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A B S T R A C T

Study region: This study focuses on the Lower Rio Grande (LRG) region of Southern New Mexico, a 
semi-arid area facing significant water scarcity challenges. Groundwater serves as a critical 
resource for agriculture, domestic use, and industry in the region, necessitating robust manage
ment and predictive tools.
Study focus: The research develops a novel groundwater modeling approach by integrating System 
Dynamics (SD) and Machine Learning (ML) techniques. A validated SD model of the LRG pro
vided simulation data, which was used to train an ML model employing a feedforward Multilayer 
Perceptron (MLP) as an artificial neural network (ANN) technique. This approach simplifies 
groundwater dynamics by concentrating on key variables identified through correlation analysis 
and simulation results. The model achieved a training RMSLE of 0.031 and R-squared of 0.77, 
with testing results showing RMSLE of 0.036 and R-squared of 0.71, demonstrating predictive 
reliability.
New hydrological insights for the region: The proposed model enables accurate forecasting of 
groundwater storage changes while reducing reliance on extensive data inputs. It pioneers using 
SD simulation data as a data augmentation method for MLP model training, enhancing predictive 
capabilities. This integrated methodology supports informed groundwater management and 
policy-making, offering a transferable framework for other hydrologically similar regions.

1. Introduction

Groundwater is a vital freshwater resource that supports agricultural, domestic, and industrial needs worldwide (Megdal, 2018). 
Monitoring groundwater levels and changes in storage is essential for understanding past, present, and future conditions, allowing 
policymakers and water resource managers to design sustainable strategies (Wada et al., 2010). Yet, simulating groundwater storage is 
challenging due to interactions among climatic, topographic, and hydrogeological factors (Afzaal et al., 2019) and anthropogenic 
activities such as pumping (Sahoo et al., 2017). Understanding how groundwater responds to both climate variability and human 
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influence is crucial, particularly given rising agricultural demands (Wada et al., 2010) and the accelerating effects of climate change on 
water availability and quality (Gurdak et al., 2007; Green et al., 2011; Taylor et al., 2013). Effective prediction, therefore, requires 
understanding the dynamic relationships between climate drivers, hydrology, water use, and groundwater responses (Sahoo et al., 
2017).

Physically based and numerical models have long been used to simulate groundwater quantity and quality (Tao et al., 2022). 
However, these models are often limited by their dependence on detailed aquifer data, subsurface geology, and hydrogeological 
parameters—data that are usually only available at well sites and require expert interpretation (Barnett et al., 2012). Such reliance 
constrains accuracy and objectivity. To address these limitations, in particular, ML has gained prominence over the past two decades as 
a powerful tool for groundwater modeling (Tao et al., 2022).

ML methods can overcome data dependency challenges and model nonlinear processes that numerical models cannot easily 
capture, such as isotope–geochemistry signatures influenced by multiple natural processes (Dupuy et al., 2021; Shiri et al., 2021). 
Using historical data, approaches such as ANNs (Lallahem et al., 2005), fuzzy logic (Nadiri et al., 2019), tree-based algorithms 
(Davoudi Moghaddam et al., 2020), genetic programming (Kasiviswanathan et al., 2016), and support vector machines (SVMs) (Zhou 
et al., 2017) have shown strong potential, in some cases outperforming traditional models. Tao et al. (2022) demonstrated the pre
dictive capabilities of ML methods for groundwater forecasting and documented rapid growth in their use. The dominant methodology 
involves selecting key variables, running ML algorithms (ANN, SVM, etc.), and comparing outputs against numerical models, which 
highlights the efficiency of AI-based methods (Tao et al., 2022). Specifically, groundwater ML modeling faces persistent data chal
lenges: incomplete datasets, temporal and spatial variability, and lack of consistent long-term observations (Tao et al., 2022). Sparse 
data limit model accuracy. To address this, researchers employ synthetic data generation and augmentation, including synthetic time 
series and probabilistic autoregressive models (Pulla et al., 2024; Taccari et al., 2024). These methods enhance robustness but risk bias 
if synthetic data fail to capture variability (Nikolenko, 2021; Shorten and Khoshgoftaar, 2019). Overfitting or misrepresentation is 
possible if artificial data are too simplistic (Reichstein et al., 2019; Gao and Miller, 2019; Zhao et al., 2020).

The complexity of groundwater processes, particularly in agricultural and hydrogeological contexts, makes accurate physical 
simulations difficult due to extensive calibration requirements (Sahoo et al., 2017). ML efficiently handles nonlinear relationships, 
enabling improved predictions of groundwater changes even where detailed physical data are lacking (Sahoo et al., 2017).

SD is a simulation framework that represents systems using stocks, flows, feedback loops, and time delays (Forrester, 1970). 
Importantly, SD models are not restricted by the type of processes represented; they can be applied to physical, biological, or 
socio-economic processes. Here, our application is closer to a socio-hydrological model, which integrates institutional, economic, and 
water use processes into the hydrological system. It can generate synthetic datasets by simulating nonlinear relationships and feedback 
structures based on real-world historical inputs. These datasets can then be used to train ML models, reducing the need for extensive 
field data while preserving predictive capacity. Combining SD and ML thus offers a hybrid approach that strengthens forecasting and 
supports decision-making. SD simulations data as synthetic training data for ML models (Rahmandad et al., 2025), leveraging SD 
principles to integrate hydrological, agricultural, and institutional processes (Sun et al., 2017; Bates et al., 2019) alongside physical 
model variables. The application of SD in water management has advanced considerably, covering hydrological, agricultural, and 
socio-economic processes (Guo et al., 2001; Winz et al., 2009; Sun et al., 2017; Balali and Viaggi, 2015; Mashaly and Fernald, 2020; 
Balali et al., 2026). Studies have integrated SD with other methods to enhance hydrological analyses (Schwaninger, 2006; Lättilä et al., 
2010; Baki et al., 2012; Kwakkel and Slinger, 2012; Kwakkel and Timmermans, 2012; Subagadis et al., 2014; Xi and Poh, 2015; Wang 
et al., 2016; Zomorodian et al., 2017; Zolfagharian et al., 2018).

