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ABSTRACT: The resilient modulus (Mg) is a key mechanical parameter in geotechnical engineering, but conventional
laboratory measurement is time-consuming and labor-intensive. Deep learning models provide an alternative for
predicting My using easily obtainable soil properties, yet their performance is often limited by the small size of available
datasets. To address this limitation, this study develops an interpretable data-enhanced deep learning framework for
My prediction. In the proposed framework, a multilayer perceptron (MLP) is adopted as the base prediction model,
a generative adversarial network (GAN) is used to generate synthetic samples from the limited training data, Optuna
is employed for hyperparameter optimization, and Shapley Additive Explanations (SHAP) are adopted to interpret the
trained model. Random Forest (RF) and extreme gradient boosting (XGBoost) models optimized by Optuna are also
introduced for performance comparison. The results show that the GAN-generated samples are generally consistent
with the original data in terms of distribution characteristics and correlation patterns. Compared with the Optuna-
MLP model without GAN-based data augmentation, the proposed GAN-Optuna-MLP model improves the testing R*
from 0.87 to 0.93, reduces the mean absolute error (MAE) from 3.62 to 2.72 MPa, and decreases the mean absolute
percentage error (MAPE) from 7.61% to 5.70%. The proposed model also achieves comparable performance to the
optimized RF and XGBoost models, with slightly lower error-based indicators. In addition, SHAP analysis identifies
cone tip resistance as the most influential variable for My prediction. These findings suggest that the integration of data
augmentation, automated optimization, and interpretability analysis offers a practical solution for small-sample soil
property prediction.
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1 Introduction

The resilient modulus (M) of subgrade soils is a critical mechanical parameter for the design
and performance evaluation of pavement structures. Conventionally, My is determined through repeated
load triaxial (RLT) tests in laboratory settings [I]. However, this approach is often criticized for being
time-consuming and economically inefficient [2,3]. As a result, numerous researchers have focused on
developing alternative models to estimate Mp indirectly, thereby improving the efficiency of pavement design
processes [3].

Various soil properties, including water content, unit weight, plasticity index, and liquid limit, have
been shown to significantly influence the value of My [4,5]. Building on these relationships, several empirical
and semi-empirical models have been proposed. For instance, Mehrotra et al. developed a predictive
method using basic soil properties while accounting for moisture and stress conditions [6]. Similarly,
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Sadrossadat et al. developed an indirect estimation method considering soil properties and stress state, show-
ing superior predictive ability compared to traditional models [7]. However, laboratory-derived parameters
may not fully capture field conditions, highlighting the importance of in situ tests for more reliable My
predictions [8,9]. For example, Mousavi et al. utilized dynamic cone penetrometer (DCP) data to characterize
in situ soil properties and predict My across varying stress states [10].

Despite these advancements, empirical and semi-empirical methods still rely heavily on predefined
functional forms, manual parameter calibration, and domain-specific assumptions, which may limit their
adaptability when soil conditions, stress states, or testing environments vary. To overcome these limitations,
machine learning (ML) methods have been increasingly adopted for My prediction because of their ability
to capture nonlinear relationships between soil properties and mechanical responses without explicitly
prescribing the model form. Recent studies have applied various ML algorithms to My estimation. For
example, Pahno et al. [I1] compared regression tree, Random Forest (RF), extreme gradient boosting
(XGBoost), and multiple linear regression models using routinely collected soil properties, and reported that
tree-based ensemble models achieved better predictive performance than conventional regression models.
Kardani et al. [12] developed several standalone and ensemble ML models based on a large database of
compacted subgrade soils, further demonstrating the potential of ensemble learning for My prediction.
Khawaja et al. [13] compared genetic programming, multi-expression programming, and artificial neural
network (ANN)-based models for forecasting subgrade soil Mg. More recently, Bardhan et al. [14] improved
the predictive capability of RF by coupling it with the grey wolf optimizer and compared the optimized model
with several regression and neural-network-based models. These studies indicate that ML methods provide
flexible and effective alternatives to empirical equations for modeling the complex relationship between soil
properties and Mg.

