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Abstract

Computer science has become an essential discipline for solving complex, data-intensive problems across the natural
sciences. This study demonstrates how machine learning algorithms—especially ensemble methods such as stacking,
random forest, and gradient boosting—can be used to build data-driven ground-motion models (GMMSs) for predicting
peak ground acceleration (PGA), a key parameter in seismic hazard assessment. The stacking approach integrates
multiple base learners (linear regression, polynomial regression, decision tree, and random forest) with meta-models
(linear regression, decision tree, or random forest) to enhance prediction accuracy. Random forest constructs an
ensemble of decision trees, while gradient boosting sequentially refines residuals to minimize errors. Models are trained
on over 10000 records from small-to-moderate earthquakes (Mw 3.5-5.8) with hypocentral distances up to 200 km.
Predictor variables include moment magnitude (Mw), hypocentral distance (Hypo-D), rupture-top depth (Ztor), and
average shear-wave velocity in the upper 30 m (VS30). Performance evaluation reveals that the stacked model with a
linear-regression meta-model achieves the highest accuracy, underscoring the potential of ensemble learning for
seismic hazard modeling.

Keywords: Machine learning; Regression; Ensemble methods; Gradient boosting; Random forest; Stacking; Seismic
hazard assessment; Peak ground acceleration (PGA)

1. Introduction

In seismic hazard analysis, machine learning (ML) techniques have emerged as powerful tools for developing data-
driven ground-motion models that can capture complex relationships among seismic parameters more effectively than
traditional empirical methods. Ground-motion models (GMMs) are essential tools in seismic hazard analysis,
contributing to the development of hazard maps, earthquake-resistant building codes, and strategies for risk reduction
[1, 2, 3]. Among their primary applications, GMMs are widely used to predict peak ground acceleration (PGA), a crucial
parameter for site response analysis and structural design. Significant research has been conducted to improve site
response modeling in seismic analysis. For example, Najafizadeh et al. examined the site response of various geological
formations, including 2D triangular, irregular triangular, and rectangular alluvial deposits [4, 5, 6]. Similarly, Pakniat et
al. developed SEISGRASP, a software package designed for signal processing, soil profile analysis, and comprehensive
site response analysis [7, 8]. Tools like SEISGRASP highlight the growing role of advanced computational methods in
refining seismic hazard assessments. Additionally, earthquake records and their characteristics are widely used in
structural analysis, including seismic fragility assessments of buildings [9]. Ensemble methods have driven
breakthroughs in intelligent transportation—evidenced by traffic-scene understanding [10]—and in biomedical
engineering, from scaffold-based drug delivery to regenerative-medicine outcome prediction [11, 12, 13,14, 15, 16, 17,
18]. These cross-domain successes highlight ensemble learning’s power to extract robust patterns from noisy, high-
dimensional data, motivating its use here to improve seismic ground-motion modeling and PGA forecasting.
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GMMs are based on factors such as earthquake magnitude, source-to-site distance, and site-specific conditions.
Traditional empirical GMMs often rely on existing functional forms to model ground motion parameters, as
demonstrated by several seminal works [19, 20, 21]. While these models are effective, they rely on simplifying
assumptions and may struggle to capture the complexity of ground motion phenomena, particularly in regions with
limited data. Recent advances in ML have introduced powerful nonparametric alternatives to classical regression
techniques. In previous work, ML models such as regression trees have been effectively used in flood forecasting,
particularly in data-scarce regions [22]. Similarly, recent research has applied data-driven techniques to track and
simulate the environmental transport of emerging contaminants like microplastics, integrating experimental insights
with computational [23, 24, 25]. Unlike traditional empirical GMMs that rely on predefined functional forms [26], ML
approaches such as artificial neural networks and random forest regressors can flexibly capture complex nonlinear
relationships in high-dimensional seismic data. This flexibility is especially valuable for regions with sparse or
heterogeneous earthquake records. Recent studies have demonstrated the effectiveness of these models in improving
ground motion predictions [27, 28, 29, 30, 31, 32, 33, 34, 35].