Traditional physically based models demand large observational datasets and extensive calibration, yet monitoring networks are 
often sparse (Sun et al., 2017). Pure ML models, while less dependent on physical parameters, require large datasets (Chen et al., 2020; 
Taccari et al., 2024). Surrogate modeling approximates physical models with ML and includes dimensionality reduction or simplifi
cation of the mathematical structure, for instance, by eliminating redundant inputs from a complex model (Asher et al., 2015; Müller 
et al., 2021; Luo et al., 2023), but still depends on high-fidelity runs and often excludes socio-hydrological feedbacks. By contrast, a 
hybrid SD-ML approach uses validated SD simulation data as rich training datasets for MLP models, embedding feedback while 
reducing data demands. In this study, outputs from a validated SD model of the Lower Rio Grande (LRG) were used to train an MLP 
model. This hybrid model captured complex nonlinear groundwater dynamics with fewer inputs and without rerunning the SD model 
for each forecast, yielding a more lightweight and transferable forecasting tool for data-scarce contexts. Physically based groundwater 
models have been widely used to represent flow and storage dynamics; however, their application often requires extensive spatial data, 
parameter calibration, and long observational records, which are not consistently available in semi-arid agricultural basins. In regions 
such as the Lower Rio Grande, data limitations and strong human–water feedbacks constrain the practical use of fully distributed 
numerical models for predictive purposes. As a result, ML approaches have increasingly been adopted as predictive surrogates capable 
of capturing nonlinear system behavior when data availability is limited.

Several ML modeling approaches have been used previously. Random Forest Regression handles nonlinearities and feature in
teractions but struggles with extrapolation and can be computationally heavy. Support Vector Regression (SVR) is robust in high- 
dimensional spaces but scales poorly with large datasets and requires intensive hyperparameter tuning (Rammohan et al., 2024). 
Physics-Informed Neural Networks (PINNs) incorporate physical laws directly into neural networks, enhancing interpretability 
(Ehteram and Ghanbari-Adivi, 2023). PINNs may be particularly useful in hybrid SD-ML contexts where some variables are physical, 
and others are socio-economic, as they can enforce physical consistency while leveraging broader datasets.

This research addresses how comprehensive simulation data can be leveraged to develop an improved, easy-to-use model for 
predicting changes in groundwater (GW) storage. SD, with its ability to simulate and model complex dynamic systems, offers a more 
extensive dataset, encompassing a wide range of variables at detailed time intervals. These datasets can be used to train an MLP model, 

G. Eslamifar et al.                                                                                                                                                                                                     Journal of Hydrology: Regional Studies 65 (2026) 103398 

2 



potentially leading to a model that can predict groundwater changes without further reliance on the SD model. This approach not only 
simplifies future predictions for the case study but also offers a broader application for other regions, adjusting the need for extensive 
data acquisition and management. Coupled SD-ML modeling could be especially crucial for underdeveloped countries and regions 
where the data availability and variety are very low. While the underlying SD model is data-intensive and includes a large number of 
variables, it is used here as an offline data generator based on the structure, dynamics, and relationships it captures. The trained MLP 
model, in contrast, operates on a reduced set of key inputs, significantly lowering data requirements during application. This 
distinction enables the model to be reused for the region at any time and also deployed in data-scarce settings without the need to 
reconstruct the full SD model.

The hypothesis for the research is that we can present a new regional model for predicting groundwater changes, which can 
streamline future modeling efforts and aid in decision-making with less frequent data updates and reduced resource demands. If it is 
possible, then it could also be applied to respond proactively to critical challenges such as natural disasters or economic crises by 
incorporating immediate changes in the SD model.

Despite extensive use of ML and surrogate modeling in groundwater studies, a clear gap remains in leveraging socio-hydrological 
simulation frameworks as structured data generators for ML. Existing surrogate or meta-modeling approaches typically approximate 
physically based numerical groundwater models and focus primarily on computational speed-up (e.g., Asher et al., 2015; Müller et al., 
2021; Luo et al., 2023), often neglecting institutional, agricultural, and behavioral feedbacks. This study addresses this gap by 
introducing a hybrid SD-ML framework in which a validated socio-hydrological SD model is used to generate structured synthetic 
training data for an ANN. The novelty lies not in replacing the SD model, but in transferring its embedded socio-hydrological feedbacks 
into a reduced-variable, data-driven forecasting tool that can be deployed independently of the full system simulation. This approach 
enables groundwater storage prediction in data-scarce regions where detailed physical models or SD expertise are not readily avail
able, while retaining key dynamics governing groundwater response. Table 1 summarizes the key differences between common 
ML-based modeling approaches and the proposed hybrid SD-ML framework, highlighting its contribution to capturing 
socio-hydrological feedbacks.

There are no specific studies that explicitly utilize SD simulation data as synthetic input for training MLP models. However, the 
concept of using simulated or synthetic data from mathematical models to train MLP models is gaining increasing attention. For 
instance, Kratzert et al. (2019) explored the use of synthetic hydrological data generated from hydrological models to train ML models 
for forecasting and decision-making in hydrological systems. Similarly, Raissi et al. (2019) combined physics-based models to generate 
synthetic data for training ANNs, demonstrating improvements in model performance. This growing trend highlights the potential of 
integrating simulation data from established models like SD into ML frameworks for enhanced predictive capabilities. This approach 
enables the generation of new data from simulations, enriching the training set and improving the MLP model's ability to make 
predictions in situations where real-world data is scarce. This study primarily contributes a methodological framework by integrating 
SD and ML for groundwater prediction, while the application to the Lower Rio Grande basin serves to demonstrate its practical 
relevance and transferability rather than to establish new hydrogeological findings.

2. Study region and context

The agricultural economy and water resources in the LRG of southern New Mexico (Fig. 1) are intertwined. During periods of 
insufficient surface water from the Rio Grande, the Mesilla Rincon Valley (MRV) increasingly relies on groundwater to sustain its 
robust agricultural activities. Historically renowned for cultivating green chilies, the MRV has, over the past few decades, emerged as 
the largest producer of pecans in the United States (NMDA, 2021). In addition to perennial pecans, the region supports a variety of 
annual row crops, including onions and cotton, alongside forage crops such as alfalfa and winter wheat. The shift toward perennial 
pecan production has brought economic stability and reduced labor demands. However, this transition has also heightened ground
water dependency to maintain yields and ensure tree survival during surface water shortages (Balali et al., 2025).

The region has a semi-arid climate, with yearly rainfall varying between 203 and 255 mm based on the terrain (Bai et al., 2021). 
Average temperatures throughout the year range from approximately 16–24 ◦C (Mokari et al., 2021).

