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Abstract: Arid socio-ecological systems (SESs), such as the Sistan Watershed, face critical crises from
wetland desiccation and dust storms. Modeling their non-linear dynamics is often hindered by data
scarcity and the opacity of conventional Al. This study introduces a "gray-box" Graph Neural Network
(GNN) framework for predictive modeling and scenario simulation. By leveraging a reconstructed 21-
year aerosol index time series, we developed a process-informed, decomposition-based GNN that
embeds the system’s causal structure. The model demonstrated robust performance on unseen data (R?
0f 0.708 for water presence and 0.810 for aerosol index), significantly outperforming several baselines.
Simulations reveal that wetland restoration could improve regional air quality by 16%, reducing
estimated PM 2.5 concentrations by over 160 ug/m?>. This framework serves as an interpretable "digital
twin," providing a powerful quantitative decision-support tool for managing complex environmental
systems..

Keywords: Socio-Ecological System, Deep Learning, Decomposition Modeling, Graph Neural
Network, Sistan Watershed, Hydrology Indices, Dust Pollution

Introduction: Socio-ecological systems (SESs) in arid regions are increasingly vulnerable to climate change and
anthropogenic pressures, often approaching critical "tipping points" that threaten ecosystem services and human
well-being (Scheffer et al., 2001). The Sistan Basin, a transboundary watershed on the Iran-Afghanistan border,
epitomizes this crisis. The desiccation of its Hamoun Wetlands has triggered severe dust storms (Y ousefi-Kebriya
et al. 2025), impacting public health and regional stability (Karimi et al. 2025; Zhou et al. 2025). While advanced
predictive models are urgently needed, traditional approaches face limitations. Previous studies have successfully
established statistical correlations between wetland shrinkage and dust pollution (e.g.,(Yousefi-Kebriya et al.
2025)), but they often provide a retrospective analysis with limited forecasting capability. On the other hand, data-
driven Al models often act as "black boxes," learning spurious correlations and lacking the interpretability required
for high-stakes policy-making (Reichstein et al. 2019).

This research addresses this methodological gap by developing a predictive, process-informed, "gray-box" deep
learning framework. Moving beyond correlational analysis, our primary objective is to create a dynamic and robust
"digital twin" of the Sistan SES. This model is designed not only to forecast the system's future dynamics with
high accuracy but also to serve as a quantitative tool for evaluating the impact of different management
interventions, thereby providing a robust decision-support system.

Methodology: This study employed a multi-stage framework. First, we conducted data acquisition and
enrichment. Time-series data (2001-2021) for six key environmental variables were extracted from multi-source
satellite data using Google Earth Engine (details in Table 1). To address a significant gap in the aerosol time series,
a machine learning-based data fusion technique was implemented. Subsequently, an extensive feature engineering
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step was performed, creating multiple lag and seasonal features to enrich the dataset.

Second, we developed a novel decomposition-based, process-informed Graph Neural Network (GNN). This
approach trains the model to predict the residuals of a simple persistence baseline, focusing the model's capacity
on learning complex, non-linear patterns that simpler models cannot capture. The model architecture embeds a
predefined causal graph (Fig. 3), which consists of node-specific Gated Recurrent Unit (GRU) layers to capture
individual temporal patterns for each variable, and a Graph Convolutional Network (GCN) layer to fuse this
information and learn systemic interdependencies (Fig. 4). The model's optimal hyperparameters were determined
via systematic grid search, and it was trained using an Adam optimizer and an MSE loss function. Finally, a series
of post-hoc analyses were performed, including a comprehensive and comparative performance evaluation against
baseline models (SARIMA, LSTM, Persistence), and the simulation of future management scenarios.

Results and Discussion: The trained model demonstrated excellent and robust predictive performance on the
unseen test set (January 2019 - December 2021). As detailed in Table 2, our final GNN model achieved an R? of
0.708 for water presence and a remarkable R? of 0.810 for the aerosol index. This performance significantly
surpassed that of classical statistical (SARIMA) and simple persistence models and also outperformed a standard
deep learning baseline (LSTM) in forecasting the key aerosol index variable. This confirms the value of our
advanced decomposition approach and process-informed architecture. A comprehensive evaluation using multiple
metrics is provided in Table 3. The comparison plots in Fig. 5 visually validate the model's ability to capture the
core seasonal and long-term dynamics of the system.

Scenario simulations yielded critical, actionable insights for policymaking. We simulated two scenarios over a 5-
year horizon: a 'Baseline’ and a 'Wetland Restoration' scenario, incorporating uncertainty analysis via Monte Carlo
Dropout. The restoration scenario, which involves maintaining water presence above its historical 75th percentile,
projected a powerful positive cascade across the ecosystem. As detailed quantitatively in Table 4 and visualized
in Fig. 6, this intervention led to a significant 16.1% improvement (reduction) in the aerosol index compared to
the baseline.