ML techniques offer significant advantages for modeling complex systems in earthquake engineering. In seismic hazard
analysis, these methods can process large, heterogeneous datasets to uncover nonlinear relationships that conventional
empirical ground-motion models often fail to capture. For example, decision trees, support vector machines, and deep
learning architectures [10] flexibly model diverse geological conditions and maintain robust performance when
historical data are sparse or non-uniform. By continuously integrating new seismic records, these approaches refine
ground motion predictions over time, supporting more reliable hazard assessments and risk mitigation strategies.
Induced earthquakes pose additional challenges due to their shallow depths and distinct attenuation characteristics [2,
21], which traditional GMMs designed for tectonic events may not fully capture. ML provides a flexible framework for
modeling induced seismicity by leveraging historical records to improve understanding of small-to-moderate
magnitude events. For instance, Alidadi et al. and Farajpour et al. developed region-specific GMMs for induced
earthquakes in Central and Eastern North America (CENA), offering valuable insights into their unique attenuation
patterns [26, 28].

Previous studies have demonstrated correlations among the model parameters. A suite of regression techniques—
linear regression, polynomial regression, decision trees, and random forests—was applied to develop parametric and
non-parametric ground-motion models, providing a comprehensive comparison of their performance in earthquake
engineering and PGA prediction. Building on these results, additional ensemble methods were evaluated to further
enhance model accuracy and assess the impact of more advanced machine-learning approaches [29]. Unlike prior work
by Alidadi and Pezeshk [26,28] and Pakniat et al. [29], which focused on single ensemble techniques or limited model
comparisons, this study systematically evaluates multiple ensemble approaches—random forest, gradient boosting,
and various stacking configurations—using the comprehensive and diverse NGA-West2 dataset. By comparing these
methods side-by-side, this study provides new practical insights into selecting optimal ML techniques for predicting
PGA in induced seismicity contexts. This is, to the best of the author’s knowledge, the first study to demonstrate how
stacking configurations can outperform single ensemble methods for data-driven ground-motion models.

In this study, according to the previous research, after comparing the different methods, the decision was made to focus
on the one that performed best. The random forest regressor (RFR) was identified as the most reliable approach based
on its consistent results and overall performance [29]. To further enhance GMM accuracy, the gradient boosting and
stacking ensemble methods were implemented. This research enhances our understanding of ground motion prediction
for induced seismicity and contributes to more accurate seismic hazard assessments. By utilizing moment magnitude
(Mw), hypocentral distance (Hypo-D), and VS30 as predictor variables, the models aim to forecast PGA with improved
reliability. This work contributes to the advancement of data-driven GMMs, addressing critical challenges in seismic
hazard assessments for induced seismicity.

2. Material and methods

2.1. Ground Motion Database

The NGA-West2 database is a comprehensive and meticulously curated ground motion database developed as part of
the Next Generation Attenuation (NGA) project [32]. This initiative aims to enhance ground motion prediction models
specifically for shallow crustal earthquakes occurring in active tectonic regions, with a focus on Western North America,
as well as other seismically active areas around the world. The database was compiled by the Pacific Earthquake
Engineering Research Center (PEER), and it represents one of the most extensive and detailed datasets available for
seismic hazard assessment. The NGA-West2 dataset includes instrument-corrected, median, and orientation-
independent horizontal components of ground-motion intensity measures (GMIMs), specifically the RotD30 metric. The
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RotD30 represents the 30th percentile of the response spectra across all nonredundant rotation angles, providing a
robust and stable representation of ground motion intensity across various directions [29, 30].

