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Abstract: The splitting tensile strength of concrete is crucial for structural integrity, as tensile stresses
from load and environmental changes often lead to cracking. This study investigates the effectiveness
of advanced ensemble machine-learning models, including LightGBM, GBRT, XGBoost, and Ad-
aBoost, in accurately predicting the splitting tensile strength of silica fume-enhanced concrete. Using
a robust database split into training (80%) and testing (20%) sets, we assessed model performance
through R2, RMSE, and MAE metrics. Results demonstrate that GBRT and XGBoost achieved superior
predictive accuracy, with R? scores reaching 0.999 in training and high precision in testing (XGBoost:
R2 =0.965, RMSE = 0.337; GBRT: R? = 0.955, RMSE = 0.381), surpassing both LightGBM and AdaBoost.
This study highlights GBRT and XGBoost as reliable, efficient alternatives to traditional testing meth-
ods, offering substantial time and cost savings. Additionally, SHapley Additive exPlanations (SHAP)
analysis was conducted to identify key input features and to elucidate their influence on splitting
tensile strength, providing valuable insights into the predictive behavior of silica fume-enhanced
concrete. The SHAP analysis reveals that the water-to-binder ratio and curing duration are the most
critical factors influencing the splitting tensile strength of silica fume concrete.

Keywords: splitting tensile strength; silica fume; machine learning; ensemble learning; Shapley value

1. Introduction

Climate change poses a critical global challenge, with rising greenhouse gas emissions
significantly impacting all sectors, including construction. The construction sector accounts
for 37% of global CO, emissions, with cement production alone contributing approximately
9% [1]. Portland cement, a significant source of CO, emissions, utilizes about 3 billion tons
of raw materials and 4700 MJ/tons of energy, and its use is expected to increase by 4%
annually [2].

One effective approach to reducing emissions in concrete production is the use of
supplementary cementitious materials (SCMs) [3]. Among these, silica fume (SF), a byprod-
uct of the ferrosilicon industry, has gained attention for its ability to enhance concrete
properties. The benefits of SF in concrete production have been widely confirmed in the
literature. Based on analysis [4], it is recommended to use 5% to 12.5% SF in relation to the
total mass of the concrete mixture to achieve optimal mechanical parameters. The particle
diameter of SF is approximately 0.1-0.5 um, making it a material that is ten times finer than
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cement, which has an average particle size of about 10-15 pum. Menéndez et al. [5] analyzed
the impact of the addition of coarse SF and limestone on the microstructure, mineralogical
composition, and setting time of Portland cement. The use of cement CEM 142.5 R, SF with
a coarse particle size of 238 um, and ground limestone as a clinker substitute in various
proportions (3%, 5%, and 7% SF) improved the cement microstructure through pozzolanic
reactions and the filling effect, leading to an increase in the density of the cement paste.
The use of these additives also reduced the carbon footprint of cement by reducing the
use of clinker, supporting the goals related to the decarbonization of the cement industry.
From an environmental perspective, Wang et al. [6] confirmed that the use of SF instead of
cement reduces CO, emissions, but it is also associated with higher mix costs. Silica fume
is the most commonly used component in high-strength concrete due to its properties that
improve rheology and mechanical strength.

In structural design, especially when dealing with SF concrete, both compressive and
tensile strengths play a pivotal role. Although the importance of compressive strength
is universally acknowledged, tensile strength becomes particularly crucial in the case of
structures such as paving slabs and airport runways, which are designed primarily to
withstand bending and are thus subject to tensile forces. Furthermore, for non-reinforced
concrete structures such as dams, tensile strength is essential to counteract shear forces
during seismic events. In these cases, the considerations of tensile strength often outweigh
those of compressive strength. The tensile strength of concrete structures is also essential
when it comes to their durability and integrity. Tensile strength can be crucial, especially
in the management of stresses caused by reinforcement corrosion, to prevent the cracking
that follows [7]. Although traditional concrete design may not directly prioritize tensile
strength, it still plays a crucial role in the development of cracks and the stress behavior of
the material. Therefore, it is essential to understand and test the tensile strength, including
the tensile strength of the SF concrete splitting, both in academic and practical engineering
applications. This underscores that tensile strength is just as significant as compressive
strength in the construction of long-lasting building structures. Thus, developing a smart
model that leverages historical experimental results to forecast splitting tensile strength
based on specific mix inputs could dramatically reduce the need for extensive experimental
work and associated costs.

