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Abstract: This paper presents a novel application of machine learning models to clarify the intricate
behaviors of expansive soils, focusing on the impact of sand content, saturation level, and dry density.
Departing from conventional methods, this research utilizes a data-centric approach, employing a
suite of sophisticated machine learning models to predict soil properties with remarkable precision.
The inclusion of a 30% sand mixture is identified as a critical threshold for optimizing soil strength
and stiffness, a finding that underscores the transformative potential of sand amendment in soil
engineering. In a significant advancement, the study benchmarks the predictive power of several
models including extreme gradient boosting (XGBoost), gradient boosting regression (GBR), random
forest regression (RFR), decision tree regression (DTR), support vector regression (SVR), symbolic
regression (SR), and artificial neural networks (ANNs and proposed ANN-GMDH). Symbolic regres-
sion equations have been developed to predict the elasticity modulus and unconfined compressive
strength of the investigated expansive soil. Despite the complex behaviors of expansive soil, the
trained models allow for optimally predicting the values of unconfined compressive parameters.
As a result, this paper provides for the first time a reliable and simply applicable approach for
estimating the unconfined compressive parameters of expansive soils. The proposed ANN-GMDH
model emerges as the pre-eminent model, demonstrating exceptional accuracy with the best metrics.
These results not only highlight the ANN’s superior performance but also mark this study as a
groundbreaking endeavor in the application of machine learning to soil behavior prediction, setting a
new benchmark in the field.

Keywords: expansive soils; sand content; machine learning innovation; predictive modeling; soil
property optimization; artificial neural networks

1. Introduction

Understanding unconfined compression parameters (qu and Et) is critical in geotech-
nical engineering. These parameters aid in determining soil cohesion (c), which is required
for calculating cohesive soil bearing capacity. Furthermore, the elasticity modulus (Et) is
important in predicting settlements. To perform the unconfined compression test, a soil
sample must be collected from the field, which requires advanced skills and extensive
experience. However, performing these tests in a laboratory is known to be both tedious
and time-consuming [1]. To overcome these challenges, researchers investigated the rela-
tionships between unconfined compression parameters and physical soil properties. This
correlation is useful for reducing the number of tests and the overall investigation costs.
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Several studies have been conducted over the last decade to establish relationships between
soil’s mechanical and physical properties. This approach, aimed at saving time and money
during investigations, is based on previous research in soil mechanics and foundation
engineering [1,2]. Preliminary investigations and studies for any project can be conducted
using predictive models and correlations in conjunction with relevant information, making
the process of obtaining design parameters simpler. Machine learning beats traditional
lab tests and basic regression models in unconfined compression testing because of its
automation, speed, and cost-effectiveness. Machine learning reduces the need for tedious
manual testing by rapidly analyzing soil data and predicting compression parameters,
leading to faster results and reduced expenses.

Expansive soils, which cover large areas of land worldwide, present a significant
challenge in the construction of structures and roads on them due to the high cost associated
with repairing damage caused by expansive soil shrink–swell cycles, including building and
road cracks and collapse, costing billions of dollars annually [3–6]. Nelson and Miller [7]
assert that expansive soils may result in greater financial losses than earthquakes or floods.
In addressing this challenge, the behavior of expansive soils has been studied in numerous
studies by adding different materials to improve their characteristics [8–15]. Although
these studies have shown that soil characteristics can be improved via the addition of
materials, many unresolved questions remain. Therefore, the main purpose of this study is
to investigate the effects of sand content on the unconfined compression test characteristics
of expansive soil. This study evaluates the impact of varied percentages of sand, initial
saturation levels, and dry unit weights on expansive soil behavior. Additionally, it aims to
build a dataset for predicting unconfined compression test parameters.

1.1. Sand as an Additive Material and Its Impact on Soil Parameters

Sand is a granular material of natural origin with high strength and is often utilized
as a filler material in cohesive soil mixtures to alter their plasticity, compaction, and
strength properties [9,13,16–18]. The sand fraction significantly influences the cracking
behavior of expansive soil. As the sand content increases, it can moderate the volume
fluctuations caused by soil swelling and shrinking, minimizing the amount of cracking.
However, an excessive sand component may modify the soil’s mechanical properties,
thereby influencing its overall behavior. Balancing the sand fraction is critical in engineering
applications because it improves soil performance and reduces the negative impacts of
cracking in expansive soil [19]. The addition of sand to expansive soils has been extensively
investigated by many researchers to determine its effect on the soil parameters [10,20–26].
Previous studies have confirmed that increasing the percentage of sand increases the
unconfined compressive strength (UCS) of expansive soils. Khan et al. [27] performed
unconfined compressive experiments on expansive soils. They found that the compressive
strength increases with increasing dry density. Increased water content, on the other hand,
shows the opposite trend. It is worth noting, however, that their study only looked at
two levels of added sand (20% and 40%). Nagaraj [10] performed unconfined compression
tests to investigate the impact of sand on the unconfined compressive strength (UCS) of
expansive soil, using a static compactor to prepare samples at moisture levels determined
by the proctor test only. Their findings showed that, up to a certain point, the unconfined
compression strength increased with the percentage of sand. But as the sand percentage
increased further, the strength decreased. Mallikarjuna Rao and Subba Rao [28] also
investigated the effect of sand on the unconfined compressive strength (UCS) of expansive
soil. Nonetheless, their research was limited to samples prepared with the maximum
dry density and optimum moisture content with only three percentages of added sand
(25%, 40%, and 70%). Sometimes, disparities in results emerged across studies, as can be
seen in Nagaraj [10] versus Mallikarjuna Rao and Subba Rao [28]. The primary cause of
this variation was significant differences in the percentages of added sand used in each
study. Nagaraj [10], for example, used percentages ranging from 10% to 80%, whereas
Mallikarjuna Rao and Subba Rao [28] used 25%, 40%, and 70%. Furthermore, the existing
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sand content in the expansive soil was not taken into consideration in some studies. It is
best to remove all pre-existing sand content from the expansive soil to ensure consistency
before conducting experiments and adding different percentages of sand.

It is worth noting that saturated soil has all its voids entirely filled with water. The
soil is referred to as partially saturated or unsaturated soil when the voids are partially
filled with water. The Soil–Water Characteristic Curve (SWCC) is a fundamental rela-
tionship between the content of water and soil suction [29] that effectively describes the
behavior of unsaturated soils. The retention behavior of soil water can be influenced by
various factors, including dry unit weight, degree of saturation, stress conditions, and
soil amendments [26,30,31]. The degree of saturation, moisture content, and volumetric
water content are terms commonly used to describe the amount of water in the soil. As
moisture content in the soil changes from full saturation to drought, the wet area of contact
between grains or agglomerates decreases as suction stresses in the soil increase. Put
differently, there is a correlation between the SWCC and the shear strength of unsaturated
soils [29,32,33]. However, obtaining this curve requires special equipment, effort, and time,
which can lead to inconsistent results. As a simpler and more precise alternative, this
study focuses on the degree of saturation to predict the elasticity modulus and strength of
expansive soil, without considering the characteristic curve.

Prior experimental investigations into the impact of sand on unconfined compression
tests were constrained by a lack of comprehensive assessments that considered all factors
at the same time. Sand percentage, initial dry density, and initial degree of saturation were
frequently studied separately. Some studies varied sand proportions, whereas others fo-
cused solely on the Proctor test’s maximum dry density and optimal moisture content. This
research seeks to overcome these constraints to gain a more comprehensive understanding
of unconfined compression experiments and the potential for accurate predictive modeling.

1.2. Artificial Intelligence as a Predictive Tool in Geotechnical Engineering

The flexible and precise data-driven approach of artificial intelligence (AI) has gained
increasing attention as computer technology advances. Many scholars have tried to in-
tegrate machine learning (ML) and geotechnical reliability analysis because of the com-
plexity of expansive soils to improve computational precision and efficacy. This endeavor
has resulted in a number of successful applications [34–38]. Within geotechnical reliabil-
ity research, the major goal of machine learning (ML) is to recreate complicated, high-
dimensional implicit performance functions by exploiting insights from carefully selected
data. These datasets are primarily made up of input factors such as plastic index, liquid
limit, degree of saturation, sand content, and unit weight. Similarly, relevant parameters
of interest, such as unconfined compressive strength and elasticity modulus, are included
in the datasets. Using this methodology to implement the ML analysis model provides
a powerful method for accurately predicting outcomes in the geotechnical sector. Via
training and validation processes, the model’s accuracy and computational efficiency are
validated, confirming its accuracy and computational efficiency in meeting particular
performance requirements.

Effective applications of various machine learning (ML) models have been found
in geotechnical analysis. These models cover a broad range, including support vector
machines (SVMs) [39], multivariate adaptive regression splines (MARS) [40,41], rele-
vant vector machines (RVMs) [42], decision tree regression (DTR) [43], gradient boost-
ing regression (GBR) [43], K nearest neighbor regression (KNR) [43], particle swarm
optimization (PSO) [44], random forest regression (RFR) [43], extreme gradient boost-
ing (XGBoost) [38,45–47], extreme learning machines (ELMs) [40], symbolic regression
(SR) [48,49], and artificial neural networks (ANNs) [50–54]. Table 1 summarizes several
studies that employed machine learning in geotechnical engineering.
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Table 1. Overview of machine learning models used in the geotechnical sector.