In developing accurate ground motion prediction models, selecting appropriate input parameters and defining their
ranges is crucial. The quality and reliability of these models depend significantly on these variables, as they influence
both performance and the model’s ability to represent the complex physical processes that govern seismic events. In
this study, moment magnitude (Mw) (unitless), hypocentral distance (Hypo-D) (km), depth to the top of the rupture
plane (Ztor) (km), and the time-averaged shear wave velocity in the top 30 meters (VS30) (m/s) are used as input
features. These variables capture key aspects of the earthquake source and local site conditions, which affect the
amplification of seismic waves at the surface. Together, they characterize the physical properties that are critical for
predicting ground motion. The model’s output is defined as the horizontal component of peak ground acceleration
(PGA), expressed in units of g, which directly correlates with the potential for structural damage during an earthquake
and is a key parameter in seismic hazard analysis. Moment magnitude (Mw) is a unitless measure that quantifies the
size of an earthquake, representing the total energy released during the seismic event. Hypocenter distance (Hypo-D),
measured in kilometers, indicates the distance from the seismic source to the observation site, which directly affects
the intensity of the ground motion. Depth to the top of the rupture plane (Ztor), also measured in kilometers, captures
the depth of the earthquake source, which influences the attenuation of seismic waves as they propagate through the
Earth’s crust. VS30 is the time-averaged shear wave velocity in the upper 30 meters of the Earth’s surface, measured in
meters per second. It is a key site-specific parameter that affects the amplification of ground shaking, with higher
velocities generally indicating stiffer soil conditions that attenuate seismic waves more effectively. PGA serves as the
observed data and the output in our model. PGA is a critical parameter in seismic hazard assessment as it represents
the maximum acceleration experienced at the Earth's surface during an earthquake, directly correlating with the
potential for damage to structures and infrastructure.

Utilizing these parameters as input features enables the development of a robust model capable of accurately predicting
PGA values under various seismic conditions. By integrating the NGA-West2 database with these selected input
parameters, ground motion prediction models are refined and enhanced, leading to improved seismic hazard
assessments and risk mitigation strategies in regions prone to shallow crustal earthquakes.

2.2. Data Processing

Preliminary data analysis of the recorded ground motions suggests that the logarithms of GMIMs (ground motion
intensity measures) are more effectively captured when using the logarithms of both Hypo-D and VS30 as input
variables. This observation is based on the fact that these variables exhibit significant positive skewness, with
distributions that are not symmetric and have longer right tails. The output variable, PGA, shows similar skewness. To
address this and better capture the relationships among variables, Hypo-D, VS30 and PGA are transformed using the
natural logarithm—yielding In(Hypo-D), In(VS30) and In(PGA)—which helps normalize the data, reduce the impact of
outliers and extreme values, and improve model performance [29].

The input parameters are continuous variables, meaning they are numerical features that can take on a wide range of
values. Most ML algorithms, with the exception of tree-based models like decision trees and random forests, are
sensitive to unscaled numerical features. When data is not properly scaled, it can result in significantly slower training
times and hinder the convergence of gradient-based algorithms. This is particularly true for models such as linear
regression and support vector machines, which rely on optimization methods that are sensitive to the scale of the input
data [37]. In the case of unscaled data, features with larger numerical values could disproportionately influence the
model, leading to biased or inefficient models. For example, if one feature, such as Hypo-D, has a much larger numerical
range than another feature, such as M, the model may give excessive importance to Hypo-D simply because its numerical
range is wider, even if M is just as important for prediction. To mitigate these issues and ensure the ML models are
trained efficiently, all input parameters were standardized before feeding them into the ML algorithm. Standardization
is the process of rescaling the features of a dataset so that each feature has approximately a mean of 0 and a standard
deviation of 1. This ensures that all the input features are on a similar scale, preventing any one feature from dominating
the learning process due to its larger numerical values [29]. Standardizing the data using Equation (1) ensures that
optimization algorithms converge more quickly and avoids the pitfalls of unscaled inputs. Overall, feature
transformation and standardization are critical preprocessing steps that enable ML models to learn effectively from the
data. To implement this, each feature is standardized according to the following equation:

x' = , e (1)
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where x' is the standardized value, x is the original value, y is the mean of the data, and o is the standard deviation of
the data.

