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Abstract

Climate change has intensified extreme rainfall events, challenging progress toward SDG 11’s urban resilience targets.
Current assessment methods often neglect dynamic recovery processes and regional precipitation disparities. We propose
a three-phase framework combining interpretable machine learning (ML) and factorial experiments, using the Prep_shock
index that integrates standardized rainfall intensity, capital exposure, and historical probability, to evaluate the dynamic
resilience of 220+ Chinese cities from 2019 to 2022. Key findings reveal that: (1) The Prep_shock index effectively elimi-
nates north-south precipitation biases, identifying Shandong coastal cities and Yangtze River Delta city clusters (36.2%) as
high-resilience areas, in contrast to Henan Province. COVID-19 exacerbated systemic risks in megacities, undermining their
capital protection capacities. (2) Spatial diagnostics classify 75.6% of the cities into Quadrant III (the balanced resilience
category), with recovery times decreasing from the west to the east. Super-large cities like Zhengzhou (2021) exhibited criti-
cal recovery deficiencies (Quadrant IV). (3) Interpretable ML models (XGBoost/EBM) identify redundancy as the dominant
resilience driver—robustness governs baseline resilience, while recovery relies on emergency support (for example, hospital
beds density and fiscal inputs) and redundant infrastructure (for example, road network density). (4) Factorial experiments
reveal optimization trade-offs: simultaneous enhancement of rapidity and redundancy diminishes their individual benefits,
necessitating context-specific prioritization. The study advances dynamic resilience assessment methods and proposes
quadrant-specific strategies for tailored urban adaptation.

Keywords Dynamic assessment - Extreme rainfall - Factorial analysis - Machine learning - Resilience optimization - Urban
resilience

1 Introduction

Extreme rainfall events driven by climate change are
reshaping urban disaster risk landscapes at an accelerat-
ing and unexpected pace. According to disaster statistics
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assessing and enhancing urban resilience to extreme rainfall
(Hemmati et al. 2022).

Resilience theory offers a valuable interdisciplinary
framework for addressing this challenge. Since Holling
(1973) first introduced the concept of ecological resilience,
the theory has evolved through three key stages. In the engi-
neering resilience phase, research focused on the mechani-
cal resistance thresholds of infrastructure systems (Holling
1996). Subsequently, the theory of complex adaptive sys-
tems (Gunderson and Holling 2002) introduced dynamic,
non-equilibrium models of resilience, laying the founda-
tion for understanding the nonlinear response mechanisms
of urban systems. This theoretical shift enabled the emer-
gence of social-ecological resilience (Folke 2006), which
challenged the single-stability assumption by emphasizing
the adaptive capacity of multiple actors. This conceptual
evolution continues, with recent reviews highlighting that
definitions of flood resilience are becoming increasingly
diverse, expanding from merely “coping” to encompass
critical components such as “recovery” and “adaptation”
(Laidlaw and Percival 2024). Although recent studies have
developed multidimensional indicator-based frameworks
(Meerow et al. 2016), significant limitations remain in the
context of extreme rainfall. First, most assessments rely on
static, cross-sectional models (Moghadas et al. 2019), fail-
ing to capture the time-varying dynamics of post-disaster
recovery. Second, institutional factors such as fiscal resource
allocation are often excluded from the evaluation, a gap par-
ticularly evident in developing countries like China (Gilmore
et al. 2022; Sadler et al. 2024).

In parallel with assessment challenges, current attribution
methods also face limitations in capturing the complexity of
urban systems. Mainstream machine learning models—such
as SHAP-based XGBoost—are capable of handling high-
dimensional and nonlinear data (Lundberg and Lee 2017),
but their black-box nature often obscures decision-making
mechanisms and makes it difficult to quantify multifactor
interactions, such as the synergy between fiscal investment
and drainage network density. Factorial experiments, as a
classical approach in experimental design, enable precise
identification of the direction and magnitude of interaction
effects through systematic manipulation of variable levels
(Box et al. 2005). However, this method suffers from the
curse of dimensionality when applied to complex urban sys-
tems. This inherent trade-off between interpretability and
complexity significantly constrains the precision and effec-
tiveness of resilience policy interventions.

In response to these limitations, recent cutting-edge
research has increasingly focused on leveraging dynamic
modeling and artificial intelligence (Al) to better capture
the complex, time-dependent nature of urban resilience
(Khoshkonesh et al. 2024; Qin et al. 2025). For instance,
studies have begun to integrate real-time sensor data and

high-resolution satellite imagery with advanced machine
learning algorithms to create more adaptive and predictive
resilience assessment frameworks (Yabe et al. 2022; Li et al.
2025; Li, Zhou, et al. 2025). This new frontier emphasizes
a shift from static vulnerability snapshots to a continuous
understanding of system performance under stress, often
employing digital twins and sophisticated simulation envi-
ronments to model cascading failures and recovery pathways
(Therias and Rafiee 2023; Zhuang, Wang, et al. 2024). While
these advancements provide powerful predictive capabili-
ties, a significant challenge remains in untangling the com-
plex, nonlinear interactions between resilience drivers and
in translating these “black-box” findings into actionable,
interpretable policy, a gap which this study aimed to address
(Cao 2023).

To address the aforementioned research gaps, this study
integrates complex systems theory with interpretable arti-
ficial intelligence techniques, achieving methodologi-
cal advances on three levels. First, we develop a dynamic
assessment model of extreme rainfall exposure by integrat-
ing nationwide daily precipitation data (2019-2022) with
gridded fixed capital stock. Second, drawing on the “4R”
resilience framework (Bruneau et al. 2003), we construct a
three-dimensional indicator system comprising robustness,
rapidity, and redundancy, and establish a dynamic quantifi-
cation system based on recovery functions. Finally, we pro-
pose a hybrid attribution analysis framework that combines
interpretable machine learning with factorial experimental
design to systematically identify both the independent and
interaction effects of resilience determinants.

2 Material and Methods

This section details the comprehensive methodology
employed to assess and analyze urban dynamic resilience.
We first establish the theoretical and quantitative framework
for resilience assessment, then describe the indicator system
and data sources used for our empirical analysis. Finally,
we outline the interpretable machine learning models and
factorial experiment design used for the attribution analysis
to identify the key drivers of resilience and their interactions.

2.1 The Framework of Resilience Assessment

This subsection outlines the conceptual and quantitative
architecture for assessing dynamic resilience. It is struc-
tured into three core components: first, the adaptation of the
“4R” theoretical framework to the context of urban flood
resilience; second, the mathematical formulation of the post-
disaster recovery process using a gamma function family;
and third, the development of the multidimensional indica-
tor system used to measure resilience attributes empirically.
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2.1.1 Theoretical Framework

The theoretical foundation of this study is built upon the
“4R” framework, which characterizes a system’s overarching
resilience capacity through a set of core attributes: Robust-
ness, Rapidity, Redundancy, and Resourcefulness (Bruneau
et al. 2003; Tierney and Bruneau 2007). These attributes
are the essential properties exhibited by a resilient system’s
various dimensions (for example, social, economic, infra-
structural, and governance) when confronted with a shock.