Beyond conventional ML methods, deep learning (DL) has achieved remarkable success in many
fields because of its strong capability to learn complex nonlinear representations from data. In geotechnical
engineering, DL models have also been increasingly adopted for solving prediction and classification prob-
lems involving complex soil behavior [15-17]. For My prediction, neural-network-based models have been
successfully applied to both cohesive and non-cohesive soils, achieving promising predictive accuracy [18].
Compared with conventional ML models, DL models offer greater flexibility in representing interactions
among multiple soil variables and mechanical responses. A concise comparison of representative data-driven
studies on My prediction is provided in Table 1.

Table 1: Summary of representative data-driven studies on My prediction.

Study Method Contribution Gap

RT, RE XGBoost, Verified the effectiveness of No data augmentation

Pahno et al. [11] MLR tree-based ensemble models or interpretability
for subgrade My prediction analysis
Demonstrated the high

Standalone and Relied on a relatively

Kardani et al. [12] large database

accuracy of ensemble learning

ensemble ML models for compacted subgrade soils

Compared symbolic and No GAN-based

. GEP, MEP, ANN, ANN-based models and .
Khawaja et al. [13] SHAP interpreted variable augmentation or
P automated tuning
importance

(Continued)
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Table 1 (continued)

Study Method Contribution Gap
RER-GWO and Improved RF perforr.na‘nce Focused on optimized
Bardhan et al. [14] through metaheuristic RF rather than data
benchmark models oL .
optimization augmentation
Ghuchowski [18] ANN Predicted My of.cohes.ive and No GAN—be‘ised
non-cohesive soils augmentation

I ion,
GAN-Optuna-MLP ntegrates data augmentation Further validation with

with SHAP automated tuning, and

Present stud
Y larger datasets is needed

explainable prediction

As summarized in Table 1, existing data-driven studies have advanced My prediction through model
selection, ensemble learning, and metaheuristic optimization. However, these studies have mainly focused
on improving the predictive model itself, while the limited availability of site-specific geotechnical data
remains a fundamental challenge. This issue is particularly important for DL models, which have shown
great potential in My prediction [18] but generally require sufficient and representative training samples
to learn complex nonlinear relationships. When the available dataset is small, DL models may suffer from
overfitting and may not always outperform conventional ML methods [13]. In addition, their predictive
performance is highly dependent on hyperparameter selection, and manual tuning is usually labor-intensive
and suboptimal [19]. Furthermore, DL models are often regarded as “black-box” models, which limits their
interpretability and practical acceptance in engineering applications [20,21]. Therefore, improving small-
sample My prediction requires not only an effective predictive model, but also a framework that can address
data scarcity, hyperparameter optimization, and model interpretability simultaneously.

Data augmentation provides a potential strategy for alleviating data scarcity in small-sample modeling.
Among different data augmentation methods, Generative Adversarial Networks (GANs) have demonstrated
considerable potential in synthesizing realistic data samples that mimic real-world distributions. A GAN
operates through a competitive learning process between two neural networks, namely a generator and a
discriminator [22]. This capability enables GANs to augment datasets by generating additional synthetic
samples, thereby improving the training of data-driven models under limited-data conditions. GANs have
achieved significant success in areas such as image generation [23] and data enhancement [24]. In geotech-
nical engineering, data augmentation strategies have also been explored to improve model performance
under limited-data conditions. For example, Jiang et al. [25] developed a data-augmentation-assisted CNN
framework for probabilistic slope stability analysis in spatially variable soils, while Chen et al. [26] used
Wasserstein GANs to enhance small-sample soil liquefaction datasets. However, the application of GAN-
based data augmentation to soil property modeling, particularly for My prediction, remains underexplored.
This highlights the need for dedicated research on GAN-based augmentation strategies tailored to small-
sample soil datasets.

To address these challenges, this study develops a GAN-Optuna-multilayer perceptron (MLP) frame-
work for My prediction under small-sample conditions. The framework uses GAN-based data augmentation
to enrich the limited training dataset, Optuna-based optimization to determine suitable MLP hyperpa-
rameters, and Shapley Additive Explanations (SHAP) analysis to explain the influence of individual input
variables on the predicted M. This integrated strategy is intended to improve the predictive performance
and interpretability of data-driven Mr modeling.
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2 Materials and Methods

This section describes the materials and methods used to develop the proposed GAN-Optuna-MLP
framework for predicting soil Mg. First, the dataset adopted in this study is introduced, including the
soil type, data sources, input variables, and target variable. Then, the main methodological components,
including GAN, MLP, Optuna, SHAP, k-fold cross-validation, and evaluation metrics, are presented. Finally,
the implementation procedure of the proposed framework is described.

