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BACKGROUND AND OBJECTIVES: The escalating frequency and severity of climate-induced hydro-
meteorological hazards, particularly flooding, present unprecedented systemic challenges to the global 
insurance and reinsurance industries. Conventional actuarial methodologies, which rely on the fundamental 
assumption of stationarity, fail to capture the highly non-linear, dynamic, and spatially interconnected 
dependencies characteristic of contemporary flood risks. Consequently, these limitations lead to systemic 
premium mispricing and a widening insurance protection gap, particularly within developing economies. 
To mitigate these challenges, the insurance sector has increasingly adopted deep learning (DL) paradigms, 
such as Convolutional Neural Networks (CNNs). Although these models offer superior predictive capacity, 
two critical limitations impede their operational deployment: first, their high data dependency requires 
extensive historical datasets that are unavailable in data-scarce markets, such as Iran, where historical loss 
records are typically fragmented, non-digitized, or brief; second, their black-box architecture violates stringent 
regulatory transparency mandates—such as those enforced by the Central Insurance of I.R. Iran (Insurance 
Supervisory and Regulatory Body - Bimeh Markazi)—which require fully explainable and auditable risk-premium 
calculations. This study addresses these dual limitations by developing and validating the Physics-Informed 
and Causally-Aware (PICA) framework, a novel conceptual and computational paradigm for flood-risk pricing. 
Specifically, the objectives are to: (1) formulate the PICA framework by synthesizing advanced artificial 
intelligence architectures, including Graph Neural Networks (GNNs) and Physics-Informed Neural Networks 
(PINNs); (2) mitigate data scarcity constraints by embedding fundamental hydrodynamic laws, specifically the 
shallow water equations, directly into the model loss function; (3) ensure regulatory compliance by integrating 
causal inference constraints that prioritize physical risk drivers over spurious correlations; and (4) empirically 
validate the performance of PICA against conventional benchmarks under simulated data-scarce conditions 
representative of the Iranian insurance market.
METHODS: To achieve these objectives, a multi-phase research design was executed. Phase 1 comprised a 
systematic literature review following the PRISMA 2020 guidelines across the Scopus, Web of Science, and 
IEEE Xplore databases (covering the period 2020–2025), synthesizing 52 peer-reviewed articles to identify 
research gaps in hybrid artificial intelligence (AI) modeling and guide the structural architecture of PICA. Phase 
2 focused on the quantitative validation of the framework using a high-fidelity synthetic dataset. Due to the 
absence of consistent historical empirical records, a baseline ground-truth environment was generated utilizing 
the industry-standard HEC-RAS 2D hydrodynamic simulation engine. This hydrographic simulation modeled 50 
distinct flood events over a heterogeneous 100 km² synthetic urban watershed containing 10,000 exposure 
assets, yielding high-resolution spatial data for inundation depth, flow velocity, and asset-level financial loss. 
The PICA framework was formulated as a hybrid GNN, wherein the watershed topology was modeled as a 
directed graph to capture flow routing and spatial dependencies between adjacent hydrological units. The 
model was trained utilizing a composite loss function that penalized empirical prediction error, violations 
of physical conservation laws (conservation of mass and momentum), and violations of specified causal 
structures. The proposed framework was benchmarked against two baseline models: a spatial 2D-CNN and a 
Random Forest (RF) regressor. All models were evaluated under two operational scenarios: a data-abundant 
scenario (utilizing 100% of the generated dataset) and a simulated data-scarce scenario (restricted to 20% of 
the dataset) to represent data constraints typical of the Iranian market. Predictive accuracy was measured using 
Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE), and the statistical significance of predictive 
differences was assessed via the Diebold-Mariano (DM) test. Furthermore, SHapley Additive exPlanations 
(SHAP) analysis was employed to evaluate model explainability, while hyperparameter sensitivity analysis was 
conducted to confirm model stability.
FINDINGS: The systematic review in Phase 1 confirmed a critical gap in literature, indicating that no existing 
actuarial pricing framework integrates GNNs, PINNs, and causal machine learning (ML). Quantitative results in 
Phase 2 demonstrated that physics-informed regularization significantly enhances predictive accuracy. Under 
the data-abundant scenario, PICA (RMSE = 0.119) achieved a modest improvement over the 2D-CNN (RMSE = 
0.137) and the RF regressor (RMSE = 0.141), indicating that purely data-driven DL models remain competitive 
when data are abundant. Conversely, in the simulated data-scarce scenario, the baseline models exhibited 
severe overfitting and performance degradation; the 2D-CNN error increased by over 250% (RMSE=0.482), and 
the RF error rose to 0.530. In contrast, PICA leveraged its physics-informed constraints to maintain generalization 
performance, yielding an RMSE of 0.165. This performance represents a 65.8% reduction in prediction error 
relative to the 2D-CNN under identical data-scarce conditions. The Diebold-Mariano test confirmed that 
this performance divergence was statistically significant (p < 0.001). Furthermore, SHAP attribution analysis 
revealed that PICA consistently prioritized physical risk drivers, such as maximum inundation depth, whereas 
the 2D-CNN relied heavily on spurious spatial coordinates (X,Y), indicating that the baseline DL model captured 
statistical artifacts rather than underlying physical causal mechanisms. Finally, parameter sensitivity analysis 
demonstrated model stability across a broad spectrum of physical loss weights (0.1 ≤λphys≤ 1), indicating that 
physics-informed regularization did not induce underfitting.
CONCLUSION: This research validates the PICA framework as a robust and mathematically sound solution for 
flood risk pricing in data-scarce insurance markets. The empirical findings demonstrate that embedding physical 
conservation laws within deep learning architectures serves as an effective mathematical regularizer, acting 
as a prior that compensates for missing historical loss data to ensure accurate model generalization. These 
findings have critical operational implications for the Iranian insurance sector. PICA provides Bimeh Markazi and 
commercial insurers with a viable pathway to circumvent the data limitations present in high-risk basins, such 
as the Karun and Karkheh river basins. The framework facilitates the rapid development of high-resolution, 
regulator-compliant premium pricing models without requiring decades of historical loss-data collection. 
Furthermore, the proposed architecture supports the design of parametric insurance products, which are 
triggered by physics-validated hazard metrics rather than traditional, manual loss adjustment processes. Future 
research should address the simulation-to-reality (sim-to-real) transfer gap by developing transfer learning 
strategies to fine-tune this physics-based framework on empirical claims data, thereby operationalizing the 
model for national-scale risk underwriting.
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INTRODUCTION
The increasing frequency and severity of hydro-

meteorological hazards, particularly floods, constitute 
a significant systemic risk to global economic stability. 
As the primary mechanism for financial risk transfer, 
the insurance industry is experiencing unprecedented 
pressure from non-stationary, climate-driven perils 
(Banerjee et al., 2024; Munich RE, 2024). Conventional 
actuarial methodologies exhibit substantial limitations 
in this emerging risk environment (Munich RE, 2024). 
The inadequacy of legacy models has contributed to 
a widening insurance protection gap, particularly in 
developing economies, thereby necessitating a paradigm 
shift toward more dynamic and forward-looking risk 
assessment frameworks (Intergovernmental Panel on 
Climate Change, 2023).