Robustness refers to the capacity of urban physical and
social systems to withstand extreme events, such as the
design standards of drainage infrastructure and the rainfall-
resistance performance of buildings (Tierney and Bruneau
2007). Rapidity captures the speed at which essential func-
tions recover post-disaster—for example, the time required
to restore transportation networks and power supply—where
delays can significantly amplify resilience losses (Rose
2007). Redundancy involves the presence of backup sys-
tems (for example, emergency pumping stations, multi-route
transportation networks) that prevent cascading failures due
to the malfunction of a single node (Ouyang and Duefias-
Osorio 2014). Resourcefulness reflects the system’s capac-
ity for resource mobilization and adaptive decision mak-
ing, such as real-time flood response coordination enabled
by timely data and cross-sectoral emergency mechanisms
(Silverman et al. 2022). While these attributes provide a
comprehensive qualitative description of resilience, a quan-
titative assessment requires a method to integrate their com-
bined effect on system performance over time, which is often
conceptualized using a recovery curve, as captured by the
Resilience Triangle theory (Fig. 1). Within this “4R” frame-
work, a clear distinction can be made between the different
phases of a resilience event. The initial processes of resist-
ance and absorption are analytically captured by the Robust-
ness attribute, which governs the magnitude of performance
loss immediately following a shock. The subsequent Recov-
ery process is then shaped by the Rapidity and Redundancy
attributes, which determine the speed and trajectory of the
system’s return to functionality.

To quantify resilience, this study integrates the recovery
curve approach with the “4R” framework. Specifically, the
area enclosed by the recovery curve of system performance
(P(?)) and the pre-disaster baseline represents the magnitude
of resilience loss (Bruneau et al. 2003) (Eq. 1), a method
widely used to capture dynamic post-disaster recovery pro-
cesses. The Resilience Triangle, by measuring the total per-
formance loss over time, thus serves as an integrated metric
that analytically combines the effects of initial resistance and
absorption with the subsequent recovery. For instance, Klise
(2023) applied recovery curves to assess the resilience of
urban drinking water infrastructure under population growth
and extreme weather disturbances. Zhang et al. (2024)

@ Springer

constructed a global urban resilience model using night-
time light data, revealing that socioeconomic factors—such
as income levels and governance capacity—significantly
influence recovery speed, thus providing cross-regional
empirical validation for the Resilience Triangle. Further
applications of this theory in fields such as power systems
(Hosseini et al. 2016), public health (Han et al. 2024), and
public transportation (Wang et al. 2022) suggest that resil-
ience loss reflects not only physical restoration efficiency,
but also the interplay of social vulnerability (for example,
unequal access to resources in low-income communities)
and institutional shortcomings (for example, fragmented
emergency planning) (Meerow and Newell 2019). Recent
research trends emphasize integrating the “4R” framework
with multi-source data—including meteorological and eco-
nomic data—to uncover how complex urban systems adapt
and recover under extreme rainfall events.

Resilience = / l [1—P(n)]dt (1)

2.1.2 Recovery Function

The concept of recovery is central to resilience, yet it is also
considered one of the most challenging aspects to measure,
with a notable lack of clarity on temporal scales in existing
research (McClymont et al. 2020). To address this gap and
precisely capture these time-varying dynamics, the recovery
function employed in this study contains four key parame-
ters—a, b, ¢, and d—each corresponding to one dimension
of the “4R” resilience framework (Fig. 1). By construct-
ing an indicator system and applying weighted calculations
for each parameter, we derive the relative values of the 4R
components for all Chinese cities. These relative scores are
then mapped onto appropriate parameter ranges to shape
city-specific recovery curves. Weights for each parameter
were determined objectively using the CRITIC method. This
technique was chosen for its ability to handle the interde-
pendencies among resilience indicators by balancing both
their variability and correlation (Diakoulaki et al. 1995).
The detailed algorithmic procedure and justification for this
choice are provided in Supplementary Material, Section 2.
Since we assume that cities are capable of recovering to their
pre-disaster performance levels, the parameter d is fixed at
1 in all scenarios.

We adopt the gamma family as the functional form for
modeling post-disaster urban recovery (Cassottana et al.
2019; Tang and Shen 2024). This function family satis-
fies the essential properties of asymptotic stability and
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«Fig. 1 A schematic diagram of research theory and framework. The
parameter variations shown in the subplots are for illustrative pur-
poses to demonstrate the mathematical function of each parameter.
Within this functional form, parameters a and d are inverse indicators
of their conceptual counterparts: a higher value of a corresponds to
lower robustness (a larger initial drop), and a higher value of d cor-
responds to lower resourcefulness (a lower final recovery level). In
our main analysis, d is fixed at 1 to model full recovery. ML Machine
learning, RF Random forest, EBM Explainable boosting machine,
XGBoost Extreme gradient boosting

quasi-convexity, making it suitable for capturing realistic
recovery dynamics. The gamma family is constructed as an
affine combination of two gamma functions (Eq. 2), where
P(t,) denotes the pre-disaster performance level, and a, b, c,
and d are the parameters to be estimated.

P(1) = P(ty) — a{l'[d + 1] = T'[d + f(t|b,0)]}, a.b,c,d>0
@)
Here, parameter a, which conceptually functions as an
inverse measure of robustness, acts as a direct multiplier
outside the gamma function terms, linearly scaling the
overall magnitude (depth) of the performance loss curve
Loss(t) = a- {T'[d + 1] = T'[d + f(1]b, )| }. While the term
within the braces dictates the temporal profile of the loss,
parameter a controls its vertical scale. Consequently, a larger
a corresponds mathematically to lower Robustness. I'(z) is
the gamma function (Eq. 3), and f(¢|b, c) is a differenti-
able, non-increasing time-dependent function. Considering
the urgency of post-disaster recovery, we specify f(¢) as an
exponential function (Eq. 4), which satisfies (¢t = 0]b,c) = 1
and lim,_,  f(#|b, ¢) = 0. Figure 1 illustrates how the gamma
family can simulate diverse recovery trajectories under dif-
ferent resilience scenarios.

[(z) = / xexp[—x]dx 3)
0

Jexp(tlb, 0) = exp[—ct’] 4)

To understand the role of parameter d, we analyze the
function’s limit as time approaches infinity (f — o0).
Under this condition, the time-dependent decay function
f(t]b, ¢) = exp[—ct’] approaches 0. Therefore, the final
steady-state performance level P(c0) can be expressed as
Eq. 5.

I'd+1]1-Td]l =dI'ld] - T'ld] = (d — DI'[d] 6)

Substituting this back yields the final expression for the
steady-state performance (Eqs. 7 and 8).

P(00) = P(t;) — Loss(c0) @)

Loss(00) = a - (d — DI'[d] ()

In these equations for the final state, the term Loss(oo)
represents the permanent performance loss at the end of
the recovery process. It is crucial to note that this analy-
sis, involving scenarios where d | = 1, is presented solely
to theoretically demonstrate how parameter d mathemati-
cally governs the final recovery level and thus relates to
resourcefulness. For the main analysis in this study, we
consistently assume d = 1 for all cities. This ensures the
permanent performance loss term Loss(co) becomes exactly
zero (a - (1 — DI[1] = 0), thereby modeling full recovery
(P(oo) = P(to)) and allowing for standardized cross-city
comparison.

