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Abstract: Predicting concrete's thermal expansion coefficient (CTE) is important for improving its
performance in different environmental conditions. Traditional methods often fail to capture the complex
relationships between concrete composition and thermal properties. Machine learning offers a better way to
solve this problem by using data-driven models. This study used 192 datasets that included information on
various concrete mixtures and their properties. Both simple and advanced machine learning models were tested
to predict CTE. Simple methods, like Multiple Linear Regression (MLR) and Support Vector Regression (SVR),
provided basic predictions. Advanced methods, such as AdaBoost, XGBoost, Bagging, and Random Forest,
were used to handle the complex and non-linear nature of the data. These models were evaluated using methods
like cross-validation and feature importance analysis to check their accuracy and reliability. When comparing
the results, the study found that simpler models like MLR could only give limited insights. In contrast, advanced
models, especially Random Forest, performed much better. The Random Forest model was highly accurate,
identifying key factors affecting CTE and correctly predicting patterns in the data. It also reduced the number of
experiments needed for accurate predictions, saving time and resources. This research shows how machine
learning can be used to better predict and understand concrete properties. It highlights Random Forest as a
powerful tool for accurately modeling CTE and other mechanical properties of concrete while reducing costs
and improving efficiency

Keywords: Coefficient of Thermal Expansion, Concrete Performance, Machine Learning Models, Multiple
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1. Introduction

Concerning the environment, the widespread application of concrete in construction has a significant
impact. The demand for concrete increases in parallel with the construction and maintenance of infrastructure
and structures, thereby contributing to resource depletion and carbon emissions [1]— [3]. In light of this difficulty,
using recycled aggregates in manufacturing concrete has surfaced as a potentially effective resolution. Produced
from pulverized concrete from demolished structures, these aggregates provide an environmentally preferable
substitute for conventional materials [4]- [6]. It is essential, nevertheless, to guarantee their mechanical
properties, including strength and durability, to maintain structural integrity [7]- [9]. It is possible to forecast
these properties, in addition to variables such as thermal coefficients, by employing advanced modeling methods
such as machine learning. By comprehending how various factors affect the performance of recycled aggregates
and analyzing massive datasets, it is possible to maximize their application in construction while minimizing
their ecological footprint [10]- [12].

The significance of the Concrete Coefficient of Thermal Expansion (CTE) in pavement design is
emphasized in the Mechanistic-Empirical Pavement Design Guide (MEPDG) published by the AASHTO, which
is an organization that represents state highway and transportation officials [13], [14] It is of paramount
importance in a multitude of facets, including joint faulting, slab cracking, and surface irregularity [15]. The
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MEPDG of AASHTO specifies three tiers of inputs for the design of concrete CTE. Level-1 testing requires
concrete CTE to be evaluated on-site or per project using the exact materials intended for the undertaking [16]—
[18]. This method provides the greatest level of dependability but at the expense of increased financial
expenditures. The mean CTE values of mixture constituents (coarse aggregate, fine aggregate, and cement
paste), weighted by their respective volumetric proportions, are employed as Level-2 design input [19]- [21].
These values may be acquired from databases or determined experimentally. Level-3 design permits the
utilization of standard concrete CTE, which is commonly acquired from national databases while taking into
account particular coarse aggregate varieties. Although Levels 2 and 3 require less effort to implement, their
reliability is intrinsically inferior to that of Level 1. Furthermore, there is a growing trend among transportation
agencies to create their own concrete CTE databases, which are customized to project sites and utilize standard
mix designs and materials [22], [23]. While these values might not exact Level-1 inputs, they are expected to
provide more precise outcomes compared to the averages of Level-2 or Level-3. The emergence of local
databases highlights the increasing demand for methodologies that improve the predictive capabilities of CTE
data and facilitate concrete CTE forecasting [24], [25].

These methodologies possess the capacity to optimize database construction while enhancing the
accuracy of CTE forecasts for particular projects that depend on said databases. Regardless of being in its early
stages, research on predicting concrete CTE has attempted to utilize linear regression or mechanical models to
achieve this objective. A study was conducted by Yang and Kim in which they employed analysis of variance
(ANOVA) to assess the significance of variables related to concrete mix design [26]- [29]. Following this, a
linear equation was derived using these variables to forecast CTE. Nevertheless, it is critical to mention that the
current study emphasizes the significance of evaluating the predictive effectiveness of these models via
cross-validation, an aspect that was neglected in the study by Yang and Kim [30]. To date, there has been a
scarcity of research investigating the application of machine learning techniques for predicting concrete CTE or
assessing models that go beyond linear regressions. On the other hand, neural networks have found widespread
implementation in the prediction of compressive strength (CS) of concrete, regardless of a shortage of research
utilizing machine learning techniques [31]- [34].

