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A B S T R A C T   

This study proposes a novel framework for identifying the optimal feature set required to predict 
the permanent strain of unbound aggregates. An experimental database consisting of 16 input 
features is preprocessed and the performance of 10 machine learning models is evaluated. The 
best-performing model is then paired with a sequential backward selection algorithm to deter
mine the optimal feature set for predicting the permanent strain. Finally, the selected features are 
used to predict the permanent strain, and the performance is compared with those obtained from 
the principal components analysis. Six features are selected as the optimal feature set. Further
more, the selected features accurately predict permanent strain with a root mean square error 
value of 0.014, which is smaller than those obtained from principal components analysis. Thus, 
the feature selection approach for machine learning models effectively predicts the permanent 
strain of unbound aggregates using a limited set of input features.   

1. Introduction 

Machine learning (ML) has received extensive attention and found numerous applications across various fields due to increased 
availability of data and computational resources. In civil engineering, previous studies have mainly focused on supervised learning, 
which involves predicting a target variable using carefully selected independent features. Recently, ML algorithms, such as decision 
trees [1], support vector machines [4,11], random forest [17,41], multivariate adaptive regression splines [33] and k-nearest 
neighbors [24,31], have been extensively used. 

ML models have shown success in various civil engineering problems, including slope stability analysis, tunnel boring machine 
performance, foundation design, and pavement condition detection [2,21,23,29,37,40,45]. They have been utilized to predict soil 
properties [5], liquefaction potential [47], and to quantify pavement damage segmentation [15]. Especially for geotechnical engi
neering, one of the main advantages of these models is the availability of free, open-source packages which can be readily adjusted to 
suit datasets [48]. Additionally, they have powerful nonlinear mapping abilities and outperform constitutive models in terms of speed, 
efficiency, and accuracy. However, these models have limitations such as limited interpretability and the need for sufficient data to 
avoid overfitting or failure to generalize [14,49]. Therefore, further research is necessary to address these limitations and promote the 
use of ML in geotechnical engineering. 

Feature selection is a crucial task that is often overlooked in ML; however, it can considerably affect model performance. It involves 
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selecting relevant features from a dataset, which can reduce dimensionality and improve model accuracy, training times, and 
computational cost [8]. However, previous studies in geotechnical engineering have mainly focused on prediction accuracy and 
feature importance using tree-based algorithms. These studies often fail to eliminate irrelevant parameters during the training process 
[12,32]. Only a few studies have explored data preprocessing and feature selection methods [13,16,39,46]. For instance, Hu [16], 
proposed a four-step approach to data cleaning and feature selection for soil liquefaction. A feature selection approach based on global 
sensitivity analysis and random forest was used to determine optimal feature subsets of tunnel engineering data [46]. In addition, 
dimensionality reduction techniques, such as principal component analysis (PCA), have been used to process time-based settlement 
data of road embankments [39]. Nevertheless, there is a need to investigate ML-based feature selection techniques in geotechnical 
engineering to further improve the model performance and reduce complexity. 

ML techniques have found applications in predicting the properties and behavior of aggregates in pavements subjected to dynamic 
loading [3,9,18,42,43]. Unbound aggregate materials are commonly used as the base and subbase layers in pavement systems. As 
shown in Fig. 1, these materials exhibit elasto-plastic behavior and experience total deformation when subjected to traffic loads. Total 
deformation consists of both recoverable and plastic deformations, which are necessary for determining the resilient modulus and 
permanent strain, respectively [27]. Ikeagwuani [18], utilized multivariate adaptive regression splines, k-nearest neighbors, and 
support vector machines to determine the resilient modulus of unbound granular materials. Besides, several studies have employed 
artificial neural networks to predict the resilient modulus of both bound and unbound aggregates [18], while Alnedawi et al. [3] 
adopted an artificial neural network-based approach to predict the permanent deformation of unbound granular materials. Recently, 
Won et al. [43], proposed an ML framework for predicting permanent strain using three single-learning and two ensemble algorithms. 
However, to the best of our knowledge, feature selection studies based on ML models have yet to be applied to predict the permanent 
strain of unbound aggregates. 

This study proposes a novel framework for determining the optimal feature set required to accurately predict the permanent strain 
of unbound aggregates. To prevent overfitting, a large dataset is used, and the data preprocessing steps are thoroughly documented. 
Initially, 10 different ML algorithms are applied to predict the permanent strain and the best-performing model is selected based on 
metrics, such as root mean squared error. A sequential backward selection (SBS) algorithm is then paired with the chosen model to 
identify the most relevant features for predicting the target variable. Furthermore, the selected feature set is used to predict the 
permanent strain and compared to the performance obtained from PCA-based dimensionality reduction. Finally, the prediction ac
curacy of the feature selection-based model is discussed on the basis of the measured experimental data. 