Despite significant parallel advances in artificial 
intelligence (AI) and hydrodynamic modeling, a 
critical research gap persists. To date, state-of-the-art 
components—physics-informed neural networks (PINNs) 
for data efficiency, graph neural networks (GNNs) for 
topological modeling, and causal machine learning 
(causal ML) for transparency—have been investigated 
almost exclusively in isolation. The integration of these 
disparate domains into a single, cohesive framework 
designed specifically to address the dual challenges 
of data scarcity and explainability in actuarial science 
remains an important unresolved gap in the literature. 
Although recent studies have attempted partial 
integrations, such as embedding physical constraints 
into standard convolutional neural networks (CNNs) 
(Wang et al., 2024) or using causal graphs for isolated 
damage estimation (Museru et al., 2025), these efforts 
remain fragmented. Existing models typically trade 
topological accuracy against physical consistency and 
therefore fail to provide the unified, regulator-compliant 
framework required by the insurance industry for pricing 
parametric products in high-risk, data-scarce regions. 
This fragmentation leaves insurers in data-scarce 
markets without a viable pathway for adopting advanced 
AI, forcing them to choose between unreliable legacy 
models and operationally unsuitable black-box systems.

This study addresses this gap by designing and 
validating a novel conceptual framework. The primary 
objectives are: (1) to propose the Physics-Informed and 
Causally-Aware (PICA) framework, a hybrid deep learning 
architecture that synergistically integrates GNNs, PINNs, 
and causal ML; (2) to formalize this framework through 
a composite, multi-objective loss function that balances 
observational data fidelity, physical-law compliance, and 
causal constraints; and (3) to empirically validate the 
performance of the PICA framework against standard 
deep learning (DL) benchmarks, with specific emphasis 

on its robustness under simulated data-scarce conditions. 
Accordingly, this study addresses the following research 
question:

How can a hybrid conceptual framework that 
synthesizes PINNs, GNNs, and causal ML be designed to 
create an accurate, transparent, and data-efficient model 
for flood risk pricing in data-scarce insurance markets?

THEORETICAL FOUNDATIONS AND LITERATURE REVIEW
Theoretical Background

Graph Neural Networks (GNNs): Unlike CNNs, which 
operate on Euclidean grid-based data such as images, 
GNNs are designed to process data represented in 
non-Euclidean graph domains. In flood modeling, a 
watershed can naturally be represented as a graph 

( ), G V E= , where nodes V  denote hydrological units 
or assets and edges E  denote flow pathways. GNNs 
update node representations by aggregating features 
from neighboring nodes, thereby modeling the spatial 
propagation of water through the network topology 
(Garzón et al., 2024; Herath et al., 2025).

Physics-Informed Neural Networks (PINNs): PINNs 
represent a paradigm shift in scientific machine learning. 
Rather than relying solely on labeled data, PINNs 
incorporate governing physical laws, such as partial 
differential equations, into the neural network loss 
function. This enables the model to learn solutions that 
are not only data-driven but also physically consistent, 
substantially reducing the need for large training datasets 
(Raissi et al., 2019).

Literature Review
In response to the growing complexity of climate-

related flood risk, an initial wave of research has 
successfully applied standard data-driven DL models, 
such as CNNs, to flood susceptibility mapping and risk 
forecasting (Islam et al., 2025; Joubier et al., 2024; Wang 
et al., 2024). These models are effective in capturing 
complex, non-linear patterns from large geospatial 
datasets (Bentivoglio et al., 2022). However, this data-
driven paradigm presents two fundamental barriers 
to operational deployment in actuarial science. The 
first barrier is data scarcity. DL models are highly data-
dependent and require dense, high-resolution historical 
loss data, which are unavailable in many data-scarce 
markets, including Iran (Museru et al., 2025). Models 
trained on sparse data exhibit poor generalization and 
high predictive uncertainty (Kirschstein & Sun, 2024). 
Nevertheless, recent studies indicate that advanced AI 
architectures can achieve high predictive accuracy even 
in ungauged watersheds (Nearing et al., 2024). The 
second barrier is the black-box problem. The inherent 
opacity of many DL models is incompatible with the 
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stringent regulatory and fiduciary requirements of the 
insurance sector (Munich RE, 2024). A model whose 
predictions cannot be explained or causally justified is 
unsuitable for regulated premium calculation (Museru et 
al., 2025). To address these limitations, a second, more 
sophisticated wave of AI research has emerged, although 
its components remain fragmented. PINNs have been 
introduced in hydrology to mitigate data scarcity by 
embedding the governing differential equations of fluid 
dynamics, such as the shallow water equations, as soft 
constraints within the model loss function (Qi et al., 
2024; Dazzi, 2024). This approach forces the model to 
adhere to physical laws, enabling robust prediction even 
under sparse data conditions. Simultaneously, GNNs 
have demonstrated superior performance in modeling 
phenomena with complex network topologies, such as 
river basins and urban infrastructure networks, which 
are poorly represented by standard grid-based CNNs 
(Bentivoglio et al., 2025; Kazadi et al., 2024; Kirschstein 
& Sun, 2024). Finally, developments in causal ML offer a 
robust solution to the black-box problem by shifting the 
modeling focus from correlation to causation, thereby 
producing more interpretable and robust models (Museru 
et al., 2025; Pearl, 2023). Similarly, the integration of 
physical constraints with interpretability mechanisms has 
been shown to enhance the transparency of operational 
flood forecasting models (Zhang et al., 2025). 