In addition, machine learning has been widely implemented in numerous fields of civil engineering ,
which presents an innovative neural network architecture that integrates attention mechanisms to improve the
accuracy of predictions, , which examines the integration of convolutional neural networks (CNNs) and long
short-term memory (LSTM) networks for time-series prediction of concrete strength, and , which investigates
the application of ensemble neural networks, are among the notable papers in the domain of neural
network-based concrete compressive strength prediction [35]-[37].

Furthermore, an examination of various neural network architectures for the prediction of concrete
strength is undertaken in a comparative analysis. This analysis emphasizes the superior predictive accuracy and
computational efficiency of particular architectures. Furthermore, to optimize the prediction of concrete strength,
provides an exhaustive examination of feature selection techniques and neural networks. Machine learning
methodologies have been applied to a variety of civil engineering tasks in a broader sense [38]- [42]. These
tasks include the evaluation of bridge performance, inspection of structural health, and assessment of pavement
condition [42]- [44]. Collectively, these inquiries highlight the capacity of machine learning methods to enhance
decision-making and predictive capacities in a variety of civil engineering domains [45] — [47].

A range of artificial intelligence (Al) modeling methods, in addition to empirical models, have been
utilized to facilitate continuous advancements, specifically in the design of plastic concrete [48], [49], where
critical mechanical parameters include compressive strength (fc) and split tensile strength (fsts) [50].
Computational modeling methodologies present a viable substitute for the arduous and complex procedure of
mixture optimization conducted in a laboratory setting [51] — [53]. By utilizing optimization techniques and
objective functions derived from concrete constituents and their properties, these methods determine the optimal
concrete mixtures. In the past, objective functions for linear and nonlinear models were formulated individually
[54], [55]. However, the establishment of precise relationships between input parameters and concrete attributes
has been a formidable challenge, owing to the substantial nonlinear correlations between these variables. As an
outcome, scholars have resorted to employing machine learning (ML) methodologies to forecast the properties
of concrete [56].

Previous research has applied a range of machine learning (ML) methods to predict concrete properties,
such as elasticity modulus (fc"), fsts, and fc' [57]. The most frequently used techniques include genetic
engineering programming (GEP) [3], support vector machines (SVM) [9], multilayer perceptron neural
networks (MLPNN) [58], and ANN [59]. MLPNN, which falls under the category of ANN, provides a nonlinear
modeling strategy that can capture intricate input-output relationships. During training, SVM models attempt to
discover a global solution to reduce the structural risk of model complexity [60]. Classification problems are
typically resolved using decision trees, in which each leaf node corresponds to a classification result and internal
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nodes represent dataset features. GEP is a contemporary approach within the field of computational intelligence
that distinguishes itself by employing sophisticated genetic algorithms and expression trees to articulate
nonlinear associations [61]. Deep learning (DL) algorithms have robust architectures that enable more accurate
predictions than traditional machine learning (ML) techniques. This is largely attributable to the massive amount
of data that has been amassed in the past decade, which has propelled the adoption of DL [62]. Ensemble
methodologies, including random forest (RF), have exhibited remarkable efficacy in addressing intricate
problems with exceptional accuracy. As an illustration, the RF method was utilized to forecast the mechanical
characteristics of high-strength concrete, exhibiting a remarkable coefficient of determination (R2) of 0.96,
surpassing the performance of alternative models [63].

Scholarly investigations highlight the efficacy of ensemble learning techniques, such as Bagging and
Boosting, in improving predictions of concrete properties, including compressive strength and plastic concrete
(PC) durability. This study aims to predict the coefficient of thermal expansion (CTE) and other critical
characteristics of concrete using machine learning models, including Multiple Linear Regression (MLR),
Support Vector Regression (SVR), AdaBoost, XGBoost, Bagging, and Random Forest. Using a dataset of 192
concrete mixtures, the models were evaluated through cross-validation and feature importance analysis. Results
show that advanced models, particularly Random Forest, outperform simpler models, offering accurate
predictions while reducing experimental costs and providing insights into concrete's mechanical and thermal
properties.
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Fig 1. Block diagram of the research

2. Concrete Database Collection

Before performing machine learning calculations, it is critical to ensure that the datasets are thoroughly
organized. The datasets comprise a wide array of properties that are essential for analysis, including
characteristics of recycled aggregate and mix proportions [64]-[66], The dataset comprises 192 data points and
offers comprehensive details on concrete mix composition, including variables such as water-cement ratio W/C,
aggregate gradation void percentage AGV%, splitting tensile strength ratio SR, standard deviation percentage
SD%, fine aggregate content percentage FAC%, and slump cone percentage SC% and temperature as shown in
Table 1. It was subdivided into three subsets: Seventy percent of the data (134 points) constituted the training set
for the development of machine learning models, fifteen percent (29 points) comprised the validation set for
hyperparameter optimization and overfitting reduction, while the remaining fifteen percent (29 points) served as
the test set to evaluate model performance on new data.
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3. Methods
3.1. Multivariable linear regression

In this study, the linear correlation between multiple independent variables and a dependent variable was
modeled using multivariate linear regression (MVLR) [67]. The primary objective was to determine the
coefficients that most accurately represent the linear equation describing the relationship between these
variables. Multiple independent variables were used to predict the values of the dependent variable via MVLR.
Within the framework of the study, random forests, which are less complex and nonlinear, were compared to
MVLR as a baseline. The regression algorithm provided by the Python Scikit-Learn toolbox was used to
implement these techniques, and the sum of squared differences was minimized by calculating and adjusting the
coefficients.

