APPENDIX A: Supplementary Tables
Table A1 Descriptive Statistics of Key Variables by Income Group (2000–2023)
	Variable
	Full Sample (N = 552)
	Lower-Middle Income (N = 288)
	Upper-Middle Income (N = 168)
	High Income (N = 96)

	FSVI (0–1 scale)
	
	
	
	

	· Mean (SD)
	0.45 (0.18)
	0.62 (0.14)
	0.39 (0.11)
	0.25 (0.07)

	· Min-Max
	0.12–0.83
	0.34–0.83
	0.21–0.62
	0.12–0.41

	Agricultural GDP Share (%)
	
	
	
	

	· Mean (SD)
	12.3 (8.7)
	18.5 (6.2)
	9.1 (4.3)
	2.1 (1.1)

	· Min-Max
	0.8–32.4
	8.9–32.4
	3.2–18.7
	0.8–4.5

	Public Agriculture Expenditure (% of AgGDP)
	
	
	
	

	· Mean (SD)
	4.2 (3.1)
	2.8 (1.9)
	5.1 (2.4)
	6.8 (2.1)

	· Min-Max
	0.5–12.3
	0.5–8.2
	1.8–9.5
	3.2–12.3

	Food Import Dependency Ratio (%)
	
	
	
	

	· Mean (SD)
	28.4 (19.7)
	42.3 (16.8)
	22.1 (10.3)
	15.7 (8.4)

	· Min-Max
	5.2–78.9
	18.7–78.9
	8.4–45.6
	5.2–34.2

	Drought Intensity (SPEI-12)
	
	
	
	

	· Mean (SD)
	-0.31 (0.89)
	-0.52 (0.94)
	-0.21 (0.76)
	-0.08 (0.62)

	· Min-Max
	-3.2-1.8
	-3.2-1.3
	-2.1-1.8
	-1.4-1.6

	Gender Parity Index (0–1)
	
	
	
	

	· Mean (SD)
	0.68 (0.22)
	0.58 (0.19)
	0.74 (0.17)
	0.86 (0.09)

	· Min-Max
	0.21–0.95
	0.21–0.82
	0.42–0.91
	0.65–0.95

	Rural Road Access (%)
	
	
	
	

	· Mean (SD)
	72.4 (24.6)
	58.3 (21.8)
	84.2 (15.3)
	95.7 (3.1)

	· Min-Max
	18.9–99.1
	18.9–89.4
	52.7–96.8
	87.2–99.1


*Note: SD = Standard Deviation. FSVI scaled 0–1 where higher values indicate greater vulnerability.*
Table A2 FSVI Validation: Factor Loadings and Variance Explained
	Indicator
	Factor Loading
	Variance Contribution

	Prevalence of Undernourishment
	0.607
	36.9%

	Cereal Yield Variability
	0.519
	27.0%

	Prevalence of Moderate/Severe Food Insecurity
	0.601
	36.2%


Note: First principal component explains 68.4% of total variance.
Table A3 Sensitivity Analysis: Alternative FSVI Specifications
	Specification
	Correlation with Main FSVI
	Key Finding (Drought × Import)

	Main FSVI (with FIDR)
	1.00
	Amplification: 40%

	FSVI excluding FIDR
	0.89
	Amplification: 35–38%

	PCA-based FSVI
	0.87
	Amplification: 36%



Table A4 Machine Learning Model Performance Metrics (Full)
	Model
	RMSE
	R²
	MAE
	Precision
	Recall
	F1-Score

	XGBoost
	0.148
	0.872
	0.112
	0.81
	0.78
	0.795

	Random Forest
	0.157
	0.856
	0.119
	0.79
	0.75
	0.769

	Stacked Ensemble
	0.142
	0.893
	0.105
	0.86
	0.82
	0.839

	Baseline (ARIMA)
	0.183
	0.761
	0.138
	0.68
	0.65
	0.664



Table A5 Dynamic Common Correlated Effects (DCCE) Estimation Results
	Variable
	Full Sample
	Lower-Middle Income
	Upper-Middle Income
	High Income