RESEARCH METHODOLOGY
This study employed a rigorous, multi-phase research 

design to support the development and empirical 
validation of the proposed conceptual framework. The 
research was divided into two sequential phases. The 
first phase comprised a systematic review and thematic 
synthesis, which analyzed the extant literature and 
identified the required architectural components of the 
framework. The second phase comprised a quantitative 
simulation and validation process, involving construction 
of the proposed framework, rigorous testing against 
established benchmarks, and empirical validation of its 
core hypotheses, particularly regarding performance 
under data-scarce conditions. The initial phase was 
dedicated to the formal development of the PICA 
framework and was grounded in a systematic review 
conducted in accordance with the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses 
(PRISMA) 2020 protocol. This review was not designed 
as a meta-analysis of outcomes but as a qualitative 
architectural synthesis of methodologies. The inquiry 
was guided by specific research questions intended to 
deconstruct the state of the art across three distinct 
but complementary AI domains: the latest architectures 
for PINNs in solving hydrodynamic equations, the 

application of GNNs to model the topological properties 
of flood risk, and methodologies for integrating causal 
ML to ensure model transparency. To address these 
questions, a comprehensive search strategy was 
implemented across the Scopus, Web of Science, and 
IEEE Xplore databases. The search string consisted of 
a complex Boolean query targeting publications from 
January 2020 to October 2025 that intersected these 
domains. The resulting corpus was screened according 
to strict inclusion and exclusion criteria. Studies were 
included only if they were full-text papers presenting a 
novel mathematical formulation or model architecture in 
an applied risk domain. Studies that were purely review-
based or lacked sufficient technical detail for replication 
were excluded. A final selection of 52 peer-reviewed 
articles underwent thematic synthesis, through which 
the core design specifications, model components, and 
mathematical formulations were extracted to inform the 
novel design of the PICA framework. The findings from 
this synthesis directly informed the second phase of the 
research, which comprised a comprehensive quantitative 
validation. A key methodological decision was the use 
of a high-fidelity synthetic dataset generated using the 
industry-standard HEC-RAS 2D hydrodynamic model. 
Although exclusive reliance on synthetic data limits 
immediate transferability to noisy real-world scenarios, 
this approach was selected to establish a noise-free 
ground-truth environment essential for validating the 
internal consistency of the physics-informed component. 
Using sparse observational data at this conceptual stage 
would introduce measurement uncertainties that could 
confound the assessment of whether the model was 
genuinely learning physical laws. Therefore, the synthetic 
environment served as a laboratory for demonstrating 
the theoretical viability of the framework before future 
domain adaptation steps are undertaken to fine-tune 
the model on real-world Iranian flood catalogues. A 
virtual 100-square-kilometer watershed was designed, 
incorporating a high-resolution Digital Elevation Model 
(DEM), spatially varying land-use coefficients based on 
Manning’s n , and a network of 10,000 unique property 
locations, or assets. Each asset was assigned a randomized 
vulnerability index to represent heterogeneous building 
quality. A stochastic event set of 50 distinct flood events 
was then simulated by varying precipitation intensity and 
duration. For each event, HEC-RAS computed the primary 
ground-truth hazard variables, namely maximum water 
depth and maximum flow velocity, at all 10,000 asset 
locations. A true financial loss was then calculated using 
a standard depth-damage function, thereby creating a 
complete, high-resolution dataset of hazard and loss. The 
proposed PICA framework was constructed as a hybrid 
DL model using the PyTorch and PyTorch Geometric 
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libraries. The core architecture was implemented as a 
GNN. The 10,000 assets were conceptualized as nodes 
in a graph, and edges were constructed based on both 
spatial adjacency, using K -nearest neighbors, and 
hydrological connectivity, using downstream flow 
paths. This design enabled the model to explicitly learn 
the network topology of flood propagation. Although 
the framework was developed within a controlled 
synthetic environment to isolate physical consistency, 
the topological architecture was explicitly designed to 
remain robust when transferred to fragmented real-
world observational datasets. The central innovation of 
the framework is encapsulated in its composite, multi-
objective loss function, formally defined as the weighted 
sum of three components:

* *total data phys phys causal causalL L L Lλ λ= + + .

The data-fidelity term, dataL , employed a LogCosh 
loss function, a smooth variant of Mean Absolute Error 
(MAE) selected for its robustness to the heavy-tailed 
and outlier-prone nature of financial loss data. The 
physics-informed term, physL , served as the primary 
mechanism for overcoming data scarcity. This term was 
calculated as the mean squared residual of the governing 
hydrodynamic laws, specifically the Shallow Water 
Equations in their continuity form, evaluated at 5,000 
randomly sampled collocation points, or unobserved 
locations, within the graph. This term penalized the 
model for physically implausible predictions, forcing it to 
learn a physically plausible interpolation function even 
where no training data existed. The causal-awareness 
term, causalL , was designed to address the black-box 
problem by penalizing the model for learning spurious 
correlations that violate a predefined causal graph, or 
Directed Acyclic Graph (DAG), of flood risk. For example, 
the term prevents the model from erroneously learning 
that increased vegetation is associated with increased 
loss. The causal graph was derived from established 
hydrological domain knowledge, including depth-damage 
functions, to avoid the potential biases and instability 
often associated with purely data-driven causal discovery 
algorithms in small-sample regimes. To evaluate the 
efficacy of this framework, two established benchmark 
models were constructed for comparison: a standard 
2D-CNN, representing the current state of the art in 
data-driven geospatial modeling, and a Random Forest 
(RF) model, representing a robust traditional machine 
learning baseline. The core experimental procedure 
involved training all three models—PICA, CNN, and 
RF—under two controlled scenarios: a data-abundant 
scenario, in which models were trained using 100% 
of the labeled loss data, and a data-scarce scenario, in 
which models were trained using only 20% of the labeled 

loss data. Model performance was evaluated on a held-
out test set of simulated flood events using Root Mean 
Squared Error (RMSE) and MAE. To determine whether 
observed differences in predictive accuracy were 
statistically significant, the Diebold-Mariano (DM) test 
was employed. Finally, to validate the explainability and 
causal awareness of the framework, SHapley Additive 
exPlanations (SHAP) analysis was applied to the trained 
PICA and CNN models, enabling direct comparison of 
feature attributions and model transparency.

Framework Formalization: The PICA Architecture
The systematic review and architectural synthesis 

described in the first phase of the methodology 
culminated in the design of the PICA framework. This 
framework is a novel conceptual architecture designed 
to synergistically integrate three state-of-the-art AI 
paradigms and address the dual challenges of data 
scarcity and model opacity in actuarial flood risk pricing. 
The framework is formalized here by detailing its 
graph-based topological structure, its physics-informed 
component, and its causal-awareness mechanism, all of 
which are unified through a composite, multi-objective 
loss function.

The foundational structure of the framework is 
a GNN, selected to explicitly model the anisotropic 
and network-based nature of hydrodynamic flow, a 
phenomenon that is poorly represented by standard 
grid-based, or raster, CNNs. The domain is modeled as a 
graph ( ), G V E= , where V  is the set of N  nodes such as 
property locations, and E  is the set of edges representing 
spatial adjacency and hydrological connectivity. The 
model learns a function : in outN F N Ff × ×→  , where inF  
denotes the dimensionality of node input features, such 
as elevation, land use, and vulnerability. This is achieved 
through a message-passing scheme, in which the node 
representation ( )l

ih  for node i  at layer l  is updated by 
aggregating information from its neighborhood ( )i

. Following a standard Graph Convolutional Network 
(GCN) formulation, the layer-wise propagation rule is 
defined in matrix form as:

( ) ( ) ( )
1 1

1 2 2l l lH D AD H Wσ
− −+  

=  
 

 

Here, ( ) * ll N FH ∈  is the matrix of node features at 
layer l , ( ) 1*l ll F FW +∈  is the trainable weight matrix for 
the layer, and ( ).σ  is a non-linear activation function. 