In machine learning, dividing a dataset into training and test sets is essential for developing robust, reliable models. The
training set enables the model to learn underlying patterns, while the test set evaluates its performance on unseen
data—revealing issues such as overfitting or underfitting. To prevent inadvertent bias, the data should be shuffled prior
to splitting, ensuring that any inherent ordering or grouping does not influence learning. In this study, the shuffled
dataset was partitioned into an 80 percent training set and a 20 percent test set, providing ample data for model
development while retaining sufficient hold-out samples for validation. By combining proper shuffling with an
appropriate split ratio, the resulting models achieve more accurate, generalizable predictions of PGA, thereby
strengthening seismic hazard assessments.

2.3. Machine Learning Models

The estimation of GMIM is approached as a regression problem, where GMM is represented as follows:

In(PGA) = function[M, In(Hypo — D), Ztor, In(Vs34)] ... ... (2)

A combination of linear and polynomial regression models, in conjunction with the bagging (bootstrap aggregation)
technique, was employed to investigate the relationships between the dependent and independent variables.
Regression analysis facilitated the evaluation of these relationships, while bagging enhanced model robustness and
predictive accuracy by reducing variance [38, 39]. It is important to emphasize that the earthquake data used in this
study are real earthquake data records rather than synthetic or simulated data. Since these earthquake records are
naturally occurring and not artificially generated, the true relationship between the input parameters and PGA is
unknown. This inherent uncertainty necessitates the exploration of multiple ML techniques to effectively capture the
complex interactions among these parameters. By testing different models, we aim to identify the most effective
approach for predicting PGA and understanding the underlying data patterns. In a recent study, linear regression, lasso
regression, polynomial regression, decision tree and random forest were implemented, and their results showed a
consistent improvement in the results [29]. To follow their procedure and develop better models, the random forest
and two other ensemble models were developed. ML algorithms were implemented in Python using NumPy for
numerical processing, Pandas for data preprocessing, scikit-learn for model development, training, testing, and
evaluation, and Matplotlib and Seaborn for visualizing and plotting results.

2.3.1. Ensemble Machine Learning Models

Ensemble models are powerful ML techniques that combine the predictions of multiple individual models to improve
overall performance and robustness. By aggregating the strengths of various models, ensemble methods can effectively
reduce overfitting, improve prediction accuracy, and enhance model stability. Techniques such as bagging, boosting,
and stacking are widely used ensemble approaches, each employing distinct strategies to refine predictions.

In this study, three ensemble models, random forest, gradient boosting, and stacking, were employed to assess their
effectiveness in predicting PGA and to compare their performance with individual models. By combining multiple
models, ensemble methods often outperform standalone models, particularly when dealing with complex, high-
dimensional data like seismic parameters. Comparing individual and ensemble models provides valuable insights into
the trade-offs between model simplicity, interpretability, and predictive performance, guiding the selection of the most
effective approach for seismic hazard assessment.

2.3.2. Model Evaluation

To rigorously assess predictive performance, quantitative metrics—Mean Squared Error (MSE) to measure average
squared prediction error and R? to quantify explained variance on the In(PGA) scale—are combined with a graphical
diagnostic. MSE measures the average squared difference between the actual and predicted values. Smaller MSE values
indicate better model performance. N, y and § represent the number of values, actual values and predicted value,
respectively (equation 3).

N
1
Mean Squared Error = NZ(yi ) 3)

i=1
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R-squared (R?) quantifies the proportion of variance in the dependent variable which is explained by the model. An R?
value close to 1 indicates strong predictive performance, while negative values suggest the model performs worse than
simply predicting the mean value. In the formula, y, 7 and J represent actual value and average of actual values and
predicted value, respectively (equation 4).