2.1 Dataset

DL-based algorithms are gaining prominence in modeling the My of soils. For these algorithms, the
selection of appropriate training data is crucial. The database used in this study was derived from the clay
database reported by Liu et al. [3], which focuses on cohesive subgrade soils. The soil samples were collected
from 16 sites in Jiangsu Province, China, and the subsoil strata mainly consist of Quaternary soft to stiff
clayey soils and silty clay soils. Therefore, the proposed model was developed and evaluated for cohesive
subgrade soils within the range of the adopted database. The database includes laboratory test results and
cone penetration test results, which provide the My value, cone tip resistance (g.), sleeve friction resistance
(fs), water content (w), and dry density (y,;) of the soil. The database is relatively small, containing only 124
samples. This limited sample size provides a suitable case for evaluating the effectiveness of the proposed
GAN-based data augmentation method.

2.2 GANs

GANEs are a class of generative learning algorithms inspired by two-player zero-sum games from game
theory. A GAN consists of two main components: a generator and a discriminator. The generator’s role is
to create synthetic data, while the discriminator distinguishes between synthetic and real data. These two
components are trained concurrently in a competitive manner, where the generator aims to produce data
that is indistinguishable from real data, gradually improving over time.

The training of a GAN involves an alternating optimization process, which is divided into two stages.
In the first stage, the discriminator is fixed, and the generator’s parameters are adjusted to generate synthetic
samples that are difficult for the discriminator to distinguish. In the second stage, the generator is fixed, and
the discriminator’s parameters are optimized to improve its ability to distinguish real samples from generated
samples. The generator’s objective is to minimize the loss function described in Eq. (1):

VG = Ez.p,(z) [log {1- D (G (2))}] ()
Conversely, the discriminator aims to maximize the loss function given by Eq. (2):

VD = Exopy,(x) 10g D (x)] + Ez.p,(z) [log {1- D (G (2))}] 2)
By combining Eqs. (1) and (2), the objective function for the GAN training process can be derived as:

Expyuia(x) [10g D (X)] + Ezop,(2) [log {1 - D (G (2))}] 3

where E denotes the mathematical expectation; x represents a real sample from the training dataset; z is a
latent noise vector sampled from the prior distribution P, (2); Pys.(x) denotes the distribution of the real
data; G represents the generator; G(z) is the synthetic sample generated by the generator; D represents the
discriminator; D(x) is the discriminator output for a real sample; and D (G (z)) is the discriminator output
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for a generated sample, indicating the probability that the generated sample is regarded as a real sample by
the discriminator.

2.3 MLP

An MLP is a traditional DL architecture that forms a network of artificial neurons arranged in a specific
topology. This architecture includes input, hidden, and output layers. The input layer receives raw data,
hidden layers perform complex data transformations and feature extraction, and the output layer delivers
the final computational results. Information flows through the network via weighted connections between
layers, where each connection’s weight parameter indicates the strength of information transfer. Additionally,
each neuron employs an activation function to introduce nonlinearity, enabling the network to learn and
model complex functional relationships.

2.4 Optuna

Optuna is an automatic hyperparameter optimization framework proposed by Akiba et al. [27]. It
adopts a define-by-run design, allowing users to dynamically construct the hyperparameter search space
and optimize a user-defined objective function. This feature makes Optuna suitable for DL models, whose
performance is strongly affected by architecture- and training-related hyperparameters, such as the learning
rate, number of hidden neurons, and regularization parameters.

In Optuna, each hyperparameter combination is evaluated through a trial. During each trial, a candidate
set of hyperparameters is sampled, the model is trained using this configuration, and the validation loss or
another predefined metric is returned as the objective value. Based on the results of previous trials, Optuna
adaptively suggests new candidate hyperparameters and searches for the configuration that minimizes
or maximizes the predefined objective function. The tree-structured Parzen estimator (TPE), which is
commonly used in Optuna, models the distributions of hyperparameter configurations associated with better
and worse objective values separately, and then samples new candidates from regions that are more likely to
improve the objective value [27].

Optuna-based hyperparameter optimization has been successfully applied in various data-driven
prediction tasks, including pavement material characterization, tunnel-induced settlement prediction, and
other geotechnical engineering problems [28,29]. These applications indicate that Optuna provides an
efficient and reliable alternative to manual trial-and-error tuning, particularly for ML models with multiple
interacting hyperparameters.

