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Abstract - This study develops a data-driven framework using
Extreme Gradient Boosting (XGBoost) to predict the Indirect
Tensile Strength (ITS) of cement-treated clayey soils. Using 180
specimens with five input variables - cement content, curing time,
curing temperature, plasticity index, and compaction energy - the
model was trained (80%) and tested (20%), achieving strong
accuracy (training R?>=0.932, RMSE=55.41 kPa; testing R>=0.922,
RMSE=81.98 kPa). SHapley Additive exPlanations (SHAP)
analysis was applied for interpretability, showing cement content
(39.3%) and curing time (30.1%) as the dominant predictors,
followed by plasticity index (12.9%), while compaction energy
(9.1%) and curing temperature (8.6%) had minor influence. K-
means clustering combined with SHAP waterfall plots identified
five distinct strength-development behavior groups, offering
mechanistic insight into ITS variability. Overall, the XGBoost-
SHAP framework proves to be a robust, interpretable tool for
performance-based design and mixture optimization of cement-
treated soils in infrastructure applications.
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1. Introduction

Cement-stabilized soils (CSS) have long been
employed in transportation and geotechnical engineering
as structural components in pavement subbases and bases,
embankments, working platforms, and ground
improvement systems. The addition of cement initiates
hydration and secondary pozzolanic reactions, leading to
the formation of cementitious bonds between soil particles.
These physicochemical processes substantially improve
stiffness, strength, and durability, thereby enhancing
resistance to repeated traffic loading and adverse
environmental conditions [1]. As a result, CSS has become
an economical and technically viable solution, particularly
in regions where in situ soils exhibit insufficient
engineering performance.

Despite the recognized benefits in compressive strength
and stiffness, the tensile behavior of cement-treated soils
remains a critical factor governing long-term performance.
In pavement systems, tensile stresses are commonly
induced by moving wheel loads, thermal gradients, and
shrinkage effects associated with cement hydration. These
stresses often exceed the relatively low tensile capacity of
stabilized soils, leading to crack initiation and propagation,
which ultimately compromise structural integrity and
service life [2, 3]. Consequently, reliable characterization
of tensile resistance is essential for performance-based
design and durability assessment of stabilized layers.

Direct tensile testing of soil-cement mixtures is
inherently difficult due to specimen preparation challenges,
stress alignment issues, and the absence of widely accepted
standard procedures. In this context, the Indirect Tensile
Strength (ITS) test has emerged as a practical and
reproducible alternative. In this method, a cylindrical
specimen is subjected to diametral compression, generating
a nearly uniform tensile stress perpendicular to the loading
direction. The ITS test provides a representative measure of
tensile strength associated with cracking resistance and
fatigue performance of stabilized geomaterials, and it has
been widely adopted in both research and engineering
practice [4].

Previous experimental investigations have
demonstrated that ITS is influenced by a range of
interacting parameters, including cement content, curing
duration, curing temperature, soil plasticity, moisture
condition, and compaction effort. These factors interact in
a highly nonlinear manner, reflecting the complex coupling
between physicochemical reactions and soil fabric
evolution [5]. For instance, increasing cement content
generally enhances bonding strength, while extended
curing promotes continued hydration; however, their
combined effects depend strongly on soil mineralogy and
environmental conditions. Such complexity presents a
significant challenge for developing generalized predictive
relationships.

Traditional statistical approaches, particularly linear
and multilinear regression models, have been widely used
to estimate ITS based on experimental variables. While
these methods offer simplicity and interpretability, they are
often inadequate for capturing nonlinear interactions and
higher-order dependencies among influencing factors [6].
This limitation has motivated the increasing adoption of
machine learning (ML) techniques in civil engineering,
where data-driven models can effectively learn complex
input—output relationships without requiring predefined
functional forms [7-10].

Among advanced ML algorithms, Extreme Gradient
Boosting  (XGBoost) has demonstrated superior
performance in regression tasks involving nonlinear and
heterogeneous datasets. Its ability to handle feature
interactions, prevent overfitting through regularization,
and provide robust predictive accuracy makes it
particularly suitable for modeling the behavior of cement-
treated soils.



