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This appendix provides comprehensive model diagnostics that validate the methodological approaches employed in the socioeconomic vulnerability assessment framework. Table S1 presents multicollinearity assessment for all predictor variables, while Table S2 compares alternative model specifications to justify the adopted time-varying approach.
Table S1. Multicollinearity assessment for socioeconomic vulnerability model variables
	Variable
	VIF
	Interpretation

	Population Density
	2.34
	Acceptable

	Share of Elderly (65+)
	1.87
	Acceptable

	Low Income at Risk
	2.56
	Acceptable

	Hospital Beds per 100k
	1.92
	Acceptable

	Unmet Medical Needs
	3.12
	Acceptable

	Social Protection Expenditure
	2.18
	Acceptable

	GDP per capita (PPS)
	2.89
	Acceptable

	Overcrowding Rate
	2.45
	Acceptable

	Wastewater Treatment Coverage
	1.76
	Acceptable


Notes:
· All VIF values below 5.0 indicate no multicollinearity concerns
· VIF calculations based on pooled regression specification underlying Equation 12
· Values calculated using full panel dataset (N=40: 4 countries × 10 years)
Variance Inflation Factor (VIF) analysis confirms that all predictor variables exhibit acceptable multicollinearity levels, with values ranging from 1.76 to 3.12, well below the conventional threshold of 5.0. This diagnostic validates the model specification in Equation 12, ensuring that parameter estimates remain stable and interpretable despite potential correlations among socioeconomic indicators.
Table S2. Model comparison and selection criteria for time-varying panel regression specifications
	Model Specification
	R²
	Adj. R²
	AIC
	BIC
	RMSE
	F-statistic

	Time-varying (All 6 domains)
	0.985
	0.976
	-73.42
	-51.23
	0.138
	195.34***

	Time-varying (Selective S,C,I)
	0.984
	0.979
	-79.77
	-62.89
	0.126
	207.75***

	Static coefficients
	0.912
	0.897
	-45.23
	-38.12
	0.298
	89.34***

	Linear domains only
	0.856
	0.834
	-28.45
	-22.67
	0.381
	52.18***

	Equal weights only
	0.894
	0.876
	-41.56
	-35.78
	0.315
	78.92***


Notes:
· *** p < 0.001
· Time-varying (Selective S,C,I) specification demonstrates superior model parsimony compared to full six-domain interactions, with better AIC (-79.77 vs -73.42) and BIC (-62.89 vs -51.23) despite minimal R² difference (0.984 vs 0.985)
· Full six-domain interaction model exhibits multicollinearity concerns with VIF exceeding 8.0 for Exposure and Housing interaction terms
· Selective interaction specification balances model fit with parameter stability and degrees of freedom constraints given limited sample size (N=40)
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Table S3 provides comprehensive documentation of all features used in the gradient boosting model (Equation 14), including preprocessing methods, data sources, and theoretical justification for each predictor. This transparency enables full reproducibility and facilitates interpretation of feature importance rankings presented in Figure 2 Panel C and Table 2.
Table S3. Complete feature specifications and preprocessing for gradient boosting model (N=9 features)
	Feature
	Importance
	Preprocessing
	EUROSTAT code
	Theoretical rationale

	Overcrowding rate
	0.560
	Z-score standardization (Eq. 6)
	ilc_lvho05a
	Housing stress amplifies socioeconomic vulnerability through inadequate living conditions

	Unmet medical needs
	0.285
	Z-score standardization (Eq. 6)
	hlth_silc08
	Healthcare access gaps constrain population wellbeing and adaptive capacity

	Wastewater treatment coverage
	0.043
	Z-score standardization (Eq. 6)
	sdg_06_10
	Urban infrastructure quality supports public health and service provision

	Hospital beds per 100k
	0.041
	Z-score standardization (Eq. 6)
	hlth_rs_bdsrg2
	Health system capacity supports population health resilience

	Low-income risk of poverty
	0.040
	Z-score standardization (Eq. 6)
	ilc_li02
	Economic constraints limit resource access and coping capacity

	GDP per capita (PPS)
	0.013
	Z-score standardization (Eq. 6)
	nama_10r_2gdp
	Aggregate economic resources enable vulnerability reduction investments

	Social protection expenditure
	0.008
	Z-score standardization (Eq. 6)
	spr_exp_type
	Safety net programs reduce socioeconomic hardship

	Share elderly 65+
	0.005
	Z-score standardization (Eq. 6)
	demo_r_pjanagr3
	Age-related socioeconomic vulnerability and care dependency

