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[bookmark: _Toc240017606]Data sources and empirical indicator system
The empirical application operationalizes the four dynamical attributes of the CRM using 14 indicators. To match the dynamical sequence of the revised CRM, the published indicator system is organized as Robustness (), Redundancy (), Rapidity (), and Resourcefulness (). Robustness is represented by three indicators, redundancy by four indicators, rapidity by four indicators, and resourcefulness by three indicators. The indicator pool is adapted from the urban extreme-rainfall resilience database developed by Zhuang et al. (2026), but the present CRM assigns redundancy to  and rapidity to  so that the parameter order corresponds to the continuous shock-entry and recovery process of the new state-transition formulation.
These indicators are not aggregated into a final static resilience score. Instead, they are used to calibrate the four dynamical parameters that govern the evolution of system performance. The robustness dimension contains a scenario-dependent rainfall-shock indicator and can therefore vary across return-period scenarios, whereas the redundancy, rapidity, and resourcefulness dimensions primarily characterize city-side capacities.
Table S1. Data sources and empirical indicators used for CRM calibration.
	CRM attribute
	Parameter
	Code
	Factor name
	Description (direction to parameter)
	Unit
	Source / access information
	Objective weight

	Robustness
	a
	A1
	Extreme-rainfall shock exposure (Prep_shock)
	Exposure-weighted relative exceedance of return-period rainfall intensity over local defense capacity (+)
	–
	(Han et al., 2023); POI exposure dataset used in this study
	0.7295

	Robustness
	a
	A2
	Drainage network density
	Length of urban drainage pipelines per unit built-up area (-)
	km/km²
	China Urban Construction Statistical Yearbook
	0.1347

	Robustness
	a
	A3
	Proportion of cumulative flood-control investment
	Cumulative flood-control investment relative to total municipal infrastructure investment (-)
	%
	China Water Statistical Yearbook
	0.1359

	Redundancy
	b
	B1
	Labor productivity
	GDP of municipal districts per employed persons (+)
	CNY/person
	China Urban Statistical Yearbook
	0.1646

	Redundancy
	b
	B2
	Per capita road area
	Urban road area per capita (+)
	m²/person
	China Urban Construction Statistical Yearbook
	0.1741

	Redundancy
	b
	B3
	Proportion of water-related personnel
	Share of employees in water, environmental, and public-facility management sectors (+)
	%
	China Urban Statistical Yearbook
	0.3504

	Redundancy
	b
	B4
	Proportion of land for logistics and warehousing
	Logistics and warehousing land relative to total urban construction land (+)
	%
	China Urban Construction Statistical Yearbook
	0.3108

	Rapidity
	c
	C1
	Total factor productivity
	Output efficiency and technological progress under given production inputs (+)
	%
	China Urban Statistical Yearbook
	0.1388

	Rapidity
	c
	C2
	Proportion of fiscal expenditure on disaster prevention and emergency management
	Disaster-prevention and emergency-management expenditure relative to total local fiscal expenditure (+)
	%
	Annual Final Fiscal Accounts Reports of municipal governments
	0.1996

	Rapidity
	c
	C3
	Proportion of cumulative waterlogging-mitigation investment
	Cumulative waterlogging-mitigation investment relative to total municipal infrastructure investment (+)
	%
	China Water Statistical Yearbook
	0.4996

	Rapidity
	c
	C4
	Hospital beds per 10,000 people
	Number of hospital beds per 10,000 residents (+)
	beds / 10,000 people
	China Urban Statistical Yearbook
	0.1620

	Resourcefulness
	d
	D1
	Proportion of local fiscal expenditure on science and technology
	Science and technology expenditure relative to local fiscal expenditure (+)
	%
	China Urban Construction Statistical Yearbook / harmonized city database
	0.5603

	Resourcefulness
	d
	D2
	Share of tertiary-industry GDP
	Tertiary-industry output relative to total GDP (+)
	%
	China Urban Construction Statistical Yearbook / harmonized city database
	0.1524

	Resourcefulness
	d
	D3
	Internet penetration rate
	Internet users relative to population (+)
	%
	China Urban Construction Statistical Yearbook / harmonized city database
	0.2873