In this study, Optuna was used to optimize the hyperparameters of the prediction models. For
the MLP model, Optuna evaluated different hyperparameter combinations through multiple trials, and
the combination with the lowest validation loss was selected for final model training. To provide a fair
comparison, RF and XGBoost were also introduced as benchmark models and optimized using the same
Optuna framework under the same training/testing split.

2.5 SHAP

DL models, currently the most widely used nonlinear models, are applied across diverse domains.
However, they are often considered “black-box” models due to their limited interpretability. SHAP [30],
based on game theory, provides an interpretable method to explain the output of any ML model [31]. The
SHAP method can measure the impact of features on the dependent variable in ML models, assigning an
importance value (SHAP value) to each feature. Its expression is:
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where: N is the set of all features. S is a subset of N that does not include feature i. f(S) is the model
prediction when only the feature set S is involved. f (S U {i}) is the model prediction when feature i is added
N|-|

to the feature set S. The combinatorial coefficient 1S1( !

SED! g used to weight the influence of each subset
of features.

2.6 K-Fold Cross-Validation

In model training, particularly when data availability is limited, cross-validation is the predominant
method for determining model hyperparameters. The most commonly used technique is k-fold cross-
validation. This method involves randomly dividing the original training dataset into k subsets. In each
iteration, k — 1 subsets are used for training, and the remaining subset is used as the validation set. This process
is repeated k times, with the model’s performance evaluated based on the average prediction error across
all subsets. In this study, we implemented 5-fold cross-validation to enhance the robustness of the model,
using the average loss across the validation sets (Eq. (5)) as the objective for Optuna-based hyperparameter

optimization.
1 5

Lavg =z Z L; 5)
>3

where L; represents the loss for the i-th fold, and L,,, denotes the final averaged loss.

2.7 Evaluation Metrics

In this study, the coefficient of determination (R*), mean absolute error (MAE), and mean absolute
percentage error (MAPE) were used to assess the performance of different models. The definitions of R?,
MAE, and MAPE are as follows:

N (y.p _ )2
Rzzl_zlj\}()/'—i/’) (6)
Yia(yi—)?
1 N
MAE = —Z|yi‘p—yi| (7)
N4
N P .
MAPE = L STl g0y, (8)
N4 Vi

where N represents the number of samples, y; represents the target data of the i-th set of samples, y;?
represents the predicted value of the i-th sample, and y represents the mean value of all measured samples.

2.8 GAN-Optuna-MLP

Fig. 1 illustrates the framework of the proposed GAN-Optuna-MLP model. Initially, the data is
partitioned into training and testing sets. The training set is processed by a GAN model to generate an
augmented dataset, which is then split into new training and validation sets using k-fold cross-validation. The
model hyperparameters were optimized using the Optuna framework based on the validation performance
obtained from k-fold cross-validation. The optimal model and its hyperparameters are determined through
the Optuna optimization process. These hyperparameters are subsequently employed to train DL models,
which are then used to predict outcomes.
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Figure 1: GAN-Optuna-MLP based M prediction framework.

It should be noted that the GAN was not trained on the full dataset. In this study, the GAN was trained
only on the training set after the initial train—test split. The generated synthetic samples were combined
with the original training samples to construct the augmented training dataset. The independent testing set
remained unseen during GAN training, data augmentation, and hyperparameter optimization; therefore,
data leakage was avoided. The held-out testing set was used to simulate unseen samples for evaluating the
generalization ability of the proposed model.

2.9 Training of the GAN-Optuna-MLP Model

This study utilized a GAN model for data generation, comprising a generator and a discrimina-
tor. Table 2 outlines the generator’s architecture with three layers: an input layer corresponding to a
32-dimensional latent noise vector, a hidden layer mapping 32 units to 64 units via the ReLU activation
function, and an output layer of 5 units employing the Sigmoid activation function. Table 3 presents the
discriminator’s architecture, which includes a 5-unit input layer, a 64-unit hidden layer using ReLU, and a
l-unit output layer with Sigmoid activation.