64 Van-Ngoc Pham, Huu-Dao Do, Thi Phuong Khue Nguyen, Van-Khanh Tran, Dinh-Viet Le

Accordingly, this study develops a data-driven
framework for predicting the ITS of cement-treated clayey
soils using the XGBoost algorithm. An experimental
database comprising key variables - cement content, curing
time, curing temperature, plasticity index, and compaction
energy - is utilized. The specific objectives are to:
(i) establish a high-accuracy predictive model for ITS,
(ii) perform a comprehensive parametric analysis to quantify
the influence of individual factors and their interactions, and
(iii) provide insights that support mixture design and
optimization of stabilized soils for infrastructure
applications. The findings are expected to contribute to the
advancement of performance-based design methodologies
in pavement and geotechnical engineering.

2. XGBoost and data preparation

XGBoost is a powerful machine learning technique that
utilizes gradient boosting decision trees to perform
predictions [11]. In order to determine the estimated output
(p,) for a given sample, the model aggregates the
prediction scores ( f, (x,)) from all individual trees within

the ensemble. The predicted output can be expressed as:
K
b= 0(x) fied (M)
k=1

where K is the total number of trees and ¢ is the set of
regression tree parameters.

During learning process, the XGBoost minimizes the
objective function ( @ ). This function is defined as

©=31(3,3,)+ 30(1) @
In which
Q) =T+ 2|l ©)

where, T and w are the number of leaves and the norm of
leaf weights, respectively. In addition, 4 and y are the

Regularization parameters. This regularization framework
prevents over-fitting and gives XGBoost a distinct
advantage over traditional gradient boosting methods.

XGBoost constructs trees in a sequential and
cumulative manner, where each new tree is trained to
correct the errors of the preceding trees. To optimize the
objective function efficiently, the algorithm employs a
second-order  Taylor expansion. This approach
approximates the loss function using the first-order (g;) and
second-order (%;) gradient statistics, allowing the model to
find an optimal solution for the leaf node weights ( wj.) and

the corresponding structure score. Following to the Tree
Construction and Splitting step, the algorithm uses a
greedy approach to discover the optimal tree structure. It
interactively evaluates all possible split points across the
leaf nodes and selects the one that results in the maximum
Gain. The Gain function can be expressed as:

2 2 2
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where L_ and R__ are the structural scores of the
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left and right subtrees, respectively; and ————
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the score when no split is made [12]. If the Gain is negative,
the proposed split is rejected and the node is not further
partitioned, effectively acting as an automatic pruning
mechanism. The Gain calculation determines the reduction
in the objective function after a split, helping the model
decide if adding a new sub-tree is beneficial compared to
the complexity cost ().

In general, the SHAP(SHapley Additive exPlanations)
is used to evaluate the performance of XGBoost model.
SHAP was introduced by Lundberg and Lee [13] as a
unified framework for interpreting ML model predictions.
The method is rooted in cooperative game theory,
specifically the Shapley value concept attributed to
Shapley [14]. For a model (f) and input instance (x), the
SHAP value o; for feature i-th represents the contribution
of that feature to the prediction relative to the expected
model output:

f(xX)=p+29 )

where ¢, = E [ f (x)} is the expected model output as base

value.

SHAP values satisfy three desirable properties. First,
local accuracy ensures that the sum of all SHAP values
across every feature exactly equals the model's predicted
output for a given sample. In other words, SHAP fully and
completely accounts for each individual prediction without
any remainder. Second, missing guarantees that any feature
which has no influence on the prediction is automatically
assigned a SHAP value of zero, meaning the method never
credits or blames variables that play no role in the model's
output. Third, consistency ensures that if a feature becomes
more influential in the model and contributing more
strongly to the prediction. In addition, the corresponding
SHAP value will never decrease, so that the importance
scores always faithfully and coherently reflect the true
contribution of each variable.