RZ 11— i —9)°

seore i = y)?
Since the model is high dimensional with 4 variables, to reduce the dimensionality and further assess model
performance, natural logarithm of predicted PGA values are plotted against natural logarithm of observed values on a
2D scatter plot. An x=y reference line is included to represent perfect predictions. Data points clustering closely around
this line indicate stronger model performance, suggesting that the model is effectively capturing the relationship
between input variables and PGA. The scatter plot provides a simplified yet insightful way to evaluate model accuracy,
albeit in reduced dimensions. By combining these evaluation metrics and visual analysis, we aim to compare model
performance and identify the most suitable method for predicting PGA based on real earthquake records. The following
sections provide a detailed explanation of each ML model and its implementation.

3. Analysis and Results

3.1. Random Forest

The random forest model is a robust and highly effective ML technique that improves prediction accuracy by
aggregating the outputs of multiple decision trees. Each individual tree in the random forest makes an independent
prediction based on a subset of the data and features. The final prediction is determined by averaging the individual
predictions from all the trees. This ensemble learning approach helps mitigate the overfitting problem often associated
with individual decision trees, where a model becomes too tailored to the training data, leading to poor performance on
new, unseen data. Random forests also enhance model stability by reducing variance. By training each tree on a random
subset of data, the model benefits from the diversity of the different trees. Combining these different perspectives
results in a more generalized model that captures a broader range of patterns and reduces the likelihood of error caused
by noise or outliers in the data. Additionally, random forests naturally handle feature importance, providing insights
into which features contribute most to the predictions. This is particularly useful for feature selection and model
interpretation. To assess the model's generalization capability and reduce overfitting, cross-validation was applied.

The random forest model demonstrated impressive performance, achieving an MSE of 0.1409 and an R-squared value
of 0.8573. These results indicate that the model not only provides high accuracy but also explains a substantial portion
of the variability in the data. Specifically, the R-squared value suggests that the model accounts for 85% of the variation
in PGA values, marking a significant improvement compared to simpler models like linear regression or decision tree
regression. This performance underscores the model's ability to capture complex patterns in the data, which is crucial
in seismic hazard analysis, where relationships between features can be highly nonlinear and intricate.

As shown in Figure 1, the scatter plot of predicted versus actual PGA values further reinforces the model’s performance.
The points closely align with the diagonal line, indicating that the predictions are well-aligned with the true values. This
visual alignment highlights the model's accuracy and its effectiveness in forecasting PGA values.

In comparison to individual decision tree models, random forests offer a clear advantage. Single decision trees tend to
perform well on training data but struggle to generalize to new data due to overfitting. By combining multiple trees,
random forests overcome this limitation, providing a more powerful and reliable approach, especially for complex tasks
like seismic hazard analysis. Leveraging the strength of multiple decision trees, the random forest model offers
improved predictive power, making it an ideal choice for high-dimensional and noisy datasets, which are common in
earthquake engineering studies [29].

3.2. Gradient Boosting

Gradient boosting regression is a powerful technique that builds predictive models through an iterative process. It
begins by fitting a simple model to provide an initial prediction. The algorithm then calculates the residuals — the
differences between the actual values and the predicted values — which represent the errors the model needs to correct.
In the next step, a new model is trained specifically to predict these residuals. This new model’s predictions are then
combined with the previous model's predictions, with the combination controlled by a learning rate parameter to
prevent drastic changes. This process of sequentially training new models to minimize previous errors continues until
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the model achieves satisfactory performance. The final prediction is obtained by aggregating the outputs of all the
individual models, effectively improving accuracy and capturing complex patterns in the data.

Actual vs Predicted PGA (Random Forest)
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|
-
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Natural logarithm of predicted PGA
(=)
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Natural logarithm of observed PGA

Figure 1 Random forest scatter plot of the observed In(PGA) versus the predicted In(PGA)

In this study, gradient boosting regression from the scikit-learn library in Python was employed to model the
relationship between seismic parameters and PGA values. By progressively correcting prediction errors, this method
effectively captured nonlinear patterns and complex dependencies. The model’s performance was compared against
individual models and other ensemble techniques to evaluate its effectiveness in improving predictive accuracy for
seismic hazard analysis.