2.2 Indicator System

The development of our indicator system involved a system-
atic, multi-stage screening process to ensure theoretical rigor
and contextual relevance. First, the process was anchored in
the “4R” theoretical framework and built upon established
indicator systems, including Berke and Campanella (2006),
Chelleri et al. (2015), and the Disaster Resilience of Place
(DROP) model (Cutter et al. 2008). Subsequently, each
potential indicator was critically evaluated for its specific
relevance to the challenges of extreme rainfall, ensuring a
direct, literature-supported link to urban disaster resistance,
emergency response efficiency, or recovery potential. The
final selection was then confirmed based on the availability
and measurability of consistent data across our large urban
sample. This structured approach led to the development
of an indicator system organized around three key dimen-
sions: disaster resistance, emergency response efficiency,
and substitution potential during disruption. The indicator
design logic and its targeted relevance to rainfall impacts
are elaborated across three resilience dimensions—robust-
ness, rapidity, and redundancy—as summarized in Table 1.
These indicators span multiple urban subsystems, including

P(c0) = P(ty) —a - {T[d + 1] = T[d + 0]} = P(ty) —a - {T'[d + 1] — I'[d]} ®)

Utilizing the fundamental property of the gamma func-
tion, I'[z + 1] — zI'[z], we can simplify the performance loss
term within the braces (Eq. 6).

@ Springer

economic, social, static infrastructural, and dynamic envi-
ronmental components (McClymont et al. 2020; Laidlaw
and Percival 2024).



133

International Journal of Disaster Risk Science

(2 pue ‘q ‘p ‘opdwrexo 10J) Io)oWLIE] UOTIOUN, Y} [IIM UONB[OIIO) [ESTRWISYJEW S JOJEdIPUT ) 9)oudp uwnjod (Ainqrnje) uondrosad ay) ut susts (—) pue (+) YL

(/) 1oA9[ 9ourwLIO)Iad 19)SBSIP

(6107) 'Te 10 BUBNOSSED) /  -21d 03 A19A0091 [[nJ poWINSSy / [ = onfeA poxij P SSQUNJAOINOSAY
+)
pUE[ UONONISUOD UeqIn [€10)
(#202) ‘Te 10 Jnonioy] ur 3ursnoyarem pue sonsI3o[ 3ursnoyorem pue
pue (€207) ‘Te 10 eleysy 9% 01 payedo[e pue| jo uoniodoid 11X  sonsi3of 10j puef jo uoniodoid
(+) s10309s
juowaSeuew Ajroey orjqnd
pue ‘JUIWUOIIAUD ‘Tojem Ul [ouuosiad
(1202) ‘T 12 Sueyz 9%  seakojdwo ueqin jo uontodoid 01X paje[aI-19Jem Jo uontodoid
(€200) () Lo
‘Te 32 Sueyy pue (+707) ‘Te 10 nxX uoszad/ w yoea ur uosiad 1od eare peoy 6X eare peor eyided 104
(€200) (+) L1 yoeo ur yndur 1oqe|
10 pue noyz pue (Z10g) uniely drdoad 000‘01 / AND UoI[[Iq Jo jtun 1od Indno drwouooq 8X Kyanonpoid 1oqe FIX) 2 Kouepunpay]
+
(Y200 Te 10 K315 YoBa UT SIUSPISAI 0000 [
Suepn pue (£207) ‘T 12 uay)D ardoad 000‘0T1/sP2q 12d spaq Tendsoy jo requnN 1X 9rdoad gpo‘01 Iod spaq Teidsoyq
(4) JuounsoAur
monnseryur redrorunw ug
jusw)saAul uonesniu ur3sof jusw)saAul uonesnIwu ur33of
($202) np\ pue nyq 9, -10JeM QATIE[NWND JO uoniodoig 9X -Idjem oAnE[NWND Jo uoniodoid
(4) osuodsax
KouaZrowe pue uonuaraid 19) juowaSeUBW AOUIFIOW
(207 ‘Te 10 ‘Suepy -SesIp 0} pajedo[[e 2UMIpuadxd pue uonuaAdid 19)sesIp uo
‘Suenyyz pue ($707) Te 10 yseIng 9% Tedsy [ed0] [enuue jo uontodoig ¢X oempuadxo [eosy jo uontodoid
(+
(10qe[ pue [ended “3-9) syndut
(#207) uays uaAI3 1opun ssa1Soid [ea1Sof
pue 3ue], pue (¢z07) ‘T 10 Sue], % -ouyod) pue Aouaroyye ndinQ X Kyanonpoid 10308] [€10], €1X) 9 Aynprdey
(=) JuauSIAUT
rmonysejur fedorunu
#207) ‘Te 1 nA\ pue “(SZ07) [101 UT JUSWIISOAUT [OTJUOD JUSWI)SIAUT [OIJUOD
‘Te 30 nI pue ‘(107) ‘Te 30 oery 9%  Pooy aAmE[nWNO jo uoniodoig ¢€X poop sane[nwnd jo uontodoig
(¥200)
‘Te 39 ‘Sueyz ‘n¥ pue ‘(1207) (=) K310 yora ur yI0MIoU
Te 12 Suepp ‘(§£707) uelIng pue | /sy surpedid oSeuresp ays jo Aysusq X KyIsuap yIomjou ageureI([
(+) 9reds
PLIS 9y Je SO0y [[eJurer (ssou
(2202) ‘Te 2 30 pue (SZ0T) Quianxa A[Tep 9A1je[al Jopun [Tejurex -)SnQoI JO JINSeAW
Te 32 1O “(€707) T8 10 08D % amsodxa [ejrdes aanenwn) X QWX Jo JoedwWI OTWIOUOD  9SIAAUT UR) (Z1X) P $SOUISNQOY
SOOUAIAJIY ) (anqume) uondrosa  9pod 10308 oweu 10108,  Iojowered uonoun,j UOISUSWIIP SOUSIISIY

SHOMAWEI]  Y,, 9Y) UO PISB( WISAS JOJRIIPUT JUSWISSISSE AOUSI[ISAT UBqI() | d|qeL

pringer

As



134 Zhuang et al. Assessing and Optimizing Urban Dynamic Resilience to Extreme Rainfall

2.2.1 Robustness

Robustness emphasizes a city’s inherent capacity to with-
stand extreme rainfall shocks and the quality of its defen-
sive infrastructure, serving as the foundational dimension
of resilience assessment. Prep_shock (X1) quantifies the
economic sensitivity of urban systems to extreme rainfall,
measured by the cumulative capital exposure at the grid
level (%), following Cao et al. (2023). Equation 9 employs
a spatiotemporal coupling method that integrates normal-
ized rainfall intensity—filtered by a defined threshold (50
mm)—and the inverse of historical exceedance probability
to construct a risk-weighted exposure index. This is further
combined with the spatial distribution of fixed capital stock
to achieve a multidimensional quantification of extreme rain-
fall impact intensity. A detailed explanation of the equation
and its computational steps is provided in the Supplementary
Material Section 3.!