In this study, the experimental dataset used consists of
180 specimens of cement-stabilized soil. The dataset was
obtained from the study conducted by Yin et al [17, 18].
All specimens were prepared and tested under controlled
conditions following ASTM D6931 for indirect tensile
strength measurement. Specimen geometry (100 mm
diameter, 63.5 mm height), compaction procedures, curing
conditions, and testing protocols were kept consistent
throughout the experimental program as reported in that
study.Each specimen is characterized by five input
features: cement content (%), curing time (days), curing
temperature (°C), plasticity index (PI, %), and compaction
energy (kJ/m?®). The target variable is the ITS measured in
kPa following the ASTM D6931 standard protocol. Table
1 summarizes the statistical characteristics of the dataset.
Cement content ranges from approximately 5% to 15%,
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curing time from 1 to 360 days, and ITS values spanning
from approximately 35 kPa to 1100 kPa, reflecting a broad
range of mix design conditions. The wide variability across
all features underscores the need for a flexible, nonlinear

predictive model capable of capturing complex
interactions.
Table 1. Summary of dataset for XGBoost model

Feature Min | Max | Mean 32(:; Unit
Cement content 2 15 6.27 3.48 %
Curing time 1 360 39.28 | 67.13 | days
Curing temperature | 20 60 2593 | 10.71 °C
Plasticity index 10 46 17.09 | 5.58 %
Compaction energy | 280 | 2680 |931.60 | 742.08 | kJ/m?
ITS (target) 35.98 | 1104.66 | 338.58 | 209.53 | kPa

The dataset was spitted into training (80%) and testing
(20%) subsets using stratified random sampling to preserve
the distributional characteristics of the target variable.

The 80:20 split ratio was selected following established
practice in geotechnical ML research, as it provides
adequate training coverage across the input feature space
while preserving a statistically representative test set [13,
15, 16]. The XGBoost regression was implemented using
the xgboost R-language library [15].

To ensure robust model performance and mitigate
overfitting, a rigorous hyperparameter tuning process was
implemented. The basis for selecting the optimal
configuration was the minimization of the Root Mean
Square Error (RMSE) on the validation sets, achieved
through simultaneous Bayesian optimization integrated
with a 5-fold cross-validation framework. This
probabilistic approach iteratively evaluated predefined
discrete search spaces to identify the most effective
parameter combination. Specifically, the learning rate (1)
was searched across {1073, 10,10, 0.01, 0.02, 0.05, 0.1}.
The maximum tree depth (d) was explored within {1, 3, 5,
10, 15, 20}. The regularization parameter was tested at
{0, 0.001, 0.01, 0.1}. Furthermore, to control stochasticity
during training, the subsample ratio and the column
sampling rate per tree were evaluated across {0.8, 0.98}
and {0.8, 0.86, 1.0}, respectively. Finally, the total
ensemble sizes (7) was assessed among {50, 100, 300,
500}. By systematically navigating these specific tuning
ranges, the Bayesian optimizer effectively identified the
configuration that maximized the model's predictive
accuracy and generalizability

In addition, the performance of XGBoost model was
evaluated wusing three metrics: the coefficient of
determination (R?), RMSE, and MAE. R? measures the
proportion of variance in ITS explained by the model,
while RMSE and MAE quantify prediction error in
absolute units (kPa).

Figure 1 presents the hyperparameter performance
matrix, illustrating the evaluation of the R? metric of test
set across varying learning rates (1), maximum tree depths
(d), and ensemble sizes (T). A comprehensive analysis of
the heatmaps reveals several distinct behavioral trends of

the model. First, models constrained to a minimal depth
(d=1) consistently exhibit severe underfitting, yielding the
lowest R? scores across all configurations.

Conversely, increasing the tree depth beyond 10 leads
to performance saturation, where R? values plateau and
marginally decline, indicating an onset of overfitting
without contributing to better generalization. Second, the
interaction between the learning rate and the number of
trees demonstrates that extremely low learning rates (e.g.,
107 and 10) fail to achieve convergence within the given
iterations, particularly when ensemble sizes (7) is small.
The optimal balance between learning capacity and
generalization is distinctly localized. The hyperparameter
search space culminates in a clear performance peak at
ensemble sizes (7) of 100, maximum tree depth (d) of 3,
column sampling rate per tree of 0.8, subsample ratio of 0.8
and learning rate () = 0.05, which achieves the highest
Test R? of 0.9222. This specific configuration is therefore
concluded to be the most optimal, as it effectively captures
the wunderlying data patterns while avoiding both
underfitting and excessive model complexity.
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Figure 1. Hyperparameter tuning matrix showing Test R? of
XGBoost across learning rate (1), maximum tree depth (d),
and number of estimators (T)

3. Results and Discussion
3.1. XGBoost Performance

Figure 2 presents the scatter plot of the predicted versus
actual ITS values for the XGBoost model during the
training phase. The model demonstrates a strong learning
capability, achieving an R? of 0.932, an RMSE of
55.41 kPa, and an MAE of 42.1 kPa. The tight clustering
of data points around the ideal 1:1 reference line indicates
a high degree of accuracy in capturing the underlying
relationships within the training dataset. This confirms that
the algorithm effectively learns the complex, nonlinear
interactions between the input variables - such as cement
content, curing time, and soil plasticity characteristics - and
the resulting indirect tensile strength.