The prolonged drought conditions since 2002, coupled with reduced snowmelt runoff from upstream areas, have significantly 
depleted surface water resources, increasing reliance on groundwater pumping (Mokari et al., 2021). For example, the Elephant Butte 
Irrigation District (EBID), which historically allocated around 0.91 m (3 feet) of surface water to farmers, could only provide around 

Table 1 
Key differences among modeling approaches.

Aspect Surrogate Modeling Physics-Informed ML Hybrid SD–ML (This Study)

Core Idea Emulates numerical/physical 
models

Integrates physical laws into ML Learns system behavior from SD-generated data

Data Source Physical model simulations Observations + governing equations Synthetic data from SD model
Human/System 

Feedbacks
Not included Rarely included Explicitly included (socio-hydrological 

dynamics)
Model Type Pure ML (black-box) ML + physics constraints SD (process-based) + ML (data-driven)
Data Requirement High Moderate–high Lower (SD-generated data)
Use Case Speed-up simulations Physically consistent predictions Policy-relevant system forecasting
Main Limitation Ignores human dynamics Requires known equations Depends on SD model validity
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0.1 m (4 in.) in 2021. In the absence of adequate surface water, farmers have turned to the fluvial aquifer beneath the Rio Grande to 
meet their groundwater needs (Mashaly et al., 2026). This intensified extraction has caused a decline in groundwater levels and has 
increased river seepage while reducing downstream flow toward Texas. These changes in the water balance led Texas to file a lawsuit 
against New Mexico, alleging that excessive groundwater pumping has diminished river flow and conveyance to downstream users 
(Eslamifar et al., 2024).

The SD model used in this research was developed and published before as an output modeling effort in the NM Water Resources 
Research Institute to study the water scarcity in the LRG region within Dona Ana County, New Mexico. Langarudi et al. (2019)
prepared a big and detailed SD model to describe the whole water system. The model includes seven modules, including water, water 
use, agriculture production, non-agriculture production, population, labor, and wage. The framework allows for the interactive dy
namics between groundwater and surface water, capturing the complexities of the socio-hydrological system as shown in Fig. 2. 
Groundwater and surface water components interact with each other. The SD model consists of a total of 205 variables, including 
endogenous (stock, flow, auxiliary variables), exogenous inputs, and constant parameters. Endogenous variables represent internal 
system dynamics, while exogenous variables capture external drivers such as climate and water inflows. Constant parameters, which 
do not vary over time, were excluded from the MLP training dataset, as they do not contribute to the learning. Thus, only time-varying 
endogenous and exogenous variables were considered in the feature selection and model training process. There are 97 endogenous 
variables and 9 exogenous variables (as time-varying data inputs for the SD model). The model was validated and calibrated from the 

Fig. 1. Lower Rio Grande water planning region, which includes Mesilla Rincon Valley (MRV) in Southern New Mexico (Latitude: 32◦ 15′ 32″ N 
(32.270◦ N), Longitude: 106◦ 48′ 53″ W (-106.801◦ W) Elevation: Approximately 3881 feet (1183 m)), reproduced from Eslamifar et al. (2024).
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start of 1976 to the end of 2011 under the UKMO (United Kingdom Met Office) climate scenario in terms of different patterns of 
precipitation and temperature as key exogenous variables for the system. The SD model output and validated results are available in 
Bai et al. (2021). Model performance was evaluated using Theil’s inequality statistics (Bliemel, 1973; Leuthold, 1975), which 
decompose mean squared error (MSE) into three components: bias (UM), unequal variance (US), and unequal covariance (UC). A low 
Theil’s coefficient (U) indicates close correspondence between simulated and observed data, while large UC values imply that the 
model captures the overall mean and trends well. Sterman (1984) recommends this approach for SD models because it indicates both 
fit quality and potential sources of bias. For most variables, U is below 0.10. Importantly, UC accounts for the majority of errors in these 
variables, indicating that the model still captures general trends well. Overall, the validation results suggest that the SD model rep
licates observed historical patterns across both hydrological and socioeconomic subsystems with acceptable accuracy. Given that the 
model’s primary purpose in this study is to generate synthetic data for MLP model training, its ability to reproduce dynamic patterns 
with low systematic bias is more critical than a perfect point-to-point fit.

Under the UKMO model assumption applied by Mashaly et al. (2026) for the LRG region in the local model, for the 2017–2050 
period, the model indicates wetter conditions relative to historical baselines, with mean annual precipitation reaching 256.5 mm 
(±68.6 mm), a slight increase compared to the historical average of 254.0 mm. Temperatures during this period rise to 17.0◦C 
(±0.6◦C), approximately 0.7◦C warmer than historical norms. Notably, surface water inflows surge to 956.5 million cubic meters per 
year (MCM/yr ±216.8), marking a 14.7% increase over historical levels—the highest inflow among all evaluated models (GFMLP, 
NCAR) for this timeframe. This suggests heightened water availability but also potential flood risks or storage management challenges.

By the 2051–2099 period, UKMO projects a continued rise in precipitation to 276.9 mm/yr (±61.0 mm), nearly 9% above his
torical levels and 8% higher than 2017–2050. However, temperatures climb more sharply to 18.7◦C (±0.7◦C), reflecting 1.7◦C of 
additional warming compared to 2017–2050 and 2.4◦C above historical baselines. Despite the wetter conditions, surface inflows 
decline by 14.9% to 814.4 MCM/yr (±185.1).

Fig. 2. Major components and flows of the SD model. Reproduced from Bai et al. (2021).

G. Eslamifar et al.                                                                                                                                                                                                     Journal of Hydrology: Regional Studies 65 (2026) 103398 

5 



3. Method

3.1. SD modeling and simulation

The SD modeling approach utilizes tools capable of incorporating mental models into simulations based on stock-and-flow con
cepts, which encompass material elements, time lags, and information exchanges (Sterman, 2000). By dynamically replicating the 
outcomes of evolving systems, SD modeling serves as a decision support tool for testing strategic policies, providing a unique means to 
evaluate the effects of potential policy interventions and modifications within complex systems (Sterman, 2000). This methodology 
has a history of application in focusing on complex systems, especially the environment, natural resources, and economic and social 
systems like water and agriculture (Forrester, 1970, 1971; Meadows et al., 1972; Fiddaman, 1997; Sterman, 2008; Yang et al., 2021; 
Herrera et al., 2022).