It is crucial to clarify that Prep_shock is designed as a
standardized measure of exposure to a hazard, not a direct
measure of resilience itself. Our framework assesses resil-
ience as a system’s capacity to perform given this shock. The
index is calculated systematically for all cities to provide a
comparable shock magnitude, and its focus on “extreme”
events is intentional. Only shocks that have the potential to
overwhelm existing defensive capacities can provide a true
test of a city’s robustness attribute. Furthermore, by normal-
izing rainfall intensity against local historical patterns, the
index ensures that the shock is evaluated relative to a city’s
specific climatic context, thus avoiding the pitfall of equating
absolute rainfall with uniform impact.

Lo . ori
L Z HR_Intensity$"i¢!

irvgrid,t
12365 grideQ iVIax_Intenszty

Prep_shock =

Normalize intensity

~ ~/ N——— " ~ J

Probability weight of historical rainstorm

2.2.2 Rapidity

Rapidity focuses on a city’s emergency response efficiency
and resource coordination capacity during extreme rainfall
events, which directly influences the effectiveness of loss
containment. Total factor productivity (X4) measures the
technical efficiency of the urban economic system (%),
reflecting the potential for optimal resource allocation
during crisis (Tang et al. 2023). The proportion of fiscal
expenditure on disaster prevention and emergency manage-
ment (X5) captures the government’s immediate response
capacity through its share of emergency funding (%), as
noted by Suresh et al. (2024). The proportion of cumulative
fixed asset investment in waterlogging mitigation (X6) and
the number of hospital beds per 10,000 people (X7) reflect,
respectively, the pace of drainage infrastructure upgrades
(%) and the spatial density of medical resources (beds
per 10,000 people), both of which are essential for infra-
structure repair and emergency healthcare during disasters
(Chen et al. 2023; Hu and Wu 2024). These indicators form
the backbone of the disaster-time response chain and help
shorten the recovery period of system functions.

2.2.3 Redundancy

Redundancy reflects a city’s capacity for resource buffering
and functional substitution during the post-disaster recov-
ery phase, serving as a critical component for enhancing
long-term resilience. Labor productivity (X8), measured by
economic output per unit of labor (billion CNY per 10,000
people), captures the capacity of human capital to sup-

Capital_shock®"™
Capital™

®

Capital stock exposure

Drainage network density (X2) directly reflects the spatial
coverage capacity of a city’s drainage infrastructure (km/
km?), which determines the speed at which pluvial flood
risks may spread (Li and Burian 2023). Proportion of cumu-
lative fixed asset investment in flood control (X3) evaluates
the long-term financial commitment to flood defense infra-
structure (Liao et al. 2019). Together, these three indicators
(X1, X2, and X3) capture the engineering defense capacity
and economic system stability of a city under extreme rain-
fall, representing the first line of defense against disaster
impacts.

@ Springer

port post-disaster reconstruction (Zhou and Qi 2023). Per
capita road area (X9) serves as a proxy for transportation
redundancy (m?/person), facilitating the efficient move-
ment of goods and evacuation of populations after a flood
event (Zhang et al. 2023). The proportion of water-related
personnel+ (X10) and the proportion of land allocated to
logistics and warehousing (X11) represent, respectively, the
reserve of professional personnel (%) and the redundancy of
logistics nodes (%), both of which are essential for sustain-
ing environmental management and material supply during
recovery (Zhang et al. 2021; Korucuk et al. 2024). These
multi-level redundancy indicators help reduce the duration
of the disrupted state and enhance the stability of recovery
trajectories.
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2.3 Model of Attributing

To quantify the contribution of resilience parameters and
indicators under extreme rainfall shocks, three machine
learning models—random forest (RF) (Gu et al. 2025),
explainable boosting machine (EBM) (Nori et al. 2019), and
XGBoost (Li 2022; Liu et al. 2024; Zhang et al. 2025)—were
trained and compared. These models are capable of captur-
ing nonlinear relationships and interaction effects among
resilience indicators while balancing predictive accuracy and
interpretability. To ensure model generalization, hyperpa-
rameters were optimized using a random search strategy (Liu
et al. 2024). Final model parameters were selected based
on minimizing root mean square error (RMSE) on a 30%
validation subset. The specific search space for each model’s
key hyperparameters and the final optimal values selected
for predicting resilience and recovery time are detailed in
the Supplementary Material (Table S2).! Detailed equations
and procedures are provided in Supplementary Material
Subsection 4.1.!

To uncover the driving mechanisms of urban resilience
parameters under extreme rainfall shocks, this study adopts
a multi-method framework to systematically quantify both
main and interaction effects of resilience indicators. The
SHAP values derived from the XGBoost model (Meddage
et al. 2022) are used to analyze both global and instance-
level contributions of each indicator, capturing underly-
ing nonlinear relationships. Simultaneously, the inherently
additive structure of the EBM (Nori et al. 2019) enables
direct extraction of feature importance rankings, enhanc-
ing the interpretability and policy relevance of the results.
To explore the dynamic coupling mechanisms among
multidimensional resilience indicators, a three-level full
factorial experimental design is employed (Smucker et al.
2019). Using analysis of variance (ANOVA), the framework
identifies synergistic and antagonistic interactions among
robustness, rapidity, and redundancy dimensions, as well as
the directionality of these effects. This integrated approach
balances predictive accuracy with interpretability, over-
coming the limitations of conventional models in capturing
high-order interactions. Furthermore, SHAP-based feature
rankings and quantified interaction strengths provide an
evidence-based foundation for prioritizing resilience optimi-
zation strategies under extreme rainfall scenarios. Detailed
equations and procedures are available in Supplementary
Material Subsection 4.2.!

2.4 Data sources

The data for this study cover the period 2019-2022. The
majority of the data were sourced from official national
publications, including the China Urban Construction Sta-
tistical Yearbook, the China Urban Statistical Yearbook,

and the China Water Statistical Yearbook, which ensures
standardized definitions and high cross-city consistency. The
indicator for fiscal expenditure on disaster prevention (X5)
was uniquely sourced from publicly available annual fiscal
reports from individual city governments. Our final dataset
was constructed by taking the intersection of all indicators;
any city-year with missing data for any single indicator was
excluded from the analysis. The temporal scope of the study
was constrained by the availability of these official data-
sets. Daily historical rainfall data from 1 January 1961 to 31
December 2022, with a spatial resolution of 0.1° and a unit
of mm/day, were provided by Han et al. (2023). To represent
the exposure to extreme rainfall, we used gridded fixed capi-
tal stock as the impact target, based on 30-second resolution
capital stock estimates for China in 2015, with units in mil-
lion CNY (Wu et al. 2018). For a detailed breakdown of the
source and access information for each indicator, please refer
to Table S1 in the Supplementary Material.!

3 Results

This section presents the empirical findings of our study,
organized in a multi-stage sequence. We begin by analyz-
ing the spatiotemporal patterns of the extreme rainfall shock
(Prep_shock) index and the resulting urban resilience across
China from 2019 to 2022. We then examine the dynamics
of urban recovery time and the shape of recovery trajecto-
ries. Following this, we introduce a diagnostic classification
of cities based on their performance in a ternary parameter
space, before finally delving into the attribution analysis to
identify the key drivers of these observed patterns.