Figure 3 illustrates the model's performance on the
unseen testing set, serving as a critical evaluation of its
generalization ability. The XGBoost model maintains
robust predictive accuracy, yielding an R? of 0.9222,
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alongside an RMSE of 81.98 kPa and an MAE of 55.9 kPa.
While these error metrics are slightly higher than those of
the training set - a typical outcome in machine learning -
the closely matched R? scores indicate that the model does
not suffer from significant overfitting. However, as
observed in the testing plot, the model exhibits a noticeable
tendency toward under-prediction at extreme ITS values
(particularly >800 kPa). This phenomenon is consistent
with the general behavior of gradient boosting models,
which often struggle to extrapolate beyond the dense
regions of the training data distribution. Nevertheless, the
overall results demonstrate that the XGBoost approach is
highly reliable for predicting ITS development in cement-
stabilized soils.

Predicted vs Actual ITS Values - Training Set
XGBoost Model Performance
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Figure 2. Comparison of actual and predicted ITS values using
the XGBoost model for the training set
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Figure 3. Comparison of actual and predicted ITS values using
the XGBoost model for the testing set

Figure 4 presents the SHAP summary plot, providing a
comprehensive analysis of both the magnitude and
direction of each feature's contribution to the model's
predictions. Cement content emerges as the dominant
predictor, with a mean absolute SHAP value of 103.249
kPa. The plot demonstrated the strong positive correlation
where high cement content substantially enhance the
predicted ITS, reflecting the central role of the cement-soil
matrix and pozzolanic reactions in strength development.

In addition, the curing time is the second most influential
factor (mean |SHAP| = 79.082 kPa), displaying a
distinctive non-linear pattern: strength increases rapidly
during early stages but eventually reaches a plateau, which
is consistent with the known kinetics of cement hydration.
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Figure 4. The distribution of SHAP values for each feature in
the XGBoost model

3.2. Variable Contribution Analysis

The relative importance of input variables, quantified
SHAP contribution percentages (Figure 5), indicates that
cement content and curing time are the two dominant
factors governing ITS, contributing 39.3% and 30.1%,
respectively. The remaining variables - including plasticity
index (12.9%), compaction energy (9.1%) and curing
temperature (8.6%) - exhibit comparatively smaller but
still non-negligible effects.

Shapley Feature Importance with Contribution %
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Figure 5. The feature importance plot with percentage

contributions of each feature in the prediction model of ITS

Cement content emerged as the most influential
parameter, accounting for 39.3% of the mean Shapley
value contribution to ITS, reflecting a strong nonlinear
enhancement effect particularly at low to moderate
dosages. This behavior is attributable to the progressive
formation and densification of the soil-cement matrix
through  pozzolanic and cementitious reactions.
Nevertheless, the marginal gain in ITS tends to diminish at
higher cement contents, implying the existence of an
optimal dosage range beyond which additional cement
yields limited benefit.

Curing time ranked second in importance with a
contribution of 30.1%, exhibiting a pronounced positive
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effect on ITS development. The rapid strength gain
observed during early curing stages is associated with
active hydration and cementation processes, while the rate
of increase gradually decelerates as the microstructure
approaches a stable configuration.

Plasticity index contributed 12.9% to the overall feature
importance, representing a secondary yet meaningful
influence on the efficiency of cement stabilization. Soils
with lower plasticity indices generally achieved higher ITS
values owing to more effective interfacial bonding,
whereas high-plasticity soils tend to constrain the
availability of cementitious products and thereby limit
strength development.