To translate this finding into a more tangible, health-oriented metric, we employed a validated conversion model
from the literature (Hassaan et al., 2023) to estimate particulate matter concentrations. The analysis revealed that
the 16.1% improvement in the aerosol index corresponds to a substantial estimated reduction of over 166 pg/m?
in average PM2.5 concentrations. This result quantitatively demonstrates that proactive, internal management
interventions can be a highly effective lever for mitigating a key regional environmental hazard. This finding is
consistent with studies in similar regions of Iran (e.g., Yousefi-Kebriya et al., 2025), but provides a forward-
looking, quantitative forecast of a specific policy's impact. The findings strongly suggest that hydrological
restoration of the Hamoun Wetlands is a powerful local strategy for combating the regional dust crisis.

Conclusion: This study successfully developed and validated a novel, decomposition-based, process-informed
deep learning framework for modeling complex, data-scarce socio-ecological systems. The model
demonstrated superior predictive performance compared to several standard baselines, and through robust scenario
simulations, provided critical, actionable insights. Our findings quantitatively confirm that the hydrological
restoration of the Hamoun Wetlands is a highly effective strategy for mitigating local dust pollution, projected to
reduce PM2.5 concentrations by a significant margin. This framework serves as a powerful and interpretable
"digital twin," offering a quantitative decision-support tool to guide sustainable management and enhance
resilience in the Sistan Basin and other vulnerable arid regions. Future work should focus on external validation
of the reconstructed data and incorporating the direct modeling of upstream water management policies.

© 2024 University of Zabol, Zabol, Iran.
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(Calculate Residuals, Train GNN)

| |

4. Scenario Simulation

J

3. Model Evaluation }

Fig. 1 Methodological workflow of the research.
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Table 2 Comparative performance evaluation of the
proposed GNN model against baseline models on the test

set
R?* (Water R? (Aerosol

Model Presence) Index)

Suggested
Model 0.708 0.810
LSTM 0.667 0.802
Persistence 0.046 0.713
SARIMA 0.035 0.015
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Table 3 Comprehensive performance evaluation of the final Decomposition-GNN model on the test set for all system

variables
Parameter R? MAE RMSE NSE SMAPE (%)
pr 0.443 8.35 11.54 0.443 116.98
pet 0.943 1.51e+02 1.99¢+02 0.943 14.80
water_presence score 0.708 1.31e+06 1.82e+06 0.708 42.37
wetland _ndvi 0.049 0.008 0.010 0.049 8.89
basin_ndvi 0.767 0.007 0.009 0.767 6.84
aerosol index 0.810 0.161 0.264 0.810 41.00
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Fig. 5 Comparison of model performance on the test dataset for four key variables.
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Fig. 6 Residual analysis for the two key variables on the test dataset.
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Table 4 Quantitative comparison of the 5-year average outcomes for the Baseline and Wetland Restoration scenarios.

Variable (5 Year Ave.) Baseline Scenario Wetland scenario  Percentage Change
pr (mm) 10.84 12.41 +14.51%
pet (mm) 1397.78 1417.29 +1.40%
water_presence_score (km?) 7.66e+06 7.97¢+06 +4.05%
wetland ndvi 0.09 0.09 +3.89%
basin_ndvi 0.10 0.11 +3.37%
aerosol index -0.21 -0.25 -16.08%

Impact of Scenarios on Aerosol Index (with 95% Uncertainty)

—— Historical Data
--- Baseline Scenario
—— Wetland Restoration

0.5

0.0

=0.5

Aerosol Index (Lower is Better)

2004 2008 2012

2016 2020

2024

2028

Fig. 7 Simulation of management scenarios' impact on the Aerosol Index over a 5-year horizon, including 95% uncertainty
intervals derived from Monte Carlo Dropout.
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5- List of Symbols

SES Socio-Ecological System
GNN Graph Neural Network
GEE Google Earth Engine
MNAR Missing Not At Random
Al Aerosol Index
AOD Aerosol Optical Depth
NDVI Normalized Difference Vegetation

Index
GRU Gated Recurrent Unit
GCN Graph Convolutional Network
MSE Mean Squared Error

R? Coefficient of Determination

MAE Mean Absolute Error
RMSE Root Mean Squared Error
NSE Nash-Sutcliffe Efficiency
LST™M Long Short-Term Memory
SARIMA Seasonal Auto-Regressw.e Integrated
Moving Average
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