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ABSTRACT: Expansive soils can undergo significant volumetric changes in response to variations in moisture content, making it vital 
to understand this volume change in the field before constructing structures or roads.  Laboratory swell tests are time-consuming to 
conduct to understand the swell characteristics. This study proposes a machine learning approach as an efficient and accurate alternative 
to traditional empirical methods for predicting swell potential. A dataset of 158 clay soil records was compiled from existing literature, 
consisting of five soil index properties: liquid limit, plasticity index, clay content, water content, dry density and corresponding swell 
potential value. Support Vector Regression (SVR), Random Forest (RF), Gradient Boosting Machine (GBM), and Artificial Neural 
Network (ANN) models were used to build four prediction models. Each model was optimized and tuned with the training dataset and 
tested separately. Performance of each model was evaluated based on mean squared error (MSE) and the coefficient of determination 
(R²). From all models, the ANN model performed the best with an MSE of 6.1 and an R² of 0.91 for the test dataset. Laboratory results 
of three independent soil samples were used for further validation, and the ANN model produced the best predictions with an MSE of 
11.1 and R² of 0.91. The results show the ANN model has the potential to be a reliable method in predicting swell behavior in expansive 
clays, which can help practicing engineers to readily evaluate the swell potential of widespread natural expansive clays. 
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1 INTRODUCTION 

Expansive soils undergo volume change with moisture content 
and are primarily found in arid and semi-arid regions where 
annual evapotranspiration exceeds precipitation (Fityus et al. 
2004). Understanding the stability of infrastructure foundations 
on these soils is crucial due to their volume changes upon 
wetting and drying. Factors affecting swelling in expansive clay 
soils include clay mineralogy, plasticity, dry unit weight, initial 
water content, water content variation, and overburden stress 
(Çimen et al. 2012, Sridharan and Rao 1973). 

Many studies have investigated the influence of these 
factors on swell potential through laboratory tests. The swell 
potential can be determined using a one-dimensional swell-
consolidation test in an oedometer. These tests are often time-
consuming experimental procedures that require expensive 
equipment and skilled laboratory personnel (Benbouras and 
Petrisor, 2021). While empirical and semi-empirical 
correlations have provided reasonable swell potential 
estimations for decades, they are often limited to a specific soil 
type. Further, they are unable to make satisfactory predictions 
that cover a wider range of environmental conditions. (Elbadry, 
2017, Erguler and Ulusay, 2003, Taherdangkoo et al. 2023, 
Vanapalli and Lu, 2012, Yilmaz, 2006). These empirical 
methods generally depend on using index properties of soil, 
such as Atterberg limits, clay content, dry density, and moisture 
content (Sivapullaiah et al. 1996).  

Machine Learning (ML) algorithms are becoming more 
reliable than simple empirical methods due to their ability to 
identify complex relationships between input parameters and 
outcomes. They can effectively handle uncertainty in input 
parameters, making them suitable for geotechnical applications 
(Chen et al. 2021). Techniques like Artificial Neural Networks 
(ANN), Support Vector Machine (SVM), and Multivariate 
Adaptive Regression Splines (MARS) have been used for soil 
classification and predicting properties such as swell pressure 
and shear strength (Zhang et al. 2021a, Zhang et al. 2021b). 

These models rely on “data-driven decision making,” utilizing 
training examples with known inputs and outputs (Eyo and 
Abbey, 2022). Recent studies have developed ML models to 
predict expansive soil properties using techniques such as 
ANN, ANFIS and Gene Expression Programming (GEP) to 
predict swell pressure (Jalal et al. 2021).  

Benbouras and Petrisor (2021) explored various methods, 
including extreme learning machine and deep neural networks, 
to predict the swell index of Algerian cohesive soils. Chen et al. 
(2022) used three ML methods: random forests, extreme 
gradient boosting, and stacked generalization, to predict the 
uniaxial tensile strength of expansive soil. Teodosio et al. 
(2023) utilized deep learning to predict the shrink-swell index 
of Australian cohesive soils. Other applications include pile 
capacity prediction (Pal and Deswal, 2008), over-consolidation 
ratio prediction (Samui et al., 2008) and soil moisture 
estimation (Kashif et al., 2007). More recent studies like 
Mahdevari et al. (2014) have utilized SVR for predicting tunnel 
boring machine rates and the bearing capacity of geogrid-
reinforced stone columns (Debnath and Dey, 2017). 