The most direct approach to examining the durability performance of SF concrete is
through experimentation, which is both expensive and time-consuming. While numerical
and analytical techniques are useful, they still face challenges in accurately reproducing the
properties of SF concrete. The two previously mentioned methods are known as traditional
approaches. Recently, within the field of civil engineering, Machine-Learning (ML) tech-
niques have significantly enhanced safety, efficiency, quality, and upkeep in construction
projects [8-10]. They have also been instrumental in modeling and forecasting the me-
chanical properties of SF concrete [11-17]. The field of ML for predicting concrete strength
is evolving rapidly, opening up numerous new research avenues that have the potential
to improve prediction accuracy and testing efficiency. Some of the key areas of study
that are likely to shape the future application of ML in predicting concrete strength are
Explainable and interpretable models [18], Sustainability and environmental impact [19],
Transfer learning [20], and Real-time monitoring and quality control [21]. Compared to
traditional methods, Utilizing ML for predicting these properties can lead to reductions in
laboratory time, minimize the waste of concrete materials, save energy, and cut costs [22,23].
Moreover, ML is capable of processing vast amounts of data and delivering highly accurate
predictions of SF concrete mechanical properties [24-26]. Despite the abundance of studies
for building prediction models for SF mechanical behavior, there were fewer studies that
mainly focused on the splitting tensile strength of concrete with only SF replacement. For
example, ref. [27] utilized M5P, linear regression, and gene expression programming to
predict concrete’s compressive and tensile strengths with SF, highlighting M5P’s superior
accuracy. Data analysis revealed SF and water/binder ratio’s impact on strength proper-
ties, demonstrating SF’s effectiveness in improving concrete’s mechanical characteristics.
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Another study by [13] explored the use of MLPNN, ANFIS, and GEP for predicting com-
pressive and split tensile strengths of SF concrete, highlighting the absence of models for
compressive strength estimation of SFC. A comprehensive database from the literature
review supported model evaluation through statistical measures (R?, MAE, RMSE, RMSLE),
showcasing all models’ capability for accurate predictions. GEP outperformed other mod-
els in accuracy, providing a new mathematical equation for future predictions. Sensitivity
analysis identified water and cement as crucial for compressive strength models but less so
for tensile strength. Further research utilizing artificial neural networks and fuzzy logic
methods demonstrated remarkable accuracy in forecasting the compressive and splitting
tensile strengths of recycled aggregate concretes enhanced with SF across multiple time-
frames [28]. These methods exhibited exceptionally low error margins and high predictive
reliability, underscoring their effectiveness in assessing concrete properties. The research
mentioned above has focused on predicting the SF concrete splitting strength using ML
models. While these models are more accurate and functional than traditional empirical
ones, it can be challenging to create an optimal ML model due to uncertainties. In general, it
is difficult to create a model that excels in all metrics, so a new strategy has emerged called
ensemble learning [29]. Ensemble learning involves synthesizing several models to create a
superior, more holistic model. The goal of ensemble learning is to mitigate the impact of
errors from weaker models through the corrective predictions of others. Ensemble learning
can be divided into two categories: bagging and boosting. Bagging is a parallel method
that involves training multiple models on randomly sampled data and aggregating their
predictions for a final result. Boosting is a sequential approach that focuses on sequentially
training models where each is influenced by its predecessor’s performance, culminating in
a unified prediction. The choice between bagging and boosting depends on the specific
needs: bagging typically reduces variance and enhances generalization, whereas boosting
aims to minimize both bias and variance, therefore efficiently reducing overall model errors.
Ensemble learning has proven to be superior in performance over both individual ML
models and conventional empirical approaches in concrete engineering, and its adoption
has grown [30-32].

As previously mentioned, there has been a noticeable lack of research specifically
addressing the prediction of splitting tensile strength in concrete where SF partially replaces
cement. Furthermore, most of the few models developed in the literature have relied on
single-learner machine-learning methods such as ANFIS, neural networks, and GEP. The
breakthrough of this study lies in its novel application of ensemble learning techniques to
accurately predict the splitting tensile strength of SF concrete—a topic that has not been
thoroughly explored in previous research. The selection of GBRT, XGBoost, LightGBM, and
AdaBoost in our research was driven by their proven effectiveness as ensemble methods,
which combine the strengths of multiple models to enhance predictive accuracy and
robustness. This work not only fills a critical gap in the literature but also introduces
an innovative approach that could lead to more efficient and cost-effective methods for
predicting concrete properties.

The paper is structured as follows: First, we present a detailed review of existing
literature on the use of SF in concrete and the application of machine-learning models
in predicting concrete properties. Next, we describe the methodology employed in this
study, including the selection of GBRT, XGBoost, LightGBM, and AdaBoost as the ensemble
models, and the process of data collection and preprocessing. The results section then
presents the performance evaluation of these models, benchmarked against individual
machine-learning approaches. Feature importance analyses using the SHAP methodology
are conducted to determine the significance of various input variables. Finally, the paper
concludes with a discussion of the implications of the findings, the limitations of the
study, and suggestions for future research. This comprehensive approach ensures that the
potential of ensemble learning in predicting SF concrete’s splitting tensile strength is fully
explored and documented.
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2. Research Significance

Ensemble machine-learning techniques offer a powerful approach to predicting con-
crete properties, enhancing both accuracy and reliability. This study examines which of
the tested ensemble models—GBRT, XGBoost, LightGBM, and AdaBoost—provides the
most accurate predictions of the splitting tensile strength in silica fume-enhanced con-
crete. Correct prediction of tensile strength supports the efficient design of durable and
sustainable concrete structures, reducing the time required to select optimal materials and
minimizing the resources spent on costly experimental tests and repairs. This predictive
approach enables civil engineers to leverage data-driven insights for the smart design of
materials that meet both performance and environmental goals, thus contributing to a more
sustainable construction industry.