Note: Objective weights are rounded for presentation; therefore, displayed values may not sum exactly to 1.
Access information for the principal statistical sources:
· Daily gridded precipitation dataset (Han et al. 2023)
· China Urban Construction Statistical Yearbook
· China Urban Statistical Yearbook
· China Water Statistical Yearbook
· Example of a municipal Final Fiscal Accounts Report (Beijing, 2022)
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The first robustness indicator (A1), denoted as Prep_shock, represents the effective external rainfall shock experienced by urban functions. It combines the relative exceedance of rainfall intensity over local defense capacity with the spatial distribution of urban exposure. The calculation is first conducted at the grid scale and then aggregated to the city level.
For grid  under return-period scenario , the hazard component is defined as:
		(S1)
where  is the rainfall intensity under scenario , and  is the rainfall intensity corresponding to the local drainage or flood-defense capacity. Rainfall below the local defense threshold therefore produces no effective shock, whereas rainfall exceeding the threshold is represented by its relative exceedance.
Urban exposure is represented using the spatial distribution of economically weighted POIs. The raw POI-based exposure density is first aggregated within each grid and subsequently transformed as:
		(S2)
where  denotes the aggregated raw POI-based exposure density of grid  in city . The logarithmic transformation is applied after spatial aggregation to reduce excessive concentration while retaining differences in the spatial distribution of urban functions. 
The city-level Prep_shock is finally calculated as the exposure-weighted mean of the grid-level rainfall hazard:
		(S3)
where  is the dimensionless effective rainfall shock for city  under return-period scenario . Higher values indicate that a larger relative rainfall exceedance occurs in areas with greater concentrations of exposed urban functions. In the CRM application, the total urban system is considered and  corresponds to the 10-, 100-, and 500-year rainfall scenarios.
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A fixed set of objective weights is estimated from the strictly balanced master panel and applied consistently throughout the empirical analysis. The weighting procedure combines the entropy-weighting principle, which measures the information provided by the dispersion of each indicator, with the CRITIC approach, which additionally considers contrast intensity and inter-indicator dependence (Diakoulaki et al., 1995; Shannon, 1948). To improve sensitivity to relative dispersion, the standard deviation term in the original CRITIC formulation is replaced by the coefficient of variation, while absolute correlations are used to characterize inter-indicator conflict. The combined weights are calculated separately within each of the four CRM attributes and remain fixed across cities and rainfall scenarios. This avoids changes in parameter values being induced by repeated recalculation of the weighting structure.
(1) Entropy information
For a normalized value  of indicator  for observation , the proportional value  is calculated as:
		(S4)
where  is the number of observations and  is a small constant introduced to avoid . The entropy of indicator  is then calculated as:
		(S5)
The corresponding entropy divergence is defined as . A larger  indicates greater information provided by the variation of indicator . This formulation follows the information-entropy principle introduced by Shannon (1948).
(2) Modified CRITIC information
The CRITIC method evaluates indicator importance by jointly considering contrast intensity and correlation with other indicators (Diakoulaki et al., 1995). In the modified formulation used here, contrast intensity is represented by the coefficient of variation:
		(S6)
where  and  are the sample standard deviation and mean of normalized indicator , respectively, and  is a small numerical stabilizer.
Inter-indicator conflict is expressed as:
		(S7)
where  is the Pearson correlation coefficient between indicators  and , and  is the number of indicators within the corresponding CRM attribute. A larger  indicates that indicator  contains more information that is independent of the other indicators.
(3) Combined objective weight
The entropy divergence and modified CRITIC information are integrated into a single information score:
		(S8)
The final objective weight is then obtained by normalization:
		(S9)
where  is the combined objective weight of indicator . The weights are calculated separately within each CRM attribute and therefore sum to one within that attribute. The corresponding attribute score for observation  is:
		(S10)