The gradient boosting regression model demonstrated strong performance, achieving an MSE of 0.138 and an R-squared
value of 0.857. These results indicate that the model effectively captures the relationship between seismic parameters
and PGA values, providing high predictive accuracy. The R-squared value suggests that the model explains
approximately 85% of the variation in PGA values, marking a notable improvement compared to simpler models like
linear regression and decision tree regression. This enhanced performance highlights the model's ability to capture
complex, nonlinear patterns, making it particularly valuable in seismic hazard analysis where intricate dependencies
between variables are common.

As shown in Figure 2, the scatter plot of predicted versus actual PGA values illustrates the model’s effectiveness. Data
points almost follow the diagonal reference line, demonstrating that the predicted values align well with the true
observations. This visual alignment further confirms the model's reliability in forecasting PGA values and underscores
the advantages of gradient boosting regression in improving predictive accuracy for seismic hazard assessment.

3.3. Stacking

Stacking, or stacked generalization, is an ensemble learning method that improves prediction accuracy by combining
the outputs of multiple base models. In stacking, each base model is trained on the same dataset, and their predictions
are used as features for a meta-model, which learns how to best combine these predictions to generate a final output.
The advantage of stacking lies in its ability to leverage the strengths of multiple models, capturing different patterns
and relationships in the data, ultimately leading to more robust and reliable predictions.

In this study, we applied stacking to model the relationship between seismic parameters and Peak Ground Acceleration
PGA values. The base models selected for this study included linear regression, decision tree, random forest, and
polynomial regression. Initially, a decision tree was used as the meta-model, resulting in an MSE of 0.277 and an R-
squared of 0.715. Although this model captured some of the underlying trends, its performance was further enhanced
by replacing the decision tree with a random forest as the meta-model. This change improved the model’s performance
significantly, achieving an MSE of 0.143 and an R-squared of 0.852. The final meta-model used was linear regression,
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which achieved an impressive MSE of 0.128 and an R-squared of 0.868. These results highlight the progression in model
performance as the meta-model evolves, illustrating how stacking allows for the combination of different base models
to enhance predictive accuracy.

Actual vs Predicted PGA (Gradient Boosting)

-1+

Natural logarithm of predicted PGA
o
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Natural logarithm of observed PGA

Figure 2 Gradient Boosting scatter plot of the actual In(PGA) and the predicted In(PGA)

Figures 3, 4, and 5 show the scatter plots for each of these analyses, providing a visual representation of the model’s
performance. These visualizations emphasize the improvements in model accuracy as stacking is applied, confirming
the value of using an ensemble approach in predicting seismic hazard data. By using different meta-models, this study
demonstrates how stacking can refine predictions and improve model performance. The varying results from each
meta-model—from decision tree to random forest to linear regression—showcase how stacking can boost predictive
accuracy in seismic hazard analysis.

Actual vs Predicted PGA (Decision Tree as Meta Model)

Natural logarithm of predicted PGA

-3 -2 -1 0 1 2 3
Natural logarithm of observed PGA

Figure 3 Stacking-Decision Tree as meta model scatter plot of the actual In(PGA) and the predicted In(PGA)
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Actual vs Predicted PGA (Random Forest as Meta Maodel)
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Figure 4 Stacking-Random Forest as meta model scatter plot of the actual In(PGA) and the predicted In(PGA)

Actual vs Predicted PGA (Linear Regression as Meta Model)
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Figure 5 Stacking-Linear Regression as meta model scatter plot of the actual In(PGA) and the predicted In(PGA)

4. Discussion

The results from all the models evaluated in this study reveal varying levels of performance in predicting PGA values,
showecasing the strengths and limitations of each approach. By comparing individual ML models [29] to ensemble
methods like stacking and boosting, we can better understand the trade-offs between simplicity, interpretability, and
predictive accuracy.

