leading to facility occupation or functional degradation.

This causal topology reveals that the root of the failure of the traditional “Technology-
Oriented” mode lies in the structural decoupling of the social system and the technical
system. Therefore, disrupting the aforementioned negative feedback is the prerequisite for
achieving hydrological performance.

4.2. Optimization Strategies and Quantitative Mapping of Physical Parameters

To block the above failure loops, this study integrates Participatory Governance
Theory [55] with localized design concepts [56], proposing two intervention paths: micro-
renewal design and functional composite, and establishes the correspondence between
socio-technical intervention strategies and SWMM physical parameters (Table 3).

Table 3. Optimization strategies driven by HLFs and the mapping mechanism for SWMM physi-
cal parameters.

HLF Indicator Optimization Strategy Physical Intervention Measures Corresponding SWMM
Parameter Adjustment

D312
Design Pertinence

Micro-renewal to break
technical limits: Targeting the

site pain points of high
groundwater level and poor

permeability of silty clay,
abandon pure infiltration and
switch to “vertical storage.”

1. Sunken Green Space:
Utilizing 2560 m2 of
residential green space for
retrofitting, with soil
replacement at the bottom.

2. Underground Storage:
Adding 340 m3 modular
rainwater storage tanks at the
end of the pipe network.

LID Control Parameters
Adjustment:

1. Berm Height: Set to
300 mm (Baseline is 0 mm).

2. Conductivity: Corrected
from 5 mm/h (original
clay) to 36 mm/h
(replaced soil).

D323
Residents’ Willingness

to Renovate

Functional composite to
resolve spatial games:
Addressing the core

livelihood pain point of
“parking difficulty” to
exchange for residents’

support for the layout of
permeable facilities.

Ecological Parking: Converting
damaged hard ground into 3165 m2

of permeable paved parking spaces.
Permeable Roads: Renovating
internal community roads into
4041 m2 of permeable asphalt.

Sub-catchment Parameters
Adjustment:

1. %Imperv: Comprehensive
impervious rate reduced
from 69.8% to 60.6%.

2. N-Imperv/Perv:
Manning’s N for paved
areas adjusted to 0.015 to
simulate the resistance of
permeable media.

For D312 (Design Pertinence), the strategy adopts micro-renewal tactics of storage
instead of discharge and soil replacement for infiltration to address site constraints caused
by high groundwater levels and weak permeable soil. Through this strategy, the physical
environment is transformed (e.g., clay replacement), which directly drives the parameter
adjustments in the model based on objective data. Spatially, the input areas for facilities like
sunken green spaces are exact measurements derived from the facility scale statistics of the
community’s architectural design plan. Hydrologically, the physical parameters (such as
corrected soil saturated hydraulic conductivity) are set according to the site’s geotechnical
survey data and the standard recommended values in the official US EPA SWMM User’s
Manual [57]. The specific quantitative mapping values are detailed in Table 3.
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For D323 (Residents’ Willingness to Renovate), the study employs the functional
composite intervention path. Through whole-process participatory workshops [58,59],
residents formed a consensus on the renovation of public spaces, allowing hard-paved
spaces originally dominated by parking functions to be physically transformed into carriers
for permeable paving and sponge facilities. In the model, this spatial conversion trans-
lates directly into measurable engineering data. The comprehensive impervious rate of
the sub-catchment area is objectively reduced based on the actual transformed areas of
permeable parking and roads. Concurrently, following the same guidelines [57], Manning’s
N coefficient for the paved areas is correspondingly adjusted to accurately simulate the
increased surface flow resistance provided by the permeable media. All detailed parameter
adjustments are summarized in Table 3.

4.3. Quantitative Verification of Hydrological and Environmental Performance

To quantitatively verify the optimization effect, a SWMM conceptual model of the DG
Community was constructed. The simulation used the Chicago Design Rainstorm type
with a 2-year return period and a duration of 4 h (total rainfall 66.32 mm) for H City, and
performed continuous calculation based on the Green-Ampt infiltration model. Table 4
summarizes the comparison results between the status quo baseline and the optimized
scheme in three dimensions: water volume, peak value, and water quality.

Table 4. Comparison of hydrological and environmental performance between the status quo baseline
and the optimization scheme.