3.2. Process of creating the MLP model with SD simulation results

In this research, MLP was selected for three reasons. First, SD simulations generated large synthetic datasets across thousands of 
time-steps (1976–2011), enabling deeper networks. Second, groundwater dynamics are nonlinear, shaped by feedbacks between 
irrigation, recharge, and soil moisture, which MLPs can capture effectively. Third, implementation in TensorFlow/Keras ensures 
scalability and experimentation with advanced architectures like Long Short-Term Memory (LSTM) networks. To prevent overfitting, 
dropout regularization was applied, and Mean Squared Logarithmic Error (MSLE) was used as the loss function, well-suited for 
groundwater datasets spanning multiple magnitudes.

Due to the complexities, including nonlinear behaviors and the large number of input variables needed to define Change in GW 
storage, ANN (McCulloch and Pitts, 1943; Haykin, 2009) was selected as the supervised ML approach. In this context, the data from 
selected variables in the SD model presents a regression problem that can be effectively addressed using MLP techniques. This 
approach allows the model to capture complex relationships within the dataset, facilitating more accurate predictions of groundwater 
changes. We implemented a feedforward MLP with three hidden layers. To address the research question, we designed a stepwise 

Fig. 3. General overview of workflow to create MLP model with SD data.
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process that utilizes SD model data to develop a standalone MLP model for predicting groundwater storage changes. The MLP model 
inputs are exclusively based on synthetic data generated by the SD model. No independent hydrological or socioeconomic datasets 
were directly used in the MLP model training. Therefore, the MLP model acts as a surrogate model, approximating the SD model’s 
outputs with fewer features. This is a form of low-fidelity surrogate modeling, where feature elimination is used to reduce dimen
sionality while retaining predictive performance. The 8-step process, outlined in Fig. 3, includes simulation and data collection for 
feature extraction, addressing multicollinearity, removing structural multicollinearity, splitting data for training and test, normalizing 
and training the model, implementing the MLP model, tuning and model evaluation, and ensuring model robustness for reliable 
groundwater storage prediction as explained in the following steps in detail: 

1. SD Simulation and Data Collection for Feature Extraction: We first run the SD model simulation at a precise time step (0.01-year) to 
ensure that the data points satisfy the requirements for learning of the MLP model. With all variables simulated, we begin Process 1 
(Fig. 3), calculating the correlation between the key variable(change in groundwater (GW) storage)and all other variables using 
historical data. The variable selection process began with an initial pool of 106 variables extracted from the SD model outputs, 
representing system-wide socio-hydrological dynamics. Pearson’s correlation is employed to identify significant correlations 
(0.5 < |r| < 0.9), where high correlations (|r| > 0.9) indicate a multicollinearity issue. The p-value for all variables is also 
computed, with values below 0.05 indicating statistical significance.

2. Addressing Multicollinearity: If the absolute value of Pearson's correlation coefficient between two independent variables exceeds 
0.8 or 0.9, multicollinearity is likely. To formally assess this, we calculate the Variance Inflation Factor (VIF) for all variables (with 
0.5 < |r| < 0.9). VIF values greater than 5 signal multicollinearity, and we target those for correction. After calculating R-squared 
for each correlation, we compute the VIF, marking any values greater than 5. Table 2 summarizes the thresholds for selected 
variables from steps 1 and 2.

3. Structural Multicollinearity: As feedback loops are central to SD modeling, we ensure that no selected variables have direct 
structural links with the key variable (change in GW storage). We review each variable’s formulation to eliminate structural 
multicollinearity. For instance, variables like “effect of GW use on agriculture income” and “population growth capacity” require 
careful examination to avoid direct dependence on groundwater storage.

4. Data Splitting for MLP: The historical data (from SD simulation data) is split into training (1976–2004) and test sets (2005–2011), a 
standard requirement for MLP models. Given that this is time-series data generated from SD simulations, we employ non-random 
train-test splits (Medar et al., 2017; Rinderknecht and Klopfenstein, 2021).

5. Normalization: Before training the MLP model, we normalize Change in GW storage data to ensure they are on a similar scale. Z- 
score normalization (Eq. 1) is applied to the dataset to avoid outputs with larger values dominating the training process (Pedregosa 
et al., 2011), and the variable called Change in GW storage index.

z =
x − μ

σ (1) 

To handle errors and reduce the impact of outliers, Mean Squared Logarithmic Error (MSLE) is chosen as the loss function (Eq. 2). 

MSLE =
1
n
∑n

i=1
(log(1 + yi) − log(1 + ŷi))

2 (2) 

6. Implementing MLP model: The model was implemented as an MLP with three hidden layers. Rectified Linear Unit (ReLU) acti
vation functions were used for all hidden layers, followed by a linear output layer. Dropout regularization (rate = 0.2) was applied 
to mitigate overfitting. Model training employed the Adam optimizer with a learning rate of 0.01. The dataset was divided into 
training (1976–2004) and testing (2005–2011) periods to evaluate generalization performance. Model evaluation was conducted 
using an independent testing dataset covering 2005–2011, which was not used during training. The MLP model was designed using 
TensorFlow (v2.x) and the Keras API, chosen for its flexibility and scalability in developing neural networks. A feedforward MLP 
was selected for its capability to capture nonlinear relationships in tabular groundwater data while maintaining computational 
efficiency. The model was constructed using a sequential architecture with three hidden layers consisting of 64, 32, and 16 neurons, 
respectively, each using the ReLU activation function and initialized with a normal distribution. Dropout layers with a 20% rate 
were added after the first and second hidden layers to mitigate overfitting. The output layer comprised a single neuron with a linear 
activation function to predict continuous groundwater change values. The model was compiled using the Adam optimizer with a 
learning rate of 0.01. Training was conducted over 200 epochs with a batch size of 64.

7. Tuning and Model Evaluation: After tuning the model, we evaluate its performance by calculating RMSLE (Eq. 3). And R-squared 
(Eq. 4) is used to assess the model's predictive performance during training and testing (Moriasi et al., 2007).

Table 2 
Criteria and thresholds to select variables (features).