Individual Models: Linear regression, while simple and interpretable, only captured linear relationships between

seismic parameters and PGA, leaving a significant portion of the variability in the data unexplained. Polynomial
regression, by adding nonlinear terms, improved the model's performance but still couldn't account for all the
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complexity in the relationships. Decision trees, though able to capture nonlinear patterns, suffered from overfitting,
performing well on the training set but poorly on unseen data [29].

Ensemble Methods: Random forests, an ensemble of decision trees, performed better by reducing overfitting and
capturing complex patterns, providing a more generalized model that was well-suited for seismic hazard analysis.
Gradient boosting, an ensemble method that builds trees sequentially to correct errors made by previous trees,
demonstrated strong performance by progressively improving its predictions. It was particularly effective in capturing
complex, nonlinear relationships in the data. Stacking, which combined multiple base models to make predictions,
showed further improvements. Using a decision tree as the meta-model yielded moderate performance, while switching
to random forest as the meta-model significantly enhanced predictive power. The best results were obtained when
linear regression was used as the meta-model, suggesting that combining base models with an appropriate meta-model
can significantly boost performance.

A comparison of the results with previous studies reveals a correlation between the implemented methods and the
findings of earlier research [26, 29, 31]. Alidadi and Pezeshk [26, 28] identified gradient boosting regression as the most
effective model for predicting PGA, which aligns with the strong performance observed in this study. Similarly,
Sedaghati and Pezeshk [31] found that random forest regression yielded the highest R-squared value among their
individual models, a result consistent with the findings here. Also, Pakniat et al. found that the random forest has the
best performance on the modeling of studied dataset. Additionally, Pakniat et al. [29] suggestion about improving model
accuracy was employed in this study and the results indicated an improvement of R-squared evaluation. This
comparison highlights that the outcomes of this study are in line with previous research, further validating the
effectiveness of these ML techniques for seismic hazard analysis. Compared to Alidadi and Pezeshk [26, 28] and Pakniat
et al. [29], who focused primarily on single ensemble methods or smaller, region-specific datasets, this study
demonstrates that systematically comparing multiple ensemble techniques on a larger, more diverse ground motion
database can reveal important performance differences. This finding confirms that stacking with different meta-models
can achieve higher predictive accuracy than random forest or gradient boosting alone, offering practical insights for
selecting ensemble strategies. This extends previous work and, to the best of the author’s knowledge, represents the
first demonstration of this advantage for induced seismicity hazard assessment.

For future studies, it is recommended to incorporate additional seismic and geological features, explore deep learning
models for capturing complex relationships, and investigate feature engineering techniques like dimensionality
reduction and feature selection. Further, experimenting with different ensemble methods and applying the models to
diverse earthquake datasets could improve model performance and assess their generalizability across different
seismic environments.

5. Conclusion

In conclusion, this research demonstrated the effectiveness of various ML models, including ensemble methods like
random forest, gradient boosting, and stacking. Among these, linear regression as a meta-model in the stacking
approach provided the best performance. The results of the ensemble models outperformed individual models that
were studied in a recent study [28], particularly in terms of capturing complex patterns and improving predictive
accuracy for seismic hazard analysis. Our findings aligned with previous studies highlighted the success of gradient
boosting regression and regression for predicting PGA. Future studies could explore incorporating additional features,
using more advanced ensemble techniques, or further refining the meta-model to enhance performance. Overall, this
research demonstrates that systematically comparing multiple ensemble ML techniques can yield valuable insights for
seismic hazard analysis. In particular, the findings show that stacking with carefully selected meta-models can
outperform single ensemble methods like regression or gradient boosting, improving the predictive accuracy of data-
driven ground-motion models. To the best of the author’s knowledge, this is the first study to demonstrate this
advantage using the comprehensive NGA-West2 dataset for induced seismicity hazard assessment.
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