The GAN-generated synthetic samples were combined with the original training samples and then used
to train the GAN-Optuna-MLP model. In DL models, selecting the correct hyperparameters is essential for
achieving reliable results. These hyperparameters, optimized via Optuna, are outlined in Table 4. The model
employs the Adam optimizer to update weights, with a batch size of 32 and a learning rate of 0.00188. Training
the model for 100 epochs has been found to yield optimal results. Additionally, weight decay is utilized to
prevent overfitting.



Table 2: Generator network architecture.
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Layer Input Size Output Size Activation Function
Input Layer 32 / None
Hidden Layer 32 64 ReLU
Output Layer 64 5 Sigmoid
Table 3: Discriminator network architecture.
Layer Input Size Output Size Activation Function
Input Layer 5 / None
Hidden Layer 5 64 ReLU
Output Layer 64 1 Sigmoid
Table 4: Configurations of the MLP model.

Configuration Value
Optimizer Adam
Batch size 32

Epoch 100
Learning rate 0.00188

Hidden size 14
Weight decay 0.00046

To explicitly evaluate the model performance during hyperparameter optimization, the validation
results obtained from 5-fold cross-validation were further reported. In addition to Optuna-MLP and GAN-
Optuna-MLP, RF and XGBoost were introduced as benchmark models. Their hyperparameters were also
optimized using Optuna under the same training/testing split to ensure a fair comparison. Therefore, these
benchmark models are denoted as Optuna-RF and Optuna-XGBoost in Table 5.

Table 5: Five-fold validation performance during Optuna optimization.

Model R? MAE (MPa) MAPE (%)
Optuna-RF 0.92 + 0.02 378 £ 1.15 9.48 + 2.70
Optuna-XGBoost 0.92 + 0.05 3.53 + 0.54 8.74 + 1.58
Optuna-MLP 0.94 + 0.01 3.23 + 0.69 8.46 + 2.43
GAN-Optuna-MLP 0.97 + 0.005 237 +£0.16 5.7 £0.27

During the Optuna optimization process, four folds were used for model training, while the remaining
fold was used for validation. The validation performance was calculated as the mean and standard deviation
over the five folds, as shown in Table 5. This validation procedure was used for hyperparameter selection,
while the independent testing set was kept unseen during model training, GAN-based data generation, and

hyperparameter optimization.
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As shown in Table 5, the proposed GAN-Optuna-MLP model achieved the best validation performance
among all models. Compared with Optuna-MLP, the GAN-Optuna-MLP model showed higher validation
accuracy and lower prediction errors, indicating that GAN-based data augmentation effectively improved
the predictive performance of the MLP model under small-sample conditions. In addition, the relatively
small standard deviations suggest that the proposed model maintained stable performance across different
validation folds.

Fig. 2 displays the loss trajectories for both training and testing data across epochs. The accuracy of
the model can be inferred from the reduction in training loss over time. As depicted, the loss decreases
progressively and stabilizes with increasing epochs, indicating effective learning. By the end of the training
period, the model demonstrates high accuracy on both training and testing data.

10
Training loss
—— Testing loss
14
)
< 0.1
>
173
o
-
0.01 4
0.001 4
1E-4

0 10 20 30 40 50 60 70 80 90 100
Epoch

Figure 2: Evolution of loss value during the training process.

3 Results and Discussion

This section presents the results and discussion of the proposed framework. First, the quality of the
GAN-generated data is evaluated using distributional statistics and correlation analysis. Then, the predictive
performance of the proposed GAN-Optuna-MLP model is compared with those of Optuna-MLP, Optuna-
REF, and Optuna-XGBoost benchmark models to assess the effectiveness of GAN-based data augmentation
under small-sample conditions. A sensitivity analysis is subsequently conducted to examine the influence
of GAN randomness on model performance. Finally, SHAP analysis is used to interpret the contribution of
each input variable to My prediction.

3.1 Evaluation of GAN-Generated Data

This study utilizes a GAN to generate synthetic data. A total of 200 synthetic samples were generated
using the trained GAN model. Kernel density estimations (KDE) were employed to evaluate the similarity
between the generated and actual data. Fig. 3 displays a KDE comparison of various features, illustrating that
the synthetic data closely matches the distribution of the actual data, effectively demonstrating the GAN’s
capability to replicate the original dataset’s statistical properties. Generally, the GAN-generated data aligns
well with the KDE profiles of the actual data, indicating successful feature replication.