In this study, a high-quality dataset of 158 soil samples was 
collected from peer-reviewed literature after preprocessing and 
removal of missing values and outliers. Soil data included five 
predictor variables: Liquid Limit (LL), Plasticity Index (PI), 
Clay Content (CC), Water Content (WC) and Dry Density (DD) 
and the target variable Swell Potential (SP). Four machine 
learning models were used, which included two classical 
models: Support Vector Regression (SVR) and Artificial 
Neural Networks (ANN), and two ensemble models: Random 
Forest (RF) and Gradient Boosting Machines (GBM). By 
testing multiple machine learning algorithms, we aim to 
identify which model best captures the patterns in swell 
potential with minimized overfitting, even with a limited 
dataset. Each model was trained using cross-validation and 
hyperparameter tuning. Additionally, each model was validated 
for its performance using independent experimental data 
obtained from field samples. Model performance was assessed 
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based on root mean square error (RMSE) and coefficient of 
determination (R²). The outcome of this study aims to help 
practicing engineers in making better-informed decisions in 
civil engineering projects where swell potential in clays is 
critical for safe and efficient infrastructure management. 

2 OVERVIEW OF MACHINE LEARNING MODELS 

2.1 Support Vector Regression (SVR) 

The goal of SVR is to find a function that minimizes the error 
between predicted and actual values. SVR uses the training data 
to come up with a symmetrical loss function that can ignore 
high and low outliers within the input data. It then creates a 
flexible tube around the estimated function, using Vapnik’s ε-
insensitive approach, such that any values that are outside the 
tube are ignored, but those within the tube, either above or 
below the function, are taken into account (Awad and Khanna, 
2015).  

For non-linear cases, SVR maps data into a higher-
dimensional space using kernel functions that satisfy Mercer’s 
condition, which ensures the kernel function represents an 
acceptable similarity measure between data points (Clarke et 
al., 2005). A kernel is typically a nonlinear function that 
transforms the original input space into a high-dimensional 
feature space, which will improve linear separability.  The 
optimization problem for non-linear SVR involves minimizing 
the squared Euclidean norm of the weight vector and a 
regularization parameter, C, which controls the trade-off 
between margin maximization and error minimization 
(Schölkopf and Smola, 2003).  

2.2 Artificial Neural Networks (ANN) 

ANNs are computational models that are based on how the 
human brain is built and operates. An ANN is formed by 
neurons. They are known as the processing units and are linked 
to one another. These neurons are arranged in layers: an input 
layer, one or more hidden layers, and an output layer. Every 
neuron gets inputs (𝑥௜), multiplies them by weights that are 
related to them (𝑤௝௜), adds a bias (𝜃௝), and then uses an 
activation function (𝑓ሺ. ሻ) to make an output (𝑦௝) (Kukreja et al., 
2016, Shahin et al., 2001, Zupan, 1994). The process is shown 
in equation (1) and (2). 

𝐼௝ ൌ  ෍𝑤௝௜𝑥௜ ൅ 𝜃௝ 
(1) 

𝑦௝ ൌ 𝑓ሺ𝐼௝ሻ (2) 

 
In R programming, several parameters can be defined to 

build an ANN model. The “size” parameter defines the number 
of neurons in a hidden layer. Higher number of hidden layers 
will capture complex patterns but can overfit. Using a technique 
known as L2 regularization, the “decay” parameter will prevent 
overfitting by gradually pushing the weights to remain small. 
The maximum number of times the network is permitted to 
update its weights during training is determined by the "maxit" 
parameter. A higher “maxit” makes sure the model gets enough 
training cycles to fully understand the data and perform at its 
best without stopping the training too soon.  

2.3 Random Forest (RF) 

RF is an ensemble learning method built on the classification 
and regression trees (CART) algorithm. Unlike Decision trees, 
RF will build many trees using a random sample from the 
training data instead of using the same dataset every time. Each 
tree is built by only considering a random subset of the input 
variables at each node. This method is used to prevent 

overfitting. For regression applications, each tree produces a 
numerical prediction, and RF will take the average of the 
predictions to give an output (Breiman, 2001, Segal, 2004).   

RF has different hyperparameters that can help optimize 
the model. The number of predictors chosen at random for 
every node split is specified by the “mtry” hyperparameter. A 
smaller “mtry” lowers the chance of overfitting by increasing 
tree variety. The “ntree” parameter determines the number of 
trees in the forest; additional trees often boost performance by 
minimizing variance.  