3. Materials and Methods
3.1. Research Methodology

This research outlines its investigative methodology in three primary phases, as
illustrated in Figure 1. Initially, raw data sourced from various studies is processed to create
a refined database consisting of 158 samples where each sample consists of 7 input variables
such as Cement content, SF content, Water-to-Binder ratio, Fine aggregate content, Coarse
aggregate content, Curing period, and 1 output variable, which is splitting tensile strength.
Next, the database is segmented into two categories: 80% of the total entries are allocated
for the training phase and 20% for the testing phase, as per reference according to [33].
Four ensemble ML algorithms, including AdaBoost, XGBoost, GBRT, and LightGBM, are
employed for training. This phase evaluates the performance of these ML algorithms using
three metrics, including R2, RMSE, and MAE. To ensure model reliability, a validation
technique involving 5-fold Cross-Validation is applied. The ML algorithms demonstrating
the highest accuracy and reliability are then advanced to the third phase. In the third step,
the splitting tensile strength is forecasted using the most effective ML models, with the
analysis presented through a Taylor diagram. Global interpretation of tensile strength
predicted by ML models is carried out by Shapley Additive Explanations. Finally, the
performance of the best ML model is compared with the previously developed model to
determine its superiority in terms of accuracy, therefore highlighting advancements in
predictive modeling for the specific application area.

3.2. Overview of the Suggested ML Models
3.2.1. Adaptive Gradient Boosting (AdaBoost)

Freund and Schapire [34] introduced the AdaBoost method in 1997, highlighting it
as a prominent boosting technique. This method employs ensemble learning to unite
multiple weak classifiers in a sequence, forming a robust classifier. Each weak classifier
aims to improve on the errors made by its predecessor, therefore improving the accuracy of
the model with the addition of more classifiers, although with the risk of overfitting and
reduced generalization capability [35,36]. It works by applying a series of weak learners
to the data. Each weak learner is associated with adjusted weights based on the previous
learner’s effectiveness, with the emphasis typically being put on the tougher cases by
giving them higher weights for greater attention. Figure 2 shows the AdaBoost classifier in
action on a dataset with two features and two classes, illustrating how one weak learner
improves upon the mistakes of another to produce a stronger decision boundary.

3.2.2. Gradient Boosting Regression Tree (GBRT)

Gradient Boosting Regression Tree (GBRT) is a powerful ensemble machine-learning
method that works well for both regression and classification applications. It effectively
reduces bias and prevents overfitting. When managing complex and large data sets, data
scientists often use GBRT due to its outstanding reliability and accuracy. Figure 3 outlines
the framework of the GBRT algorithm. As a supervised optimization algorithm, GBRT
iteratively adjusts new models to new data, enhancing the precision of the predicted results.
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It incrementally merges multiple weak learners to form a robust learner [37]. The algorithm
is versatile, accommodating various loss functions, and focuses on reducing the loss at
each gradient descent iteration by aggregating the residuals from the previous model to
refine the next learner [38]. For a deeper understanding of the underlying concepts and
mathematical foundations of GBRT, references [39,40] are recommended.
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Figure 1. Research methodology.

3.2.3. Light Gradient Boosting (LightGBM)

Unlike traditional gradient boosting algorithms that develop trees level by level, Light-
GBM advances by expanding the tree leafwise, employing a histogram-based method
to split leaf nodes, which leads to substantial improvements in efficiency and memory
usage [41]. The leafwise growth strategy, while enhancing the model’s complexity, often
yields superior accuracy improvements per algorithm iteration. However, this approach
also carries the risk of overfitting, which is addressed through the application of regular-
ization techniques. LightGBM can achieve its high speed, efficiency, and dependability
using gradient-based one-side sampling (GOSS) and exclusive feature bundle (EFB) [42].
GOSS selectively retains samples with higher gradients, those that offer more information
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gain, while discarding those with lower gradients during training. This selective sampling
drastically reduces the time needed for calculations compared to traditional full-data traver-
sal methods like decision trees (DT), random forests (RF), and gradient-boosted decision
trees (GBDT). Concurrently, EFB combines exclusive features in a sparse feature space,
effectively reducing dimensionality and further enhancing computational efficiency. This
makes LightGBM, especially when integrated with EFB, far more efficient and scalable than
conventional models such as RF, DT, and GBDT, significantly speeding up the computation
process and reducing memory demands without sacrificing accuracy.
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Figure 3. Structure of Gradient boosting procedure.