Reference Model Description

Díaz 2023 [55] GBR, RFR, DTR, ET, Linear R,
LASSO, EN, and others

The current study predicts the UCS of jet grouting columns using
supervised machine learning algorithms. The study concludes that
DTR, GBR, RFR, and extremely randomized trees (ET) are the top
algorithms in terms of performance.

Kumar 2019 [40] MARS and ELM

The study focused on predicting pile-bearing capacity in sandy soil
using machine learning algorithms (ELM and MARS). In terms of
performance measures, the MARS model outperformed the ELM
model significantly.

Kardani 2022 [43] GBR, DTR, KNR, RFR, ST-ENSM,
BG-ENSM, and others

The study evaluated machine learning models for estimating the
resilient modulus (MR) of compacted subgrade soils. Bagging
ensemble (BG-ENSM) ranked first, while RFR ranked last. Stacking
ensemble (ST-ENSM) and DTR also ranked fairly well.

Wu 2023 [56] RFR, SVR, and ANN

In this study, SVR, RFR, and ANN models were trained on coral
reef limestone (CRL) samples using X-ray CT and lab data. On test
data, the ANN model performed admirably, predicting UCS with
92% accuracy.

Zhang 2022 [45] XGBoost and GBR

The study presented an effective use of XGBoost and GBR in
time-varying reliability analysis. The probabilities of a landslide
failing at particular times were computed by these models
effectively and precisely. While both models accurately predicted
outcomes, XGBoost exhibited marginally superior performance.

Chang 2023 [57] RFR and ANN

The multi-scale segmentation method was used in this study to
identify slope units in Chongyi County, China. The various
characteristics of these units were used to construct various
slope-machine learning models. In terms of predictive accuracy, RF
models outperform ANN models.

Wang 2021 [36] LR, SVM, RFR, GBR, and ANN

This study provided a new machine learning method for
identifying natural-terrain landslides. It revealed that ANN
excelled because of its superior feature extraction and data
processing capabilities. Boosting algorithms rank second in
accuracy after ANN, followed by RFR, LR, and SVM.

The symbolic regression (SR) algorithm is used effectively in many areas of civil
engineering. It adeptly models the Colebrook equation governing hydraulic flow friction
in hydraulics, significantly improving accuracy in turbulent scenarios [58]. Symbolic
regression is used in structural engineering to estimate seismic peak drift ratio, penetration
depth into concrete blocks, shear capacity of concrete beams reinforced with steel fibers,
fire response of concrete structures, seismic fragility analysis, remaining fatigue life, and
shear resistance in bolted connections [59–64]. Notably, in some cases [59,63,64], symbolic
regression equations outperformed traditional formulas.

Geotechnical engineers are becoming interested in ANNs because of their exceptional
capacity to represent nonlinear problems with many different parameters. ANNs can create
non-linear relationships between variables and make relatively accurate predictions [65].
Several geotechnical investigations have demonstrated that ANN models outperform
multiple linear regression (MLR) models [51,65–67].

Table 2 summarizes several studies that used machine learning to predict the behavior
of expansive soils, including some of the most used regression algorithms such as GBR,
SVR, and DT. According to Tables 1 and 2, investigating the best behavior prediction
remains a difficult task because there is no general agreement on the best algorithm for
predicting the behavior of expansive soil. The following machine learning models that have
demonstrated the best performance according to Table 2 will be used in this paper: artificial
neural networks (ANNs and the proposed ANN-GMDH), extreme gradient boosting
(XGBoost), gradient boosting regression (GBR), random forest regression (RFR), decision
tree regression (DTR), and support vector regression (SVR). The outcomes of those models
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will be compared, and the most accurate one will be used for prediction. Additionally,
symbolic regression (SR) will be used to formulate the prediction equations for Et and qu.

Table 2. Overview of machine learning models used in the literature to predict expansive
soil behavior.

Reference Model Description

Najjar 1996; Najjar
1998 [68,69] ANN

These papers focus on the development of statistical models and
neural network-based models to predict swelling potential. It has
been demonstrated that neural models outperform statistical
models in terms of prediction accuracy.

Doris 2008 [70] ANN

This study employs artificial neural networks (ANNs) to forecast
soil surface movements caused by changes in moisture caused by
climate variations. Based on climatic changes, ANN predictions
match field measurements of soil movements caused by moisture
changes as well as a physics-based method based on soil water
content measurements.

Merouane 2018; Ikizler
2010; Ashayeri 2009;

Erzin 2011
[50,66,71,72]

ANN ANNs were used to predict the swelling pressure and amplitude of
unsaturated clay

Dutta 2019 [51] ANN
ANNs were used to predict the free swell index (FSI) of the
expansive soil. The ANN model predicted the FSI more accurately
than the multiple linear regression model.

Ikeagwuani 2021 [73] MARS, RFR, and GBR

Three distinct machine learning models were employed in this
study to predict the California Bearing Ratio (CBR) of an expansive
soil subgrade treated with regular Portland cement, quarry dust,
and sawdust ash. The findings of the study revealed that the
random forest model surpassed both the gradient boosting machine
and MARS models in terms of predictive accuracy.

Eyo 2022 [74] ANN, SVR, LR, RFR, and others

This work used a broad range of machine learning techniques to
evaluate and estimate the swelling of soils with different plastic
characteristics under expanding behavior during inundation.
According to the findings, the support vector machine (SVR)
outperformed other techniques, including random decision forests
(RFR), logistic regressors (LRs), and artificial neural networks
(ANNs).

Benbouras 2021 [75] SVR, RFR, ANN, DNN, LASSO,
ELM, and others

This study used many advanced algorithms to predict the swelling
index of expansive soil. The results show that the random forest
method yielded more effective and accurate results than the other
methods in modeling geotechnical phenomena.

Chen 2022 [76] RFR, XGBoost, SG, ANN, SVR,
and MARS

This work developed a prediction model of the uniaxial tensile
strength using three ensemble machine learning approaches and
three classical methods. Based on all metrics, the results indicate
that the stacked generalization (SG) and XGBoost perform best,
with the ANN, RF, MARS, and SVM following closely after.

1.3. Research Scope

A series of tests on expansive soils, including the Atterberg limits test, unconfined
compressive test, and Proctor test, were carried out in this study, resulting in a dataset of
225 records with 5 input features and 2 labels. To develop individual predictive models for
the unconfined compressive parameters, eight ML approaches were considered, including
three classical ones (the proposed ANN-GMDH, ANN, and SVR), four ensemble ones
(DTR, RFR, GBR, and XGBoost), and symbolic modeling (SR). The proposed ANN-GMDH
is intended to improve the ANN’s prediction accuracy by incorporating new relationships
between input features. The suggested ML models’ performances were carefully tested
and compared.

This pioneering research marks a significant advance in the field of soil mechanics.
To date, no research effort has systematically applied a comprehensive suite of advanced
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machine learning models to analyze both qu and Et properties of expansive soil while
accounting for the influence of sand. Our work fills this crucial gap by integrating advanced
machine learning techniques with experimental data on expansive soil properties. The
study’s innovative approach provides a unique combination of classical and ensemble
algorithms to analyze and predict the unconfined compression parameters of expansive
soils with varying sand content, saturation levels, and dry densities.

By tapping into the vast potential of these diverse models, the research provides
a nuanced understanding of how different variables influence soil behavior, a task that
traditional methods have found challenging.

The study’s novelty stems from the direct application of sophisticated machine learn-
ing techniques to experimental data, resulting in remarkably precise predictions of previ-
ously unattainable soil parameters. Unlike traditional methods, which rely on theoretical
assumptions or simplified models, this novel methodology uses advanced methods to
analyze raw experimental data. Through this, the study achieves remarkably precise pre-
dictions of soil parameters, outperforming previous methods. One important feature of
this novel approach is its consideration of the percentage of sand in the soil, which has
frequently been overlooked in previous research efforts. By incorporating this critical factor
into the analysis, the predictive models developed in this study provide a more complete
picture of soil behavior. The inclusion of sand percentage allows for more accurate predic-
tions, filling a significant gap in the literature and increasing the findings’ applicability to
real-world scenarios. Furthermore, this study presents predictive models and equations
designed to estimate the elasticity modulus (Et) of expansive soil. Unlike previous studies,
which may have focused solely on parameters such as unconfined compressive strength (qu)
or investigated different soil types, our study fills a gap by developing models specifically
for expansive soils. Considering the unique properties and behaviors of expansive soils,
which require tailored predictive models for precise assessment of elastic modulus and
unconfined compressive strength, this study aims to contribute to the field of geotechni-
cal engineering by addressing identified gaps in the literature and proposing innovative
methodologies. The use of advanced machine learning techniques, combined with the
consideration of previously overlooked factors such as sand percentage and the creation
of specialized models for expansive soils, improves prediction accuracy and reliability.
Finally, these advancements improve our understanding of soil behavior and have practical
engineering applications, laying the groundwork for future field study.