	Population density
	0.003
	Z-score standardization (Eq. 6)
	demo_r_d3dens
	Population concentration influences service provision demands


Notes:
· All features underwent identical preprocessing via Z-score standardization to ensure comparability across measurement scales
· Features were selected based on theoretical relevance to socioeconomic vulnerability pathways documented in vulnerability assessment frameworks
· Individual feature importance values differ from domain-level importance in Table 2 because domains aggregate multiple features through Equation 8
· Feature importance rankings displayed in Figure 2 Panel C show domain-level aggregation, while this table presents individual feature contributions
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A.3. Policy Intervention Scenario Specifications
Table S4 documents the complete parameter settings and methodological choices underlying the counterfactual policy intervention scenarios analyzed in Section 3.4 and Figure 5. These specifications enable full reproducibility of intervention effect estimates and facilitate adaptation of the framework to alternative policy contexts or intervention magnitudes.
Table S4. Policy intervention scenario specifications and parameter settings
	Parameter
	Value
	Justification

	Intervention magnitude
	1.0 SD improvement
	Standardized effect size enabling cross-feature comparison

	Target features
	Overcrowding, Unmet medical needs, Low-income poverty
	Top 3 features by permutation importance (Table S3)

	Counterfactual method
	Gradient boosting prediction
	Trained model (R²=0.788) with validated generalizability

	Bootstrap iterations
	1000
	Standard uncertainty quantification (Equation 24)

	Noise specification
	N(0, 0.05²σ²)
	5% relative SD matching composite index bootstrap (Equation 16)

	Intervention direction
	Negative (beneficial)
	Reduced overcrowding, reduced unmet needs, reduced poverty

	Baseline calculation
	Equation 19
	Observed feature values applied to trained gradient boosting model

	Intervention construction
	Equation 20
	One SD improvement in target features, other features held constant

	Effect quantification
	Equation 22
	Difference between intervention and baseline predictions

	Country aggregation
	Equation 23
	Mean intervention effect across all years per country


Notes:
· Intervention scenarios apply one-standard-deviation improvements while holding other features constant at observed values (Equation 20)
· Country-specific responses aggregated via Equation 23 reveal differential intervention effectiveness ranging from -0.004 (Czechia) to -0.766 (Poland)
· Baseline predictions computed using Equation 19 from trained gradient boosting model
· All intervention effects exhibit negative direction, confirming universal vulnerability reduction without adverse trade-offs

A.4. Missing Data Distribution
Table S5 documents the distribution of missing values across all variables and countries prior to imputation, providing the empirical basis for the imputation strategy described in Section 2.3 of the main manuscript.
Table S5. Distribution of missing values by country and variable prior to imputation
	Variable
	Czechia
	Hungary
	Poland
	Slovakia
	Total Missing
	% of 40 cells
	Missingness Type

	Population (total)
	0
	0
	0
	0
	0
	0%
	None

	Population density
	1
	1
	1
	1
	4
	10%
	Edge (2024)

	Share of elderly (65+)
	0
	0
	0
	0
	0
	0%
	None

	Low income at risk of poverty
	0
	0
	0
	0
	0
	0%
	None

	Hospital beds per 100k
	1
	1
	1
	1
	4
	10%
	Edge (2024)

	Unmet medical needs
	0
	0
	0
	0
	0
	0%
	None

	Social protection expenditure
	1
	1
	2
	1
	5
	12%
	Edge (2023–2024)

	GDP per capita (PPS)
	1
	1
	1
	1
	4
	10%
	Edge (2024)

	Overcrowding rate
	0
	0
	0
	0
	0
	0%
	None

	Wastewater treatment coverage
	0
	0
	0
	0
	0
	0%
	None

	Total missing per country
	4
	4
	5
	4
	17
	4.2%
	



Notes:
· Total dataset: 400 cells (10 variables × 4 countries × 10 years). Total missing cells: 17 (4.2% of dataset).
· All missingness is edge missingness concentrated in 2023 and 2024 observations, arising from Eurostat reporting lags rather than systematic non-response.
· Social protection expenditure exhibits the highest missingness (5 cells, 12%), affecting Poland 2023–2024 and all other countries in 2024 only.
· Four variables (population density, hospital beds per 100k, social protection expenditure, GDP per capita) account for all missing data.
· Six variables were fully observed across all country-years and required no imputation: total population, share of elderly, poverty rate, unmet medical needs, overcrowding rate, and wastewater treatment coverage.
· Terminal extrapolation (Equations 3 and 4) was applied to all 17 missing cells, as no internal gaps were present.
· Multiple imputation (Equation 5) was applied to propagate uncertainty across all imputed values.
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