where  denotes the set of indicators belonging to CRM attribute , and  is the resulting attribute score used for subsequent parameter calibration. In the revised CRM, the four attribute scores are assigned sequentially to robustness (), redundancy (), rapidity (), and resourcefulness ().
The objective weights are estimated once from the balanced multi-year panel, whereas the 2022 sample of cities with complete data is used as the common reference population for indicator normalization and parameter calibration. Rank-percentile mapping is used for , , and , while is calibrated using a centered Z-score based on the 2022 reference cities. The numerical weights used in the present application are reported in Table S1. These weights were estimated once from the balanced multi-year panel and subsequently held fixed across cities and rainfall scenarios.
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[bookmark: _Toc240017610]Common reference sample and normalization
The 2022 dataset is used as the common reference sample for the nine-city empirical illustration. The reference sample contains all cities with complete indicator data under the 10-, 100-, and 500-year rainfall scenarios. Cities lacking any required indicator or any of the three return-period scenarios are excluded before calibration. The resulting reference sample contains 201 cities and 603 city–return-period observations. The nine illustrative cities are extracted only after the common calibration procedure has been completed, so the parameter scale is not determined by the nine selected cases alone.
For the empirical parameter calibration, each indicator is normalized to [0,1] within the common 2022 reference sample according to its directional relationship with the corresponding dynamical parameter. Positive indicators are normalized as:
		(S11)
Negative indicators are normalized as:
		(S12)
A1 is positively related to a, whereas A2 and A3 are negatively related to a. The redundancy, rapidity, and resourcefulness indicators are positively related to their corresponding physical parameters b, c, and d in CRM.
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The composite robustness, redundancy, and rapidity scores are dimensionless relative measures and are mapped to the predefined physical ranges of , , and  using rank-percentile mapping. This procedure preserves the relative ordering of assessment units while reducing sensitivity to extreme score magnitudes. For assessment unit , the normalized rank position is defined as:	
		(S13)
where  is the rank of the corresponding attribute score within its calibration group, and  and  are the minimum and maximum ranks, respectively. Tied observations are assigned their average rank. The corresponding physical parameter is then calculated as:
		(S14)
where  denotes , , or , and  and  are the lower and upper empirical calibration bounds listed in Table S2.
The resourcefulness parameter d is calibrated differently because it represents the terminal steady-state performance relative to the normalized pre-shock baseline . The composite resourcefulness score is first averaged across the three rainfall scenarios for each city. Its standardized position relative to the complete 2022 reference-city sample is then calculated as:
		(S15)
where  is the city-level mean resourcefulness score, and  and  are the mean and standard deviation across the complete 2022 reference cities. The terminal steady-state parameter is subsequently obtained as:
		(S16)
This centered calibration assigns  to the reference-sample mean,  to above-average resourcefulness, and  to below-average resourcefulness. The range 0.90–1.10 is an empirical calibration bound adopted for the present extreme-rainfall application rather than a universal constraint of the CRM.
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The four CRM parameters are calibrated at different aggregation levels according to their physical meanings. Parameter  is calibrated at the city–return-period level because the robustness score contains the scenario-dependent rainfall-shock indicator A1. Therefore, varies across the 10-, 100-, and 500-year rainfall scenarios for the same city.
Parameters , , and  characterize city-side redundancy, rapidity, and resourcefulness, respectively. Their composite scores are first averaged across the three rainfall scenarios at the city level. The redundancy and rapidity scores are subsequently calibrated to  and using rank-percentile mapping, whereas the resourcefulness score is calibrated to  using the centered Z-score procedure described in Eqs. (S15)–(S16). Consequently, the same city retains identical , , and values across the three rainfall scenarios.
Table S2. Dimensions, mathematical domains, and empirical calibration ranges of the CRM parameters.
	Parameter
	4R attribute
	Dynamical role
	Dimension
	Mathematical domain
	Empirical range
	Calibration level
	Calibration method