N

VJ 2
V

Fig. 2. Abasic DT, where the slump of the concrete mix is being used to predict a concrete property [49]

3.2. Random Forest

Decision trees are the fundamental tool for utilizing data in decision-making processes and serve as the
foundation for random forest methods [68]. Each tree in the forest provides its forecast, and the overall forecast
is derived from the aggregated results of all tree forecasts. The tree employs these junctions and arcs to select
the most appropriate regression equation for predicting the concrete property based on the slump value [67].
Figure 1 depicts a tree where each junction represents a question about the dataset and each arc represents a
possible response to that question. In the provided example, the base junction determines the next passage step
by analyzing the concrete slump of the dataset [69]. If the slump of a concrete mixture is less than 100, the data
value would follow Figure 1's left branch. If the decline is greater than 100, however, the data value will follow
the right branch. The accompanying image depicts the structure of a decision tree developed for this study [69].

The Scikit-Learn software toolkit was used to implement both the random forest and decision tree
techniques in this study [70]. During the phase of model training, the structure of the decision tree is determined
based on the features. [71]. Minor deviations from the default values for these variables had negligible effects on
the predictive performance of the model in this study [72]. It is essential to note that decision trees can
sometimes memorize the training data, resulting in fore-castings that may not accurately reflect the actual data
patterns [73]. Random forests reduce the impact of below-average individual trees by averaging the results of
many trees. In random forests, additional hyperparameters include the number of trees in the forest and the use
of scaling for tree sampling. In this study, Scikit-Learn was used to implement the random forest model. For the
majority of hyperparameters, the default values were used, except the split criterion and the number of trees in
the forest [74].
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3.3. Machine learning model development

A mathematical model known as Artificial Neural Networks (ANN) is specifically engineered to emulate
the structure and operation of biological systems [75]-[77]. Consequently, ANN demonstrates several
characteristics comparable to those of biological brain systems [78]. These include self-learning and adaptation,
computational parallelism, nonlinear mapping, and robustness/fault tolerance. The prospective applications of
artificial neural networks' robust nonlinear processing capability continue to inspire researchers [79]. Out of the
various structures considered, the backpropagation neural network is the most developed and extensively
employed multilayer feedforward network architecture. This enables the network to acquire an accurate
mapping between input and output, even in the absence of prior knowledge regarding particular mapping
relationships. Fundamentally, Support Vector Machines utilize an inner product function-enabled nonlinear
transformation to establish a correspondence between the input space and a higher-dimensional space. [80].

Out of the various structures considered, the backpropagation neural network is the most developed and
extensively employed multilayer feedforward network architecture. This enables the network to acquire an
accurate mapping between input and output, even in the absence of prior knowledge regarding particular
mapping relationships. To optimize and achieve the desired solution, PSO utilizes information exchange among
particles; it is an intelligent optimization algorithm based on populations.

3.4. Performance Assessment

The training set, the validation set, and the testing set were constituted of these subsets. Following this,
the validation set was utilized to assess the convergence and development of the model throughout the training
process, enabling the optimization of hyperparameters to enhance the overall effectiveness of the model. A
comparison analysis was performed in a study by Asteris et al. [82] to evaluate the predictive capabilities of four
machine learning models and identify any discrepancies. The purpose of these metrics was to quantify the
degree of concordance between the predicted values and the empirical observations. The initial evaluation of the
first two parameters was conducted based on a single sample examination, whereas the subsequent assessment
of the remaining five parameters was determined by the degree of algorithmic fitting across multiple subsets.
Furthermore, the integration of these statistical parameters into a composite performance index was
demonstrated to be possible, as demonstrated in the study conducted by Cook et al [83].
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3.5. Partial Dependence plot

Interpretability of a model refers to the capacity to comprehend the fundamental operations and results of
the model [84]. Machine learning is frequently regarded as an opaque operation, which requires the creation of
interpretable methods for visually examining the process on a local and global scale. An example of a widely
used interpretable technique on a global scale is the Partial Dependence Plot, which prioritizes the importance of
features according to operational outcomes and illustrates the marginal impact of one or two features on the
model's predictions [85].

fXS (xS) = EXC [TXS (xS, xC)]= § TxS (xS, xC)dP(xC) 9)

To perform partial dependency analysis, the feature distribution within the set is combined with the
output of the machine learning model. The function resulting from this amalgamation establishes the correlation
between the features present in set C and the prediction outcomes that are obtained. Using this marginalization
process, it is possible to derive a function that is exclusively dependent on the features present in set S, thus
encapsulating their interaction [86].