	Lagged FSVI
	0.312*** (0.045)
	0.348*** (0.062)
	0.285*** (0.058)
	0.241** (0.071)

	Public Ag Expenditure
	-0.043*** (0.011)
	-0.058*** (0.015)
	-0.039** (0.013)
	-0.015 (0.010)

	Drought Intensity
	0.061** (0.020)
	0.089*** (0.025)
	0.047* 
(0.021)
	0.022 (0.018)

	Import Dependency
	0.029** (0.009)
	0.041** (0.014)
	0.025* 
(0.011)
	0.037** (0.012)

	AgExp × Drought
	-0.017* (0.007)
	-0.012 
(0.009)
	-0.021* (0.008)
	-0.008 (0.006)

	Gender Parity
	-0.082*** (0.019)
	-0.096*** (0.025)
	-0.071** (0.022)
	-0.042 (0.024)

	Rural Road Access
	-0.036*** (0.008)
	-0.045*** (0.011)
	-0.031** (0.010)
	-0.018 (0.012)


*Notes: *** p < 0.01, ** p < 0.05, * p < 0.1. Standard errors in parentheses.*
APPENDIX B: Analytical Steps and Software Implementation
Step 1. Data Compilation and Pre-processing
Purpose: Construct a balanced country–year panel and ensure temporal consistency.
Software: Python (primary), libraries: pandas, numpy
Main tasks: Data from FAOSTAT, World Bank WDI, NOAA, EM-DAT, OECD, and UN Comtrade were harmonized using ISO3 country codes. All variables were standardized, deflated where necessary, and lagged to preserve temporal ordering and reduce simultaneity bias.
Step 2. Construction of the Food Security Vulnerability Index (FSVI)
Purpose: Measure dynamic, latent food security vulnerability.
Software: R, Python
Main tasks: A Bayesian dynamic factor model was estimated to extract a time-varying latent vulnerability index from multiple food security indicators. To address conceptual overlap concerns, a sensitivity analysis was conducted using principal component analysis (PCA) with three indicators (prevalence of undernourishment, cereal yield variability, and prevalence of moderate or severe food insecurity). The correlation between the Bayesian and PCA-based indices was 0.87 (p < 0.001), confirming robustness.
Step 3. Machine Learning–Based Prediction and Driver Identification
Purpose: Capture non-linear relationships and identify dominant vulnerability drivers.
Software: Python
Main tasks: An ensemble of Random Forest and XGBoost models was trained to predict future FSVI using lagged explanatory variables. Rolling-origin cross-validation was employed to mimic real-time forecasting. Leave-one-country-out validation was additionally conducted to assess cross-country generalizability. Model interpretability was ensured using SHAP values to rank the relative importance of predictors.
Step 4. Dynamic Panel Econometric Analysis
Purpose: Estimate policy-relevant associations of key variables.
Software: R
Main tasks: Key drivers identified by machine learning informed the specification of a dynamic panel model estimated using a Common Correlated Effects (CCE) estimator. This framework accounts for vulnerability persistence, cross-sectional dependence, and policy endogeneity through lag structure and interaction terms with climate shocks.
Step 5. Counterfactual Policy Simulation
Purpose: Assess future vulnerability trajectories under alternative policy scenarios.
Software: R
Main tasks: Estimated coefficients were used to conduct Monte Carlo simulations for the period 2024–2030 under business-as-usual and resilience-oriented policy scenarios. Sensitivity analysis with non-stationary climate scenarios was conducted to assess robustness. Simulation outputs were expressed as probability distributions of food security vulnerability.
Step 6. Visualization and Figure Construction
Purpose: Communicate analytical logic and results clearly.
Software: R, Python
Main tasks: The analytical framework and result figures were produced in vector format to ensure publication-quality graphics.
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