2. Materials and Methods
2.1. Methodology Overview

Figure 1 depicts the overall workflow, which includes laboratory and machine learning
predictions for unconfined compressive parameters (qu and Et). The process followed
standard machine learning procedures, beginning with the collection of experimental data
from 225 unconfined compression test samples in the laboratory. Two cross-validation
techniques were used: the Train/Validation/Test Split and (k-fold) methods. For the
(k-fold) technique, data were randomly divided into 80% for model training and 20%
for testing, with k = 5. Meanwhile, the Train/Validation/Test Split approach randomly
divided the data into three sets: 70% for model training, 10% for validation, and 20% for
testing. Preprocessing entailed dimensionless normalization of input to speed up model
convergence. Following model training, the mean absolute error (MAE), root-mean-square
error (RMSE), and coefficient of determination (R2) were used to assess machine learning
model performance.

2.2. Laboratory Tests

The materials utilized in this study included expansive clayey soil sourced from
Demsarkhu, Lattakia, Syria and fine sea sand. Figure 2 displays the case study location.
For further details on the characteristics of these materials, refer to Alnmr and Ray [13].
The sand and clay were mixed in varying proportions, ranging from 10% to 50% relative
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to the dry weight. All the laboratory tests were conducted according to ASTM. Granular
gradient curves were plotted and presented in Figure 3. To ensure that the materials were
free of impurities, the clay and sand samples were cleaned using sieve N200. The chemical
composition of the expansive clay was determined and is presented in Table 3.
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Table 3. Chemical composition of the expansive clay.

Chemical
Composi-

tion

Alumina
(Al2O3)

Silica
(SiO2)

Magnesium
(MgO)

Ferric
(Fe2O3)

Potassium
(K2O)

Calcium
(CaO)

(Sodium
(Na2O)

Loss of
Ignition

(LoI)

% 11.51 49.79 2.41 5.49 0.37 12 1.2 17.23

According to the Unified Soil Classification System [77] and the AASHTO classification
system [78], the expansive clay employed in this investigation was classified as CH and
A-7-5, respectively.

Prior research [79,80] established a relationship between the Atterberg limits plot
position on a plasticity chart and the soil’s clay mineralogy. Plotting the liquid limit (LL)
and plastic index (PI) for each percentage of sand (Fs) resulted in a plasticity chart (Figure 4)
with ranges for kaolinite, montmorillonite, illite, and chlorite. The results indicated that the
samples in this study with varying amounts of added sand are composed of illite.
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The standard proctor test was used to determine the optimal moisture content and
maximum dry density of the sand–expansive clay mixtures (Figure 5). Refer to Alnmr and
Ray [13] for detailed information on Proctor, Atterberg, and consolidation tests.
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Figure 5. The maximum dry density and optimal moisture values as a function of the sand content;
(A) the change in γdmax as a function of Fs, (B) the change in wopt as a function of Fs.

In the current study, unconfined compression tests (UCTs) were performed on cylindri-
cal samples that were twice their diameter in length. The tests were conducted at various
densities and saturations for each sand percentage added, with a deformation rate of
2 mm/min.

Figure 6 depicts the step-by-step procedure used in the modified sample preparation at
the laboratory. Initially, sand and clay soils were thoroughly mixed to create a homogeneous
mixture (A). Following that, the blend was sealed in a plastic bag and left isolated for 24 h
to ensure consistent moisture distribution (B). After that, the mixture was put into an
unconfined compression test mold. The specimen was compressed to the required unit
weight using a hydraulic jack and static pressure (C). After being prepared, the specimen
was placed in the unconfined compression apparatus (D). The apparatus applied a vertical
load until the specimen failed (E). Figure 7 shows the relationship between strain and
vertical stress to clarify how Et and qu are defined.

A dataset comprising 225 unconfined compression tests was compiled from exper-
imental outcomes for utilization in machine learning models. The input data consist of
specific gravity (G), plastic index (PI), liquid limit (LL), dry unit weight (γd), sand content
(Fs), degree of saturation (SR), optimum degree of saturation (SRopt), maximum dry unit
weight (γdmax), and void ratio (e0). The dataset is used to predict the elasticity modulus (Et)
and unconfined compressive strength (qu). Density plots and distribution histograms of
the dataset are presented in Figure 8.
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Figure 6. Visualization of sample preparation process: (A) sand and expansive clay mixing,
(B) sample encasement in plastic bags for moisture retention, (C) mold placement and applica-
tion of static pressure via hydraulic piston, (D) final prepared specimen in unconfined compression
apparatus, and (E) post-failure specimen.
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2.3. Selection of Variables

Correlation analysis plays a vital role in exploring the connections among different in-
puts in datasets. However, given the diverse nature of datasets, the assumptions associated
with each correlation method often vary, influencing their suitability and reliability.

The primary criterion for selection involves eliminating variables that are challenging
to obtain and opting for readily available data. In this study, Spearman, Kendall, and
Pearson correlation coefficients are calculated among different parameters to examine the
correlation between input and output parameters, as illustrated in Figure 9. The strength of
the correlation between factors is depicted via numerical values ranging from 0 to 1, where
a value of 1 indicates a robust positive correlation, while a value of −1 signifies a strong
negative correlation. When comparing the three methods (Spearman, Kendall, and Pearson)
across different datasets with different inputs, the variables SR, γd, and e0 consistently
show the highest correlation coefficients. Regardless of the dataset’s composition or the
underlying presumptions of each correlation technique, this steady trend points to a solid
and robust relationship between SR, γd, and e0 and Et and qu. Consequently, LL, Fs, and
these three parameters (SR, γd, and e0) were selected as inputs. The high correlation
coefficients observed for degree of saturation (SR), dry unit weight, and void ratio (e0),
with unconfined compressive strength and the elasticity modulus, can be attributed to
their fundamental roles in soil mechanics. The degree of saturation (SR) reflects the soil’s
moisture content relative to its maximum water-holding capacity, directly impacting soil
strength and stiffness via its influence on pore water pressure. Dry unit weight and void
ratio directly influence soil density, porosity, compressibility, and shear strength, explaining
their strong correlations with unconfined compressive strength and elasticity modulus.
Conversely, the lower correlation coefficients observed for sand content (Fs) and liquid
limit (LL) suggest their relatively weaker direct influence on soil mechanics. Fs primarily
reflects the composition of soil particles, which may affect soil strength and stiffness to a
lesser extent than density and porosity represented by dry unit weight and void ratio. LL,
indicating soil plasticity, may indirectly affect mechanical properties via its influence on soil
structure and behavior under different moisture conditions. However, despite achieving
low correlation coefficients, LL and Fs were selected as inputs due to their importance in
soil classification and the ease of determination via simple tests. This decision aids machine
learning models in comprehending the complex relationships within multidimensional
data, ensuring a more comprehensive analysis of soil behavior. The statistical characteristics
of the chosen variables are presented in Table 4.

2.4. Machine Learning Algorithms Used in the Study

In this section, a comprehensive comparison is conducted among the algorithms em-
ployed in this study, including decision tree regression (DTR), random forest regression
(RFR), gradient boosting regression (GBR), support vector regression (SVR), and artifi-
cial neural networks (ANNs). These algorithms were chosen for their common use in
previous studies.

Table 4. The statistical attributes of the selected variables.

LL Fs e0 SR γd Et qu

count 225 225 225 225 225 225 225
mean 59.7 25.3 0.73 76.2 15.66 42,267 517.1

std 13 17.06 0.14 15.68 1.228 33,966 393.7
min 41.1 0 0.45 50 13.3 950 17.79
25% 48.6 10 0.63 60 14.66 14,717 238.3
50% 55.8 30 0.74 74.25 15.3 34,418 416.97
75% 72.1 40 0.858 90 16.6 61,706 665.11
max 78.8 50 1.032 100 18.451 159,238 2277.9
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The dataset’s complexity influenced the selection of machine learning (ML) models.
ML models that are adept at handling such complexities may be necessary because tra-
ditional models may not be able to capture these subtleties. Aiming primarily for higher
predictive accuracy for variables such as qu and Et in expansive soils, machine learning
models were chosen due to their capacity to efficiently navigate intricate relationships.

This study employs a variety of machine learning models, including extreme gradient
boosting (XGBoost), gradient boosting regression (GBR), artificial neural networks (ANN-
GMDH, and ANNs), support vector regression (SVR), decision tree regression (DTR),
random forest regression (RFR), and symbolic regression (SR) in the Python software 3.11
environment. These models were chosen based on their widespread use in previous studies.
For more information on the machine learning models used in this study, including their
most important hyperparameters, see [81].

When evaluating efficacy of the ML models, the first step is to analyze their perfor-
mance on the training data. Following this, to thoroughly evaluate the models’ ability to
generalize, two cross-validation techniques are utilized. This entails testing the models
on datasets distinct from those utilized during training. In this study, each predictive
model was developed using a total of 225 datasets. Among these, 80% were assigned to the
training phase, while the remaining 20% were set aside for critical testing purposes.

The quality of the predictive models were evaluated using statistical indices, includ-
ing MAE (mean absolute error), RMSE (root-mean-square error), and R2 (coefficient of
determination), which are defined in Equations (1)–(3), respectively [82–84].

RMSE =

√
∑n

i=1
(
y′i − yi

)2

n
(1)

MAE =
1
n∑n

i=1

∣∣(y′i − yi
)∣∣ (2)
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
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)

(√
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)(√

∑n
i=1

(
y′i − y′

)2
)
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2

(3)

where “y” denotes the actual values, “y′” stands for the predicted values, “y” represents
the mean of the set “y”, and “n” signifies the total number of data points.