3.2.4. Extreme Gradient Boosting (XGBoost)

Introduced in 2016 by [43], the XGBoost algorithm represents a significant advance-
ment in the gradient boosting framework by incorporating model complexity directly into
the objective function via a regularization term, effectively managing the bias-variance
dilemma. The algorithm minimizes an objective function for each iteration, combining the
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training loss, denoted by L(#), with a regularization component, (), to avoid overfitting,
as we can see in Equation (1). The loss function can vary, with squared error Equation (2)
being a common choice. The regularization term Q(6) is elaborated in Equation (3) to
include both the number of tree leaves (T) and the sum of squared leaf scores ) a)iZ, aiming
to control the complexity and overfitting of the model.

Obj = L(0) + Q(6) (1)
L= (yi—§)? (2)
Q:7T+%A2wi2 (3)

The core of the algorithm involves optimizing the weights through the second-order
Taylor expansion of the cost function, leading to the derivation of optimal weight values
that minimize the objective function (Equations (4)-(6)). However, given the computational
intensity of evaluating all possible tree configurations, XGBoost employs a greedy search
method. It calculates a “gain” (Equation (7)) value for different splits, selecting the split that
maximizes this gain as the criterion for tree branching, diverging from traditional metrics
like Gini impurity or mean squared error. This methodical approach enables the efficient
identification of the most effective model structure for a given dataset.

1L G
Obj = —3 ) T 4)
=1

G =Y gL (™) ©)

zeI

Hy= 30 (v ") ©)

i€l; i

G} Gk (GL+Ggr)?
H;+A Hgr+A Hp+Hr+A

1
Gain = —
am 5

3.3. Data Splitting and Normalization

Facilitating ML models involved randomly splitting the dataset into two separate
sets. To ensure that there were no biases in the selection process, the dataset was shuffled
randomly before the split. This approach helps maintain the integrity of the data and
ensures that both the training and testing sets are representative of the overall dataset. The
80/20 split is a commonly accepted practice in machine learning because it allows enough
data to train the model while reserving a meaningful portion for testing to evaluate its
performance [12,44-46]. This split helps to ensure that the model generalizes well to new
unseen data.

In addition, to ensure optimal model performance, it was essential to prepare the data
before training the Ensemble models. This preparation involved normalizing the features
(data points) to prevent a small number of high-value features from dominating the training
process. In this study, the widely used Min-Max normalization method was applied. This
technique scales all data to fall within the range of (0, 1). The following formula was used
to achieve this:

x — min(x)

x' = max(x) — min(x) ®)

3.4. ML Model Development

Hyperparameter tuning is crucial for the development of machine-learning models.
This process optimizes model performance by adjusting key parameters within the ML
algorithm. The most popular method of optimizing hyperparameters is grid search [47]. It
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identifies the parameter combination that delivers the best model performance in terms of
RMSE by systematically evaluating all possible parameter combinations. For our ensemble
ML algorithms used in this research, critical parameters such as the number of trees
(n_estimators), learning rate, and the maximum depth of the tree were identified for
optimization. The ranges for these parameters were set as [1, 20, 100, 500, 1000] for the
number of trees, [0.02, 0.05, 0.1, 0.2] for the learning rate, and [2, 5, 10, 20] for the maximum
tree depth.

To further ensure robust performance and avoid overfitting, the dataset was split into
an 80/20 ratio, with 80% allocated for training and 20% for testing. The training dataset
was then subjected to 5-fold cross-validation during the grid search process. In this method,
the training dataset was divided into five equal-sized subsets. The model was trained on
four subsets and validated on the remaining one. This process was repeated five times,
with each subset serving as the validation set once. The average performance across these
five iterations provided a reliable estimate of the model’s generalization ability, offering
a more accurate representation of how the models might perform on unseen data. This
approach is depicted in Figure 4. After completing the grid search and cross-validation,
the set of hyperparameters that yielded the best performance metrics was selected as the
optimal set for each model. These optimal values, which include the number of estimators,
learning rate, and maximum depth for each model, are documented in Table 1. For example,
for the GBRT model, the optimal hyperparameters were found to be a learning rate of
0.01, a maximum depth of 3, and 600 estimators. Finally, to ensure the reproducibility and
consistency of our experiments, a specific ‘random state’ parameter was applied to each
machine-learning model using the Python scikit-learn library (3.7). This parameter controls
the shuffling of the data before splitting it into training and testing sets, ensuring that the
same samples are selected each time the code is executed. By fixing the random state, we
guarantee that the division of data is consistent across different runs, which is crucial for
accurately comparing model performance and validating results. This approach not only
enhances the reliability of our findings but also allows other researchers to replicate our
experiments with the same dataset and achieve identical results.