3.6. Shapely additive explanations

When implemented in the domain of predictive modeling, the Shapley value can be used to evaluate the
combined influence of every individual prediction technique on the overall accuracy of the predictions. It
functions as an indicator of the level of effort put forth by each participant in a cooperative game, and the results
are frequently perceived as equitable and rational by all participants [87]. When implemented in the domain of
predictive modeling, the Shapley value can be used to evaluate the combined influence of every individual
prediction technique on the overall accuracy of the predictions [88].

9z = )=¢@0+XMj=1gjz ~ (10)

The value assigned to each feature provides clarification regarding its specific impact on the overall
outcomes of the predictions, thus emphasizing the discrepancy between the mean prediction made by the model
and the actual prediction from the database. A SHAP value of a positive sign signifies that the feature has a
positive influence on the predicted value. Conversely, a value of a negative sign signifies a diminishing effect on
the contribution [89].

3.7. Cross Validation

The passage shows how cross-validation can be used to assess the performance of a machine-learning
model using evaluation data that was not used for training. Specifically, the study employed k-fold
cross-validation, in which the data is divided at random into k subsets or folds [90]. These folds consist of (k-1)
training folds, which are used to train the model, and 1 validation fold, which is used to evaluate the accuracy of
the model. RMSE (Root Mean Square Error) and R2 (Coefficient of Determination) values are calculated for
each validation cycle. The average of these values across all rounds of cross-validation provides a single
measure of RMSE and R2 for the entire process. On unseen validation data, the CV-RMSE metric is used to
evaluate the performance of the machine learning model. Using cross-validation to divide the data into training
and validation sets yields the CV-RMSE, which represents the squared mean error. Noting that the CV-RMSE
may differ from the RMSE obtained from a direct fit is essential, as overfitting can occur when a model is
trained on a small dataset. When a model closely matches the training data, resulting in low training error but
high validation error, this is known as overfitting. In certain instances, the RMSE of the direct fit may be less
than the CV-RMSE [91].

3.8. Prediction of CTE through level 1-3 model approach

In typical roadway design, three separate levels of calculation are required to forecast the thermal
expansion coefficient (CTE) for a particular concrete formulation. At Level 1, the concrete mixture's CTE is
determined empirically using a standard test procedure by AASHTO T336 specifications. In Level 2
calculations, the CTE values of the coarse aggregate's main mineral component and the cement paste are
linearly blended, based on their respective volume proportions. In addition, the Level 3 prediction of concrete
CTE is based on historical data collected on the CTE values of the primary minerals present in the coarse
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aggregate [1]. The cement paste CTE ranges between 18 and 20 10(-6) C(-1) when the water-to-binder or
cement ratio is held constant at 0.4 for the dataset utilized in this investigation. Quartz, dolomite, and basalt are
the primary mineral components of the coarse aggregate, with CTE values of 9.3 10(-6) C(-1), 8.9 10(-6) C(-1),
and 7.8 10(-6) C(-1), respectively. The linear combination used for Level 2 determination is CTE_mix = a_Paste
* CTE_paste + a CA * CTE_CA + a_FA * CTE_FA, where a_Paste is the volume percentage of cement or
binder grout, a_CA is the volume percentage of the primary mineral composition in the coarse aggregate, and
a_FAis the volume percentage of the main minerals in the fine aggregate [1], [15].

3.9. Background on ML algorithms

Mathematical models utilized in machine learning (ML) incorporate principles that originate from the
fundamental biological structure of the human brain. These models demonstrate the ability to undergo training,
computation, and adaptation in response to the datasets that are supplied to them. Thus, they are capable of
producing forecasts using datasets that have never been analyzed before [34], [58], [92]. In general, a machine
learning model is composed of input and output layers, which are designated with the names of the input and
output variables they signify, respectively. Following this, the validation set was utilized to assess the
convergence and development of the model throughout the training process, enabling the optimization of
hyperparameters to enhance the overall effectiveness of the model. In general, a machine learning model is
composed of input and output layers, which are designated with the names of the input and output variables they
signify, respectively. To formulate predictions for novel datasets, the model implements a multitude of neurons
functioning as processing units a network of neurons that are interconnected and process information [93].

In the course of this inquiry, the strength of concrete was characterized by utilizing both individual
machine learning (ML) models and ensemble models that integrated feeble learners. This subject will be further
expounded upon in subsequent sections of this research paper.

3.9.1. Non- ensemble models

The current investigation employed non-ensemble machine learning models, namely Support Vector
Regression (SVR) and Multiple Linear Regression (MLR), for analysis and experimentation [94].