3.1 Extreme Rainfall Shock and Dynamic Resilience

To more accurately capture the regional extremity of rain-
fall shocks, we adjusted for spatial heterogeneity in rain-
fall distribution across China. As shown in Fig. 2a—d, the
mean daily precipitation (Prep_mean) from 2019 to 2022
displayed a clear spatial gradient, with significantly higher
precipitation levels in southeastern China compared to the
northwest, reflecting substantial north-south disparities.
Additionally, the probability of extreme rainfall events in
northwestern China was extremely low. To eliminate this
inherent climatic imbalance, we constructed an extreme rain-
fall impact index (Prep_shock) by integrating standardized
rainfall intensity, capital exposure, and historical exceedance
probability. For instance, 100 mm/day of rainfall may not
be considered extreme in southern China, whereas the same
amount in northern regions could constitute a severe event.
A typical case is shown in Fig. 2h, which effectively quanti-
fies the extreme severity of the once-in-a-millennium rainfall
event that struck Henan Province in July 2021. This event
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Fig.2 Spatiotemporal distribution of mean daily precipitation, rain-
fall shock, and resilience from 2019 to 2022 and multi-year aver-
ages. The classification method is based on natural breaks (Jenks).
a—e Spatial distribution of mean daily precipitation (Prep_mean)
from 2019 to 2022 and the multi-year average (values are the mean
daily precipitation in millimeters per day). f—j Spatial distribution

serves as a powerful illustrative example of the index’s abil-
ity to measure the magnitude of rare and catastrophic shocks.
It is important to note, however, that a Prep_shock score
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of extreme rainfall shock (Prep_shock) from 2019 to 2022 and the
multi-year average (values are the calculated unitless composite index
scores). k—o Spatial distribution of resilience from 2019 to 2022 and
the multi-year average. Percentage numbers show the proportion of
cities falling into each class for the respective map. The hatched areas
indicate missing data

was systematically calculated for every city in our sample to
ensure a comprehensive and comparative assessment.
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The spatial and temporal distribution of urban resilience
in China from 2019 to 2022 remained generally stable, with
most cities demonstrating strong resilience. As shown in
Fig. S1,! only a small number of regions were affected by
high-intensity rainfall events, while a large proportion of
cities maintained high resilience levels. The multi-year aver-
age results indicate that 36.2% of cities fell into the highest
resilience category (Fig. Slc!), predominantly located in
eastern coastal areas (Fig. S2b') such as Shandong Prov-
ince and the Yangtze River Delta, followed by city clus-
ters in the Pearl River Delta and the Beijing-Tianjin-Hebei
region. In contrast, lower resilience levels were observed in
parts of Henan Province and northeastern China. Notably,
nine cities with the lowest resilience—accounting for 3.8%
of the sample—were mostly concentrated in the northeast,
specifically including Songyuan (Jilin Province), Shuang-
yashan and Hegang (Heilongjiang Province), Fuxin, Tiel-
ing, and Jinzhou (Liaoning Province), as well as Dazhou
(Sichuan Province), Changzhi (Shanxi Province) and Shang-
qiu (Henan Province).

To further examine differences across city scales
(Table S3') and regions (Table S4'), we conducted a strati-
fied analysis of urban classifications. The temporal analy-
sis revealed that urban resilience fluctuated across all city
sizes during the study period, with a general decline in 2020
before recovering in 2022. Megacities, in particular, exhib-
ited a distinct temporal pattern of resilience to systemic
shocks (Fig. S2a'). Consistent with conventional expecta-
tions, they demonstrated high resilience levels in 2019 and
2022, leveraging their superior resources and infrastructure.
However, their resilience dropped sharply during the peak
years of the COVID-19 pandemic (2020), falling below that
of smaller cities. This temporary lack of resilience suggests
that the systemic disruptions of the pandemic—such as
strained fiscal resources and supply chain interruptions—
may have uniquely hampered the capacity of these complex
urban systems to manage concurrent extreme rainfall shocks.

3.2 Spatiotemporal Patterns of Urban Recovery
Dynamics

Urban recovery time following extreme rainfall was esti-
mated using recovery functions, with 30 days set as the
upper limit. The results show that approximately 59.1% of
cities were able to return to pre-disaster performance levels
within 4.9 to 9.1 days, with these cities primarily located
in Shandong, the Yangtze River Delta, Hubei, Hunan, and
northern Jiangxi (Fig. 3f). In contrast, about 1.7% of cit-
ies—such as Xinyang in Henan Province (18.1 days), Lin-
cang (21.7 days) and Zhaotong (21.7 days) in Yunnan Prov-
ince, and Songyuan in Jilin Province (22.2 days)—required
more than two weeks to recover. Notably, although Fig. 3g
reveals substantial year-to-year differences in rainfall shock

intensity, these differences did not result in corresponding
fluctuations in recovery time. Instead, Figs. 3h—3i show that
both recovery speed (parameter b) and redundancy (param-
eter ¢) remained stable over the four-year period, contribut-
ing to a generally steady and improving recovery trend. Spe-
cifically, the prolonged recovery time observed in southern
Henan cities is less likely driven by variations in extreme
rainfall shock (parameter ) and more plausibly associated
with weaker recovery capacity or rapidity (b) and lower sys-
tem redundancy (c).

To illustrate the recovery dynamics of cities with varying
levels of recovery capacity, we applied the natural breaks
(Jenks) classification method to divide the multi-year aver-
age recovery time into five levels, and selected one repre-
sentative city from each level to visualize annual recovery
curves (Figs. 3a—3e). A notable shortening of recovery
time was observed in 2022. Cities with stronger recovery
capacity—such as Zhoushan in Zhejiang Province (Fig. 3a),
Ezhou in Hubei Province (Fig. 3b), Meizhou in Guang-
dong Province (Fig. 3c), and Nanchang in Jiangxi Province
(Fig. 3d)—showed a steady decline in recovery time from
2020 to 2022. Even in Lincang, Yunnan Province (Fig. 3e),
which had relatively weak recovery capacity, a marked
improvement in recovery performance was evident by 2022.

Overall, the results suggest a general trend in which
larger cities recover more quickly (Fig. S3'). However, simi-
lar to the resilience findings, megacities exhibited weaker
recovery performance due to insufficient internal defense
and recovery capacity to protect their highly concentrated
capital assets (Fig. S3a'). Notably, recovery time peaked
for megacities and large cities in 2020, while for other city
size groups, the slowest recovery occurred in 2021. In terms
of regional patterns, cities in the East region demonstrated
significantly stronger recovery capacity compared to those
in other regions, whereas cities in the Northwest and South-
west regions exhibited relatively low recovery performance
(Fig. S3bh).