2.4.1. Decision Tree Regression

Decision tree regression (DTR) is a structured hierarchical data representation charac-
terized by variable branches and nodes. In this framework, certain nodes extend outward
with connecting lines, while others, termed ‘leaves’, do not. The data points intended for
regression or categorization are systematically divided into distinct categories by utilizing
specific internal nodes. In the training phase, the algorithm compares the values of input
variables to designated functions. Strategically, the algorithm seeks to construct the most
effective decision trees by iteratively minimizing the fitness function. The dataset is par-
titioned at multiple points within each set of independent variables. At these points, the
algorithm calculates prediction errors, reflecting differences between expected and actual
values based on the fitness function. Identifying the optimal split point involves selecting
the variable that yields the smallest fitness function value, considering split point errors
across all variables [85].

2.4.2. Random Forest Regression

The random forest regression (RFR) algorithm, which relies on ensemble learning, is
extensively applied in both academic and industrial settings for tasks involving classifica-
tion and regression due to its efficacy. By employing bootstrap aggregation, it coordinates
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an ensemble of varied, randomly formed, and unpruned decision trees. An RFR is built by
assembling a collection of decision trees that have been systematically altered. Random
feature selection emerges as a critical component of the training process. The careful se-
lection of different attributes is required to ensure a rich diversity of decision trees. As a
result, each decision tree contributes a unique evaluative perspective to the collective forest,
culminating in the outcome being determined by the aggregated votes of these trees. The
random forest approach is explained in detail in earlier research [73,86].

2.4.3. Gradient Boosting Regression

Gradient boosting regression (GBR) refers to an ensemble-trained supervised machine
learning model. Boosting is a technique that involves combining many simple models into
a unified composite model. Boosting is frequently described as an additive model because
basic models are sequentially added while the trees of the model remain unchanged.
Combining more fundamental models results in more accurate predictions. Gradient
boosting aims to reduce losses via gradient descent, a first-order iterative optimization
procedure. Employing a squared error loss function, decision trees act as the weak learners
within the framework of gradient boosting. GBR proceeds by training a weak model to map
features to the predicted residuals of the weak model. These residuals are incorporated
into the input of the current model, guiding it toward the intended outcome. When this
process is repeated on a regular basis, the model’s overall predicted accuracy steadily
improves [87,88].

2.4.4. Extreme Gradient Boosting

Extreme gradient boosting (XGBoost), a powerful implementation of gradient boost-
ing machines (GBM), is regarded as one of the best performers in the field of supervised
learning. Its capability spans across both regression and classification problems, making
it a versatile tool in data analysis. Data scientists frequently favor XGBoost because of
its faster execution speed, particularly when dealing with out-of-core computations. The
performance of the algorithm is driven by a combination of advanced processes such as
gradient boosting, tree pruning, and regularization. These mechanisms collaborate to
improve its prediction powers. Notably, XGBoost is adaptable in dealing with missing
data instances and provides regularization procedures, validating its appropriateness for
predicting applications. To completely unlock the algorithm’s latent potential, hyperparam-
eters must be carefully fine-tuned. This tuning method entails tweaking crucial parameters
such as learning rate and maximum depth to achieve maximum efficiency [89].

2.4.5. Support Vector Regression

Support vector machine (SVM) finds extensive application across diverse prediction
scenarios, encompassing tasks related to classification and regression. In the domain of
regression, it is commonly referred to as support vector regression (SVR) [90]. SVR operates
by transforming the model’s inputs into a higher-dimensional space, a fundamental step
in its training process based on the principles of structural risk minimization (SRM) [91].
Facilitating this transformation is the kernel function, tasked with mapping inputs into this
expanded space to enable complex processing.

2.4.6. Artificial Neural Networks

Artificial neural networks (ANNs) represent a computational architecture comprising
artificial neurons, engineered to mimic the information processing mechanisms observed
in the human brain, thereby enabling knowledge acquisition. These networks construct
intricate input–output models capable of identifying intricate correlations within multi-
dimensional datasets. Their ubiquitous use is found in a variety of engineering special-
ties [92,93]. ANNs support a wide range of network architectures, including single and
multiple layer networks. One instance is the feedforward back propagation neural network
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(FFBP), consisting of an input layer for receiving data, an intermediate hidden layer, and
an output layer that provides outcome-specific insights in reaction to input data.

This paper proposes a comprehensive integration between the GMDH features and
the ANN network model. The group method of data handling (GMDH) algorithm finds
applications in diverse research domains. For instance, the authors of [94,95] employed
GMDH for pore pressure analysis and permeability modeling, resulting in accurate perme-
ability predictions. Additionally, GMDH has been utilized in rock deformation prediction,
as demonstrated by [96]. In GMDH, the Kolmogorov–Gabor polynomial, referenced in [97],
serves as a mathematical framework for understanding the relationship between input and
output variables. For instance, when predicting Et using input features like LL, Fs, and SR,
the mathematical Equation (4) is formulated as follows:

Et = a0LL + a1Fs + a2SR + a3LL2 + a4Fs2 + a5SR2 + a6(LL × FS) + a7(LL × SR) + a8(Fs × SR) (4)

where LL, Fs, and SR denote the input features representing liquid limit, sand percentage,
and degree of saturation, respectively; a0, a1, a2,. . ., a8 are the coefficients; and Et symbolizes
the output, specifically the elasticity modulus.

In the conventional ANN, five features (SR, Fs, e0, LL, and γd) are utilized. In contrast,
the proposed GMDH incorporates 20 features derived from the original five features to
capture interaction effects. These features include both individual and interaction terms: SR,
Fs, e0, LL, γd, SR2, Fs2, e2

0, LL2, γ2
d, SR × Fs, SR × e0, SR × LL, SR × γd, Fs × e0, Fs × LL, Fs

× γd, e0 × LL, e0 × γd, and LL × γd. The architecture of the suggested ANN-GMDH model,
depicting the input characteristics, is illustrated in Figure 10B, while the conventional ANN
model is represented in Figure 10A.
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2.4.7. Symbolic Regression

Symbolic regression (SR) is a machine learning algorithm that searches for mathe-
matical equations or formulas that best describe and fit data relationships. It allows for
the modeling of complex relationships and the creation of predictive equations without
making any assumptions about the underlying mathematical form. In capturing complex
nonlinear relationships, symbolic regression outperforms multiple linear regression (MLR),
which is limited to linear relationships between variables [98]. The symbolic regression
algorithm is used in this study to determine the equation of qu and Et. In this study, EU-
REQA 1.24.0 software is used for this purpose. EUREQA begins the symbolic regression
process by configuring algorithm parameters and establishing the equation space, as shown
in Figure 11. It begins with a small set of equations. These equations are subjected to a
fitness evaluation, which determines how well they correspond to the given dataset. The
algorithm grows and refines this set by including and excluding equations dynamically
based on their fitness and relevance. Equations with high fitness are subject to adaptive
evolutionary mechanisms, allowing the algorithm to iteratively explore and refine equa-
tions. EUREQA adjusts its equation population, concentrating computational resources
on promising equations. Iterations of this dynamic evolution continue until convergence
or the fulfillment of predetermined termination criteria. In the end, EUREQA chooses the
best-fit equation or equations to analyze and validate their correctness in capturing the
underlying patterns in the dataset.
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2.5. Hyperparameters Optimization

In this study, a systematic strategy is employed for hyperparameter tuning, which
focuses on refining machine learning models via the GridSearchCV technique. Specifi-
cally, GridSearchCV is utilized across GBR, XGBoost, SVR, ANN, ANN-GMDH RFR and
DTR, models. This approach involves systematically exploring a predefined grid of hy-
perparameter values, coupled with cross-validation for each combination, to identify the
most effective set that enhances model performance. Considering the more compact and
manageable hyperparameter spaces of these models, a comprehensive exploration proves
both feasible and advantageous [99–101]. While acknowledging the larger and intricate
hyperparameter spaces of the GBR and ANN models, requiring additional optimization
time, the study opts for GridSearchCV for consistency. This strategic choice guarantees
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a systematic and exhaustive examination of the hyperparameter space, aligning with the
study’s methodology and obviating the necessity for Randomized Search CV [101].

Artificial neural networks (ANNs) powered by TensorFlow are instrumental in un-
raveling complex patterns within datasets. Specifically designed for regression tasks,
ANNs utilize a structure of interconnected nodes organized into layers to establish correla-
tions between input features and continuous output values. In TensorFlow-based ANNs,
hyperparameter optimization involves thorough exploration of the parameter space, en-
compassing architecture parameters like activation functions, neuron count per layer, and
layer count, as well as training process parameters such as number of training epochs, batch
size, and learning rate. This systematic approach aims to identify the optimal combination
of hyperparameters that enhances predictive accuracy, exploring various configurations
and leveraging TensorFlow’s capabilities for efficient evaluation and training.

This process entails a thorough exploration of these models’ parameter spaces to
identify optimal configurations. The optimal settings for each model regarding qu and Et,
respectively, are displayed in Tables 5 and 6.

Table 5. Optimal hyperparameters for models predicting ‘qu’.