NA A I= +  is the adjacency matrix of the graph G  with 
self-loops, and D  is the diagonal degree matrix of A . This 
architecture enables the model to learn spatially aware 
representations that respect the underlying topology of 
the watershed.

The primary mechanism for addressing data scarcity 
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is the PINN component. This component embeds the 
governing physical laws of fluid dynamics, the 2D Shallow 
Water Equations (SWEs), directly into the model learning 
process. The SWEs constitute a system of non-linear 
Partial Differential Equations (PDEs) representing the 
conservation of mass and momentum. In vector form, 
they are expressed as:

( ) ( ) ( )F U G UU S U
t x y

∂ ∂∂
+ + =

∂ ∂ ∂

where [ ], , TU h hu hv=  is the state vector of conserved 
variables comprising water height h , x-momentum hu
, and y-momentum hv . The flux vectors in the x  and 
y  directions are 2 21F , , 

2

T

hu hu gh huv = +  
 and 2 21G , , , 

2

T

hv huv hv gh = +  
, 

where g  denotes gravitational acceleration. The source 
term ( ) ( )0 0S 0, ,

T

x fx y fygh S S gh S S = − −   accounts for bed slope 

0S  and frictional slope 
fS . The network, parameterized 

by 

𝐻𝐻(𝑙𝑙+1) = 𝜎𝜎 (𝐷̃𝐷−1
2𝐴̃𝐴𝐷̃𝐷−1

2𝐻𝐻(𝑙𝑙)𝑊𝑊(𝑙𝑙))
𝐻𝐻(𝑙𝑙) ∈ ℝ𝑁𝑁∗𝐹𝐹𝑙𝑙 𝑙𝑙 𝑊𝑊(𝑙𝑙) ∈ ℝ𝐹𝐹𝑙𝑙∗𝐹𝐹𝑙𝑙+1

𝜎𝜎(. ) 𝐴̃𝐴 = 𝐴𝐴 + 𝐼𝐼𝑁𝑁 𝐺𝐺
𝐷̃𝐷 𝐴̃𝐴

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)

𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)
𝜕𝜕𝜕𝜕 = 𝑆𝑆(𝑈𝑈)

𝑈𝑈 = [ℎ, ℎ𝑢𝑢, ℎ𝑣𝑣]𝑇𝑇 ℎ
ℎ𝑢𝑢 ℎ𝑣𝑣 𝑥𝑥 𝑦𝑦 F = [ℎ𝑢𝑢, ℎ𝑢𝑢2 + 1

2 𝑔𝑔ℎ2, ℎ𝑢𝑢𝑢𝑢]
𝑇𝑇

G = [ℎ𝑣𝑣, ℎ𝑢𝑢𝑢𝑢, ℎ𝑣𝑣2 + 1
2 𝑔𝑔ℎ2, ]

𝑇𝑇
𝑔𝑔 S =

[0, 𝑔𝑔ℎ(𝑆𝑆0𝑥𝑥 − 𝑆𝑆𝑓𝑓𝑓𝑓), 𝑔𝑔ℎ(𝑆𝑆0𝑦𝑦 − 𝑆𝑆𝑓𝑓𝑓𝑓)]𝑇𝑇 𝑆𝑆0 𝑆𝑆𝑓𝑓
Θ 𝑈𝑈(x, 𝑡𝑡;  Θ) ℛ(x, 𝑡𝑡;  Θ)

ℛ ≔  𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + ∇. [F, G] − S

𝑁𝑁𝑐𝑐 𝒞𝒞 =
{(x𝑐𝑐

𝑗𝑗, t𝑐𝑐
𝑗𝑗)}𝑗𝑗=1

𝑁𝑁𝑐𝑐

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 = 1
𝑁𝑁𝑐𝑐

∑ ||ℛ(x𝑐𝑐
𝑗𝑗 , t𝑐𝑐

𝑗𝑗 ; Θ)||2
2

𝑁𝑁𝑐𝑐

𝑗𝑗=1

𝑊𝑊 ∈ ℝ𝑑𝑑×𝑑𝑑

𝑑𝑑
𝑊𝑊

𝑊𝑊 ℎ(𝑊𝑊) = 0

ℎ(𝑊𝑊) = 𝑡𝑡𝑡𝑡(𝑒𝑒𝑊𝑊∘𝑊𝑊) − 𝑑𝑑
𝑡𝑡𝑡𝑡(. ) 𝑒𝑒(.) ∘

ℎ(𝑊𝑊)
𝐿𝐿𝑡𝑡𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

Θ 𝑊𝑊 𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(Θ, 𝑊𝑊) = 𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(Θ) + 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦(Θ) + 𝜆𝜆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(W) + 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠|𝑊𝑊|1

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜
𝒪𝒪

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1
𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜

∑ log(cosh(𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖))𝑖𝑖∈𝒪𝒪 𝑦̂𝑦𝑖𝑖 = 𝑓𝑓Θ(x𝑖𝑖, t𝑖𝑖)
𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐿𝐿1 |𝑊𝑊|1

𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦, 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

, is trained to approximate the solution 

𝐻𝐻(𝑙𝑙+1) = 𝜎𝜎 (𝐷̃𝐷−1
2𝐴̃𝐴𝐷̃𝐷−1

2𝐻𝐻(𝑙𝑙)𝑊𝑊(𝑙𝑙))
𝐻𝐻(𝑙𝑙) ∈ ℝ𝑁𝑁∗𝐹𝐹𝑙𝑙 𝑙𝑙 𝑊𝑊(𝑙𝑙) ∈ ℝ𝐹𝐹𝑙𝑙∗𝐹𝐹𝑙𝑙+1

𝜎𝜎(. ) 𝐴̃𝐴 = 𝐴𝐴 + 𝐼𝐼𝑁𝑁 𝐺𝐺
𝐷̃𝐷 𝐴̃𝐴

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)

𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)
𝜕𝜕𝜕𝜕 = 𝑆𝑆(𝑈𝑈)

𝑈𝑈 = [ℎ, ℎ𝑢𝑢, ℎ𝑣𝑣]𝑇𝑇 ℎ
ℎ𝑢𝑢 ℎ𝑣𝑣 𝑥𝑥 𝑦𝑦 F = [ℎ𝑢𝑢, ℎ𝑢𝑢2 + 1

2 𝑔𝑔ℎ2, ℎ𝑢𝑢𝑢𝑢]
𝑇𝑇

G = [ℎ𝑣𝑣, ℎ𝑢𝑢𝑢𝑢, ℎ𝑣𝑣2 + 1
2 𝑔𝑔ℎ2, ]