10

Comput Model Eng Sci. 2026;148(1):26

A 0.030 B 0.6
Real data Real data
0.025 Generated data 0.5 Generated data
0.020 0.4 /\
= =
20.015 203
[ [
(=) a
0.010 0.2
0.005 0.1
O'0000 20 40 60 80 100 120 0-Q1 0 1 2 3 4 5
Mg qc
c 20 D0.04
[ ]Real data Real data
Generated data Generated data
15 /\ 0.03 /\
2 =
210 20.02
J] [0
o (]
5 0.01 \
(900 0.03 0.06 0.09 0.12 0.15 0.18 0'000 10 20 30 40 50 60 70 80 90 100
fs w
E 0.30
Real data
0.25 Generated data
0.20
Pl
20.15
[
[a)
0.10
0.05
0'008 10 12 14 16 18 20 22

Ya

Figure 3: KDE comparison between GAN-generated and real data for different features: (A) Mg; (B) g.; (C) f5; (D) w;
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Table 6 presents the descriptive statistics for both the synthetic and real datasets. The results indicate that
the distribution of the generated data is generally consistent with that of the actual data. Notably, relatively
large discrepancies between the synthetic and real data are observed in the maximum and minimum values
of certain features. This can be attributed to the limited sample size in the extreme ranges of the distribution,
which potentially constrains the GAN model’s ability to accurately replicate the real data in these regions.

Fig. 4 illustrates the correlation matrices among Mg, 4, fs, W, y4 for the original and GAN-generated
datasets. Since the objective of this study is to predict Mg, the analysis mainly focuses on the correlations
between My and the input variables. In the original dataset, Mr shows a strong positive correlation with g,
(0.79), a moderate positive correlation with f; (0.47) and y; (0.46), and a clear negative correlation with w
(—0.68). These trends are consistent with geotechnical understanding: higher cone resistance, sleeve friction,
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and dry density generally indicate stronger or denser soil conditions, whereas higher water content tends to
reduce soil stiffness.

Table 6: Descriptive statistics of the real and GAN-generated datasets.

Dataset Feature Minimum Maximum Mean Standard Deviation
qc 0.22 3.93 1.76 0.85
fs 0.03 0.14 0.09 0.03
Real data w 6.9 78.1 32 14.22
Vd 10.5 19.9 15.86 2.07
Mg 12.5 95.8 46.09 17.28
qc 0.22 4.29 1.70 0.77
fs 0.03 0.21 0.09 0.03
Generated data w 7.9 82.09 31.42 12.72
Vd 10.5 22.25 15.87 2.26
Mg 12.5 100.32 45.45 17.30

MR . » : -
qc . i | | -
A 8

! 0. 05 0.44

Ya

w Ya

Figure 4: Correlation matrix of My and input features: (A) original dataset; (B) GAN-generated dataset.

Similar correlation patterns are observed in the GAN-generated dataset. The correlation coefficients
between Mg, q., fs» W, ya are 0.82, 0.50, —0.65, and 0.50, respectively. The differences between the original
and generated datasets are relatively small, indicating that the GAN-generated data preserve the main
correlation structure between My and the influencing factors. The preservation of these physically consistent
correlations suggests that the synthetic samples are not only statistically similar to the real data, but also
physically plausible for cohesive subgrade soils. This further supports the reliability of the generated dataset
for subsequent model training.
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Taken together, the KDE curves, descriptive statistics, and correlation matrices indicate that the GAN-
generated data generally preserve the main distributional characteristics and correlation structure of the
original dataset. This is important for the proposed framework because the original My database is limited
in size, and insufficient samples may restrict the training of DL models and increase the risk of overfitting.
By providing additional samples that follow similar statistical patterns to the real data, the synthetic dataset
enriches the training information available for the MLP model and helps it learn the nonlinear relationships
between My and the input variables under small-sample conditions.

3.2 Validation and Comparison of Prediction Results

Fig. 5 displays the actual measured My alongside the DL model predictions for both training and testing
sets. The figure illustrates minimal errors between predicted outcomes and actual measurements, confirming
the model’s high predictive accuracy.

—=— Predicted :
100 —s— Measured training set testing set
80
‘ = [
7 ¢
£ 60 - NI .
< 1 [ ‘; L
s i % g t
W
40 H g 'l / \
107 y y
’ /\\ L2
! - \l
20 ; "
0 T T T T T T T T T T T T T
0 20 40 60 80 100 120 140

Number of the sample
Figure 5: Predicted and measured My, for all samples.