Model Hyperparameter Value

DTR
max_depth 10

min_samples_leaf 1
min_samples_split 1

RFR

max_depth 10
min_samples_leaf 1
min_samples_split 1

n_estimators 130

GBR

subsample 0.8
n_estimators 100

min_samples_split 12
min_samples_leaf 2

max_depth 3
learning_rate 0.6

XGBoost

colsample_bytree 0.8
learning_rate 0.4
max_depth 3

n_estimators 200
subsample 0.6

SVR
C 100,000

epsilon 10
kernel rbf

ANN

number of neurons in layer1 10
number of neurons in layer2 5

learning_rate 0.05
batch size 10

hidden layers function ReLU
linkage between the hidden

layer and the ultimate output
layer function

ReLU

ANN-GMDH

number of neurons in layer1 20
number of neurons in layer2 30

learning_rate 0.09
batch size 14

hidden layers function ReLU
linkage between the hidden

layer and the ultimate output
layer function

ReLU
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Table 6. Optimal hyperparameters for models predicting ‘Et’.

Model Hyperparameter Value

DTR
max_depth 10

min_samples_leaf 1
min_samples_split 1

RFR

max_depth 12
min_samples_leaf 1
min_samples_split 1

n_estimators 70

GBR

subsample 0.8
n_estimators 100

min_samples_split 12
min_samples_leaf 2

max_depth 3
learning_rate 0.6

XGBoost

colsample_bytree 0.6
learning_rate 0.2
max_depth 3

n_estimators 200
subsample 0.6

SVR
C 100,000

epsilon 0.1
kernel rbf

ANN

number of neurons in layer1 18
number of neurons in layer2 18

learning_rate 0.07
batch size 8

hidden layers function ReLU
linkage between the hidden

layer and the ultimate output
layer function

ReLU

ANN-GMDH

number of neurons in layer1 20
number of neurons in layer2 16

learning_rate 0.085
batch size 41

hidden layers function ReLU
linkage between the hidden

layer and the ultimate output
layer function

ReLU

3. Results and Discussion
3.1. Effect of Initial Dry Unit Weight

The study investigated the effect of initial dry unit weight on the elasticity modulus (Et)
and unconfined compressive strength (qu) of sand–clay mixtures with varying percentages
of added sand. The initial saturation level was set at 75% for all samples, while the densities
were varied for each sample. Figure 12 shows the change in qu and Et with the initial dry
unit weight for each percentage of sand.

The results showed an increase in both qu and Et with an increase in the dry unit
weight for each sand-added percentage. On the other hand, both qu and Et decreased with
an increase in the percentage of sand for all added sand percentages. The reason for this
trend is that as the percentage of sand increases for the same dry density, the size of the
voids in the soil increases, while the amount of clay minerals that have high water affinity
decreases, leading to a reduction in suction forces within the pores of the soil.
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Figure 12. The change in qu and Et with γd according to Fs; (A) the change in qu with γd according to
Fs; (B) the change in Et with γd according to Fs.

Figure 12A: This graph is a scatter plot with ascending lines reflecting the trend for
a certain percentage of added sand (Fs) inside the soil mixture. The x-axis shows the dry
unit weight (γd kN/m3), which ranges from 13 kN/m3 to 18% kN/m3, and the y-axis
indicates the unconfined compressive strength (qu), which ranges from 0 to approximately
1100 kPa. The general trend indicates that as dry unit weight increases, so does unconfined
compressive strength, especially after exceeding the maximum dry unit weight of the
standard proctor test for each sand content.

Figure 12B: This graph, like Figure 12A, is a scatter plot with ascending lines, but
it illustrates the change in elasticity modulus (Et). The y-axis has a significantly broader
scale, extending from 0 to 90,000 kPa, representing the higher values typical of elasticity
modulus measurements. The lines use the same color and style codes as in Figure 12A and
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demonstrate the similar pattern of increasing elasticity modulus with increasing dry unit
weight. The sharp rise in modulus indicates that the soil becomes much stiffer and less
deformable as it becomes denser.

The trend in Figure 12A shows a clear direct relationship between γd and qu. As γd
increases, qu increases across all sand content percentages (Fs), indicating that density com-
promises soil strength. The results show a significant increase in strength after exceeding
the maximum dry unit weight of a standard proctor. The various lines for different Fs
percentages indicate that mixtures with more added sand tend to retain lower strength at
the same dry unit weight than those with less sand. This behavior implies that soils with
lower sand content are more susceptible to strength gain with increased dry unit weight.

In Figure 12B, the elasticity modulus (Et) shows a similar upward trend with increasing
dry unit weight, indicating an increase in soil stiffness. The lines plotted for different Fs
percentages all slope upward, indicating that as the soil becomes denser, its ability to
elastically deform and return to its original shape improves.

Overall, the results of this study suggest that the addition of sand to clayey soils
can enhance their strength and stiffness properties, but the percentage of sand should be
carefully considered to avoid reducing these properties due to an increase in voids size and
a decrease in water affinity of clay minerals.

3.2. Effect of Initial Degree of Saturation

The impact of the initial degree of saturation on the mechanical properties of sand-clay
mixtures with varying sand content was investigated. The maximum dry density was
calculated for each percentage of sand using the standard Proctor test, and it was found
that the maximum dry density increased with an increasing percentage of sand, as depicted
in Figure 5. The relationship between qu and Et with the degree of saturation (SR) was
studied separately for each sand percentage, and the results are presented in Figure 13. A
sharp decrease in both the unconfined compressive strength and elasticity modulus was
observed as SR increased, and the decrease became less severe as SR increased due to the
filling of soil pores with water and the corresponding decrease in suction forces.

Figure 13A: This graph is a scatter plot with a series of descending lines, each line
representing the trend for a specific percentage of sand (Fs) within the soil mixture. The
x-axis represents SR% ranging from about 30% to 100%, and the y-axis represents qu
measured in kilopascals (kPa), which ranges from approximately 0 to 1800 kPa. The general
trend shows that as saturation increases, the unconfined compressive strength decreases
sharply initially and then levels off, indicating a reduction in strength gain as saturation
approaches 100%.

Figure 13B: This graph is also a scatter plot with descending lines, similar to Figure 13A,
but it depicts the change in elasticity modulus (Et). The y-axis has a much larger scale,
ranging from 0 to 160,000 kPa, reflecting the higher values typical of elasticity modulus
measurements. The lines follow the same color and style codes as Figure 13A and show
the same trend of reduction in the elasticity modulus with an increase in soil saturation.
The sharp decline in modulus suggests that the material becomes significantly less stiff and
more deformable as it becomes wetter, which is a critical consideration for soil mechanics
and engineering.

The trend in Figure 13A demonstrates a clear inverse relationship between SR and qu
of the soil. As the saturation increases, qu decreases across all sand content percentages
(Fs), indicating that soil strength is compromised by the presence of water. The results
show a steep decline in strength at lower saturation levels, which then tapers as saturation
approaches full capacity. The various lines for different Fs percentages suggest that the
mixtures with more added sand tend to retain higher strength at the same saturation level
compared to those with less sand. This behavior implies that soils with lower sand content
are more susceptible to strength loss with increased water content.
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In Figure 13B, the elasticity modulus (Et) exhibits a similar downward trend with
increasing soil saturation, highlighting a decrease in soil stiffness. The lines plotted for
different Fs percentages all slope downward, indicating that as the soil becomes more
saturated, its ability to elastically deform and return to its original shape is diminished.
The sharpness of the slope varies with the percentage of added sand, with higher sand
content mixtures showing a slightly less severe reduction in Et. This reduction in elasticity
with increased saturation is crucial for civil engineering applications, as it affects how soil
will behave under structural loads, with potential implications for the design and stability
of foundations and other soil–structure interactions.

3.3. Effect of Sand Content

The effect of varying percentages of added sand (FS) on the elasticity modulus and
unconfined compressive strength is investigated by setting the maximum dry density for
each percentage of added sand. Figure 14A,B are scatter plots with a series of lines, with
each line representing the trend for a specific degree of saturation (SR) within the soil
mixture. Figure 14 displays the change in unconfined compressive strength and elasticity
modulus as a function of the percentage of sand for each degree of saturation. The results
indicate that an increase in the percentage of sand leads to an increase in both elasticity
modulus and unconfined compressive strength up to a certain percentage related to the
degree of saturation. However, this tendency of increase becomes less significant with the
increase in the degree of saturation. Moreover, after reaching a specific percentage of added
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sand, the strength decreases. This percentage is about 30% for high saturation degrees,
where the percentage of increase in Et and qu is about 75% and 65%, respectively. Notably,
this critical percentage increases with a decrease in the degree of saturation.
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This behavior can be explained by the suction forces within the soil. The increase
in density increases suction forces, while an increase in saturation and sand percentage
decreases suction forces. For instance, in Figure 14A,B, for 90% or greater saturation,
both strength and stiffness increase with the percentage of sand due to the increase in
maximum dry density. However, after about 30% of the added sand, there is a greater
decrease in suction forces due to the increase in the percentage of sand, which overcomes
the increase in suction forces caused by the increase in dry density. The study found that
there is a substantial rise in suction forces when the saturation degree decreases, resulting
in a continuous increase in unconfined compressive strength for larger percentages of the
added sand.

