Table S1. Summary of the qualitative performance evaluation for data-driven, numerical, and coupled models in the context of CF risk assessment
	Criteria
	Data-driven Model
	Numerical Model
	Coupled Model 

	Historical Data Usage
	Effective in utilizing historical data to identify statistical relationships and probabilistic trends, yet highly dependent on data quality and stationarity assumptions [75, 78, 96–100].

Score: 5
	Requires historical data mainly for calibration and validation [143–149]; extensive, high-quality datasets needed, affecting flexibility and applicability in poorly gauged areas [10, 103, 122, 128–140].

Score: 3
	Combines statistical efficiency with physically-based calibration, effectively leveraging historical records while mitigating stationarity issues inherent in purely statistical approaches [16, 17, 21, 22].
Score: 4

	Complexity Handling
	Limited capability in capturing nonlinear physical interactions among diverse flood drivers due to simplified statistical relationships 
[5, 16, 17, 21].


Score: 2
	Highly effective in simulating complex nonlinear hydrodynamic interactions and multi-source flood processes [9, 10, 25, 55, 103, 122, 128–140].
 

Score: 5
	Integrates strengths of physical models in handling complexity with data-driven flexibility, offering comprehensive representation of nonlinear flood interactions [16, 17, 21, 22].
Score: 4

	Computational Efficiency
	Highly efficient computationally, ideal for rapid simulations, probabilistic analyses, and scenario testing, especially beneficial in data-limited settings [75, 78, 96–100, 111].



Score: 5
	Computationally intensive, requiring extensive resources, high-performance computing facilities, and prolonged simulation time, limiting real-time feasibility  [9, 10, 25, 55, 92, 102, 103, 122, 128–140].
Score: 2
	Moderately efficient due to strategic integration, e.g., using ML as surrogate or emulator models to reduce computational demands inherent in numerical simulations  [21, 22, 75, 103, 138].


Score: 3

	Future Scenario Modeling
	Limited ability to project future climate-driven scenarios accurately, due to inherent reliance on historical data and simplified statistical assumptions [5, 16, 17, 21, 75].


Score: 3
	Highly capable for scenario-based assessments and climate change projections due to physically-based modeling frameworks, yet demands significant computational resources [9, 10, 25, 55, 103, 122, 128–140].
Score: 5
	Highly suitable for robust future scenario analysis by combining the predictive power of numerical models with AI-based scenario analysis techniques [16, 17, 21, 22, 103, 138, 154].


Score: 5

	Dynamic Realism
	Weak at capturing dynamic processes due to lack of explicit physics-based dynamics, primarily relying on statistical correlations
[16, 17, 75, 78, 96–100].
Score: 3
	Excellent at realistically simulating dynamic physical flood processes including riverine, coastal, and estuarine hydraulics [9, 10, 25, 55, 103, 122, 128–140, 184].

Score: 5
	Achieves a high level of dynamic realism by integrating physically-based simulations with data-driven models to enhance dynamic prediction accuracy [21, 22, 75, 103, 138]. 

Score: 4

	Data Requirements
	Moderately dependent on quality historical data, sensitive to data gaps and inconsistencies; limited performance when data is scarce or incomplete, despite capable to generate data [5, 16, 17, 75].
Score: 4
	Requires extensive and detailed input datasets for precise calibration and validation, significantly influencing model reliability  [9, 10, 25, 55, 92, 102, 103, 122, 128–140].

Score: 2
	Also requires extensive datasets due to the reliance on numerical model calibration; however, AI integration can partly mitigate these requirements by efficiently handling uncertainties and gaps in data [16, 17, 21, 22]. 
Score: 3

	Ease of Implementation
	Relatively simple and practical to implement, highly accessible even for preliminary assessments and quick scenario testing [75, 78, 96–100].




Score: 5
	Implementation often complex, requiring specialized expertise in numerical modeling, high computational setup, calibration efforts, and resources [9, 10, 25, 55, 92, 102, 103, 122, 128–140].



Score: 2
	Moderately complex; while requiring numerical modeling expertise, data-driven integration simplifies certain aspects, making implementation more practical and flexible compared to purely numerical approaches [21, 22, 75, 103, 138].
Score: 4

	8. Real-Time Forecasting
	Suitable for operational forecasting due to computational efficiency, though limitations exist regarding accuracy and reliability for dynamically evolving flood events [75, 78, 96–100, 111]. 
Score: 4
	Limited suitability for real-time forecasting due to computational intensity, though feasible with high-performance computing resources  [9, 10, 25, 55, 92, 102, 103, 122, 128–140].

Score: 3
	Highly suitable, combining real-time computational efficiency of data-driven models with numerical model accuracy, enabling robust operational flood forecasting  [16, 17, 21, 22, 75, 103, 138, 154].
Score: 5

	9. Uncertainty Management
	Good ability in quantifying uncertainties statistically. The physic-informed or physic-guided data driven also capable to deal with this issues [5, 16, 17, 75, 78, 96–100].


Score: 4
	Capable of uncertainty quantification but challenged by parameter uncertainty and high sensitivity to model inputs and setup[9, 10, 25, 55, 92, 102, 103, 122, 128–140].


Score: 3
	Effective at managing uncertainties by leveraging strengths of numerical simulations with data-driven uncertainty analysis, offering comprehensive uncertainty management [16, 17, 21, 22, 75, 103, 138, 154].  
Score: 4
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