2.4 Gradient Boosting Machines (GBM) 

GBM is another ensemble method originally used for 
classification tasks (Friedman, 2001). In order to create a strong 
model with high accuracy, the basic method is to iteratively 
combine simple models called “weak learners”, which are 
usually decision trees (Touzani et al., 2018). GBM will check 
the errors made by the weak learner and build the second model 
to correct these errors (loss function). This process is repeated 
while minimizing the loss functions at each step (Natekin and 
Knoll, 2013).  

Hyperparameter “n.trees” controls the number of boosting 
iterations. Each iteration will add a new tree to the model, and 
the larger the number of trees, the higher the prediction 
accuracy. The maximum depth of each tree is determined by 
“interaction.depth” parameter, which also controls how 
effectively the model captures interactions between variables; 
larger values capture complicated connections but raise the 
possibility of overfitting. Each tree's effect is determined by the 
“learning rate”. Lower values decrease learning and improve 
generalization, leading to more trees.  

3 MATERIALS AND METHODS 

3.1 Dataset 
The training dataset comprises 158 records collected from 

literature (Alazigha et al. 2016; Ashayeri and Yasrebi 2009; 
Bhuvaneshwari et al. 2010; Çimen et al. 2012; GhavamShirazi 
and Bilsel 2021; Mishra et al. 2008; Phanikumar and Singla 
2016; Puppala et al. 2013; Puppala and Musenda 2000; Rao and 
Thyagaraj 2003; Sabtan 2005; She et al. 2020; Shelke and 
Murty 2010; Soltani et al. 2017; Sridharan and Gurtug 2004; 
Turkoz and Vural 2013; Zamin et al. 2021)  with 5 parameters, 
namely, liquid limit (LL), plasticity index (PI), clay content 
(CC), water content (WC), and dry density (DD), along with 
their respective swell potentials (SP). These properties have 
been extensively investigated by previous researchers and 
established that the swelling potential can be correlated to these 
parameters (e.g. Gupta et al. 2008). Moreover, these soil index 
properties can be easily obtained from conventional, less time-
consuming experiments. Considering the importance of data 
quality, these records were attentively collected from 
experimental swell test results published in the literature, which 
followed the standard oedometer swell test procedure (e.g. 
ASTM D 4546).  

Table 1 shows the statistical metrics (mean, standard 
deviation (S.D.), minimum, and maximum) obtained from the 
entire dataset of each predictor variable, while Figure 1 shows 
the histogram frequency distribution. The specified ranges for 
LL, PI, CC, WC and DD are chosen to focus on a wide range 
of soil conditions, from low to high plasticity. Although CC, LL 
and PI are partially correlated, the nonlinear ML models used 
learn from the combined effect of all five input variables rather 
than relying on any single parameter. Along with plasticity-
related factors (LL, PI, CC), the initial state variables WC and 
DD are also included so that the predictions can show how 
moisture condition and density affect swell potential. In the 
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dataset, swell potential is usually higher when the initial water 
content is lower. However, there isn't a clear pattern with dry 
density in the small DD range that was examined. The 
histograms indicate that the properties are spread across their 
respective ranges, with WC showing a normal distribution. The 
data records were split into two groups, where 80% was utilized 
as training data and 20% for testing.  

Table 1. Statistics of all predictors and target variables.  

Data type Mean S.D. Min Max 

Predictors 

Liquid Limit, % 65.3 16.3 28.0 108 

Plasticity Index, % 40.3 14.8 7.10 71 

Clay Content, % 46.9 15.8 10.0 93 

Water Content, % 19.8 9.0 1.30 40 
Dry Density, 
kN/m3 

15.2 1.9 11.5 19.6 

Target Swell Potential, % 11.9 6.9 0.3 34.4 

 

 

 

 

 

 
Figure 1. Histograms of frequency distribution for (a) LL (b) PI (c) 
CC (d) WC (e) DD and (f) SP. 

3.2 Model Implementation 

3.2.1 SVR 

When implementing a non-linear SVR model, the goal is to find 
a suitable, optimized value of the objective function. The 
performance of the SVR model depends upon the selection of a 
suitable kernel function, the cost parameter “C”, and the loss 
function “ε”.  Radial kernel was used due to its ability to 
manage non-linear relationships, unlike other kernels. The 
optimal values for the hyperparameters C and ε were selected 
using a 10-fold cross-validation test. This test would 
systematically evaluate different combinations of ε and C 
parameters, by splitting the training dataset into 10 equal parts 
or folds, iteratively training the model on 9 folds and testing it 
on the remaining one. On each iteration, the performance 
metrics are calculated for each fold. The model would utilize 
these parameters and functions on the training dataset and learn 
from them to provide accurate predictions.     