Unconfined compression tests on mixtures corresponding to the optimum moisture
and maximum dry density according to standard Proctor’s tests revealed that the strength
and elasticity modulus increase with the percentage of sand. The reason for the continued
increase in strength and elasticity modulus is that the saturation degree corresponding
to the optimum moisture is less than 90% for added sand percentages greater than 30%.
Additionally, it is worth noting that there is an inflection point between 20% and 30% of
the added sand, after which the increase becomes less severe, as shown in Figure 15. As a
result, a sand percentage of 30% can be considered the ideal percentage in clay soil. The
percentage of increase in the unconfined compressive strength and elasticity modulus when
the sand percentage increases from 0 to 30% is approximately 68% and 81%, respectively.
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3.4. Machine Learning to Predict qu and Et

Initially, several established explicit models such as linear regression, Lasso, Ridge, and
GMDH were utilized. The corresponding equations and associated metrics are summarized
in Table 7. Notably, the GMDH model yielded the most favorable metrics, indicating its
potential for generating reliable results. However, due to the lengthy equations involved,
we opted to integrate the GMDH features with the most effective implicit model, namely
ANN, as elaborated in the subsequent section. This combined model is denoted as ANN-
GMDH. Lastly, a user-friendly program will be developed to facilitate straightforward
predictive tasks.
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Table 7. Equation and metrics of the explicit models.

Model Equation Metrics Training Testing

Linear
regression

qu = 20.43LL − 0.19Fs + 2282.73e0 − 14.69SR + 581.26γd − 10337.54
RMSE 156.58 152.37
MAE 113.37 111.70

R2 0.8502 0.8302

Et = 102277.05e0 − 3650.79LL + 33535.90γd − 3766.92Fs − 1467.53SR − 129466.22
RMSE 9750.54 10,376.38
MAE 7673.28 8035.28

R2 0.9196 0.8960

Lasso

qu = 21.89LL − 0.08Fs + 152.78e0 − 14.67SR + 352.01γd − 5290.28
RMSE 159.24 151.95
MAE 115.22 116.70

R2 0.8450 0.8312

Et = 59441.79e0 − 2414.77LL + 28635.07γd − 2835.58Fs − 1466.10SR − 119044.50
RMSE 9777.38 10,362.64
MAE 7667.83 7998.31

R2 0.9192 0.8963

Ridge

qu = 20.69 ∗ LL − 0.61Fs + 973.61e0 − 14.68SR + 440.47γd − 7186.86
RMSE 157.59 151.61
MAE 114.34 114.57

R2 0.8482 0.8319

Et = −881.03e0 − 3028.96LL + 21526.18γd − 3307.39Fs − 1463.22SR + 84560.49
RMSE 9850.17 10,303.14
MAE 7680.33 8002.29

R2 0.9180 0.8974

GMDH

qu = 883490.10 − 7004.26LL − 5180.73Fs − 346890.29e0 + 412.66SR − 48116.59γd + 31.89LL2 + 47.51LL Fs + 701.47LLe0 − 1.10LLSR + 99.11LLγd + 17.92Fs2 +

538.04Fse0 − 0.51FsSR + 65.26Fsγd + 61461.40e2
0 − 101.58 e0SR + 6983.98e0 γd + 0.20SR2 − 19.49SRγd + 836.99γ2

d

RMSE 49.52 56.56
MAE 34.68 38.45

R2 0.9850 0.9766

Et = 46991712.22 − 11093891.97e0 − 1106276.20LL − 1064926.86γd − 839473.26Fs − 3565.98SR + 2067379.01e2
0 − 10309.94e0 LL + 1069107.43 e0 γd − 16039.98e0 Fs −

1160.06e0SR + 7192.25LL2 − 2621.05LLγd + 11280.37LL Fs + 94.18LLSR + 45439.18γ2
d − 3445.81γd Fs − 461.22γdSR + 4426.94Fs2 + 79.94Fs SR + 17.17SR2

RMSE 2544.52 2889.17
MAE 1932.47 2248.35

R2 0.9945 0.9919

3.4.1. Comparison of Machine Learning Models

This section presents a comparison of the models used in this study. The metrics
derived from k-fold and TVT cross-validation techniques are shown in Tables 8 and 9,
respectively. Tables 8 and 9 show that ANN-GMDH, ANN and SVR have superior perfor-
mance metrics, with SVR closely matching ANN’s performance. As a result, ANN-GMDH,
ANN and SVR outperform XGBoost, GBR, RFR, and DTR in predicting Et and qu for the
expansive soil under consideration.

Table 8. The study’s metrics for the various models using the Train/Validation/Test Split cross-
validation technique.

Model Metrics
Et qu

Training Validation Testing rd (%) Training Validation Testing rd (%)

DTR
R2 0.9975 0.8243 0.8372 16.07 0.99971 0.8132 0.9065 9.32

RMSE 102.41 808.88 787.88 669.34 6.88 140.64 113.09 1543.75
MAE 22.73 634.1 622.84 2640.17 1.4963 91.589 75.847 4968.97

RFR
R2 0.9857 0.9088 0.898 8.90 0.982 0.83 0.883 10.08

RMSE 244.33 582.83 623.55 155.21 54.21 134.144 126.724 133.76
MAE 184.3 483.757 484.45 162.86 36.84 89.92 77.85 111.32

GBR
R2 0.9991 0.985 0.9764 2.27 0.99886 0.9133 0.9495 4.94

RMSE 59.39 236.44 300 405.14 13.637 95.806 83.11 509.44
MAE 48 164.36 224.48 367.67 10.462 55.105 49.745 375.48

XGBoost
R2 0.99824 0.988 0.9853 1.30 0.99902 0.9568 0.9557 4.34

RMSE 85.81 211.14 237.2 176.42 12.664 67.644 77.818 514.48
MAE 66.1 148.44 169.82 156.91 9.155 44.433 51.099 458.15

SVR
R2 0.996 0.9947 0.9909 0.51 0.9972 0.99655 0.98873 0.85

RMSE 131.02 140.61 186.27 42.17 21.5785 19.124 39.265 81.96
MAE 62.83 110.55 128.37 104.31 10.99 13.27 22.374 103.59

ANN
R2 0.9951 0.9955 0.9924 0.27 0.995 0.9963 0.9944 0.06

RMSE 145.4 129.15 170.03 16.94 28.54 19.8 27.63 3.19
MAE 109.116 108.792 115.408 5.77 19.471 15.83 18.9 2.93

ANN-
GMDH

R2 0.9963 0.9956 0.9935 0.28 0.996 0.9968 0.9949 0.11
RMSE 125.67 128.24 157.31 25.18 25.54 18.43 26.37 3.25
MAE 95.66 96.658 120.86 26.34 17.73 14.24 18.45 4.06
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Table 9. The study’s metrics for the various models using (k-fold) cross-validation technique.

Model Metrics
Et qu

Training Testing rd (%) Training Testing rd (%)

DTR
R2 0.99492 0.8766 11.89 0.9835 0.9042 8.06

RMSE 145.52 681.11 368.05 51.083 114.465 124.08
MAE 66.272 546.266 724.28 27.73 80.778 191.30

RFR
R2 0.9854 0.9388 4.73 0.9828 0.9007 8.35

RMSE 241.62 521.71 115.92 52.17 116.51 123.33
MAE 189.75 408.33 115.19 33.3 76.91 130.96

GBR
R2 0.999694 0.9861 1.36 0.99755 0.9591 3.85

RMSE 35.72 228.93 540.90 19.694 74.827 279.95
MAE 29.35 167.56 470.90 14.83 48.52 227.17

XGBoost
R2 0.99803 0.9906 0.74 0.99995 0.9652 3.48

RMSE 90.51 187.53 107.19 2.7669 69.011 2394.16
MAE 69.5 148.97 114.35 2.08 40.92 1867.31

SVR
R2 0.99394 0.99323 0.07 0.9958 0.98926 0.66

RMSE 158.865 159.557 0.44 26.203 35.051 33.77
MAE 97.77 121.494 24.27 13.409 23.053 71.92

ANN
R2 0.99487 0.9901 0.48 0.9914 0.9903 0.11

RMSE 147.19 187.71 27.53 36.971 36.0973 2.36
MAE 107.69 145.744 35.34 23.58 24.35 3.27

A comprehensive assessment of machine learning models was undertaken to evaluate
their effectiveness in predicting Et and qu, with results presented across mean absolute
error (MAE), root-mean=square error (RMSE), and R-squared (R2) metrics in Tables 8 and 9.
Decision tree regression (DTR) demonstrates strong performance on the training set but
struggles with overfitting on validation and testing sets, limiting its extrapolative capability.
Random forest regression (RFR) consistently produces robust results but shows slightly
higher error metrics, indicating some constraints in its predictive capacity. Gradient boost-
ing regression (GBR) maintains remarkable performance with acceptable generalization
ability, while XGBoost outshines others with exceptional performance and robust gener-
alization. Artificial neural networks (ANNs) and support vector regression (SVR) exhibit
commendable performance, with ANN-GMDH emerging as a top performer, boasting high
R2 values and low error metrics.

It should be noted that an ML model’s capacity for generalization is assessed by its
performance on unseen (testing) data. Metric scores during testing typically indicate a
slight decrease in performance across all models compared to the training stage due to the
unfamiliar data. To quantify this decline in performance, the degradation rate, or rd, is
defined in Equation (5) [76]:

rd =

∣∣∣∣mtrain − mtest

mtrain

∣∣∣∣× 100% (5)

where mtest and mtrain stand for a particular measure’s values during the testing and
training stages, respectively.