Compaction energy and curing temperature contributed
9.1% and 8.6%, respectively, representing the least
influential  parameters among those considered.
Compaction energy plays a role in improving density and
interparticle contact, with its effect being more pronounced
at lower cement contents where cementation is not yet the
dominant strength mechanism. Curing temperature, while
beneficial in accelerating early-stage hydration, exerts a
moderate and nonlinear influence, with diminishing returns
under elevated thermal conditions. The comparable
magnitudes of these two parameters suggest that their roles
are largely supplementary relative to the dominant
contributions of cement content and curing time.

Overall, the SHAP-based analysis highlights that ITS
is primarily governed by chemical stabilization
mechanisms (cement content and curing time), while
physical and environmental factors provide secondary,
modifying effects.

4. Cluster Group Analysis

The XGBoost model uses K-means clustering to divide
the data into five distinct groups. Figures 6—10 present
SHAP waterfall plots for each group, illustrating how
different features contribute to the predictions. Zoomed-in
images highlight the unique patterns specific to each
cluster.

Figure 6 shows that Group 1 is mainly characterized by
strong negative SHAP contributions from both cement
content and curing time. The cement content in this cluster
lies below the dataset average, leading to negative SHAP
contributions. In contrast, compaction energy and curing
temperature have only minor effects on the predicted ITS.
This pattern represents a set of samples with low cement
content and short curing time, which leads to ITS values
below the average. This result is fully consistent with the
observed trend.

In Figure 7, Group 2 clearly shows positive SHAP
contributions, mainly driven by compaction energy. In
contrast, cement content and curing time exhibit
bidirectional effects, as they can both increase and decrease
the predicted ITS. Notably, in some samples, these two
factors act in opposite directions: when cement content
contributes positively, curing time tends to reduce the
predicted value, and vice versa.

Figure 6. The SHAP waterfall plot for Cluster Group 1
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Figure 7. The SHAP waterfall plot for Cluster Group 2

According to Figure 8, Group 3 is characterized by
negative SHAP contributions from both curing time and
cement content, indicating that these two factors tend to
reduce the predicted ITS. Meanwhile, the remaining
variables, including curing temperature, plasticity index,
and compaction energy, show negligible effects, with
SHAP values fluctuating around zero. Therefore, they do
not play a significant role in the variation of ITS.
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Figure 8. The SHAP waterfall plot for Cluster Group 3

As shown in Figure 9, Group 4 is characterized by
negative SHAP contributions from all five input variables.
This pattern represents a set of samples with low cement
content and short curing time, where the two main strength-
controlling factors have not yet reached their effective
levels. In addition, the negative contributions from curing
temperature, plasticity index (PI), and compaction energy
further reinforce this decreasing trend, resulting in
systematically low predicted ITS values.
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Figure 9. The SHAP waterfall plot for Cluster Group 4
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Figure 10. The SHAP waterfall plot for Cluster Group 5

In Figure 8, Group 5 is characterized by positive SHAP
contributions mainly from curing time, while cement
content shows a strong negative effect. This contrast
reflects a group of samples with low cement content but
long curing duration, where the cumulative effect of
hydration partially compensates for the lack of cement.

5. Conclusion

This study developed an XGBoost model to predict the
Indirect Tensile Strength (ITS) of cement-treated clay
using 180 specimens and five input variables. The model
achieved strong performance (training: R?=0.932,
RMSE=55.41 kPa, MAE=42.1 kPa; testing: R*=0.922,
RMSE=81.98 kPa, MAE=55.9 kPa). SHAP analysis
identified cement content (39.3%) as the most influential
factor, showing diminishing returns at higher dosages,
followed by curing time (30.1%), reflecting hydration
kinetics. Plasticity index (12.9%) affected stabilization
efficiency, with lower-plasticity soils achieving better
bonding. Compaction energy (9.1%) mattered mainly at
low cement contents, while curing temperature (8.6%) had
the weakest, largely supplementary influence. K-means
clustering combined with SHAP waterfall plots revealed
five distinct behavioral groups, showing low-strength cases
driven by insufficient cement/curing time, compensatory
effects of compaction energy, and extended curing
offsetting low cement content. Limitations include reliance
on a single 180-point dataset, lack of benchmarking against
other algorithms, SHAP's inability to establish causality,
and untested applicability to field conditions. Future work
will expand datasets, compare multiple models, and pursue
field validation.
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