3.2.2 ANN 

The ANN model was built using the “nnet” package in R. A 
standard multilayer neural network was used, where inputs are 
transmitted forward through a hidden layer to produce a 
continuous output. The model was tuned by a grid search of 
various combinations of hidden layer sizes and weight decay 
values to enhance generalization and prevent overfitting. The 
optimal ANN configuration was determined based on a 
repeated cross-validated error analysis. The completed model 
was assessed using both the training and test datasets. 

3.2.3 RF 

The model was built using the “randomForest” method in the 
“caret” package in R. A grid search was run to improve 
performance by varying the “mtry” parameter (the quantity of 
variables randomly chosen at each split) between 2 and 5. The 
model was tuned and verified by repeated 10-fold cross-
validation with three repeats to ensure optimal hyperparameters 
were selected, and the final RF model consisted of 500 trees 
(ntree = 500).  

3.2.4 GBM 

The GBM model was developed using “gbm” component 
within the “caret” package. A continuous boosting technique 
was used to construct the model, adding decision trees one after 
the other to fix errors produced by earlier trees. To maximize 
performance, the model parameters were adjusted, including 
the minimum node size, learning rate, tree depth, and number 
of trees. Ten-fold cross-validation was used for both model 
training and evaluation to ensure generalization and avoid 
overfitting.  

Section 4 shows the results with performance metrics of 
each model against the training and testing datasets. The 
performance of each model was further validated using 
independent experimental results obtained from laboratory tests 
done on expansive clay samples.  

3.3 Experimental program 
The expansive soil used in this study was collected from a 

distressed site in Queensland, Australia. Figure 2 shows the 
clay samples which were collected from varying depths in the 
soil layer. Table 2 presents all soil characteristics of the soil 
samples. For these samples, clay content (CC) was determined 
using a laser diffraction particle size analyzer on dried soil that 
had first been dry sieved to a particle size smaller than 1 mm. 
CC refers to the fraction of particles smaller than 2 µm while 
LL and PI serve as behavioral indicators that also represent clay 
mineralogy and activity. Soils with a modest clay content may 
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have a high PI when the clay minerals are very active 
(Skempton, 1953). The detailed mineral composition of the clay 
fraction was not investigated in this study, and this is 
recognized as a limitation of the current dataset. The ASTM D-
4546 procedure was followed to determine the one-dimensional 
vertical free swell of remolded clay samples. The clay sample 
was mixed with the respective optimum moisture content and 
allowed to rest for 24 hours to ensure uniform moisture 
distribution. Corresponding final swell potential values of each 
sample are also shown in Table 2. 

   

 
Figure 2. Soil samples obtained from 0.9m, 1.0m and 1.2m depths.  

Table 2. Soil index properties of clay samples 
 

Depth (m) / 
Sample name 

0.9 m 
Sample  

1.0 m 
Sample 

1.2 m 
Sample  

Reference 

Specific 
gravity 

2.8 2.8 2.8 ASTM D 
854-02 

Liquid limit 
(%) 

79 81 79 AS 
1289.3.9.1-
2002 

Plasticity 
index (%) 

56 46 49 AS 
1289.3.3.1-
2009 

Maximum dry 
unit weight 
(kN/m3) 

19 19 19 ASTM 
D698-12 

Optimum 
moisture 
content (%) 

24 24 24 ASTM 
D698-12 

Gravel content 
(%) 

0 0 0 AS 1289.3. 
6.1 -2009 

Sand content 
(%) 

6.7 5 2 AS 1289.3. 
6.1 - 2009 

Clay content 
(%) 

8.0 10.0 6.0 AS 1289.3. 
6.1 - 2009 

Soil 
classification 

CH CH CH USCS 

Swell 
Potential (%) 

5.0 8.0 7.0 ASTM 
D4546-21 

The soil index properties obtained from laboratory tests were 
used as input parameters for each model, and the predicted 
swell potential value was compared with the experimentally 
measured swell potential values. The results of this comparison 
are shown in the following section.  