Notably, the K-fold technique produces the least amount of performance decay and
outperforms the TVT technique, except for ANN, where the TVT technique outperforms
the ANN technique in terms of consistency for Et prediction.

All performance metrics show that the ANN-GMDH and ANN produce the least
amount of performance decay among all models, with only the rd of RMSE exceeding 10%
for Et predictions. The SVR follows. The performance of the other models significantly
declined, particularly when it came to the MAE and RMSE for DTR using TVT technique for
qu predictions, where the rd values were 1544% and 4969%, respectively. Throughout both
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training and testing phases, the ANN-GMDH and ANN models demonstrated remarkable
consistency in their performance, with ANN-GMDH, ANN and SVR delivering the most
accurate predictions. However, because of the widespread use of ANN in geotechnical
engineering [50–52,54,66,68–72] and consistently superior performance in achieving better
metrics. ANNs build complex input–output models that can learn intricate relationships
within multidimensional data. Their widespread application spans a wide range of engi-
neering disciplines [92,93]. This paper will primarily focus on ANN-GMDH and ANN
predictions using the TVT technique because it provides more consistent results than the
K-fold for ANN predictions.

ANN Models to Predict Elasticity Modulus (Et)

Figure 16 casts light on the regression cross plots of Et model, which harnesses the
power of artificial neural networks (ANNs) for elasticity modulus prediction. The figure
delineates the congruence and disparities between true and predicted values across the
training, validation, and test sets. Figure 16A–H highlights the precise predictions of ANN
Et models, displaying a favorable alignment with the x = y reference line and best fit
trend line (ideal line) across a range of elasticity moduli [54]. In the training set, the Et
models achieve an R-squared of 0.9951 for ANN and 0.9963 for ANN-GMDH. the mean
absolute error is 109.116 for ANN and 95.66 for ANN-GMDH, while the root-mean-square
error (RMSE) is 145.4 for ANN and 125.67 for ANN-GMDH. This evidences the models’
capability to apprehend intricate patterns within the training data and produce predictions
that exhibit a commendable level of accuracy. In the validation set, the models maintain
their predictive strength, achieving an R-squared of 0.9955 for ANN and 0.9956 for ANN-
GMDH. The mean absolute error (MAE) is 108.792 for ANN and 96.658 for ANN-GMDH,
while the root-mean-square error (RMSE) is 129.15 for ANN and 128.24 for ANN-GMDH.
This highlights the models’ prowess in extrapolating predictions to new data, with minimal
deviations from the actual values. In the test set, consistent performance is observed, with
an R-squared of 0.9924 for ANN and 0.9935 for ANN-GMDH. The mean absolute error
(MAE) is 115.408 for ANN and 120.86 for ANN-GMDH, while the root-mean-square error
(RMSE) is 170.03 for ANN and 157.31 for ANN-GMDH. This performance reiterates the
models’ proficiency in generating dependable predictions on independent data instances.
When juxtaposed with SR model, it becomes apparent that ANN models occupy a favorable
position. The ANN-GMDH model consistently outperforms the ANN model across all
evaluation metrics, including R2, MAE, and RMSE. However, it is important to note that the
rd value of the ANN-GMDH model is slightly worse than that of the ANN model. Overall,
the ANN-GMDH model demonstrates better predictive accuracy and error minimization
compared to the ANN model. The models aptly capture underlying relationships within
the data and translates them into reliable predictions. This performance is poised to deliver
valuable insights for elasticity prediction applications.

ANN Model to Predict Unconfined Compressive Strength (qu)

Figure 17 casts light on the regression cross plots of qu model, which harnesses the power
of artificial neural networks (ANNs) for unconfined compression strength prediction. The
figure delineates the congruence and disparities between true and predicted values across
the training, validation, and test sets. In Figure 17A–H, the ANN qu models display precise
predictions, aligning favorably with the x = y reference line and best-fit trend line (ideal line)
across a range of unconfined compression strengths [54]. In the training set, the ANN model
achieves an R2 of 0.995 with an MAE of 19.471 and an RMSE of 28.54, while the ANN-GMDH
model achieves an R2 of 0.996 with an MAE of 17.73 and an RMSE of 25.54. This evidences
the models’ capability to apprehend intricate patterns within the training data and produce
predictions that exhibit a commendable level of accuracy. In the test set, both the ANN and
ANN-GMDH models exhibit consistent performance, with the ANN model achieving an
R-squared of 0.9944, an MAE of 18.9, and an RMSE of 27.63, while the ANN-GMDH model
achieves an R-squared of 0.9949, an MAE of 18.45, and an RMSE of 26.37. This performance
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reiterates the models’ proficiency in generating dependable predictions on independent data
instances. When juxtaposed with SR model, it becomes apparent that ANN-GMDH and
ANN models occupy a favorable position. The models aptly capture underlying relationships
within the data and translates them into reliable predictions. This performance is poised to
deliver valuable insights for compressive strength prediction applications. While both the
ANN-GMDH and ANN models achieve almost the same metrics, the ANN-GMDH model
achieves better accuracy overall. However, it is important to note that its rd value is slightly
worse than that of the ANN model.
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Figure 16. The cross plots for actual and predicted Et
γd

targets of training, validation, test, and
combined data for ANN (Et) model and ANN-GMDH (Et) model: (A) ANN (Et) model for training
data, (B) ANN (Et) model for validation data, (C) ANN (Et) model for test data, (D) ANN (Et) model
for combined data, (E) ANN-GMDH (Et) model for training data, (F) ANN-GMDH (Et) model for
validation data, (G) ANN-GMDH (Et) model for test data, and (H) ANN-GMDH (Et) model for
combined data.
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Figure 17. Comparison of true and predicted qu targets in training, validation, test, and combined
data for ANN (qu) model and ANN-GMDH (qu) model: (A) ANN (qu) model for training data,
(B) ANN (qu) model for validation data, (C) ANN (qu) model for test data, (D) ANN (qu) model
for combined data, (E) ANN-GMDH (qu) model for training data, (F) ANN-GMDH (qu) model for
validation data, (G) ANN-GMDH (qu) model for test data, and (H) ANN-GMDH (qu) model for
combined data.
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Moreover, establishing an acceptable error margin is pivotal in assessing the sufficiency
of the training dataset. Figures 16 and 17 depict a 20% error margin on each cross plot to
illustrate this concept. The performance of both the Et and qu models was commendable, as
the majority of predictions fell within the error margin lines across the training, validation,
and testing phases. This underscores the adequacy of the training dataset in supporting the
predictive models for Et and qu using the proposed ANN model in this study.

The precision observed in predicted accuracy is the result of a strategy based on
statistical rigor and practical relevance. The models were trained to detect subtle patterns in
the data by carefully selecting variables and exhaustively assessing their statistical features.
Additionally, a diverse array of machine learning methods including ANN, GBR, XGBoost,
SVR, DTR, and RFR were employed to ensure comprehensive exploration of predictive
patterns. Furthermore, the intensive evaluation approach, which included cross-validation
techniques on 225 datasets, enabled a thorough assessment of the models’ generalization
capabilities. Hyperparameter tuning fine-tuned the models’ performance, ensuring they
were well-suited to the dataset’s subtleties. Recognizing the inherent randomness and
possibility for human error, the methodology promoted openness and accountability by
employing statistical indicators such as RMSE, MAE, and R2. This comprehensive approach
emphasizes the methodology’s rigor and the predictive models’ reliability.

3.4.2. Streamlined Interface for ANN Model Predictions

The incorporation of a user-friendly interface enhances this approach by providing
a streamlined, one-click prediction process. This interface simplifies the utilization of the
ANN model, ensuring accessibility for users of varying technical expertise. For instance,
to utilize the ANN qu model, users can easily open the “ANN qu model.ipynb” (Sup-
plementary Materials) Python file using the Jupyter Notebook app. By simply pressing
shift + enter, the interface promptly appears, facilitating a user-friendly experience, as
depicted in Figure 18. This straightforward process remains consistent for the ANN Et
model, ensuring uniform and accessible user interaction.
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3.4.3. Symbolic Regression Equations

The EUREQA software is used in this study to uncover latent patterns and relation-
ships in the dataset and generate equations for predicting the unconfined compressive
strength (qu) and elasticity modulus (Et) [98].

Proposed Equations of Elasticity Modulus (Et)

Equations (6)–(8) are formulated via the utilization of the EUREQA software. It is
crucial to acknowledge that as the metric is enhanced, the resulting equations tend to
become more intricate, necessitating additional time to achieve optimal performance.

Et =
γd ∗ LL ∗ SR2

e
e0+SR

γd

(
R2 = 0.90816; RMSE = 615.6; MAE = 495.03

)
(6)

Et = γd ∗

√√√√ee0+γd+
LL
γd

e
SR
γd

(
R2 = 0.93394; RMSE = 522.13; MAE = 412.17

)
(7)

Et = γd ∗
LL ∗ SR2 + FS ∗ γ2

d

SR
1

γd
+

SR∗ln(e0)

γ2
d e

SR
γd

+
e0∗γd∗FS∗SR2

e0+FS∗LL3

(
R2 = 0.9676; RMSE = 365.54; MAE = 283.45

)
(8)

where the following are defined:

Et —Elasticity modulus;
e0—Initial void ratio: e0 = γs

γd
− 1;

γd—Dry unit weight kN/m3;
γs—Unit weight of solids kN/m3;
SR—Initial degree of saturation %;
Fs—Percentage of added sand %;
LL–Liquid limit %.