	a
	Robustness
	Scenario-specific vulnerability amplitude
	Dimensionless
	0≤a≤1
	0.10–0.80
	City–RP
	Rank percentile

	b
	Redundancy
	Shock-buffering time constant
	Time
	b>0
	0.50–5.00
	City
	Rank percentile

	c
	Rapidity
	Recovery rate
	T⁻¹
	c>0
	0.05–0.15
	City
	Rank percentile

	d
	Resourcefulness
	Terminal steady-state performance level
	Dimensionless
	d≥0
	0.90–1.10
	City
	Centered Z-score


Note: The mathematical domains follow from the CRM equations, whereas the numerical ranges are empirical calibration ranges used in the present rainfall case study. They may be recalibrated for other hazard types, spatial scales, or engineering systems.
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The illustrative application uses the exponential recovery kernel and evaluates the CRM trajectory over a 100-day numerical simulation horizon. The performance trajectory is calculated at 1,001 equally spaced time nodes, corresponding to a temporal resolution of 0.1 day. Recovery stabilization is identified using a relative convergence coefficient of 10⁻³, with the convergence condition required to hold for 10 consecutive time steps after the performance nadir.
Table S3. Numerical settings used in the nine-city CRM application.
	Setting
	Value

	Reference year
	2022

	Rainfall return periods
	10, 100, and 500 years

	Recovery kernel
	Exponential

	Numerical simulation horizon
	100 days

	Number of intervals
	1,000

	Time step
	0.1 day

	Relative convergence coefficient
	10⁻³

	Required consecutive stable steps
	10

	Mapping of a, b, c
	Rank percentile

	Mapping of d
	Centered Z-score

	Resourcefulness transformation
	


To provide numerical support for the simulated trajectories shown in Fig. 3, representative trajectory data are reported in Table S4. Shenzhen is selected as the illustrative case because its calibrated terminal-state parameter is , allowing the post-shock performance to exceed the normalized pre-shock baseline during the later recovery stage. The table reports the normalized system performance under the 10-, 100-, and 500-year rainfall scenarios at selected time points over the 100-day simulation horizon. The common integration benchmark  days is also included as a reference time point.
Table S4. Representative numerical values of the CRM-simulated performance trajectories for Shenzhen under the three extreme-rainfall scenarios.
	Time (days)
	10-year scenario
	100-year scenario
	500-year scenario

	0
	1.0000
	1.0000
	1.0000

	1
	0.9042
	0.8277
	0.7319

	2
	0.8941
	0.8078
	0.6995

	5
	0.9190
	0.8422
	0.7459

	10
	0.9736
	0.9200
	0.8527

	20
	1.0489
	1.0271
	0.9999

	30
	1.0810
	1.0730
	1.0629

	40
	1.0932
	1.0903
	1.0866

	46.5
	1.0965
	1.0950
	1.0931

	60
	1.0991
	1.0988
	1.0983

	80
	1.0999
	1.0998
	1.0998

	100
	1.1000
	1.1000
	1.1000


Note:  denotes normalized system performance, with  representing the pre-shock baseline.  days is the common integration benchmark used to calculate the resilience metric, whereas the trajectories in Fig. 3 are simulated over the full 100-day numerical horizon.
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Because the common integration benchmark is determined from the maximum recovery time within the comparison set, we further evaluated its sensitivity to sample composition using a leave-one-city-out test. The baseline benchmark for the nine-city application was 46.5 days. Each city was removed in turn, after which the common benchmark and resilience scores of the retained cities were recalculated.
[image: ]
Fig. S1. Sensitivity of the common integration benchmark and stability of resilience rankings under leave-one-city-out analysis. (a) The baseline common benchmark for the nine-city comparison set is  days. Removing Chengdu reduces the benchmark to 43.6 days, whereas removing any other city does not change . (b) Spearman rank correlations between the baseline resilience rankings and those recalculated after removing Chengdu are 0.976 for the 10-year scenario, 1.000 for the 100-year scenario, 1.000 for the 500-year scenario, and 0.998 for pooled city-scenario observations.
To examine the sensitivity of the resilience metric to the common integration benchmark, a leave-one-city-out analysis was conducted for the nine illustrative cities. Under the baseline comparison set, the common benchmark was determined as  days. When each city was removed in turn, only removing Chengdu changed the benchmark, reducing it to 43.6 days, whereas removing any of the other eight cities left  unchanged at 46.5 days. This indicates that Chengdu defines the upper bound of the observed recovery duration within the selected case set.
The effect of this benchmark variation on cross-city comparisons was further evaluated using Spearman rank correlations between the baseline resilience rankings and those recalculated after removing Chengdu. The corresponding coefficients were 0.976 for the 10-year scenario, 1.000 for the 100-year scenario, 1.000 for the 500-year scenario, and 0.998 for the pooled city-scenario observations. These results show that although the common benchmark affects the absolute value of the resilience metric, the relative ranking of cities remains highly stable. Therefore, the benchmark choice has limited influence on the comparative interpretation of resilience differences across the illustrative cases.
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