3.5. Performance Metrics

The effectiveness of the four ensemble ML models suggested is evaluated using
various statistical metrics. The indicators used most frequently to assess performance, as
identified in the existing literature and applied in this research, include the mean square
error (RMSE), the coefficient of determination R?, and the mean absolute error (MAE). The
formulas for these three statistical metrics are provided below:

Root mean squared error (RMSE):

-

I
—

RMSE =

S| =

(yi — 7i)? )

Correlation of determination (R?):

n . 17.)2
R2 =1— i=1 (]/z ]/_z) (10)
i—1(vi — 7)?
Mean absolute error (MAE):
1 n
MAE = — ) " |yi — 7| (11)
i=1

where y; represents the actual observed value, i; denotes the predicted value from the
model, 7 is the mean of the observed values, and 7 is the number of observations. Values
of RMSE and MAE nearing zero signify strong model performance. Similarly, R? values
approaching 1 denote optimal predictive model accuracy.
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Table 1. Hyperparameters of Different Models.
Model Learning Rate Max Depth Number of Estimators
GBRT 3.0 600 0.01
Adaboost NaN 50 0.50
XGBoost 3.0 500 0.01
LightGBM NaN 600 0.20
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Figure 4. Grid search cv methodology [48].
4. Database Used

The dataset used to build our predictive models is collected from previous research [27].
This dataset is enriched by 158 experiments, presenting a comprehensive range of values for
each predictive factor. As indicated in Table 2, the dataset features considerable variability
in its measurements. The specifics include Cement content varying from 197 kg/m?> to
800 kg/m3, silica fume (SF) from 0 kg/m? to 250 kg/m?3, Water/Binder ratio (W/B) from
0.14 to 0.83, Fine Aggregate (FA) content from 535 kg/m? to 1315 kg/m?, Coarse Aggregate
(CA) from 0 kg/m? to 1248 kg/m?, Superplasticizer (SP) from 0 kg/m? to 80 kg/m?, curing
Age from 1 day to 91 days, and tensile strength from 0.51 MPa to 10.00 MPa. The splitting
tensile, which is the target variable in MPa, also shows significant fluctuation, starting at a
minimum of 0.51 MPa and reaching a maximum of 10.00 MPa.

This statistical overview provides a basis for understanding the variability and dis-
tribution of the factors that affect the splitting tensile strength. Furthermore, it reinforces
our predictive model for the tensile strength of SF concrete, which improves our ability to
forecast the performance of construction materials more accurately.
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Table 2. Statistical Summary of Input Predictors for SF Concrete and Its Tensile Strength.
Predictor Cement SF W/B FA CA SpP Age Tensile Strength
(kg/m?3) (kg/m?3) (kg/m3) (kg/m3) (kg/m3) (Days) (MPa)
Minimum  197.00 0.00 0.14 535.00 0.00 0.00 1.00 0.51
Maximum  800.00 250.00 0.83 1315.00 1248.00 80.00 91.00 10.00
Average 458.13 54.17 0.38 815.96 893.79 13.16 32.08 423

Figure 5 shows the statistical distribution of the components that influence the tensile
strength of SF concrete. The data are represented through a series of box plots. After
analyzing these plots, it is observed that the variables such as Cement, SF (SF), Water-to-
Binder ratio (W/B), Fine Aggregate (FA), Coarse Aggregate (CA), Superplasticizer (SP), and
Age display expected variations, and some outliers. This indicates that the dataset consists
of diverse compositions and curing conditions. Specifically, the concentrations of Cement
and FA show a relatively small number of outliers, which suggests that their values are
consistent and clustered tightly around the median. This indicates that there is consistency
in the batching of concrete mix design. On the other hand, the W/B ratio and SP content
exhibit more variability, with outliers suggesting instances of typical mix proportions.
SF (SF) content has multiple outliers, reflecting the varied use of SF in different concrete
mixes, although its spread within the interquartile range is modest. The CA content follows
a similar pattern to Cement and FA, with fewer outliers suggesting standardization in
aggregate sizing. The Age of curing shows a constrained range with some deviation,
indicating that most samples were tested within a common timeframe. However, a few
samples were cured for extended or reduced periods. The tensile strength of the concrete,
which is the primary performance metric, demonstrates a broader dispersion of values.
This implies a wide variation in the mechanical properties of the concrete, potentially due
to the diversity in mix designs and curing times. The mean tensile strength is affected by
outliers, which might be the result of particular mix compositions or testing anomalies.
Therefore, it highlights the need for rigorous sampling and testing procedures to ensure
reliable predictive modeling.
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Figure 5. Box Plot Distribution of Mix design components and the Tensile Strength of SF Concrete.
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Figure 6 shows the Pearson Correlation Coefficients (PCCs) that demonstrate the
connections between various mix design factors and the resulting tensile strength in SF
concrete. PCC values range from —1 to 1, where 1 represents a perfect positive correlation,
—1 is a perfect negative correlation, and 0 indicates no correlation. The Cement (C) content
displays a strong positive correlation with tensile strength, indicating that an increase in
cement content is typically associated with an increase in tensile strength. On the other
hand, the Water-to-Binder ratio (W/B) exhibits a notable negative correlation with tensile
strength, suggesting that higher water ratios may lead to a decrease in strength. The
heatmap also represents the connections between mixed design elements themselves. For
example, there is a strong negative correlation between the Water-to-Binder ratio (W /B)
and cement (C), which could signify that mixes with less water relative to binders tend to
have a higher cement content. The Fine Aggregate (FA) and Superplasticizer (SP) exhibit a
negative correlation, indicating that as the use of superplasticizers increases, the proportion
of fine aggregates tends to decrease. Inter-correlations between mix design variables, such
as the negative correlation between Coarse Aggregate (CA) and Superplasticizer (SP),
may indicate compensatory adjustments in mix designs to achieve desired workability
and strength properties. Additionally, the positive correlation between Cement (C) and
Superplasticizer (SP) suggests that mixes with higher cement content may also employ more
superplasticizers to maintain workability. These correlations provide valuable insights into
the complex interactions that govern the material properties of SF concrete. They are critical
for optimizing concrete formulations for enhanced tensile strength and overall performance.