3.3 Diagnosis of Urban Resilience Based on Ternary
Parameter Space

Figure 4 presents a ternary diagnostic analysis. Quadrant I
cities exhibit strong recovery capacity (with greater recov-
ery speed or rapidity) but weak shock intensity and redun-
dancy. Quadrant II represents cities that rely primarily on
high redundancy to recover, with low shock intensity and
recovery capacity, and generally display strong resilience
and short recovery times, demonstrating that their high
redundancy is sufficient to compensate for their low recovery
capacity. In contrast, Quadrant I'V includes cities exposed to
severe rainfall shocks with weak recovery and redundancy,
highlighting urgent needs for resilience enhancement.
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Fig.3 Spatiotemporal distribution of recovery time and recovery tra-
jectories of representative cities. f Spatial distribution of multi-year
average recovery time, with the scatterplot on the left showing annual
recovery time from 2019 to 2022. The percentage numbers show the
proportion of cities falling into each class. a—e Recovery curves of
five representative cities selected from the five classification levels in

Quadrant III cities account for the largest proportion
across all years from 2019 to 2022 and in the multi-year
average, reaching 75.6% (Fig. 4; Fig. S4'). In each year,
large and medium-sized cities consistently made up the
highest shares within this quadrant (Figs. S5a—S5d"), aver-
aging 33.9% and 40.2%, respectively (Fig. S5¢'). Geographi-
cally, these cities are primarily concentrated in the East and
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panel f, illustrating their recovery trajectories from 2019 to 2022. g—i
Annual distributions of recovery function parameters a, b, and c. In
the box plots, diamonds represent the medians, and the whiskers indi-
cate the inner fences, defined as the maximum and minimum values
within Q3 + 1.5 X IQR and Q1 — 1.5 X IQR, respectively. IQR is the
interquartile range

Central South regions, comprising 63.5% of the total (Fig.
S6e'). Given their relatively balanced performance and mod-
erate exposure, these cities do not require substantial policy
intervention.

The megacities in our study are primarily found in Quad-
rants I and III. Multi-year averages show that Shanghai and
Guangzhou serve as recovery-capacity exemplars, while
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Fig.4 Ternary scatter plots of resilience parameters from 2019 to
2022. a-d Annual ternary plots of city-level resilience parameters
from 2019 to 2022. Dot size represents the magnitude of resilience,
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Beijing, Chongqing, and Tianjin fall into Quadrant III (Fig.
S4'). Representative cities in Quadrant I are predominantly
large cities (Fig. S5e!), mostly located in the East and Cen-
tral South regions (Fig. S6e'). In contrast, representative
cities in Quadrant II are typically small cities, mainly distrib-
uted across the North and Central South (Fig. S6e'). These
findings suggest that large cities tend to possess stronger
recovery capacity, whereas small cities are more adept at
leveraging substitution mechanisms for recovery.

Problem diagnosis suggests that cities in Quadrant IV
should urgently improve their resilience levels. Although
this group is primarily composed of medium-sized cities
(39.1%) and small cities (47.8%) (Fig. S5e'), mainly located
in the North and Central South regions, it is noteworthy that
two super large cities—Kunming in Yunnan Province (2020)
and Zhengzhou in Henan Province (2021)—also fell into
Quadrant I'V. This indicates that both cities require greater
emphasis on enhancing resilience to extreme rainfall shocks.
Moreover, among the nine low-resilience cities identified in
Fig. 2 and the four cities with the longest recovery times in
Fig. 3, nearly all are located within Quadrant IV (Table S5 h.
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3.4 Attribution Analysis

Having established the spatiotemporal patterns of resilience
and recovery, this subsection delves into the underlying driv-
ers of these outcomes. The analysis begins by comparing the
predictive performance of the three machine learning mod-
els (RF, EBM, and XGBoost) to identify the most suitable
models for our dataset. Subsequently, using the insights from
the best-performing models, we analyze the main effects of
each indicator and explore the complex, nonlinear interac-
tion effects among key factors and parameters that govern
urban resilience and recovery time.

3.4.1 Performance of Machine Learning Models

We compared the performance of RF, EBM, and XGBoost
in predicting both resilience and recovery time, using eval-
uation metrics including mean squared error (MSE), root
mean square error (RMSE), mean absolute error (MAE), and
coefficient of determination (R?). On the test set, XGBoost
achieved the best performance for resilience prediction, with
the lowest MSE (~0.133), RMSE (~0.365), and an R? of
approximately 0.87. In contrast, EBM demonstrated superior
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generalization ability for recovery time prediction, achiev-
ing a test-set MSE of ~0.035, RMSE of ~0.187, and an R?
close to 0.97 (Fig. 5). Notably, this pattern of performance
differentiation was consistent across both training and test
sets, suggesting that EBM is more effective in capturing the
complex patterns underlying recovery time, while XGBoost
performs better in modeling resilience.

The performance of RF was comparatively weaker than
that of the other two models. This can be attributed to differ-
ences in algorithmic design: while both EBM and XGBoost
employ a boosting approach, RF is based on bagging. Boost-
ing models like EBM and XGBoost iteratively fit residu-
als and leverage flexible regularization and hyperparameter
tuning strategies, enabling them to capture more complex
nonlinear patterns. As a result, they tend to achieve higher
accuracy and more stable generalization performance in
modeling the intricate dynamics of urban resilience and
recovery processes.

3.4.2 Main Effects and Interaction Effects Analysis

X14 (parameter ¢) emerged as the most influential factor in
both resilience and recovery time predictions (Fig. 6c, f).
Therefore, redundancy design plays a critical role in enhanc-
ing system robustness by providing alternative resources or
backup pathways when localized functions are disrupted.
Such design can effectively mitigate the impact of vulnerable
components on overall system performance and significantly

reduce the time required for reconstruction or repair. The
rankings of key factors across different models show a con-
siderable degree of mutual consistency, reinforcing the reli-
ability of the findings.

For resilience, besides X 14, X12 (parameter a, an inverse
measure of robustness) and X9 (per capita road area) had
a strong positive impact (Fig. 6¢). For recovery time, X13
(parameter b, recovery speed) and X9 were also important,
while X12 had little effect (Fig. 6f). These results align with
Fig. 3, showing that robustness mainly affects resilience,
while faster recovery depends more on emergency support
(for example, hospital beds density and fiscal inputs) and
redundant infrastructure (for example, road density).

To ensure the robustness of our feature importance find-
ings and address potential multicollinearity, which can affect
the interpretation of attribution models, we conducted addi-
tional diagnostic tests before analyzing the main effects. A
variance inflation factor (VIF) analysis was performed on
all predictor variables, confirming that multicollinearity was
not a significant issue. Furthermore, a permutation feature
importance analysis was conducted on the best-performing
models to provide a more robust, alternative assessment of
feature importance. Both analyses confirmed that the results
presented here are reliable and not statistical artifacts. The
detailed results of these diagnostic tests are provided in the
Supplementary Material (see Tables S8, S9, and S10).!