3.9.1.1. Multiple linear regressions (MLR)

Regression models function as mathematical tools utilized to determine the degree of correlation and
interrelationship between input and output variables. When estimating linear regression (LR) models, the
utilization of least squares methodologies is commonplace. On the other hand, as described by Neter et al.[95],
Multiple Linear Regression (MLR) examines the correlation between a set of independent variables and the
dependent response, producing results that suggest a linear relationship. Equation (1) represents the formulation
of MLR.

Y=a0+Ymj=1a X (D)

The mathematical expression for the output Y of a model is denoted by equation (1), where Y represents
the resultant output, Xj represents the input variables used in the algorithms, and a0, al, a2,..., represents the
partial regression coefficients that are associated with each input variable. The equation illustrates the weighted
contribution of each input variable to the output, as represented by its corresponding coefficient, to summarize
the linear relationship between the two [96].

3.9.1.2. SVR

When applied to regression tasks, the support vector machine (SVM) model is recognized as support
vector regression (SVR), a prominent data mining technique. SVR, which was first introduced in 1995 by
Cortes and Vapnik [97] has since been extensively implemented in tasks involving classification, prediction, and
regression. SVR, functioning as a supervised learning algorithm, demonstrates exceptional proficiency in
input-output analysis, thereby efficiently tackling the obstacles that are inherent in nonlinear regression, limited
datasets, and high-dimensional input spaces. Using nonlinear transformations, the input space is transformed
into a space of a higher dimension as part of this methodological procedure. Following that, nonlinear activation
operations are implemented on this expanded space, which enhances the accuracy of the matching procedure
due to the unique characteristics of the input parameters derived from the original dataset [98]. The linear
function, denoted as f(x,w), can be approximated in this transformed space using the formula specified in
Equation (2).
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3.9.2. Ensemble models

As defined by Dietterich [99], Ensemble models are a category of learning algorithms in which the
weighted aggregation of the predictions from a collection of classifiers is utilized to combine the outcomes. At
the outset, Bayesian averaging functioned as the fundamental ensemble technique, establishing the path for
succeeding algorithmic approaches in the field of machine learning, such as boosting, error-correcting output
coding, and bagging. Four ensemble machine-learning models were utilized in the present inquiry: AdaBoost,
XGBoost, Bagging, and Random Forest.

The binary dataset illustrated in Figure 4 consists of circles colored black and white. Its primary function
is to train a model that can precisely classify the data points. At the outset, Model 1, functioning as a weak
learner, is trained on the dataset, albeit with specific data points exhibiting classification errors. Following this,
boosting is utilized to improve the performance of Model 1 through the incorporation of Model 2 and, later,
Model 3, to rectify the deficiencies that were identified in the antecedent models. Nevertheless, an
overabundance of model ensemble additions could result in overfitting; therefore, a meticulous assessment of
the hyperparameter governing the number of models included in the boosting procedure is required.
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3.9.2.1. AdaBoost

Boosting, first introduced by Schapire and Freund in 1990 [100], is a machine-learning algorithm that is
widely recognized and utilized .Expanding upon this seminal research, Freund and Schapire (1995) proposed
AdaBoost, also referred to as adaptive boosting. It aimed to combine weak classifiers obtained during the
training process into a robust collective. To achieve this, the training set was iteratively modified to optimize the
training process for the weak classifier Chengsheng et al., [101].
3.9.2.2. Random Forest regression:

The Random Forest (RF) model is highly regarded for its exceptional performance when it comes to
solving problems related to both classification and regression. Functioning within the domain of supervised
learning, RF accomplishes regression tasks utilizing an ensemble learning approach. The structure is comprised
of a collection of decision tree models organized within the bagging framework. Each tree node is represented
by a leaf node, which does not contain any offspring nodes. Every node in this algorithmic framework is
determined by a criterion that is constructed using the input features that are supplied. Using the established
criteria, the algorithm assesses the veracity of statements as they advance from the root to the leaf node. The RF
algorithm was developed by L. Breiman in 2001 [102].To improve its effectiveness, Breiman incorporated the
principles of bootstrap aggregation [103] and random feature selection [104].