Figure 19 illustrates the distinction between true and predicted (Et/γd) data points. The
data points in the comparative visual representation align more closely with the best-fit line
(ideal line) for Equations (6)–(8), respectively, as the metrics R2, RMSE, and MAE improve. It
should be noted that most data points are located between the 20% error margin lines. However,
caution must be exercised when (Et/γd ≤ 1000 m) where there are notable bounds out of the
+20% error margine line, so it is preferable to reduce it by 20% to be on the safe side in this case.

Proposed Equations of Unconfined Compression Strength qu

For the prediction of unconfined compression strength (qu), Equations (9)–(11) are
formulated using the EUREQA software.

qu =
LL2 ∗ γd

2

e03 ∗ SR2 +
γd − Fs

e0

(
R2 = 0.96; RMSE = 77; MAE = 51.6

)
(9)

qu =
e0 ∗ γd ∗ γd

ln(LL)

e03 ∗ SR2 − SR
+ LL + γd − SR

(
R2 = 0.971; RMSE = 65.66; MAE = 35.7

)
(10)

qu =
e2

0 ∗ γd ∗ γd
ln(LL)

e04 ∗ SR2 + LL − γd − SR
+ LL + γd − SR

(
R2 = 0.983; RMSE = 50.24; MAE = 29.9

)
(11)

where the following are defined:

qu—unconfined compressive strength.
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Figure 20 shows improved alignment of true and predicted data points with the
reference line y = x and best-fit trend line (ideal line) for Equations (9)–(11) as metrics (R2,
RMSE, and MAE) improve. Equation 11 has the highest metrics, while Equation (9) has the
lowest. It should be noted that most data points are located between the 20% error margin
lines. This demonstrates that qu equations are capable of accurately predicting the qu.
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It is crucial to highlight that as metrics are improved, the generated equations become
more complex, necessitating more time to achieve optimal performance. EUREQA can
generate many equations. Equations (6)–(11) are chosen for their practicality and ability to
produce favorable metrics.

To ensure the validity of the Equations (6)–(11), the following conditions must be met:
sand content below 50%, The Atterberg limits ought to be situated slightly above and in
proximity to line A on the Casagrande chart, initial degree of saturation exceeding 50%,
and a liquid limit within the range of 40–80%.

When the metrics of ANN and SR are compared (Figure 21), as well as the visual
examination of true and predicted targets in Figure 22, artificial neural networks out-
perform symbolic regression. This observation highlights the superior performance of
artificial neural networks in comprehending complex patterns within data, outperforming
symbolic regression.
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Prior research using single or multiple regression techniques focused on only one or
two inputs, including (wn, LL, and/or γd) [1,2]. The highest achieved R-squared values
were 0.89 in work by Khalid et al. (2015) and 0.606 in work by Senoon and Hussein, (2018),
confirming symbolic regression equations’ superior performance over single and multiple
regression models. Upon applying the equations from Senoon and Hussein (2018) and
Khalid et al. (2015)’s works to our dataset, a large number of data points were predicted to
have negative values. This happened as a result of the models in Senoon and Hussein (2018)
and Khalid et al. (2015)’s works depending only on one or two inputs. Furthermore, their
datasets were not sufficiently explored in terms of expansive soil properties. Senoon and
Hussein (2018) concentrated on MH classified soils and specifically avoided expansive
soil behavior, whereas Khalid et al. (2015) only addressed a small portion of this soil
classification. The power of the equations in our work comes from the ability to accurately
predict qu and Et in expansive soils that are partially or fully saturated.

4. Feature Importance

Two methods were used to evaluate the importance of the selected variables: the SHap-
ley Additive ExPlanations (SHAP) values [102] and the algorithm’s inherent computation of
traditional feature importance. In the latter approach, following algorithm training, relative
relevance scores for each input characteristic can be derived [103]. A higher score indicates
a greater impact on prediction. The analysis results are shown in Table 10, indicating that
across all models, saturation degree holds the highest influence on qu and Et, followed
by void ratio and dry unit weight, with liquid limit and sand percentage having the least
influence. Notably, XGBoost places saturation degree on top, followed by void ratio and
liquid limit, with dry unit weight and sand percentage at the bottom.

Table 10. Analysis of the importance of variables.

Model
DTR RFR GBR XGBoost Correlation

According to SHAP
Correlation According
to Previous Researchqu Et qu Et qu Et qu Et

SR 0.406 0.677 0.429 0.67 0.394 0.662 0.291 0.577 Negative Negative [104,105]

e0 0.163 0.127 0.263 0.147 0.325 0.162 0.332 0.122 Negative Negative [106]

γd 0.294 0.125 0.204 0.11 0.154 0.101 0.097 0.135 Positive Positive [106,107]

LL 0.089 0.052 0.052 0.033 0.039 0.03 0.213 0.118 Positive Positive [106,107]

Fs 0.048 0.019 0.052 0.04 0.088 0.045 0.067 0.048 Negative Negative [108]

Additionally, the SHAP method was employed, providing a consistent approach to
explaining the output of any tree-based model and offering distinct advantages over other
methods. Figures 23 and 24 illustrates the combination of feature importance with feature
effects. Each point in the graph represents a SHAP value for a feature and prediction, with
the y-axis displaying features in descending order of importance. SHAP values are plotted
along the x-axis, where a value of zero indicates no contribution to the prediction, with
increasing contributions as the SHAP value moves away from zero. Furthermore, color
gradation from low (blue) to high (red) feature values provides insight into the directional
impact of features. The distribution of blue and red dots offers an overall understanding of
the directionality impact of features [55].

According to the random forest regression (RFR) model, the degree of saturation
emerges as the most influential variable impacting both qu and Et, showing a negative
correlation, consistent with findings from [104,105]. Following closely is the void ratio,
exhibiting a smaller yet still significant negative correlation, as observed in the study
by [106].
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Additionally, the dry unit weight emerges as another influential factor affecting qu
and Et, demonstrating a positive correlation, as indicated in previous studies such as those
by [106,107]. The sand content parameter shows a negative correlation, aligning with the
findings of [108]. Conversely, the liquid limit variable demonstrates the least impact on
both qu and Et, with a positive correlation, consistent with studies by [106,107].

These observations suggest that the models have effectively captured the relationships
between each independent variable and qu and Et, in line with existing technical literature.
A concise summary of the feature importance analysis conducted using the two approaches
is presented in Table 10.

5. Conclusions

This study investigates the effect of sand in expansive soil on unconfined test parame-
ters and presents a novel application of machine learning models to clarify the intricate
behaviors of expansive soils. Focusing on the impact of sand content, saturation level, and
dry density, the following conclusions were made:

• The modulus of elasticity (Et) and unconfined compressive strength (qu) are positively
correlated with the soil’s dry unit weight.

• Increasing sand content, while keeping dry unit weight constant, reduces modulus
of elasticity and unconfined compressive strength due to expanded voids decreasing
suction forces.

• A rise in the degree of saturation results in a notable but nonlinear decrease in both
modulus of elasticity and unconfined compressive strength, becoming less pronounced
at higher saturation levels.

• For samples at maximum dry unit weight, adding sand initially increases strength and
elasticity up to a threshold of 30% sand content, beyond which the effect reverses.

• Optimal sand content for maximum strength and elasticity at full saturation is 30%.

Further into the study, equations derived from symbolic regression are introduced to
predict the modulus of elasticity and unconfined compressive strength. These equations
consider a range of factors including void ratio, degree of saturation, liquid limit, and sand
percentage, thereby providing a robust predictive framework for soil properties.

Feature importance analysis reveals the following:

• Degree of saturation is the most influential variable, showing a negative correlation
with qu and Et.

• Void ratio shows a significant negative correlation.
• Dry unit weight demonstrates a positive correlation.
• Sand content exhibits a negative correlation.
• Liquid limit has the least impact, with a positive correlation.

The ANN-GMDH model, integrating GMDH features, outperforms other models in
predicting soil behavior. Both ANN and SVR models are effective, with ANNs excelling in
capturing complex patterns.

This study’s limitations arise from depending on a specific dataset tailored to a partic-
ular range for each parameter, as indicated in Table 4. Additionally, Atterberg limits should
be positioned slightly above and near line A on the Casagrande chart. This commitment to
achieving accurate predictions may, however, pose constraints on the generalizability of
the findings.

Although the evaluated models produced reasonable results, there is still room for
improvement. Future work could explore new methods such as deep learning or rein-
forcement learning. Additionally, enhancing the models’ prediction capabilities might
require incorporating other characteristics, such as the plasticity index, clay percentage,
maximum dry density, and optimum saturation degree. Expanding the dataset and refining
risk mitigation strategies related to expansive soils should be a focus of future research,
contributing to the continuous advancement of geotechnical engineering practices. These
enhancements aim to further solidify the applicability and effectiveness of the proposed
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approach in real-world scenarios. In conclusion, while this study provides valuable insights,
addressing these limitations via broader datasets and refined strategies will be crucial for
improving the reliability and robustness of predictive models in geotechnical engineering.
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