Criterion Threshold Description

Pearson’s Correlation Coefficient (r) 0.5 < |r| < 0.9 Identifies significant correlations
Variance Inflation Factor (VIF) < 5 Detects and reduces multicollinearity
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RMSLE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(log(yi + 1) − log(ŷi + 1))2
√

(3) 

R2 = 1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (4) 

8- Ensuring Model Robustness: To verify the robustness of the MLP model, we use unseen test data and confirm that the model 
maintains similar RMSLE values. Also, to assess how uncertainties in the SD model may influence the performance of the trained MLP 
model, we conduct a sensitivity analysis focusing on the variables selected for MLP model training. A one-at-a-time (OAT) sensitivity 
analysis was conducted to assess the influence of input variables on predicted groundwater storage changes. Each input variable was 
independently perturbed by ±5% and ±10% relative to its baseline value while holding other inputs constant. The resulting change in 
model output was quantified relative to the baseline simulation. In addition, observed groundwater level data from USGS stations that 
were aggregated in the NM DSWB model (Mashaly et al., 2026) were used to show the SD model calibration, as was done in Bai et al. 
(2021). The observed data were normalized to create a standardized Change in GW storage index comparable to model outputs. 
Table 3 summarizes MLP model architecture, training configuration, and hyperparameters.

4. Results and discussion

Based on the process as described in 3.2, we first ran the SD model simulation under the UKMO scenario, using a 0.01-year time step 
to generate detailed data for MLP. This produced 100 data points per year, resulting in a dataset with 3600 points covering the period 
from 1976 to 2011. We calculated the correlation between the change in GW storage (cubic meters), as the key variable, and all other 
variables. After sorting and removing redundancies, 13 variables were identified (Table 4) that exhibited a strong correlation with 
change in GW storage (0.5 < |r| < 0.9). Pearson’s correlation was used to quantify the relationships between variables.

As noted in step 1 of the process for creating an MLP model with SD data (Section 3.2), multicollinearity could introduce issues in 
regression analysis. This could lead to unreliable estimates of regression coefficients, as one variable may predict the other with high 
accuracy. Additionally, the p-value for all variables was calculated, with values near zero indicating statistically significant 
correlations.

Pearson's correlation matrix contains the correlation coefficients between various independent variables related to Change in GW, 
as shown in Fig. 4.

After calculating the R-squared for each correlation, we computed the VIF, and any values exceeding 5 were flagged as shown in 
Fig. 5.

Two groups of variables exhibiting multicollinearity can be found in Fig. 5. Within each group, we either needed to select one 
representative variable or combine the variables to avoid redundancy. In Group A, which included water supply, soil moisture from 
surface water (SW) irrigation, conveyance recharge, and agricultural SW withdrawal, we selected 'soil moisture from SW irrigation' 
due to wide data coverage for the region and the greater precision of its measurement methods, compared to, e.g. conveyance recharge, 
of which only partial/insufficient data was available. In Group B, which comprised river evaporation, SW outflow, river leakage, and 
surface water, 'river leakage' was chosen based on its physical relevance (direct recharge of groundwater by downward percolation) 
and broader applicability in other case studies. This refinement reduced the variable set from 13 to 8 variables.

As feedback loops are a central feature of SD modeling, it is essential to ensure that no direct structural multicollinearity exists 
between the selected variables and the key variable (change in groundwater, GW) in our study. To address this, we reviewed the model 

Table 3 
MLP model architecture, training configuration, and hyperparameters.

Category Hyperparameter Description Tested Range Final Value Used

Model Architecture Input variables Number of predictor variables selected from the SD 
model

— 6

Hidden layers Number of fully connected hidden layers 2–4 3
Neurons per layer Number of neurons in each hidden layer 16–128 64 – 32 – 16
Activation function Nonlinear activation ReLU, tanh ReLU
Output activation Activation for regression output Linear Linear

Training 
Configuration

Optimizer Optimization algorithm Adam, RMSprop Adam
Learning rate Step size for gradient descent 0.001–0.01 0.01
Batch size Samples per training batch 16–64 32
Epochs Maximum number of training iterations 100–500 200
Loss function Objective function MSE, MSLE MSLE

Regularization Dropout rate Fraction of neurons randomly dropped 0.1–0.3 0.2
Early stopping Stop training when validation loss stabilizes Yes / No Yes
Early stopping 
patience

Number of epochs without improvement 10–30 20

Data Handling Data split Temporal split for training/testing — 1976–2004 (train), 2005–2011 
(test)

Data normalization Feature scaling method Min–Max, Z- 
score

Z-score

Random seed Reproducibility control — Fixed
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formulation of each variable to evaluate the potential influence of the key variable on them.
The two variables, "effect of GW use on agriculture income" and "effect of water availability on agricultural income," were removed 

to address structural multicollinearity. Even though they passed the statistical test for non-collinearity, they were defined based on GW 
storage and Change in GW storage and consequently, should be removed.

The final set of six variables as features to train the MLP model was selected as described in Table 5. Precipitation effects are 
represented indirectly through SD-derived variables such as surface water availability, soil moisture from irrigation, and irrigation 
demand, and were excluded from the reduced MLP model input set to avoid redundancy.

Following the workflow, data from 1976 to 2004 were used as the training set, while data from 2005 to 2011 were used as the test 
set. In the next step, given that the selected variables (features for training) had different units and scales, a normalization function was 
applied to standardize all the data before training. For the test data, an RMSLE of 0.036 and an R-squared of 0.71 confirm the model’s 
reliability without overfitting. After training the MLP model, the Root Mean Square Logarithmic Error (RMSLE) for the training dataset 
was 0.031, and the R-squared was 0.77. When predicting the test dataset, the RMSLE was 0.036, indicating a good fit with no signs of 
overfitting. Additionally, the R-square value was 0.71. Model performance during both training and testing periods indicates stable 
generalization, with comparable R² and RMSE values reported in Table 6. The discrepancies between the SD and MLP model outputs 
(Fig. 6) arise from inherent differences in their methodological frameworks and error propagation mechanisms. Normalization, while 
essential for MLP training, can propagate systematic errors if the training data’s mean and variance do not represent future conditions 
(e.g., extreme drought events outside the 1976–2004 range). Although the MLP model showed no overfitting (stable RMSLE and R² 

Table 4 
Input variables set for the MLP model and correlation value with the change in GW storage as output.