𝑇𝑇
𝑔𝑔 S =

[0, 𝑔𝑔ℎ(𝑆𝑆0𝑥𝑥 − 𝑆𝑆𝑓𝑓𝑓𝑓), 𝑔𝑔ℎ(𝑆𝑆0𝑦𝑦 − 𝑆𝑆𝑓𝑓𝑓𝑓)]𝑇𝑇 𝑆𝑆0 𝑆𝑆𝑓𝑓
Θ 𝑈𝑈(x, 𝑡𝑡;  Θ) ℛ(x, 𝑡𝑡;  Θ)

ℛ ≔  𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + ∇. [F, G] − S

𝑁𝑁𝑐𝑐 𝒞𝒞 =
{(x𝑐𝑐

𝑗𝑗, t𝑐𝑐
𝑗𝑗)}𝑗𝑗=1

𝑁𝑁𝑐𝑐

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 = 1
𝑁𝑁𝑐𝑐

∑ ||ℛ(x𝑐𝑐
𝑗𝑗 , t𝑐𝑐

𝑗𝑗 ; Θ)||2
2

𝑁𝑁𝑐𝑐

𝑗𝑗=1

𝑊𝑊 ∈ ℝ𝑑𝑑×𝑑𝑑

𝑑𝑑
𝑊𝑊

𝑊𝑊 ℎ(𝑊𝑊) = 0

ℎ(𝑊𝑊) = 𝑡𝑡𝑡𝑡(𝑒𝑒𝑊𝑊∘𝑊𝑊) − 𝑑𝑑
𝑡𝑡𝑡𝑡(. ) 𝑒𝑒(.) ∘

ℎ(𝑊𝑊)
𝐿𝐿𝑡𝑡𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

Θ 𝑊𝑊 𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(Θ, 𝑊𝑊) = 𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(Θ) + 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦(Θ) + 𝜆𝜆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(W) + 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠|𝑊𝑊|1

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜
𝒪𝒪

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1
𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜

∑ log(cosh(𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖))𝑖𝑖∈𝒪𝒪 𝑦̂𝑦𝑖𝑖 = 𝑓𝑓Θ(x𝑖𝑖, t𝑖𝑖)
𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐿𝐿1 |𝑊𝑊|1

𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦, 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

. A 
physics-residual 

𝐻𝐻(𝑙𝑙+1) = 𝜎𝜎 (𝐷̃𝐷−1
2𝐴̃𝐴𝐷̃𝐷−1

2𝐻𝐻(𝑙𝑙)𝑊𝑊(𝑙𝑙))
𝐻𝐻(𝑙𝑙) ∈ ℝ𝑁𝑁∗𝐹𝐹𝑙𝑙 𝑙𝑙 𝑊𝑊(𝑙𝑙) ∈ ℝ𝐹𝐹𝑙𝑙∗𝐹𝐹𝑙𝑙+1

𝜎𝜎(. ) 𝐴̃𝐴 = 𝐴𝐴 + 𝐼𝐼𝑁𝑁 𝐺𝐺
𝐷̃𝐷 𝐴̃𝐴

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)

𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)
𝜕𝜕𝜕𝜕 = 𝑆𝑆(𝑈𝑈)

𝑈𝑈 = [ℎ, ℎ𝑢𝑢, ℎ𝑣𝑣]𝑇𝑇 ℎ
ℎ𝑢𝑢 ℎ𝑣𝑣 𝑥𝑥 𝑦𝑦 F = [ℎ𝑢𝑢, ℎ𝑢𝑢2 + 1

2 𝑔𝑔ℎ2, ℎ𝑢𝑢𝑢𝑢]
𝑇𝑇

G = [ℎ𝑣𝑣, ℎ𝑢𝑢𝑢𝑢, ℎ𝑣𝑣2 + 1
2 𝑔𝑔ℎ2, ]

𝑇𝑇
𝑔𝑔 S =

[0, 𝑔𝑔ℎ(𝑆𝑆0𝑥𝑥 − 𝑆𝑆𝑓𝑓𝑓𝑓), 𝑔𝑔ℎ(𝑆𝑆0𝑦𝑦 − 𝑆𝑆𝑓𝑓𝑓𝑓)]𝑇𝑇 𝑆𝑆0 𝑆𝑆𝑓𝑓
Θ 𝑈𝑈(x, 𝑡𝑡;  Θ) ℛ(x, 𝑡𝑡;  Θ)

ℛ ≔  𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + ∇. [F, G] − S

𝑁𝑁𝑐𝑐 𝒞𝒞 =
{(x𝑐𝑐

𝑗𝑗, t𝑐𝑐
𝑗𝑗)}𝑗𝑗=1

𝑁𝑁𝑐𝑐

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 = 1
𝑁𝑁𝑐𝑐

∑ ||ℛ(x𝑐𝑐
𝑗𝑗 , t𝑐𝑐

𝑗𝑗 ; Θ)||2
2

𝑁𝑁𝑐𝑐

𝑗𝑗=1

𝑊𝑊 ∈ ℝ𝑑𝑑×𝑑𝑑

𝑑𝑑
𝑊𝑊

𝑊𝑊 ℎ(𝑊𝑊) = 0

ℎ(𝑊𝑊) = 𝑡𝑡𝑡𝑡(𝑒𝑒𝑊𝑊∘𝑊𝑊) − 𝑑𝑑
𝑡𝑡𝑡𝑡(. ) 𝑒𝑒(.) ∘

ℎ(𝑊𝑊)
𝐿𝐿𝑡𝑡𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

Θ 𝑊𝑊 𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(Θ, 𝑊𝑊) = 𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(Θ) + 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦(Θ) + 𝜆𝜆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(W) + 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠|𝑊𝑊|1

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜
𝒪𝒪

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1
𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜

∑ log(cosh(𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖))𝑖𝑖∈𝒪𝒪 𝑦̂𝑦𝑖𝑖 = 𝑓𝑓Θ(x𝑖𝑖, t𝑖𝑖)
𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐿𝐿1 |𝑊𝑊|1

𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦, 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

 is then defined as:

𝐻𝐻(𝑙𝑙+1) = 𝜎𝜎 (𝐷̃𝐷−1
2𝐴̃𝐴𝐷̃𝐷−1

2𝐻𝐻(𝑙𝑙)𝑊𝑊(𝑙𝑙))
𝐻𝐻(𝑙𝑙) ∈ ℝ𝑁𝑁∗𝐹𝐹𝑙𝑙 𝑙𝑙 𝑊𝑊(𝑙𝑙) ∈ ℝ𝐹𝐹𝑙𝑙∗𝐹𝐹𝑙𝑙+1

𝜎𝜎(. ) 𝐴̃𝐴 = 𝐴𝐴 + 𝐼𝐼𝑁𝑁 𝐺𝐺
𝐷̃𝐷 𝐴̃𝐴

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)