4 RESULTS AND DISCUSSION 

Figure 3 to Figure 6 show the results obtained from each 
prediction model for the training and testing datasets. All 
models demonstrated satisfactory performance on training data; 
however, the results from the testing data showed the ability to 
generalize varied for each model. The performance with testing 
data, in terms of R2 value, varied from the lowest 0.8 (for SVR 
and RF) to the highest 0.91 (for ANN). ANN’s better 

performance can be attributed to its ability to model 
complicated non-linear patterns between input variables and the 
target variable, with the use of many neurons and activation 
functions in the hidden layers.  

To validate the models further, predictions were compared 
with swell potential results obtained from laboratory 
experiments for three clay samples obtained from the field. 
These soil data were not used in the training or testing of any 
model, so this acts as an independent dataset. Table 3 shows the 
actual swell values and the predicted values, while Table 4 
shows the average MSE and R2 values for each model. 

Of the four models, ANN showed a significantly better 
performance with an R2 of 0.91 and a lower MSE of 11.1. 
However, evaluating model performance based solely on 
statistical metrics like R² and MSE is not sufficient. It is 
essential to critically examine the prediction behavior, data 
ranges, and potential correlations through domain knowledge. 
For instance, ANN underpredicts Sample 1.0m considerably, 
suggesting the model did not give clay content proper weight, 
possibly due to the lack of representative data. The histogram, 
Figure 1(c), shows that the majority of the CC values are higher 
than 20%; therefore, the lower values are not represented 
adequately.  

Predicted values of SVR are close together, suggesting a 
lack of sensitivity to variation in features like PI or clay content. 
The outputs of RF and GBM are high and clustered, indicating 
the model overfits to high swell examples in training or is 
biased by outliers. RF and GBM are models that split data based 
on decision rules, where only one variable is evaluated at a time. 

 
Figure 3. SVR model performance for training and testing datasets. 

 
Figure 4. ANN model performance for training and testing datasets. 
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Figure 5. RF model performance for training and testing datasets. 

 
Figure 6. GBM model performance for training and testing datasets. 

SVR uses kernels to transform data into a higher space and 
tries to fit the data with the maximum margin. With these 
models, there is a chance to miss multiple nonlinear 
relationships that exist between the predictor variables. Unlike 
other models, ANN can combine and learn from various 
variables at once and has the capability of capturing non-linear 
relationships between variables.  

Table 3.  Comparison between experimental swell potential values 
and model predictions for each soil sample 

Soil 
Sample 

Experimental 
SP (%) 

SVR ANN RF GBM 

0.9 m 5.0 12.6 8.3 17.6 17.3 
1.0 m 8.0 11.8 3.3 15.8 13.7 
1.2 m 7.0 8.2 6.3 17.6 17.5 

 
Table 4. Performance metrics (RMSE and R²) for each machine 
learning model against experimental values. 

ML Model MSE R2 

SVR 24.5 0.13 

ANN 11.1 0.91 

RF 110.7 0.57 

GBM 98 0.52 

 

5 CONCLUSIONS 

In this study, four machine learning models were developed to 
predict the swell potential of expansive clays using five soil 
index properties. Of the four models, ANN performed the best 

with both the training and testing datasets showing R2 values of 
0.98 and 0.91, respectively. The models were also validated 
using an independent dataset obtained from three soil samples. 
SVR, RF and GBM showed adequate performance for the 
testing dataset but overpredicted the values for the independent 
dataset. Mainly because low clay content soils were less in 
number for training dataset. ANN still outperformed the other 
models even with this setback. These findings highlight the 
potential of the ANN model in producing reliable predictions of 
swell potential. Future work on this topic should include 
mineralogical data as a predictor variable, as it impacts the 
swelling behavior of a clay soil and expanding the dataset to 
have more distribution among the variable values can help 
improve model performance.  

6 LIMITATIONS 

While the current results are limited by data availability, 
machine learning models have the potential to outperform 
traditional methods by learning intricate patterns across diverse 
conditions. To improve the predictive capabilities, additional 
relevant features such as mineral composition or soil structure 
can be considered to capture the full complexity of swell 
behavior. For practicing engineers, as depicted in the current 
study, machine learning models like ANN can serve as 
powerful decision-support tools, especially when integrated 
with user-friendly front-end interfaces and robust, well-
validated models operating in the back end. The effectiveness 
of such tools depends heavily on the quality of input data; 
therefore, promoting data sharing and establishing standardized 
protocols for documentation and collaboration across 
institutions is essential for developing accurate, generalizable 
models that can be reliably applied in real-world engineering 
practice. 
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