Variable name Correlation value ( r)

Surface water inflow (sw in) 0.85
Water supply 0.83
Soil moisture (soil moisture from surface water irrigation) 0.82
Conveyance recharge 0.82
Agriculture surface water withdrawal 0.82
Effect of groundwater use on agricultural income 0.72
Infiltration rate (infiltration) 0.67
Population growth capacity (pop growth cap) 0.64
River evaporation 0.64
Surface water outflow 0.64
River leakage 0.64
Surface water 0.64
Irrigation drainage -0.61

Fig. 4. Correlation matrix for selected variables.
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across training/test sets), its predictions are contingent on the historical data’s representativeness.
Fig. 6 shows the comparison between the MLP model results for the test dataset and the SD simulation for Change in GW storage 

index. Also, the GW index from observed data, which was extracted from monthly data of NM DSWB (Mashaly et al., 2026) and was 
used for SD model calibration and validation by Langarudi et al. (2019), compared with both change in GW storage index from SD 
simulation and prediction of change in GW storage index by MLP. It is important to note that the MLP model is primarily trained on 
synthetic data generated from the validated SD model, and therefore its performance is first evaluated in terms of its ability to 
reproduce SD-simulated system behavior. In this sense, the MLP model acts as a surrogate of the SD model. Observational groundwater 
data are used as a secondary validation step to assess the realism of the coupled SD-ML framework. Given the limited temporal overlap 
of available observations, this validation is necessarily partial; however, it provides additional confidence that the model captures key 
groundwater dynamics in the Lower Rio Grande basin. The GW index values are normalized (Z-score normalization as noted in the 
Method section) to align with the input scales used in the training dataset, ensuring consistent evaluation across model outputs. As the 
model performance measures (RMSLE and R-squared) didn’t change considerably when applied to unseen data (test set) in comparison 
with training data set, the MLP model is not in an overfit condition. Using historical data to train the MLP model suggests that the 
model can produce reliable predictions for future groundwater changes.

Fig. 5. VIF measure matrix to find multicollinearity; 1 means VIF > = 5, and means VIF < 5.

Table 5 
Six variables as features to train the MLP model (simulated by SD model to prepare augmented data for the MLP model).

Variable Name Description Units

Surface water inflow (sw in) The volume of water entering the region's surface water systems Cubic meters per year
Soil moisture (soil moisture from sw irrigation) Soil moisture from surface water irrigation Cubic meters per year
Population growth capacity 

(pop growth cap)
Rate of population increase Persons per year

River leakage Water leaking into groundwater from rivers Cubic meters per year
Infiltration rate 

(infiltration)
Rate of water infiltration into the ground Cubic meters per year

Irrigation drainage Excess water draining from irrigation systems Cubic meters per year

Table 6 
Results of evaluation.

Evaluation Metrics Description Final Value

RMSLE Root Mean Squared Logarithmic Error 0.031 (train), 0.036 (test)
R² Coefficient of determination 0.77 (train), 0.71 (test)
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This implies that the MLP model can now be used as an independent tool for predicting groundwater changes in various scenarios 
without relying on the SD model or additional calibration. With only the final six variables, the MLP model can be trained to provide 
accurate forecasts for future groundwater changes.

By perturbing key 6 variables selected for MLP training within ±%5 and ±%10 (totally 25 runs), we generated a suite of SD 
simulations and retrained the MLP on each variant. The standard deviation of the MLP model's predictions across these runs was used 
as a proxy for sensitivity to SD inputs. We found that the MLP model's outputs varied by ±%6 in average around the baseline pre
diction. This indicates that while the MLP model is generally robust, it inherits and amplifies some of the structural assumptions 
embedded in the SD simulation. Consequently, careful calibration and validation of the SD model remain essential prior to its use in 
training data-driven models. This hybrid approach thus benefits from the interpretability of mechanistic models and the predictive 
strength of data-driven models, but it also requires transparent treatment of error propagation and uncertainty.

Also, sensitivity analysis results indicate that the selected input variables exhibit varying levels of influence on groundwater 

Fig. 6. Out-of-sample comparison between SD-simulated, MLP-predicted GW storage index, and observed data from GW storage index during the 
testing period (2005–2011). Performance metrics (R², RMSE) are shown on Table 6.

Fig. 7. Future prediction comparison between SD-simulated, MLP-predicted GW storage index, and observed data from GW storage 
index (2012–2098).
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storage. Among them, irrigation demand and surface water inflow show the highest sensitivity, with perturbations leading to the 
largest changes in predicted groundwater storage. This reflects the dominant role of agricultural water use and surface water avail
ability in the basin. Variables such as soil moisture from irrigation and river leakage demonstrate moderate sensitivity, while other 
inputs exhibit comparatively smaller effects. Overall, the results highlight the critical importance of conjunctive water use dynamics in 
shaping groundwater variability in the region.

Thus, we have developed a predictive tool that leverages both SD simulation and MLP. This approach allows us to utilize the MLP 
model, trained with SD-generated data, for accurate predictions. As the next step, we applied the MLP model to forecast future 
groundwater changes, using SD simulation data from 2012 onwards, which has not been validated or calibrated. Fig. 7 illustrates the 
MLP model's forecast for future.

In this process, the majority of the historical SD simulation data was used as training data for the MLP model, while the remaining 
portion was employed to test the model's performance, which was found to be satisfactory. This demonstrates the MLP model's 
capability to reliably predict future changes, suggesting that it can be used and replaced for forecasting groundwater dynamics.

The integration of SD modeling with MLP techniques in this research provides a new approach to forecasting groundwater storage 
changes. Traditional methods for simulating groundwater dynamics, such as physical and numerical models, often struggle with the 
complexity of groundwater systems, especially in regions with limited data (Tao et al., 2022). The coupled SD-ML approach offers a 
useful solution, demonstrating several key benefits over conventional modeling methods. It recognizes the limitations of traditional 
models and explores the potential of AI, with specific attention to ANN and SVM methodologies (Tao et al., 2022).

The study makes several contributions to the existing literature. Firstly, it resulted in a new model a socio-hydrological variable 
(population growth capacity), addressing a critical gap in traditional groundwater models (Sahoo et al., 2017). The methodology 
enables the creation of a new regional groundwater model, offering a transferable framework for different cases of study. Selected 
inputs (six features) are common hydrological and socio-economic parameters that can be reused in on other regions with similar 
hydrogeological setting. The research capitalizes on the strengths of SD, utilizing its ability to simulate complex dynamic systems, to 
generate detailed datasets as combination of synthetic data for training MLP algorithms. The performance metrics, with an RMSLE of 
0.036 and an R-square of 0.71 for test data set versus RMLSE 0.031 R-square of 0.77 for traning data set, underscore the suitable fit of 
the model. The new model offers several significant implications.