According to Figure 6, all the variables have correlation coefficients lower than 0.95,
which means that their relationships are not linear. This can pose a challenge for empirical
fitting methods that rely on experimental data to account for the nonlinear interdepen-
dencies among influencing factors. However, Al-driven ML algorithms are known for
their predictive capabilities precisely because they can take into account and analyze the
nonlinear interactions between all variables within the model [49,50].
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Figure 6. Heat map between predictors and target variables.
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5. Model Results
5.1. Statistical Assessment of Models

Statistical assessment of models is presented in Table 3. As we can notice, the GBRT
and XGBoost models showed superior performance, maintaining nearly perfect R? scores
of 0.999 during training and impressive scores above 0.955 in testing, indicating their
high accuracy in both phases. LightGBM and AdaBoost, while slightly lagging behind,
still demonstrated robust performances with R? scores of 0.897 and 0.902, respectively, in
training and 0.799 and 0.845 in testing. The RMSE and MAE values further illustrate the
models’ precision, with GBRT and XGBoost showcasing remarkably low error rates across
all phases; RMSE values as low as 0.057 and 0.059 in training and 0.179 and 0.161 in the total
evaluation highlight their efficiency in minimizing prediction errors. In contrast, LightGBM
and AdaBoost exhibited higher errors in all total phases yet maintained a competitive
stance with MAE scores like 0.416 for LightGBM and closely matched RMSE scores such as
0.605 for AdaBoost in the same phase. This analysis suggests a clear performance hierarchy:
GBRT ~ XGBoost > LightGBM > AdaBoost, underscored across metrics like R2, RMSE,
and MAE, and different evaluation stages (Training, Testing, All). GBRT and XGBoost’s
near-perfect accuracy rates suggest a potential overfitting to the training data, but their
strong testing phase performance indicates a good generalization ability. In his study,
ref. [51] emphasized that to avoid the problem of overfitting, the difference in R? between
the training and testing phases should be less than 0.05, a criterion that was met by the
GBRT and XGBoost models. Figure 7 visually represents the precision of each developed
model across the overall phase, showcasing their effectiveness through R? and RMSE
metrics and distinctly emphasizing the superior forecasting accuracy of the GBRT and
XGBoost models.
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Figure 7. The visual comparison of RMSE and R? metrics across various suggested models.
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Table 3. Statistical metrics for LightGBM, GBRT, XGBoost, and AdaBoost models.
Phase Criteria LightGBM GBRT XGBoost AdaBoost

Training R? 0.897 0.999 0.999 0.902
RMSE 0.589 0.057 0.059 0.576

MAE 0.357 0.041 0.043 0.483

Testing R? 0.799 0.955 0.965 0.845
RMSE 0.807 0.381 0.337 0.707

MAE 0.645 0.301 0.267 0.575

All R? 0.883 0.991 0.993 0.890
RMSE 0.639 0.179 0.161 0.605

MAE 0.416 0.094 0.089 0.502

5.2. Cross-Plot

In these scatter plots, model-predicted data points are plotted against actual experi-
mental data along a diagonal line representing a one-to-one prediction ratio, often referred
to as the 45-degree line, originating from the plot’s axis intersection. The precision and
validity of the models are indicated by how closely the data points align with this diagonal
line. The aggregation of data points near this line signifies a higher accuracy of the model.
As demonstrated in Figure 8, a graphical analysis using these plots was conducted to
evaluate the trustworthiness of the model predictions made in this research. The scatter
plots from Figure 8a—d reveal that all four models, which were formulated to predict the
splitting tensile strength, are reliable and accurate, as demonstrated by the strong cor-
relation between the predicted and actual values. A closer examination of Figure 8a,b
reveals that the XGBoost and GBRT models are particularly effective at predicting splitting
tensile strength, outperforming the other models. Similarly, Figure 8c,d indicates that the
AdaBoost model has a comparable level of accuracy to the LightGBM model, showcasing
its suitable performance.
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Figure 8. Comparative scatter plots for predictive models of splitting tensile.
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5.3. Histogram of Model Residual Distribution