3.9.2.3. XGBoost

XGBoost is a renowned and extensively implemented scalable machine learning algorithm that was
developed with tree boosting in mind. The scalability of the system is supported by various crucial
characteristics, including the ability to utilize parallel and distributed computation, an advanced tree-learning
algorithm that is adept at processing sparse data, and algorithmic enhancements, as explained by Chen and
Guestrin [105]. In the context of the present investigation, XGBoost was selected based on its plethora of
pertinent characteristics. The proposed enhancements encompass provisions for regularization, utilization of
second-order gradients to expedite convergence, techniques for sparsity-aware split-finding, integration of
stochastic gradient descent to introduce diversity and alleviate overfitting, and mechanisms for shrinkage aimed

www.ijlret.com 37 | Page



International Journal of Latest Research in Engineering and Technology (IJLRET)
ISSN: 2454-5031
www.ijlret.com || Volume 11 - Issue 04 || April 2025 || PP. 29-48

at further mitigating overfitting. Additionally, XGBoost is equipped with a suite of system-level functionalities,
such as cache optimization and parallelization, ensuring scalability and efficiency across diverse computational
environments.
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3.9.2.4. Bagging

By employing bootstrap sampling and sampling with replacement, the bagging technique is capable of
producing multiple datasets from a single input. The iterative procedure results in unique samples, which are
then employed to train a multitude of models. Regression tasks involve the aggregation of the predictions of
multiple models to derive the final model, whereas classification tasks involve the determination of the mode.
Bootstrap sampling is prone to producing redundant data instances, which are estimated to comprise 63% of the
unigque data. Bootstrap Aggregating, also referred to as Bagging, was first proposed by Breiman in 1996 and is
currently recognized as one of the most extensively utilized ensemble methodologies. By arbitrarily selecting
subsets from the initial dataset and aggregating or voting the predictions of each regressor, this method
determines the final forecast [106].

Meta-estimators of this nature effectively reduce the variability introduced by black-box estimation
methods through the integration of a randomization process into their formulation of predictions. Furthermore,
Bagging (BGR) exhibits improved performance, especially when faced with intricate algorithms such as
completely developed decision trees, by effectively mitigating concerns related to overfitting [107]. The
methodology employed in this study is illustrated in Figure 4, which provides a schematic diagram of the
specific procedural steps involved.

e For this research undertaking, a comprehensive collection of 192 datasets was obtained from a
well-established research database. Following that, a thorough examination of the statistical properties of
the datasets was undertaken through exhaustive data analysis, which utilized techniques like correlation
matrix analysis and histograms.

e The analysis utilized both the ensemble and non-ensemble machine learning (ML) models, which are
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illustrated in Figure 4. The results obtained from this analysis were subsequently evaluated utilizing a
range of performance metrics.

e The dataset was subsequently partitioned into subsets for training and testing, after which k-fold
cross-validation was implemented. In addition, performance indices were employed to evaluate the
model's accuracy, and a sensitivity analysis was carried out.

¢ In the end, parametric and sensitivity analyses were performed to further examine the properties of the

data and determine the contribution or significance of each input characteristic to the corresponding
output.

Original training dataset

Bootstrap samples

sesemnn

l
= el
|

hy h, ha |Train multiple models
[ ]
——P B e B
Combine models

Fig 7. Generic Bragging Framework

Table 1 Database of Six Inputs Used In The MVLR and Random Forest Models and It Output

SNo W/C AGV% SR SD% FAC% SC% TEMP EXP_TCC MLR SVR Ensemble adaboost RF  Xgboost Bagging
1 40 30 35 0 0 0 -10 15 1.98 151 151 1.49 2.01 1.49 1.49
2 40 60 35 100 0 0 20 211 2.13 2.19 2.07 2.09 2.22 2.1 2.1
3 30 60 35 0 0 0 -30 2.25 1.98 2.13 2.25 2.25 2.08 2.23 2.25
4 40 60 35 75 0 0 20 1.98 213 212 1.98 2.02 212 1.99 1.99
5 40 60 35 100 0 0 -30 2.36 23 242 24 241 245 2.37 2.34
6 30 60 35 50 0 0 20 2.08 213 2.04 2.06 2.05 2.03 2.07 2.07
7 30 60 35 75 0 0 -20 2.23 2.3 2.29 2.29 2.3 231 2.23 2.27
8 30 60 35 0 0 0 20 1.99 1.86 1.89 2.01 2.02 1.85 2.01 1.98
9 30 60 35 25 0 0 -30 2.28 2.3 2.2 231 2.28 2.18 2.3 2.28
10 40 30 35 0 0 0 20 1.46 1.86 1.38 144 1.46 1.87 1.45 1.46
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40 60 30 0 0 0 -10 211 198 21 213 213
40 50 35 0 0 0 20 18 186 173 178 1.77 185 18
40 40 35 0 0 0 10 159 18 16 162 1.62 191 162
40 60 40 0 0 0 -30 211 198  2.08 2.09 208 207 21
40 50 35 0 0 0 0 1.86 186  1.82 1.84 1.82 195 184
40 60 45 0 0 0 -20 1.98 198 197 2 199 202 198
30 60 35 75 0 0 20 2.08 213 211 2.06 208 212 209
30 60 35 100 0 0 -30 2.48 23 241 2.46 242 245 249
40 60 35 0 0 0 -30 215 198 214 207 211 208 218
40 60 35 0 0 0 -20 2.09 198  2.09 2.01 205 204 21
40 60 40 0 0 0 -10 2 198  1.98 1.98 1.97 198 199
40 60 40 0 0 0 0 191 186 194 193 1.92 193 195
60 60 35 0 0 0 20 1.89 186 192 1.89 191 185 188
50 60 35 0 0 0 20 1.87 186 191 1.86 1.86 185 185
50 60 35 25 0 0 -30 212 23 222 218 216 218 212
40 60 35 0 0 20 -20 2 198 201 1.99 199 202 199
40 60 35 0 30 0 20 178 186 178 1.79 18 182 18
40 60 35 0 20 0 20 18 186 182 1.82 1.82 183 183
60 60 35 100 0 0 20 236 213 221 237 235 222 234
40 60 35 0 10 0 -30 2.09 198 21 21 209 208 209
60 60 35 75 0 0 10 2.23 213 219 227 229 217 226
60 60 35 75 0 0 20 223 213 214 2.2 223 212 219
60 60 35 100 0 0 -30 2.69 23 244 2.77 27 246 272
60 60 35 100 0 0 -20 264 23 24 269 264 241 267
60 60 35 50 0 0 -20 233 23 225 234 234 222 234
60 60 35 50 0 0 -10 2.28 23 221 227 229 217 229
60 60 35 50 0 0 0 219 213 216 222 223 213 224
60 60 35 50 0 0 10 212 213 211 216 217 208 216
50 60 35 25 0 0 -20 2.08 23 217 213 211 213 211
50 60 35 25 0 0 -10 205 23 212 208 205 208 209
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50