Performance Indicator Status Quo Baseline Optimization Scheme Improvement/Reduction Rate

Annual Runoff Volume Capture Ratio 25.95% 70.40% +44.45%
Peak Flow (L/s) 1858.53 1285.13 −30.85%

SS Runoff Pollutant Removal Rate 12.71% 53.10% +40.39%

Simulation data indicates that the optimization scheme significantly repaired the
hydrological cycle function of the system. Regarding total volume control, benefiting from
the efficient synergy between the vertical storage space provided by sunken green spaces
and the large-area infiltration interface released by permeable paving, the Annual Runoff
Volume Capture Ratio jumped from 25.95% (Status Quo) to 70.40% (Optimized), achieving
a qualitative leap. Regarding flood safety, the peak flow was reduced by 30.85%, indicating
that LID facilities exerted significant peak-shaving functions at the moment of peak heavy
rainfall. Regarding environmental benefits, the SS pollutant removal rate increased to
53.10%, proving the effectiveness of source interception. The above physical simulation
data confirms that by breaking through the rigid spatial and technical constraints of the
old community, the scheme successfully achieved the transformation from “Theoretical
Indicator Optimization” to “Actual Operational Optimization”.

5. Discussion and Conclusions
Addressing the widespread “Performance Inversion” challenge in the sponge city

retrofitting of old communities in China, this study proposed a Robust Causal Diagnostic
Framework and conducted an in-depth empirical diagnosis and strategic verification on
the DG Community in H City. By integrating the empirical results with the theoretical
context, the following key insights and conclusions are drawn:

(1) Validation of the objective existence and critical attributes of HLFs.

Our study confirms that in complex socio-technical systems, there objectively exists
a class of “Hidden Leverage Factors (HLFs).” These indicators, such as “Residents’ Will-
ingness to Renovate” and “Design Pertinence,” are typically undervalued in traditional
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static evaluation systems (low weights) but exert a significant dominating role (strong
driving force) in the actual causal network. This finding provides a theoretical explanation
for the “Performance Inversion” phenomenon: it reveals that decision-makers often rely
excessively on static priorities based on expert experience, failing to identify those core
indicators that possess high net driving forces and significantly influence other evaluation
outcomes. The driving role of similar indicators in sponge retrofitting projects across
other Chinese cities (e.g., [4,7]) further confirms the cross-regional validity of these Hidden
Leverage Factors (HLFs) beyond H City.

(2) Effectiveness of the “Static Baseline–Dynamic Causality–Robust Verification” diag-
nostic path.

The Robust Causal Diagnostic Framework constructed in this study successfully
achieved a paradigm shift from “Empirical Evaluation” to “Targeted Diagnosis.” In the
empirical analysis of the DG Community, the framework effectively excluded interference
items and precisely locked the core pathology. Unlike traditional linear decision-making
models, this framework reveals that the fundamental constraint on flood resilience in old
communities is not merely a shortage of technical facilities, but the structural misalignment
between physical space and social needs (as illustrated by the feedback mechanisms
in Section 4).

(3) Efficacy of targeted optimization strategies based on HLFs.

Targeting the diagnosed HLFs, this study formulated intervention strategies of “Micro-
Renewal Design” and “Functional Composite,” establishing a quantitative link to the
SWMM. Simulation results demonstrated that after adopting these measures, the Annual
Runoff Volume Capture Ratio jumped from 25.95% to 70.40% (+44.45%), with significant
improvements in peak reduction and water quality. These results quantitatively verify the
validity of the proposed framework: by precisely identifying and intervening in the key
leverage points within the system, substantial improvements in hydrological performance
can be achieved even under rigid spatial and technical constraints.

Limitations:
First, this study relied on the judgments of a 7-member panel composed of technical

experts and administrative officials. While this configuration ensures professional align-
ment with the socio-technical complexity of old community retrofitting and satisfies the
consistency requirements of IAHP (CR < 0.1), it represents an expert-driven perspective.
Compared to large-scale public surveys, this small sample size may limit the granular-
ity of capturing diverse resident needs, potentially overlooking specific localized social
preferences within the community.

Future Directions:
Although this study successfully realized precise diagnosis and performance enhance-

ment for the DG Community, the empirical results from a single case may be limited in
generalizability. Future work aims to apply this framework across multiple cities to further
examine its applicability under diverse socio-technical conditions. Additionally, we plan to
introduce carbon emission indicators and Digital Twin technology to achieve full-process
management and continuous improvement of urban flood resilience.
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