𝜕𝜕𝜕𝜕 + 𝜕𝜕𝜕𝜕(𝑈𝑈)
𝜕𝜕𝜕𝜕 = 𝑆𝑆(𝑈𝑈)

𝑈𝑈 = [ℎ, ℎ𝑢𝑢, ℎ𝑣𝑣]𝑇𝑇 ℎ
ℎ𝑢𝑢 ℎ𝑣𝑣 𝑥𝑥 𝑦𝑦 F = [ℎ𝑢𝑢, ℎ𝑢𝑢2 + 1

2 𝑔𝑔ℎ2, ℎ𝑢𝑢𝑢𝑢]
𝑇𝑇

G = [ℎ𝑣𝑣, ℎ𝑢𝑢𝑢𝑢, ℎ𝑣𝑣2 + 1
2 𝑔𝑔ℎ2, ]

𝑇𝑇
𝑔𝑔 S =

[0, 𝑔𝑔ℎ(𝑆𝑆0𝑥𝑥 − 𝑆𝑆𝑓𝑓𝑓𝑓), 𝑔𝑔ℎ(𝑆𝑆0𝑦𝑦 − 𝑆𝑆𝑓𝑓𝑓𝑓)]𝑇𝑇 𝑆𝑆0 𝑆𝑆𝑓𝑓
Θ 𝑈𝑈(x, 𝑡𝑡;  Θ) ℛ(x, 𝑡𝑡;  Θ)

ℛ ≔  𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 + ∇. [F, G] − S

𝑁𝑁𝑐𝑐 𝒞𝒞 =
{(x𝑐𝑐

𝑗𝑗, t𝑐𝑐
𝑗𝑗)}𝑗𝑗=1

𝑁𝑁𝑐𝑐

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦

𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦 = 1
𝑁𝑁𝑐𝑐

∑ ||ℛ(x𝑐𝑐
𝑗𝑗 , t𝑐𝑐

𝑗𝑗 ; Θ)||2
2

𝑁𝑁𝑐𝑐

𝑗𝑗=1

𝑊𝑊 ∈ ℝ𝑑𝑑×𝑑𝑑

𝑑𝑑
𝑊𝑊

𝑊𝑊 ℎ(𝑊𝑊) = 0

ℎ(𝑊𝑊) = 𝑡𝑡𝑡𝑡(𝑒𝑒𝑊𝑊∘𝑊𝑊) − 𝑑𝑑
𝑡𝑡𝑡𝑡(. ) 𝑒𝑒(.) ∘

ℎ(𝑊𝑊)
𝐿𝐿𝑡𝑡𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

Θ 𝑊𝑊 𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(Θ, 𝑊𝑊) = 𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(Θ) + 𝜆𝜆𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝐿𝐿𝑝𝑝ℎ𝑦𝑦𝑦𝑦(Θ) + 𝜆𝜆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(W) + 𝜆𝜆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠|𝑊𝑊|1

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜
𝒪𝒪

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1
𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜

∑ log(cosh(𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖))𝑖𝑖∈𝒪𝒪 𝑦̂𝑦𝑖𝑖 = 𝑓𝑓Θ(x𝑖𝑖, t𝑖𝑖)
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The partial derivatives are computed analytically 
using automatic differentiation. This approach forces the 
model to adhere to physical laws: the physics residual 
is evaluated at a large set of cN  collocation points 

( ){ }
1

x , t
cNj j

c c j=
=  sampled from the spatio-temporal domain 

where no observational data exist. This forms the 
physics-loss, physL , defined as the mean squared error of 
the PDE residuals:
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The third component addresses the black-box 
problem by integrating causal ML constraints. To ensure 
that the model learns causal drivers rather than spurious 
correlations, an acyclicity constraint is imposed on the 
learned relationships. The framework seeks to learn a 
weighted adjacency matrix d dW ×∈  representing 
the causal graph between the d  input variables and 
output. A directed graph is acyclic if and only if there 
exists a permutation of its nodes such that W  is strictly 
lower-triangular. Because this combinatorial constraint is 
non-differentiable, the framework adopts the NOTEARS 
formulation, which recasts acyclicity as a continuous, 
differentiable algebraic constraint. A matrix W  represents 
a DAG if and only if ( ) 0h W = , where:

( ) ( )W Wh W tr e d= −

Here, ( ).tr  is the matrix trace, ( ).e  is the matrix 
exponential, and   denotes the element-wise 

Hadamard product. The function ( )h W  serves a 
smooth, differentiable proxy for acyclicity. This forms 
the causal loss, ,tr causalL , which penalizes emergent 
cyclical relationships within the model learned feature 
interactions.

These three components are unified in a composite, 
multi-objective loss function minimized over the network 
parameters È  and the causal matrix W . The total loss 

totalL  is defined as:

( ) ( )
( ) ( ) 1

È , È

È W | |
total data

phys phys causal causal sparcity

L W L

L L Wλ λ λ

= +

+ +

The data-fidelity term, dataL , anchors the model to 
observed reality using the obsN  sparse data points in the 
set  , and is defined using the robust LogCosh loss:

( )( )l ˆ1 og coshdata i ii
obs

L y y
N ∈

= −∑ 
, 

where ( )Èˆ x , ti i iy f= .

The physL  term enforces physical consistency, the 

causalL  term enforces acyclicity, and the 1L  penalty 1| |W  
promotes a sparse and interpretable causal graph. 
The hyperparameters ,phys physλ λ  and sparcityλ  balance 
the trade-off between fitting sparse data, adhering to 
physical laws, and discovering a simple acyclic causal 
structure. To ensure the robustness of this composite 
loss function, sensitivity analysis was performed on the 
hyperparameters. The weights were empirically tuned to 
balance data fidelity and physical consistency, ensuring 
that the model did not underfit in data-scarce regimes. 
This formalization defines the PICA framework as a 
model that is simultaneously data-efficient, physically 
grounded, and causally interpretable.

Implementation Details and Hyperparameters
To ensure reproducibility, the architectural details 

and hyperparameters used in the PICA framework are 
reported below.

Graph Construction: The graph topology was 
constructed using a K -nearest neighbors approach 
combined with hydrological connectivity. Each asset node 
was connected to its 5K =  nearest spatial neighbors to 
capture local interactions. Additionally, directional edges 
were added based on the DEM to represent downstream 
flow paths, ensuring the graph respects gravity-driven 
hydrodynamics.

PINN Architecture: The physics-informed component 
enforced the continuity and momentum equations of the 
2D shallow water equations. The domain was discretized 
using 5,000cN =  collocation points, randomly sampled 
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from the watershed area using Latin hypercube sampling 
to ensure uniform spatial coverage. The physics residuals 
were computed using automatic differentiation in 
PyTorch.