50

60

60

60

40

40

40

40

40

60 35 50 0 0 -20 2.24 2.3 2.24 2.21 2.21 2.22 2.23
60 35 100 0 0 -30 2.53 2.3 2.43 2.54 251 2.46 2.54
60 35 25 0 0 -30 2.3 2.3 2.23 2.28 2.26 2.18 2.28
60 35 75 0 0 -30 2.57 2.3 2.37 2.55 2.55 2.36 2.54
60 35 100 0 0 -10 2.64 2.3 2.35 2.61 2.57 2.36 2.6
60 35 0 20 0 0 1.87 1.86 1.92 1.9 1.9 1.92 1.9
60 35 0 0 10 -30 21 1.98 2.09 2.08 2.09 2.08 2.1
60 35 0 0 10 -20 2.02 1.98 2.05 2.03 2.04 2.03 2.03
60 35 0 0 20 0 191 1.86 191 191 1.92 1.92 191
60 35 0 0 20 10 1.9 1.86 1.87 1.89 1.89 1.88 1.89

2.22

2.52

2.29

2.57

2.63

1.88

211

2.02

1.92

1.9

4. The comparison of CTE models' outcomes and discussion

Meta- In data analysis, when the dependent variable's scale (in this case, CTE) is large and the range of
values is broad, it is customary to normalize the RMSE for improved comparison and interpretation of the error
metric. Normalization involves dividing the RMSE by the standard deviation of the CTE data, which converts
the error metric from an absolute value to one that is relative to the variation in the data. This normalization
procedure enables more accurate model comparisons and facilitates comprehension of the significance of the
findings. In this investigation, the normalization factor was the standard deviation of the CTE data, which was r
= 0.45 * 10(-6) C(-1).

Table 2 Performance Metrics of Models

Models CV-RMSE RMSE/S R?
(*10°Cc? (8§ =0.45*10°C™)

MLR 0.148232 0.329404444 0.28984
SVR 0.078186 0.173746667 0.9991
Ensemble model 0.03343 0.074288889 0.99939
Adaboost 0.038034 0.08452 0.99989
XG Boost 0.136704 0.303786667 0.1791
Bagging 0.022768 0.050595556 0.99988
RF Models 0.014098 0.031328889 0.99987

4.1. Level-2 and 3 approximations

The outcomes of the study indicate that the level-2 and level-3 models perform poorly in predicting the
precise CTE values for the given dataset. Although the level-2 model allows for greater variability than the
level-3 approximation, it generates a wider range of predicted values, which reduces its predictive ability. In
contrast, the predictions generated by the level-3 model closely align with three distinct regression lines.
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However, it is essential to note that both models produce negative R2 values, indicating a poor fit and that the
RMSE values for both models exceed the variability of the observed CTE values. This suggests that the
predictive ability of these models is limited, and it is not possible to accurately predict how CTE would vary in
response to changes in the concrete mix using the given data set. Therefore, using the dataset's mean value as a
predictor would be more accurate than relying on either level model.