Reduced Dependence on Physically-Based Groundwater Models: Groundwater systems are inherently complex, partially 
unobservable, and dynamically evolving, which makes their complete physical characterization impossible (Freeze et al., 1990; 
Oreskes et al., 1994). Consequently, all groundwater models represent simplified abstractions designed to address specific objectives 
such as flow, storage, or mass balance estimation. Traditional physically-based models require detailed spatial digitization and 
extensive parameterization of subsurface properties, leading to substantial data and calibration demands. In contrast, ML approaches 
can infer system behavior directly from data without explicit representation of physical processes (Chen et al., 2020). This distinction 
makes ML models particularly valuable in data-limited regions, where constructing and maintaining physically-based models is often 
impractical.

While the current hybrid SD-ML approach leverages historical dynamics simulated by a SD model to train a MLP framework, future 
research can benefit from integrating physics-informed machine learning (PIML) methodologies to enhance physical consistency and 
interpretability. PIML frameworks offer a promising avenue for embedding physical laws like mass balance, Darcy’s law, or governing 
partial differential equations (PDEs) directly into the learning process of neural networks. Recent studies, such as Cai et al. (2021), 
(2022), (2024), illustrate how interpretable MLP models can uncover multiscale groundwater drought mechanisms, while Zhan et al. 
(2024) demonstrate the ability to identify PDEs governing groundwater processes using Lasso-regularized physics-informed regres
sion. Incorporating such approaches into groundwater forecasting models could significantly improve their generalizability to 
nonstationary or extreme conditions, mitigate overfitting to historical patterns, and increase stakeholder confidence in predictive 
outcomes.

Improved Predictive Performance under Data Scarcity: Limited availability of high-quality groundwater data remains a major 
challenge for reliable numerical modeling. While physically-based groundwater models can be formulated within an SD framework 
using stocks and flows, the SD model applied here explicitly integrates socio-hydrological and institutional feedbacks rather than 
focusing solely on physical processes. Although the SD model includes more than 205 variables, its structure is designed to capture key 
feedback mechanisms across hydrological and socio-economic subsystems.

It should be noted that the proposed SD-ML model produces deterministic (point) forecasts without explicitly quantified predictive 
uncertainty. Therefore, model outputs should be interpreted accordingly. A preliminary ensemble analysis based on multiple MLP 
training runs indicated limited variability in predictions, suggesting stable model performance; however, this does not replace a formal 
uncertainty quantification framework. Future work should incorporate probabilistic approaches, such as Monte Carlo dropout or 
Bayesian neural networks, to provide prediction confidence intervals and better characterize uncertainty under data-scarce conditions.

Reduction of Model Complexity through SD-ML Integration: Coupling SD with MLP approach enables substantial model 
simplification without sacrificing predictive capability. Traditional groundwater models often require large input sets and intensive 
calibration efforts. In contrast, the MLP model developed here relies on a reduced subset of influential variables, including surface 
water inflow, irrigation-induced soil moisture, and river leakage. Groundwater systems exhibit strong nonlinearities and in
terdependencies, which are effectively captured by neural networks trained on SD-generated synthetic data and validated against 
observations. While numerical models simulate groundwater behavior based on physical parameters, ANNs learn dynamic 
input–output relationships (Sahoo et al., 2017). Similar to prior ANN applications in groundwater forecasting (Coppola et al., 2003, 
2005), the proposed SD-ML framework achieves high predictive accuracy while generalizing across varying hydrological conditions.

Hydrological Implications for the Lower Rio Grande Basin: The results are consistent with previous studies emphasizing the 
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combined effects of groundwater pumping and climate variability in the Lower Rio Grande (LRG) Basin (Sheng, 2013; Liu and Sheng, 
2011). Simulated groundwater storage variability aligns with USGS assessments of surface and shallow groundwater dynamics in the 
Rio Grande Project area (Driscoll and Sherson, 2016). Although the primary contribution of this study is methodological, the SD-ML 
framework reveals meaningful hydrological patterns. The modeling results provide region-specific insights into groundwater dynamics 
in the Mesilla Basin. Consistent with Bai et al. (2021), prolonged drought conditions, reduced upstream surface water deliveries, and 
expansion of perennial crops have intensified groundwater dependence. Sensitivity analysis indicates that irrigation demand and 
surface water inflow are the dominant controls on groundwater storage variability, with groundwater declines intensifying during 
periods of reduced surface water delivery and increased irrigation demand. This finding highlights the critical role of conjunctive water 
use, where surface water shortages directly translate into increased groundwater withdrawals. Also, these findings highlight the 
potential effectiveness of demand-side interventions, including improved irrigation efficiency and canal leakage mitigation, in sta
bilizing groundwater levels during prolonged droughts. The predictive behavior of the SD- ML model reflects key hydrological 
characteristics of the Lower Rio Grande (LRG) and the Mesilla–Rincon Valley Basin. Groundwater storage changes are strongly 
influenced by surface water availability from the Rio Grande, irrigation demand, and soil moisture dynamics.

Transferability to Other Groundwater-Stressed Regions: Although this study focuses on the LRG Basin in southern New Mexico, 
the proposed SD-ML framework is transferable to other regions facing groundwater stress, complex hydrological settings, and limited 
data availability. The ability to train MLP models using SD-generated simulations reduces dependence on extensive field data and 
calibration efforts, making the approach particularly relevant for arid and semi-arid regions worldwide where data scarcity constrains 
effective water management.

Integration of Socio-Hydrological Variables: Unlike conventional groundwater models that emphasize physical hydrology 
alone, the proposed framework explicitly incorporates socio-hydrological variables such as irrigation practices, soil moisture from 
irrigation, drainage return flows, and population-driven water demand. Previous studies have highlighted the importance of inte
grating socio-economic drivers into groundwater modeling (Kumar et al., 2005, 2017). By embedding these factors within the SD 
structure and transferring their dynamics to the MLP model, the framework provides a more comprehensive representation of 
groundwater behavior.

Decision Support for Sustainable Groundwater Management: The SD-ML model framework functions as a decision-support tool 
by providing timely and computationally efficient groundwater forecasts. This aligns with the growing use of AI-based tools for 
sustainable water management (Daliakopoulos et al., 2005; Krishnan et al., 2022; Farzana et al., 2024). Model outputs can inform 
policy decisions related to groundwater allocation, conservation strategies, and drought mitigation. Moreover, the framework allows 
for the exploration of abrupt socio-economic or hydrological changes, supporting proactive responses to emerging water management 
challenges.