Hyperparameters: The model was trained using the 
Adam optimizer. The optimal hyperparameters, selected 
through grid search, are summarized in Table 1.

RESULTS AND DISCUSSION
The quantitative validation phase was designed 

to empirically test the core hypothesis that the PICA 
framework provides superior predictive accuracy and 
robustness compared with standard data-driven models, 
particularly under conditions of extreme data scarcity. The 
results are presented in terms of predictive performance, 
statistical significance, and causal interpretability.

The empirical findings provide strong evidence 
supporting the core hypothesis that a hybrid, physics-
informed, and causally aware DL framework offers a 
superior paradigm for flood risk pricing in data-scarce 
insurance markets compared with purely data-driven 
approaches. These findings have important implications 
for actuarial science, insurance regulation, and climate 
risk modeling.

Comparative Predictive Performance
The predictive capability of the PICA framework 

was evaluated against the 2D-CNN and RF benchmarks 
under two distinct data-availability scenarios. Table 
2 summarizes the performance metrics, including 
RMSE and MAE, for all models. As illustrated in Fig. 1, 
the performance of purely data-driven benchmarks 
degraded sharply in the data-scarce scenario, whereas 
the PICA framework demonstrated substantial resilience.

In the data-abundant scenario, corresponding 
to 100% training data availability, all three models 
converged and effectively learned the flood loss function. 
The PICA framework achieved the lowest error rates 
(RMSE = 0.119, MAE = 0.084), followed closely by the 
2D-CNN (RMSE = 0.137, MAE = 0.096). The RF model, 
while robust, exhibited higher error (RMSE = 0.188, MAE 
= 0.131). These results indicate that when abundant 
data are available, the topological awareness of the GNN 
architecture provides a modest but observable advantage 
over the grid-based CNN and the non-spatial RF model.

However, the divergence in performance became 
pronounced in the data-scarce scenario, corresponding 
to 20% training data availability. As shown in Fig. 1, the 
performance of the purely data-driven benchmarks 
degraded substantially. The RMSE of the 2D-CNN 
increased by 251.8% to 0.482, and the RF model exhibited 
a similar collapse, yielding an RMSE of 0.530 (Table 2). 
In contrast, the PICA framework demonstrated strong 
resilience, with RMSE increasing only marginally to 0.165. 
This corresponds to a 65.8% reduction in prediction error 
relative to the standard CNN. This substantial margin 
confirms that the physics-informed loss term physL  
successfully functioned as a regularizer, effectively filling 
gaps where observational data were missing by enforcing 
hydrodynamic consistency.

Statistical Significance Testing
To determine whether the observed performance 

superiority of the PICA framework was statistically 
significant and not attributable to stochastic variance in 
initialization or sampling, the DM test was conducted on 
the prediction residuals from the data-scarce scenario. 
The null hypothesis 0H  stated that there was no 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 1. Summary of model hyperparameters and architectural settings 
 
 

Description Value Parameter 
Number of message-passing layers in the graph network 3 GNN Layers 
Size of the feature vector for each node 64 Hidden Dimension
Step size for the Adam optimizer 10^-3 Learning Rate 
Number of flood events processed per training step 32 Batch Size 
Total number of training iterations 1,000 Epochs 
Weight of the physics-loss term in the objective function 0.5 𝜆𝜆���� 
Weight of the causal-loss term 0.1 𝜆𝜆������ 
Exponential linear unit for non-linearity ELU Activation Function 
Regularization to prevent overfitting 0.2 Dropout Rate

Table 1. Summary of model hyperparameters and architectural settings

Table 2. Quantitative comparison of predictive performance under data-abundant and data-scarce scenarios. 
 

Model Scenario RMSE MAE % Degradation (RMSE) 
PICA Framework (Proposed) Data-abundant (100%) 0.119 0.084 - 

Data-scarce (20%) 0.165 0.112 +38.6% (Robust) 
2D-CNN (Benchmark) Data-abundant (100%) 0.137 0.096 - 

Data-scarce (20%) 0.482 0.345 +251.8% (Collapse)
Random Forest (Baseline) Data-abundant (100%) 0.188 0.131 - 

Data-scarce (20%) 0.530 0.395 +181.9% (Collapse) 

Table 2. Quantitative comparison of predictive performance under data-abundant and data-scarce scenarios.
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significant difference in predictive accuracy between 
the PICA framework and the 2D-CNN benchmark. The 
calculated DM test statistic was 4.88. Compared with 
the critical value from the standard normal distribution 
at the α = 0.01 level ( 0.01 2.576Z = ), the null hypothesis 
was rejected with 0.001p < . This result provides strong 
statistical evidence that the predictive superiority of 
the PICA framework in data-scarce environments is 
significant and systematic.

Explainability and Causal Validation
For the PICA framework, SHAP analysis revealed 

that the features with the highest mean absolute SHAP 
values were maximum water depth (+0.42), flow velocity 
(+0.28), and building vulnerability index (+0.15). This 
feature attribution pattern aligns closely with established 
hydrological physics and actuarial damage functions, 
confirming that the causal-loss term ,tr causalL  successfully 
constrained the model to learn valid causal drivers. The 
strong alignment between the expert-defined causal 
graph and the model learned feature importance 
empirically validates the expert-based causal structure, 
suggesting that in data-scarce regimes, the integration 
of domain knowledge is more robust than purely data-
driven causal discovery.

Conversely, SHAP analysis of the 2D-CNN benchmark 
revealed a concerning reliance on non-causal artifacts. 
The second most important feature for the CNN was 
identified as a specific spatial coordinate, corresponding 
to a corner of the raster grid, which had no physical 
relationship to flood risk but coincidentally correlated 
with high losses in the training set. This reliance on 
spurious spatial correlations confirms the black-box 
risk of standard DL models: although such models 

may predict accurately in a data-abundant training 
environment, their reasoning may be flawed, leading to 
the severe generalization failures observed in the data-
scarce experiments. The PICA framework effectively 
eliminated these spurious dependencies.

The feature importance analysis is presented in Figure 2. 
 As shown in the figure, the PICA framework assigns high 
importance to physical drivers such as maximum water 
depth, whereas the 2D-CNN relies heavily on a spurious 
spatial artifact.

Hyperparameter Sensitivity Analysis
To confirm the stability of the proposed framework, 

sensitivity analysis was conducted on the weight 
parameter physλ . The model was retrained using values 
ranging from 0.1 to 1.0. The results indicated that RMSE in 
the data-scarce scenario remained stable, with variance 
below 0.02 across this range. This finding demonstrates 
that physics-informed regularization is robust and not 
excessively sensitive to hyperparameter tuning.