4.2. Multivariate linear regression

Across all evaluation metrics, the MVLR model outperformed both the level-2 and level-3
forecasts. Even though the average RMSE/r values were above 1, the average R2 values for the
cross-validation procedure with 2 and 10 folds were negative, indicating inadequate model
performance. This suggests that although the level-2 and level-3 methods possess comparatively
stronger predictive capabilities overall, the MVLR model surpasses both approaches regarding
predictive precision. Notably, numerous data points were forecasted incorrectly across all tests,
indicating that the MVVLR model did not adequately represent certain non-linear properties of concrete
CTE for these mixtures. According to the evidence, it is necessary to employ a nonlinear regression
model, such as a random forest, to more accurately represent the complexity of the data.

4.3. Random forest

The results of this study indicate that the model can effectively forecast new data, particularly for
comparable systems. In addition to making CTE predictions, random forests permit feature relevance analysis.
Consistent with Yang and Kim's [108] research, the principal mineral content of coarse and fine aggregate was
identified as a crucial factor in predicting concrete CTE. As shown in Table 2, the random forest model
outmatches simpler CTE estimation techniques such as level-1, level-2, and MVLR. Only the random forest
model is capable of predicting patterns in the CTE data archive, according to the study. This emphasizes the
significance of employing nonlinear modeling techniques, which are prevalent in machine learning, for accurate
CTE modeling. By employing the random forest model instead of the simpler MVLR model, this study
significantly enhanced the accuracy of its predictions. With RMSE/r and R2 values of 0.78 and 0.39 for 2- and
10-fold cross-validation, respectively, the model can predict CTE patterns. Variations in R2 and RMSE/r values
indicate that the model's efficacy is bolstered by the significant predictive power across all folds. The study
found that coarse and fine aggregate varieties were the most important predictors of concrete CTE, and the
random forest model facilitated the evaluation of feature significance. The findings demonstrate the importance
of utilizing non-linear regression techniques, such as random forests, for accurate and efficient CTE modeling.

RF Models
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Fig 8. Number of Percentage Errors in Random Forest
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5. Lowering the number of CTE tests required through the use of machine learning

The relationship between the extent of the training dataset and the average RMSE/r of the testing set is
illustrated in Figure 4. The results indicate that as more training data points are utilized, the average RMSE/r of
the testing set decreases, indicating an advance in the model's predictive ability. However, beyond a certain
threshold, increasing the number of training data points does not significantly improve prediction performance.
Using approximately 150 training data points causes the average RMSE/r of the testing set to plateau in this
study. This insightful knowledge can be used to devise a cost-effective experimental plan for attaining the
desired predictive ability. By approximating the number of experiments required to achieve a particular level of
predictive ability using the machine learning model, one can reduce the cost and duration of experimental
testing, thereby saving both time and money. Before employing such a model, extensive validation and testing
would be required to ensure that the results obtained in this study apply to various test matrices and mixture
designs. Moreover, since the model's efficacy depends on the quality and representativeness of the training data,
it is essential to ensure that the training data are accurate and inclusive of all potential scenarios.

6. Models for various concrete properties using machine learning

Remarkably, the random forest model used in this study was able to predict not only the coefficient of
thermal expansion (CTE), but also other mechanical qualities of concrete, such as compressive strength (CS),
elastic modulus, rupture modulus, indirect tensile strength, and Poisson's constant. Four distinct aging times
were predicted: 7, 14, 28, and 90 days. The Additional Information comprises the specific results of these
projections. The data generated by the random forest model exhibited a range of 27 MPa, with a root mean
square error (RMSE) of 1.9 MPa, leading to a deviation-to-range ratio of 0.07. In contrast, prior research yielded
a deviation-to-range ratio of 0.05 and RMSE values of 3.8 MPa for data with a range of 82 MPa. This finding
demonstrates that the methodologies used in this study are accurate and consistent with those employed in prior
research.

7. Conclusions

The random forest method of artificial intelligence determined the necessary number of CTE prediction
experiments. The study utilized a portion of the available data to guide the model, reserving the remaining data
for evaluating the model's predictive capabilities. Using 55 out of 110 data points (50% of the dataset) to guide
the model resulted in a considerably lower RMSE/r for various mechanical properties of concrete. Notably, the
model accurately estimated compressive strength (CS), Young's modulus, flexural strength, tensile fracture
resistance, CTE, and Poisson's constant. In previous research, the random forest model obtained an RMSE of
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1.9 MPa when predicting CS after 90 days of aging. In the future, the adoption of similar models of
computational intelligence could lower the number of experiments necessary to characterize concrete
characteristics for a particular assessment matrix. This research demonstrates how machine learning techniques
can accurately predict the mechanical properties of concrete, such as tensile fracture strength, CTE, CS, Young's
modulus, and Poisson's ratio. The random forest model was the most precise of the models evaluated in this
study, able to detect trends in the data that other methods could not. In addition, the study demonstrated how the
application of machine learning can lower the number of readings required for accurate concrete property
predictions, thereby potentially reducing costs and augmenting efficiency when establishing concrete property
databases. This study demonstrates the immense potential of machine learning in predicting and understanding
the mechanical properties of concrete.
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