In the three-level factorial experiment involving three
parameters, second-order interaction effects were not
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Fig.5 Comparison of model performance across random forest (RF),
explainable boosting machine (EBM), and extreme gradient boosting
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performance on the test set. MSE Mean squared error, RMSE Root
mean square error, MAE Mean absolute error, R? Coefficient of deter-
mination. The shaded bars represent the best-performing models
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Fig.6 Analysis of the main and interaction effects of parameters
and factors on resilience and recovery time. a—f Main effect analysis
of parameters and factors. X12-X14 represent parameters a, b, and
¢, respectively. a and d are SHAP-based attribution results from the
XGBoost model, b and e are intrinsic global explanations from the
EBM model, and ¢ and f are combined insights from both models.

g-1 First-order interaction parameter plots for a, b, and ¢ derived from
the three-level full factorial experiments. m—r First-order interaction
plots for factors X1-X14, based on the 3'* full factorial simulation.
The plots display the top three pairwise interaction effects for each of
the 14 factors. L, M, and H represent low, medium, and high levels

significant, so the analysis focused on first-order interactions
between parameters a—b, b—c, and a—c (Fig. 6g-1). For resil-
ience, the a—b interaction (Fig. 6g) showed a weak negative
synergy (antagonism) (P = 0.0260, Table S6). Specifically,
the positive contribution of increasing recovery speed (b) to
resilience was most significant at low levels of shock inten-
sity (a), but this beneficial effect was substantially weakened
(that is, the slope of the interaction line became flatter) as
shock intensity (a) increased. The b—c interaction (Fig. 6h)
was a positive antagonism: as redundancy (c) increased, the
marginal benefit of increasing b diminished (P = 0.0000).
The a—c interaction (Fig. 61) showed negative antagonism,
with higher ¢ values weakening the negative impact of a (P
= 0.0000). For recovery time, the a—b interaction (Fig. 6j)
also showed a significant and complex negative synergy
(antagonism) (P = 0.0008, Table S7Y. The analysis of the
interaction plot reveals a nonlinear relationship: at the low

level of recovery speed (Para. b = L), increasing shock inten-
sity (a) from L to M is associated with a slight reduction in
recovery time, before increasing again from M to H, indicat-
ing a turning point. In contrast, at medium and high levels of
recovery speed (Para. b = M and H), increasing shock inten-
sity (a) consistently and significantly lengthens (worsens)
the recovery time. The b—c interaction (Fig. 6k) exhibited
positive antagonism, where higher ¢ reduced the marginal
impact of b (P = 0), while the a—c interaction was not sig-
nificant (Fig. 61). Among all interactions, the a—c interaction
had the most significant effect on resilience, suggesting that
enhancing redundancy is particularly effective under high-
impact rainfall conditions. In contrast, b—c was the dominant
interaction for recovery time, indicating that simultaneous
improvements in recovery speed and redundancy may offset
each other’s benefits. These non-parallel interaction trends
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highlight the critical role of parameter coupling in shaping
both resilience and recovery outcomes.

To further investigate the interactions between factors
and parameters, we selected the 5th, 50th, and 95th per-
centiles of each indicator as three experimental levels, and
used the best-performing model to predict the full facto-
rial combinations of all 14 factors (314 = 4,782,969 simu-
lations). For resilience, the results show that when urban
economic impact of extreme rainfall (X1) increases, a higher
value of parameter ¢ (redundancy) can effectively buffer the
decline in resilience (Fig. 6m), consistent with the findings
in Fig. 6i. Enhancing drainage network density (X2) is more
effective when ¢ is low (Fig. 6n), while improving labor
productivity (X8) has a greater impact on resilience when
recovery speed (b) is low (Fig. 60). For recovery time, both
labor productivity and per capita road area (X9) significantly
accelerate recovery when b is at a low level (Figs. 6p and
6q). Additionally, the effect of labor productivity (X8) is
further amplified when the share of water-related personnel
(X10) is low (Fig. 6r). These results reveal how different fac-
tors regulate system resilience and recovery dynamics under
varying parameter conditions, underscoring the importance
of context-specific adjustments in resilience optimization
strategies.

4 Discussion

Our study provides a dynamic assessment of urban resilience
to extreme rainfall, revealing nuanced spatial patterns and
complex driver interactions. The findings both align with
and challenge existing theories, offering new insights for
urban resilience planning.

4.1 Interpretation of Key Findings

Our attribution analysis consistently identified redundancy
as the most dominant attribute for enhancing resilience and
shortening recovery time. This finding aligns with com-
plex systems theory (Rinaldi et al. 2001), which posits that
redundant systems with substitutable components are less
vulnerable to cascading failures—a critical feature dur-
ing extreme floods when primary infrastructure nodes (for
example, power stations, transport hubs) are likely to be
compromised (Buldyrev et al. 2010). The high importance
of indicators like per capita road area (X9) (Ma et al. 2023)
and land for logistics (X11) (Aghajani et al. 2023) under-
scores that physical redundancy in transportation and supply
chains is paramount for facilitating emergency response and
post-disaster reconstruction.

A particularly noteworthy finding is the observed tempo-
ral decline in the resilience of megacities during the COVID-
19 pandemic. While these urban giants demonstrated high
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resilience in 2019 and 2022 (Fig. S2a'), aligning with
expectations, their calculated resilience dropped sharply in
2020-2021. This suggests a heightened sensitivity of these
complex systems to the compound effects of the systemic
(pandemic) and localized (rainfall) shocks occurring con-
currently. Conceptually, vulnerability refers to a system’s
susceptibility to initial impact, whereas resilience is the
overall outcome encompassing resistance and recovery. This
observed temporal decline suggests that megacities’ intrinsic
vulnerability (for example, infrastructure susceptibility) did
not necessarily increase during 2020-2021. A more plausi-
ble explanation, consistent with resilience theory, is that the
pandemic acted as a systemic shock that temporarily com-
promised their overall resilience capacities—particularly the
ability to mobilize resources for effective recovery (concep-
tually related to rapidity and redundancy). Consequently,
this reduction in capacity likely led to the observed poorer
performance (lower calculated resilience scores) when these
cities faced concurrent extreme rainfall hazards during those
specific years. This finding aligns with recent studies sug-
gesting nonlinear impacts from compound crises in complex
urban systems (Sadler et al. 2024).

Furthermore, our ternary analysis revealed that many
small cities fall into Quadrant II, characterized by high
redundancy but low internal recovery capacity (rapidity).
While our study did not measure inter-city connectiv-
ity directly, this finding suggests a plausible hypothesis
grounded in regional resilience theory. The resilience of
smaller urban areas may not stem from internal self-suf-
ficiency, but rather from their functional connectivity to
larger, neighboring cities. Their high “redundancy” could
reflect their ability to draw upon external resources—such
as emergency supplies, specialized personnel, and economic
support—from a wider metropolitan region, compensating
for their limited internal response capacity (Bai 2024; Yao
et al. 2025).

4.2 The Trade-off Between Rapidity
and Redundancy

Our factorial experiments uncovered a positive antagonis-
tic interaction between recovery speed or rapidity (b) and
redundancy (c), suggesting that simultaneous improvements
in both may lead to diminishing marginal returns. This
counter-intuitive finding can be explained by considering
the potential for “coordination friction” between different
types of resilience strategies currently being implemented
in China: centralized, high-tech systems for rapidity, and
decentralized, nature-based systems for redundancy.

A prime example of a rapidity-focused strategy is the
development of Smart City platforms or City Brains, as seen
in cities like Shanghai (Zhu et al. 2024) and Hangzhou (Bai
et al. 2025). These platforms use vast networks of Internet
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of Things (IoT) sensors, artificial intelligence (Al), and cen-
tralized command centers to achieve real-time monitoring
and highly efficient, rapid emergency response. For flood
management, a City Brain can process data from water level
sensors and weather forecasts to optimize the operation of
massive centralized pumps and floodgates with great speed
(Luusua et al. 2023).