The Primacy of Physics in Data-Scarce Regimes
The most important finding is the resilience of 

the PICA framework under data scarcity, with RMSE 
degradation of only 38.6% compared with degradation 
exceeding 180% for the benchmark models. This result 
validates the theoretical premise that physical laws can 
serve as a universal prior. In conventional DL, the model 
must infer the physics of flooding from observational data 
alone. When such data are sparse, as in the 20% training 
scenario, the model fails to infer these complex non-
linear laws, resulting in the severe decline in predictive 
accuracy observed for the 2D-CNN and RF models.

In contrast, the PICA framework does not need to 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

Fig. 1. Comparative bar chart of Root Mean Squared Error (RMSE) for all three models. Red bars indicate the 
significant increase in error for CNN and RF benchmarks in the Data-Scarce scenario, contrasting with the stability 

of the PICA framework.
Fig. 1. Comparative bar chart of Root Mean Squared Error (RMSE) for all three models. Red bars indicate the significant increase 

in error for CNN and RF benchmarks in the Data-Scarce scenario, contrasting with the stability of the PICA framework.
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learn from data alone that water flows downhill or 
that mass is conserved; this knowledge is embedded 
a priori through the physics-informed loss term physL
. Consequently, the PICA model operates as a physics-
based interpolation engine in data-sparse regions and 
as a data-driven correction engine in data-rich regions. 
This hybridity is central to its success and offers a 
scalable solution for insurers in developing economies 
that cannot wait decades to accumulate large historical 
datasets before deploying advanced pricing models.

Causal Awareness as a Regulatory Necessity
The SHAP analysis (Fig. 2) highlights a critical but 

often overlooked risk in AI adoption: the “Clever Hans” 
effect, whereby models produce accurate predictions for 
the wrong reasons. The 2D-CNN benchmark achieved 
respectable accuracy in the data-abundant scenario, but 
explainability analysis revealed that it relied heavily on a 
spatial artifact. In a stationary climate, such a spurious 
correlation might persist; however, under changing 
climate conditions, the model would likely fail when 
applied to a new location or different flood topology.

The PICA framework, constrained by the causal-
loss term ,tr causalL , rejected this spurious feature and 
instead assigned importance to water depth and flow 
velocity. This distinction is not merely technical but 
regulatory. For an insurance regulator, a rate filing based 
on the CNN model would be difficult to justify because 
it reflects location artifacts rather than physical risk 
drivers. By contrast, the PICA framework provides the 

level of explanation required by modern AI governance 
frameworks, ensuring that premiums are priced on the 
basis of tangible physical drivers.

Limitations and Future Directions
Although this study successfully validates the PICA 

framework as a proof of concept, several limitations 
must be acknowledged to guide future research. First, 
validation relied on high-fidelity synthetic data. Although 
this was necessary to establish a ground truth for the 
physics-loss component, operational deployment will 
require transfer learning strategies to adapt the model 
to noisy real-world claims data. Future work should focus 
on bridging the simulation-to-reality, or sim-to-real, gap 
by implementing transfer learning. Specifically, the PICA 
model could be pre-trained on large-scale synthetic 
datasets to learn fundamental hydrological physics and 
then fine-tuned on smaller real-world observational 
datasets from target regions, such as Iranian flood 
archives. This domain adaptation approach would 
enable the model to adjust to local noise distributions 
while retaining its physics-informed robustness.

Second, the current physical component relies on 
the shallow water equations. Although appropriate for 
fluvial flooding, extending the framework to pluvial or 
flash flooding in dense urban environments may require 
integrating urban drainage network equations into 
the physics-loss function. Finally, the causal graph was 
predefined based on expert knowledge. Future iterations 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 2. SHAP feature importance analysis. Green bars represent the PICA framework, which correctly identifies 
physical drivers (Water Depth), while grey bars show the 2D-CNN relying on spurious spatial artifacts. Fig. 2. SHAP feature importance analysis. Green bars represent the PICA framework, which correctly identifies physical drivers 

(Water Depth), while grey bars show the 2D-CNN relying on spurious spatial artifacts.
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could employ causal discovery algorithms to learn the 
causal structure dynamically from data, thereby further 
reducing human bias.

Despite these limitations, this research establishes 
a robust proof of concept that the future of actuarial 
modeling lies not merely in larger datasets but in smarter 
models that synthesize the deductive power of physics 
with the inductive power of machine learning.

CONCLUSION AND SUGGESTIONS
This research marks a critical departure from the 

traditional actuarial paradigm, which has historically 
been constrained by the dual limitations of data scarcity 
and model opacity. By designing and validating the PICA 
framework, this study demonstrates that the solution 
to pricing climate risk in developing markets lies not in 
waiting for the accumulation of big data, which may 
never materialize, but in strategically synthesizing 
physical laws with dl. The empirical evidence confirms 
that embedding the fundamental laws of hydrodynamics 
into a GNN architecture effectively serves as a universal 
prior, enabling the model to generalize with high 
accuracy even when observational data are reduced by 
80%. Specifically, the demonstrated 65.8% reduction in 
predictive error under data-scarce conditions provides a 
strong proof of concept that physical knowledge can act 
as a robust substitute for historical data. Furthermore, 
the integration of causal ml constraints successfully 
addresses the black-box dilemma, producing a model 
that satisfies the transparency requirements of modern 
insurance regulation by prioritizing physical drivers over 
spurious spatial correlations.

Based on these findings, several actionable 
recommendations are proposed for industry 
stakeholders and policymakers. First, insurance 
companies should prioritize the development of 
parametric insurance products for flood risks, 
particularly in high-hazard basins such as Karun and 
Karkheh. By using PICA’s physics-verified water-depth 
estimates as objective triggers, insurers can automate 
payouts without relying on lengthy loss adjustment 
procedures or extensive historical claims databases, 
thereby reducing administrative costs and settlement 
times. Second, regulatory bodies such as the Central 
Insurance of I.R. Iran (Bimeh Markazi) should establish 
a model governance framework that mandates causal 
explainability for AI-based pricing models. Regulators 
should require insurers to provide SHAP-based feature 
attribution reports demonstrating that premiums are 
based on physical risk drivers rather than spurious 
correlations, thereby ensuring fair treatment of 
policyholders. Finally, researchers should focus on 
bridging the sim-to-real gap through transfer learning 

strategies. In particular, fine-tuning the pre-trained 
PICA model on small, high-quality datasets from pilot 
regions, such as Golestan Province, will be essential for 
validating its operational readiness across Iran’s diverse 
hydrological landscape.

Ultimately, this study advocates an epistemological 
shift in actuarial data science: a movement from purely 
inductive, correlation-based models toward hybrid 
deductive-inductive systems. The future of climate risk 
modeling lies in neuro-symbolic AI systems that do not 
merely learn from patterns in data but incorporate the 
physical and causal laws governing the natural world. 
The PICA framework represents a foundational step 
toward this intelligent, transparent, and resilient future.
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