Fig. 6 compares the measured and predicted My values of the GAN-Optuna-MLP and Optuna-MLP
models for the training and testing sets. The values align closely with a slope of one, indicating robust model
performance. Despite general alignment, some deviations occur, likely due to inherent data inaccuracies
from field and lab tests, thus precluding perfect correspondence between predictions and actual results.
Notably, the GAN-Optuna-MLP model’s predictions align most closely with the ideal line, suggesting
superior accuracy among the evaluated models.

To further evaluate the predictive performance of the proposed model, the optimized benchmark
models described above were compared with Optuna-MLP and GAN-Optuna-MLP on the independent
testing set. All models were evaluated using the same input variables, data partitioning strategy, and
performance metrics.

As shown in Table 7, the Optuna-RF and Optuna-XGBoost models outperform the Optuna-MLP model
without GAN-based data augmentation, indicating that tree-based ensemble learning models showed better
generalization than the conventional MLP model on the original small-size dataset in this study. This result
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also suggests that the conventional MLP model may have limited generalization ability when trained only
on the original small dataset.
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Figure 6: Comparison between measured and predicted My values for GAN-Optuna-MLP and Optuna-MLP:
(A) training set; (B) testing set.

Table 7: Performance comparison of different models.

Model R? MAE (MPa) MAPE (%)
Training Testing Training Testing Training Testing
Optuna-RF 0.99 0.93 0.09 2.82 0.23 5.89
Optuna-XGBoost 0.99 0.93 0.45 2.97 1.15 6.26
Optuna-MLP 0.95 0.87 317 3.62 791 7.61
GAN-Optuna-MLP 0.97 0.93 2.39 2.72 6.51 5.70

After introducing GAN-based data augmentation, the predictive performance of the MLP model
is substantially improved. Compared with Optuna-MLP, GAN-Optuna-MLP increases the testing R* by
6.9%, reduces the testing MAE by 24.9%, and decreases the testing MAPE by 25.1%. These improvements
demonstrate that the GAN-generated samples can enrich the limited training dataset and enhance the
generalization ability of the MLP model under small-sample conditions.

Compared with the optimized ensemble learning models, the proposed GAN-Optuna-MLP model
achieves the same testing R* of 0.93, while yielding the lowest testing MAE of 2.72 MPa and MAPE of 5.70%.
This indicates that, although RF and XGBoost are strong benchmark models for small-size tabular datasets,
the proposed GAN-Optuna-MLP framework can achieve competitive or slightly better testing performance
by alleviating the data scarcity problem of MLP-based prediction. Overall, these findings further support the
effectiveness of GAN-based data augmentation for soil My prediction.

3.3 Robustness Analysis under Random Initialization

To further evaluate the impact of randomness on prediction performance, a sensitivity analysis was
performed through multiple independent training runs. In this analysis, the original training/test split was
kept unchanged, while the GAN and the MLP model were reinitialized in each run. For each run, the GAN
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was retrained to generate an augmented dataset, and the resulting GAN-Optuna-MLP model was evaluated
on the same independent test set.

The prediction performance was reported as the mean value and standard deviation over repeated runs,
as shown in Table 8. The GAN-Optuna-MLP model achieved R* = 0.93 + 0.005, MAE = 2.73 + 0.06 MPa,
and MAPE = 5.67 + 0.03%. The small standard deviations indicate that the proposed framework is not highly
sensitive to stochastic training effects, including GAN-based data generation and model initialization, and
can maintain stable prediction performance under different random initializations.

Table 8: Robustness analysis under different random initializations.

Model R? MAE (MPa) MAPE (%)
GAN-Optuna-MLP 0.93 + 0.005 2.73 + 0.06 5.67 + 0.03

3.4 Interpreting the DL Model with SHAP Method

The DL model proposed in this study successfully predicted M. However, due to the inherent
characteristics of DL models, the exact reasoning behind the predictions remains unknown. This black-box
nature of DL models poses a challenge, as understanding the contribution of each feature to the model’s
predictions is crucial for validating the model and ensuring its reliability.