Conversely, the Sponge City initiative, implemented in
over 30 cities including Wuhan and Xiamen, is a quintessen-
tial redundancy-focused strategy (Yin et al. 2021). It relies
on decentralized, nature-based solutions—such as perme-
able pavements, green roofs, and retention ponds—to create
a redundant network that absorbs and manages rainwater at
its source, reducing the load on the primary “gray” drainage
infrastructure (Liu and Jensen 2018).

The potential trade-off emerges at the intersection of these
two strategies. A high-tech City Brain (rapidity) is typically
optimized to control the predictable, engineered “gray”
infrastructure. However, during a catastrophic flood that
overwhelms the primary system, its effectiveness depends
on leveraging the thousands of decentralized Sponge City
assets. If the real-time performance data from these green
infrastructure elements (for example, soil saturation levels,
local ponding) is not fully integrated into the City Brain’s Al
decision-making models, a coordination friction can occur.
The command center might efficiently manage its central-
ized pumps, while being unable to account for the variable,
localized performance of the decentralized sponge network.
This could lead to suboptimal decisions, such as dispatching
resources to an area where sponge infrastructure is already
effectively mitigating the flood, while neglecting another
area where it is failing. This illustrates that resilience strate-
gies must be coherently integrated; investments in high-tech
rapidity and distributed redundancy must be synergistic to
avoid operating in parallel, potentially conflicting, silos.

4.3 Policy Implications and the Diagnostic
Framework

The primary practical contribution of this study is the
four-quadrant diagnostic framework, which supports the
development of targeted, cost-effective resilience strategies
(Table 2). For cities in Quadrant IV (for example, Zheng-
zhou in 2021), characterized by high shock intensity and low
recovery capacity/redundancy, the immediate priority should
be enhancing redundant systems. In contrast, cities in Quad-
rant II, which already possess high redundancy, should focus
on improving their emergency response efficiency (rapidity),
with investments in human capital (for example, labor pro-
ductivity) being a key lever. This tailored approach moves
beyond one-size-fits-all policies and provides a data-driven
tool for municipal governments to prioritize investments
based on their specific resilience profile.

Table 2 Differentiated optimal strategies for urban resilience enhancement

Recommended resilience strategy

Representative cities

Diagnostic characteristics

Urban
quad-
rant

Prioritize enhancing redundancy, considering cost-effective-

Songyuan, Shuangyashan, Fuxin, Tieling, Jinzhou, Chang-

High rainfall shock intensity; low recovery capacity and

v

ness in resource allocation.

zhi, Shangqiu, Lincang, Xinyang, Zhaotong

redundancy

Recovery capacity is well developed; focus on improv-

Zhuhai, Zunyi, Wuxi, Taizhou, Zhongshan, Zhoushan, Jin-

Low rainfall shock; high recovery capacity; low redun-

ing redundancy, especially through expanding drainage

network density.

hua, Huzhou, Liaoyang, Shanghai, Guangzhou, Yichun,

Qitaihe, Foshan, Dongguan

dancy

Redundancy is sufficient; priority should be given to enhanc-

Baotou, Sanya, Beihai, Ordos, Zhongwei, Chuzhou,

Low rainfall shock; low recovery capacity; high redun-

11

ing recovery speed, with labor productivity as a key lever.

Fangchenggang, Ulanqab

dancy

Given the low likelihood of extreme rainfall, substantial

Low rainfall shock; low recovery capacity and redundancy Remaining cities

11

policy intervention is not required.
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4.4 Limitations and Future Research

This study has several limitations that open avenues for future
research. First, a key limitation is the assumption of constant
resourcefulness (parameter d = 1). This attribute, which
includes crucial elements like governance capacity and early
warning systems, is conceptually complex and notoriously
difficult to quantify with standardized data across a large and
diverse sample of cities. Due to the lack of consistent national-
level data for these factors, we adopted the pragmatic assump-
tion of full recovery to enable a robust quantitative comparison.
However, to test the robustness of our core findings against
this necessary simplification, we performed a comprehensive
sensitivity analysis. The results, detailed in the Supplementary
Material (Subsection 10.1),! show that the relative resilience
and recovery time rankings of the cities remain highly stable
even when the d parameter is varied. This provides strong evi-
dence that our main conclusions regarding spatial patterns and
key drivers are not artifacts of this assumption. Future research
should aim to overcome this limitation, perhaps through in-
depth qualitative case studies or the development of novel
data sources to explore how dynamic resourcefulness shapes
recovery. The modeling choices, including the adoption of a
gamma-based recovery function and a fixed 30-day integra-
tion boundary, are also potential limitations. To address this, a
comprehensive sensitivity analysis was performed. The results,
detailed in the Supplementary Material (Subsections 10.2
and 10.3),! demonstrate that the study’s primary conclusions
regarding the relative resilience of cities are highly robust to
variations in both the time boundary and the specific functional
form used. This provides strong confidence in the stability of
our findings.

Second, the study period of 2019-2022, while capturing a
critical period of intense rainfall events and systemic shocks,
was constrained by the availability of consistent official data,
particularly for fiscal expenditures. Future research should
expand the temporal scope of this dynamic analysis as more
years of data become publicly available, which would allow
for the examination of longer-term resilience trends and
policy impacts.

Finally, verifying the hypothesis regarding the role of
inter-city connectivity for smaller cities presents a valuable
direction for future work. This would require the integra-
tion of regional network, transportation flow, and economic
linkage data to explicitly model how regional redundancy
contributes to the resilience of individual urban areas.

5 Conclusion
This study proposed and validated a dynamic framework for

assessing and optimizing urban resilience to extreme rainfall
by integrating interpretable machine learning and factorial

@ Springer

experiments. Based on an analysis of over 220 Chinese cities
from 2019 to 2022, four key conclusions emerged:

1. The novel Prep_shock index successfully normalizes for
regional climatic disparities, providing a more accurate
and equitable measure of extreme rainfall shock. This
methodological advance enables the identification of
true resilience patterns, revealing high-resilience city
clusters in eastern coastal China and low resilience in
regions like Henan Province (Fig. 2).

2. Urban resilience exhibits significant temporal dynam-
ics, with megacities showing a unique vulnerability to
the compound shock of the COVID-19 pandemic. While
highly resilient in normal years, their performance
dropped sharply in 2020, highlighting the challenges
that systemic disruptions pose to complex urban systems
(Fig. S2al).

3. Redundancy is unambiguously identified as the most
dominant attribute driving both higher resilience
and faster recovery. Attribution analysis consistently
shows that indicators of redundant infrastructure and
resources are the most critical factors, far outweighing
others. Factorial experiments further reveal complex
interaction effects, such as the trade-off between simul-
taneously enhancing rapidity and redundancy, which
underscores the need for context-specific optimization
(Fig. 6).

4. The proposed four-quadrant diagnostic framework pro-
vides a powerful tool for policy making. By classify-
ing cities based on their resilience attribute profiles, it
enables the formulation of targeted and cost-effective
resilience strategies, moving beyond one-size-fits-all
approaches and offering a practical guide for urban plan-
ners and managers (Fig. 4; Table 2).
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