The histogram analysis (Figure 9) comparing the residual distributions of four distinct
ML models—XGBoost, GBRT, AdaBoost, and LightGBM—highlights several key find-
ings pertinent to their application. XGBoost and GBRT demonstrate superior fit to the
training data, as demonstrated by residuals densely packed around zero, signifying high
accuracy and robust model fit. In comparison, AdaBoost and LightGBM show reasonable
performance with slightly broader residual distributions, indicating a marginally weaker
fit. When considering generalization capability, as inferred from test dataset performance,
XGBoost and GBRT maintain good precision, highlighting its excellent adaptability and
accurate prediction of new, unseen data. This contrasts with the other models, whose wider
spread in residuals may signal a decline in predictive performance on the test dataset,
raising concerns about their generalizability. Overall, the analysis suggests XGBoost and
GBRT as optimal models for the application at hand, given their tight residual distribution
and consistent performance across both training and test datasets, affirming their capability
to balance training data fit with generalization to new data effectively. In contrast, Ad-
aBoost and LightGBM exhibit slightly broader residual distributions. The wider residual
distributions imply that the predictions made by these models are more variable, leading
to a higher likelihood of errors.
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Figure 9. Error Distribution Histograms for Predicted Splitting tensile by Different Models: (a) Train-
ing; (b) Testing.

5.4. Cumulative Frequency Plot

Figure 10 shows the relationship between absolute errors and the percentage of cumu-
lative frequency in all the models introduced in this study. It is apparent that a minimal
percentage of predictions made by the LightGBM model are within the minimal absolute
error margin of 0 to 0.2. The graph shows that more than 90% of the predictions from the
XGBoost and GBRT models have an absolute error close to 0.2. Moreover, the trajectory of
these models reaches a cumulative frequency percentage of 100, representing the entirety
of data points, more quickly than its counterparts, indicating that a considerable number
of predictions by those models maintain an absolute error below 0.8. Consequently, the
illustration suggests a superior predictive capability of the GBRT and XGBoost models
compared to the others featured in this analysis.

5.5. Taylor Diagram

Figure 11 illustrates a widely used method for comparing multiple models through a
two-dimensional graphic, which incorporates three statistical metrics: SD, RMSE, and R. In
the Taylor diagram, each model is denoted by a distinctively colored dot. A “star symbol”
located on the x-axis represents the statistical values associated with the experimental data
(SD =1.87, RMSE =0, and R = 1). The proximity of each model to this reference point
indicates its performance. The blue arcs in the diagram represent the lines of constant
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RMSE radiating from the reference point. Constant SD lines are shown as black arcs
originating from the center of the diagram and intersecting the axes, while black lines
extending from the center depict lines of constant R values. The positioning of a model
relative to the reference point suggests its effectiveness, with the LightGBM and XGBoost
models identified as the least and most effective, respectively, in predicting the splitting
tensile strength.
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Figure 10. Cumulative frequency error comparison of intelligent models used in research.
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Figure 11. Taylor Diagram Representation for Model Predictions of splitting tensile strength.

5.6. Feature Importance Analysis

The best model for predicting the splitting tensile strength, the XGBoost model, has
been identified. It is useful to know how much each input contributes to the splitting tensile
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strength to help optimize the mix ratios of SF concrete, thus enhancing the concrete’s tensile
strength. This research adopts the SHapley Additive exPlanations (SHAP) approach to
thoroughly examine the significance of features. Utilizing calculations of SHAP values, this
method offers a detailed assessment of how each feature influences the model’s outcome.
The SHAP approach accounts for the cooperative dynamics among features, methodically
determining the SHAP value for each one, therefore precisely evaluating their effect on spe-
cific forecasts and breaking down their contributions. Equation (11) outlines the calculation
procedure for SHAP:

o=y BHMESIED s 0 - fs) )

SCN\{i}

Let N be the set of all features, and S a subset of N that excludes a specific feature
i. The cardinality of S, |S|, represents the number of features in S, while |N| denotes the
total number of features. The function f(S) gives the prediction model’s output with only
S’s features. Similarly, f(SU {i}) provides the output when i is included in S. The SHAP
value, ¢;, quantifies the average contribution of i across all combinations of features. In
the SHAP summary plot (Figure 12), W/B and Age are shown as the most significant
variables in predicting the splitting tensile strength of concrete, with substantial impact
as indicated by their SHAP values. The performance of other variables—Cement, SF (SF),
Coarse Aggregate (CA), Superplasticizer (SP), and Fine Aggregate (FA)—is also depicted,
ranked by their influence on the model’s output.

W/B

Age(days)
Cement_(kg/m?3)
SF(kg/m?3)
CA(kg/m?3)
SP(kg/m?3)

FA(kg/m?3)

0.0 0.2 0.4 0.6 0.8

mean(|SHAP value|) (average impact on model output magnitude)
Figure 12. Overview of the impact of each feature on splitting tensile strength.

Figure 13 displays the positive and negative effects of various components on split-
ting tensile strength. Accordingly, features such as Age, cement, SE, fine aggregate, and
coarse aggregate contribute positively to tensile strength. In contrast, the W/B ratio and
superplasticizer negatively impact tensile strength. These results are consistent with the
findings presented in existing studies [13,27].