SD Simulation as a Data Augmentation Strategy: A central innovation of this study is the use of SD-generated simulations as a 
data augmentation technique for MLP model training. Data scarcity is a major limitation in MLP applications for groundwater 
modeling, often restricting model accuracy and generalizability. While synthetic data generation has been explored using physically- 
based models (Kratzert et al., 2019; Raissi et al., 2019), this study uniquely leverages SD simulations to generate high-dimensional, 
internally consistent socio-hydrological data. The dynamic and feedback-rich nature of SD models makes them particularly 
well-suited for augmenting training datasets and enhancing MLP performance in groundwater forecasting.

5. Conclusion

5.1. Main findings

This study demonstrates that synthetic data generated from a validated socio-hydrological SD model can be effectively used to train 
an MLP model for predicting groundwater storage changes. The resulting SD-ML model framework captures key nonlinear interactions 
governing groundwater dynamics in the Lower Rio Grande basin while substantially reducing model complexity and data re
quirements. This study shows the potential for applying this SD-ML modeling approach to other regions facing similar groundwater 
challenges. By providing a transferable framework, the model can aid decision-makers in water resource management, especially in 
regions with limited data availability. Future research could enhance the model’s accuracy by integrating real-time data and exploring 
additional variables to further improve predictive capabilities. The results underline the applicability of combining SD and MLP for 
groundwater modeling, contributing valuable insights into sustainable water resource management.

5.2. Limitations and future research

Despite its promising results, the study has certain limitations that should be addressed in future research. While the MLP model 
achieved high predictive accuracy, its reliance on SD-generated data means that any inaccuracies in the SD model could propagate 
through the MLP model. Ensuring the continued validation and calibration of the SD model, particularly under changing climate 
conditions, is crucial for maintaining the accuracy of the MLP predictions. Future research could also explore the integration of 
additional data sources, such as remote sensing or real-time monitoring systems, to further enhance the model's predictive capacity.

A notable limitation of the current MLP model lies in its limited direct evaluation under extreme hydroclimatic conditions, such as 
prolonged droughts or episodic intense rainfall that may drive substantial groundwater depletion or recharge. While the SD model was 
previously validated under some extreme conditions, the MLP model’s reliance on these simulations may still constrain its respon
siveness to novel or more severe future events. Although the training dataset reflects historical variability in key drivers such as climate 
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and irrigation, it may not fully capture the statistical rarity or abrupt nonlinearities associated with future extremes, particularly those 
that deviate from the observed historical regime. This poses a concern for predictive generalizability, especially in semi-arid regions 
like the Lower Rio Grande, where increased climate variability is expected under global change. Future work should explore the 
integration of synthetic stress-testing (e.g., climate projections or hydrological simulations of extreme droughts and recharge events) to 
assess and strengthen the MLP model’s robustness. Combining data-driven models with physically-based components or ensemble 
scenario approaches may enhance their adaptability to nonstationary and extreme future conditions. The MLP model developed in this 
study is trained on internally consistent scenarios generated by a socio-hydrological SD framework. As such, ad hoc perturbation of 
individual climate variables (e.g., precipitation shocks) outside the SD structure may violate coupled hydrologic–institutional feed
backs and lead to unrealistic system states. Consequently, quantitative stress testing under extreme climate conditions is beyond the 
scope of the present work and is best addressed through future SD-driven climate scenario ensembles that preserve physical and socio- 
hydrological consistency.

Even though the proposed MLP model demonstrates acceptable performance in reproducing the mean behavior of groundwater 
storage change, it exhibits limited ability in predicting extreme values, as illustrated in Fig. 7. This limitation is not uncommon in MLP 
models applied to environmental systems and arises from a combination of data and modeling factors. First, the synthetic dataset 
generated by the SD model includes relatively few instances of extreme change in GW storage index values, resulting in a skewed 
distribution that favors moderate changes. This imbalance leads the model to prioritize learning dominant patterns, thereby mini
mizing loss but underrepresenting rare events. Second, the selected loss function (MSLE) is designed to penalize relative rather than 
absolute deviations. While this ensures stability across varying magnitudes, it inherently dampens the model’s sensitivity to large 
positive or negative fluctuations. Third, the use of dropout layers for regularization helps prevent overfitting but may also suppress the 
model’s responsiveness to high-variance inputs, further constraining its representation of extremes. To address this, future work may 
incorporate reweighted loss functions to emphasize rare events, ensemble methods that capture both central trends and outliers, or 
PINNs that explicitly enforce physical constraints. We have included a dedicated discussion of this limitation in the revised manuscript 
to provide a more nuanced interpretation of the model’s strengths and boundaries.

Although the MLP model demonstrated good predictive performance as measured by RMSLE and R², the study does not currently 
quantify predictive uncertainty through formal statistical frameworks such as prediction intervals or probabilistic inference. This is a 
limitation, particularly for decision support applications where understanding the confidence bounds around predictions is essential. 
Uncertainty in MLP model outputs may stem from various sources, including input data variability, biases in the training data derived 
from the SD model, and the intrinsic stochastic nature of MLP training processes (e.g., weight initialization, optimization paths). While 
we mitigated some of these uncertainties through robust variable selection and model validation procedures, future research could 
benefit from incorporating Monte Carlo dropout methods, ensemble predictions, or Bayesian neural networks to produce probabilistic 
forecasts. These approaches would allow for more transparent risk assessment and greater confidence in groundwater management 
decisions under uncertainty.

It should be noted that the OAT sensitivity analysis evaluates the effect of individual variables independently and does not account 
for potential interactions or nonlinear dependencies among inputs. As a result, the combined influence of multiple variables may be 
underestimated. Future research could apply global sensitivity analysis methods, such as variance-based approaches, to better capture 
interaction effects and provide a more comprehensive assessment of system behavior.

Also, we will explore the application of post hoc explanation tools such as SHAP (SHapley Additive exPlanations) and LIME (Local 
Interpretable Model-Agnostic Explanations), which have been used to interpret feature contributions in black-box models. These tools 
will allow us to assess whether the influence of predictors (e.g., irrigation, soil moisture, and inflow) on change in GW storage index 
aligns with known hydrogeological processes.

5.3. Broader impact

The SD-ML framework offers a transferable modeling strategy for data-scarce regions where traditional groundwater models or SD 
expertise are unavailable. By embedding socio-hydrological feedback into a lightweight forecasting tool, this approach can support 
adaptive water management, policy analysis, and decision-making across diverse groundwater-dependent systems.
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