To address this issue, the SHAP method was employed to interpret the DL model’s predictions. The
SHAP method allows us to obtain SHAP values, which reflect the differences between features and provide a
unified measure of feature importance. This method calculates SHAP values for various features, allowing for
an understanding of how the model’s predictions are influenced by each feature. The resulting SHAP values
of the considered features are presented in Fig. 7.
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Figure 7: SHAP values for different features.

The dominant role of g, is consistent with geotechnical understanding. Cone tip resistance is an in-situ
mechanical index that reflects the overall resistance of soil during penetration and is closely associated with
soil strength, stiffness, stress state, and stratigraphic variability. Therefore, g. can provide direct information
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on the mechanical response of subgrade soils under field conditions. This finding is consistent with Liu
et al. [3], who reported that g, was the most informative single parameter for My estimation among the
considered penetration-related and physical indices.

The second most influential variable is water content w. For cohesive subgrade soils, water content
strongly affects the resilient response by changing matric suction, effective stress, and the bonding/frictional
resistance within the soil skeleton. An increase in water content generally weakens the soil structure
and reduces stiffness, particularly for unsaturated fine-grained soils. Therefore, the relatively high SHAP
importance of w is physically reasonable and indicates that the model captures the moisture sensitivity of
M.

The contribution of sleeve friction f; is lower than that of g.. Although f reflects the frictional behavior
along the cone sleeve, it is partly related to g. and may provide partially overlapping information. As a result,
its independent contribution to the prediction of My is smaller than that of g.. This interpretation is also
consistent with the multivariate correlation analysis of Liu et al. [3], which suggested that prediction accuracy
is not necessarily improved when strongly correlated input variables are used together.

The lowest SHAP importance is observed for y;. This does not imply that y; has no physical
influence on Mg. y; affects soil compactness, void ratio, and particle contact conditions. However, in
the present dataset, y; exhibits a relatively narrow variation range compared with g, and w. In addi-
tion, part of the density-related stiffness information may already be reflected indirectly by g. and w.
Consequently, the model attributes a smaller independent contribution to y;. Overall, the SHAP rank-
ing is consistent with the geomechanical mechanisms controlling the My of cohesive subgrade soils:
in-situ mechanical resistance and moisture condition dominate the prediction, while f; and y; provide
supplementary information.

4 Conclusions

This study developed an explainable GAN-Optuna-MLP framework for predicting the My of soils under
small-sample conditions. The proposed framework integrates GAN-based data augmentation, Optuna-based
hyperparameter optimization, MLP-based nonlinear regression, and SHAP-based model interpretation.
In addition, Optuna-RF and Optuna-XGBoost models were introduced as benchmark models to further
evaluate the predictive performance of the proposed framework. Based on the results obtained in this study,
the following conclusions can be drawn.

(1) The GAN-generated samples showed good consistency with the original data in terms of distribution
characteristics, descriptive statistics, and correlation patterns. This indicates that the GAN model can
effectively capture the statistical characteristics of the limited original dataset and generate reasonable
synthetic samples for model training.

(2) Compared with the Optuna-MLP model without GAN-based data augmentation, the proposed GAN-
Optuna-MLP model substantially improved the prediction accuracy. On the independent testing set,
GAN-based data augmentation increased R* by 6.9%, reduced MAE by 24.9%, and decreased MAPE
by 25.1%. These improvements confirm that GAN-generated samples can effectively alleviate the data
scarcity problem and enhance the generalization ability of the MLP model.

(3) Compared with the optimized ensemble learning models, including Optuna-RF and Optuna-XGBoost,
the proposed GAN-Optuna-MLP model achieved comparable predictive accuracy and slightly better
error-based performance. This suggests that although RF and XGBoost are strong benchmark models
for small tabular datasets, the proposed framework enables MLP to achieve competitive performance
through data augmentation and hyperparameter optimization.
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(4) 'The SHAP analysis provided an interpretable understanding of the prediction mechanism of the
developed model. The results showed that cone tip resistance g. was the most influential variable for
My, prediction, while dry density y,; had a relatively smaller contribution.

Overall, the proposed GAN-Optuna-MLP framework provides an effective and interpretable data-
driven approach for My prediction under limited-data conditions. Nevertheless, the trained model was
developed based on a relatively small database of cohesive subgrade soils and is not directly claimed to
be universally applicable to all soil types. Future studies should further validate and extend the proposed
framework using larger multi-source databases, different soil categories, additional feature variables, and
field-scale engineering cases.
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