5.7. Comparative Analysis of the XGBoost Model

Earlier studies have utilized ML techniques to forecast the splitting tensile strength of
SF concrete. This current research contrasts the outcomes of the XGBoost method with the
Multilayer perceptron neural networks (MLPNN), adaptive neural fuzzy detection systems
(ANFIS), and genetic programming are all used (GEP) by [13]. The XGBoost approach
demonstrated superior accuracy in predicting the tensile strength of SF concrete, surpassing
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the MLPNN, ANFIS, and GEP models with an impressive R? score of 0.993, as shown in

Table 4.
High
W/B ’h"’*' SncmPad dnss 3 oo
Age(days) . o o @ anfese .
C t k 3 ame - - . aee d"
ement_(kg/m3) o - E
SF(kgfm3) (1] “*- o) o Be o o ;
E
CA(kg/m?3) @ .‘. E
SP(kg/m?) E
FA(kg/m?) . h....... .
Low

-2 -1 0 1 2
SHAP value (impact on model output)

Figure 13. Negative and positive impact of the features on splitting tensile strength.

Table 4. Comparison of Statistical Metrics for Models.

Statistical Parameter This Study Nafees et al. [13] Nafees et al. [13] Nafees et al. [13]
(XGBoost) (MLPNN) (ANFIS) (GEP)

R? 0.993 0.90 0.92 0.93

RMSE 0.16 0.51 0.40 0.31

MAE 0.089 0.41 0.26 0.31

The superior performance of XGBoost in predicting tensile strength may be due to its
robustness against noisy data and anomalies. XGBoost is engineered to focus on correctly
classifying difficult instances, therefore reducing its susceptibility to the effects of outliers
and noise-laden data points. Relative to MLPNN and ANFIS models, XGBoost is likely to be
more resilient to overfitting in the context of noisy datasets. Moreover, XGBoost can capture
complicated nonlinear relationships between predictors and responses by combining many
simple models, a feature that MLPNN and ANFIS models may not possess to the same
degree in all scenarios. Furthermore, it operates with greater computational efficiency
than MLPNN and ANFIS models, which often require more complex architectures and
protracted training time. This computational thriftiness may make XGBoost a permissible
choice for resource-limited applications as well. A contributing factor may also come from
the different sets of input variables employed, which may help to explain why XGBoost
outperforms MLPNN and ANFIS models. The ability of XGBoost to manage noisy datasets
and model complex nonlinear interactions, combined with its computational expediency,
establishes it as a powerful tool for predicting tensile strength.

6. Recommendations for Future Research

The dataset is a crucial component in the development of machine-learning models.
One of the study’s limitations is the small number of data samples available for constructing
the ensemble models. As a result, the models developed in this study are only applicable
within the specific range of input parameters provided. Naturally, increasing the number
of data samples would help expand the range of input parameters, ultimately leading to
the development of a more reliable and robust model. Also, this study suggests several
areas for model refinement and optimization. While grid search was employed in this
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study to fine-tune the hyperparameters of the models, future research could explore alter-
native and potentially more efficient techniques for hyperparameter optimization, such as
Bayesian optimization. The application of these advanced machine-learning models in pre-
dicting concrete properties could provide significant benefits to the construction industry
by enabling more accurate and efficient material selection, therefore reducing costs and
enhancing structural safety. Additionally, it could contribute to the concrete market by
facilitating the development of high-performance concrete mixes that are optimized for
specific applications.

7. Conclusions

The conclusion synthesizes the outcomes of a detailed investigation into the efficacy of
various machine-learning models—namely Gradient Boosting Regression Trees (GBRT), Ex-
treme Gradient Boosting (XGBoost), LightGBM, and AdaBoost—for predicting the splitting
tensile strength of SF concrete. It distills the comprehensive analysis into key findings:

1.  The XGBoost and GBRT models demonstrated superior predictive accuracy for SF
concrete, with R? values over 0.955 during testing and low RMSE and MAE values
across all phases. They outperformed LightGBM and AdaBoost, with tighter residual
distributions and closer alignment to actual data, establishing a clear hierarchy in
model performance. Despite being slightly behind in predictive accuracy, LightGBM
and AdaBoost still exhibited robust performance, with R? scores of 0.799 and 0.845
during testing, showcasing their effectiveness in specific scenarios.

2. The XGBoost model outperformed previous models like MLPNN, ANFIS, and GEP in
predicting SF concrete tensile strength, achieving a superior R? score of 0.993. This
improved accuracy is due to XGBoost's resilience to noisy data, its ability to capture
complex nonlinear relationships, and its computational efficiency.

3. The feature importance analysis using SHAP values revealed that the water-to-binder
ratio (W/B) and the age of the concrete were the most significant factors influencing
the splitting tensile strength.

The findings of this research underscore the effectiveness of ensemble models in ac-
curately predicting the splitting tensile strength of SF concrete, offering valuable insights
for optimizing concrete mix designs. The superior performance of these models, particu-
larly in comparison to those used in previous studies, highlights the potential for further
advancements in the application of machine-learning techniques in civil engineering.
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