2. Database and preprocessing 

2.1. Data description 

This study utilizes a dataset derived from source and engineered gradations of fifteen crushed aggregates that serve as unbound 
base courses in flexible pavements [7,35]. The dataset consists of a total of 22,590 data points, obtained from 15 samples at three shear 
stress ratios. More detailed information on the database can be found in the study by Won et al. [43]. The dataset consists of sixteen 
input features previously identified as influential factors in determining the permanent deformation of unbound aggregates. These 
features encompass the number of cycles (N), deviatoric stress (σd), six gradation characteristics (Cu, Cc, D10, D30, D50, and D60), and a 
pair of compaction parameters (optimum moisture content, OMC and maximum dry unit weight, γd(max)). Furthermore, 
strength-related features derived from monotonic triaxial tests (friction angle, ϕ, secant friction angle, ϕsec, and cohesion, c) and three 
morphological features (angularity index, AI, surface texture index, STI, and flat and elongated ratio, FER) are included as input 
features. The output feature for this study is the permanent strain (εz). Table 1 provides statistical details regarding the input and 
output features of the unbound aggregates. All aggregate samples are well-graded, demonstrated by the coefficient of curvature (Cc), 
which approximately ranges between 1 and 3. As illustrated in Fig. 2, the number of cycles (N) exhibits a uniform distribution, whereas 
deviatoric stress (σd) and permanent strain (εz) display a positive skewed distribution. Fig. 3 demonstrates a weak correlation between 
each input feature and the target variable, εz. The internal friction angle (ϕ), maximum dry unit weight (γd(max)), and five gradation 

Fig. 1. Typical behavior of unbound aggregate materials under repeated loading.  
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Table 1 
Range of unbound aggregate properties in the database.  

Type Variable Min Max Mean 

Input 

N 1 10001 5001 
σd [kPa] 27.58 441.95 130.85 

Cu 24 152.42 83.96 
Cc 0.74 3.33 1.82 

D10 [mm] 0.07 0.46 0.13 
D30 [mm] 0.58 2.99 1.49 
D50 [mm] 3 9.64 6.17 
D60 [mm] 4.8 14.43 9.6 
OMC [%] 4.2 7.4 5.77 

γd(max) [kN/m3] 20.63 24.96 22.43 
ϕ [◦] 23.6 54.4 42.74 

ϕsec [◦] 42.4 66.9 53.57 
c [kPa] 0 139.4 39.1 

AI 405 558 458.13 
STI 1.69 2.75 2.15 
FER 1.86 2.83 2.4 

Target εz [%] 0 5.14 0.6  

Fig. 2. Data distribution of input features and target εz.  
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properties (Cc, D10, D30, D50, and D60) are slightly negatively correlated with the permanent stain, while other features are slightly 
positively correlated with the permanent strain. 

2.2. Data preprocessing 

Data preprocessing plays a crucial role in data analysis as it involves examining and transforming raw data into a format that 
facilitates efficient analysis. Raw data often have quality and tidiness issues that can be rectified through preprocessing to ensure the 
accuracy and reliability of analytical results. Furthermore, preprocessing can reveal hidden relationships and patterns within the data. 
Notably, data preprocessing is an iterative process, and in this study, it comprises outlier detection and data scaling. 

Outliers are the data points that deviate significantly from the rest of the sample they belong to, and they can have a negative 
impact on the results obtained from data analysis. Several methods, such as the z-score, modified z-score, and interquartile range 
methods, can be used to detect outliers. In this study, the interquartile range (IQR) method is employed to identify outliers, which are 
defined as the difference between 25 % and 75 % of each feature. The IQR method has been effectively used in previous studies to 
detect outliers in high-dimensional data [20,25]. Quartiles are markers that divide data into four equal segments. Fig. 4 shows a box 
plot that uses quartiles to demonstrate the data distribution. The lower and upper parts of the box indicate the 1st and 3rd quartiles (Q1 
and Q3), corresponding to 25 % and 75 % of the data, respectively. Data points falling outside 1.5 times the IQR below Q1 or 1.5 times 
the IQR above Q3 are considered outliers. Note that, in this study, the outliers were not removed from the dataset. Instead, a unique 
method to effectively integrate these outliers, robust scaling, was utilized. Scaling is a critical component of ML, particularly when 
dealing with numerical data that encompasses different units or substantial variations in magnitude. Scaling the features is necessary 
for such scenarios. A prevalent approach is standard scaling, which transforms features into a standard normal distribution charac
terized by a mean of 0 and a standard deviation of 1 [19,34]. However, a significant limitation of this method is that outliers can 
negatively influence the mean or standard deviation. Conversely, this study uses robust scaling, which eliminates the median and 
scales the data based on the IQR, often resulting in improved performance when a dataset has significant outliers [34]. The equation for 
robust scaling can be expressed as follows: 

xscaled =
x − median(x)
Q3(x) − Q1(x)

(1)  

where x represents the vector of observations for a feature, median(x) denotes the median of the feature, and Q3(x) and Q1(x) refer to 
the third and first quartiles of the feature, respectively. 

3. Machine learning techniques 

3.1. Multiple machine learning algorithms 

In this study, 10 ML regression algorithms were utilized, which included boosting, ensemble, and regularization models. Some of 
these algorithms have previously been used to predict the behavior of unbound aggregates under various loading conditions [18]. 

Fig. 3. Correlation of input features with the target εz.  
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Extreme gradient boosting (XGB), light gradient boosting machine, gradient boosting regressor, and AdaBoost regressor employ 
boosting techniques to enhance model performance by iteratively improving the accuracy of weak learners. Conversely, extra trees and 
random forest regressors produce predictions by averaging the outputs of multiple decision trees through ensemble techniques. 
Moreover, the k-neighbors regressor produces predictions by taking into account the output of its k-nearest neighbors. Finally, Ridge 
and Bayesian ridge regressors employ regularization methods to minimize the complexity of the model and prevent overfitting. 

ML algorithms estimate the complexity of a model by minimizing the values of loss functions. In addition, each algorithm contains 
hyperparameters, which should be set before initiating the learning process. The optimization of these predefined parameters is known 
as hyperparameter tuning [28]. This study employs a grid search algorithm to identify the best combination of hyperparameters for 
each algorithm. The grid search algorithm is commonly paired with cross-validation to prevent overfitting while maintaining model 
performance [30]. The hyperparameters tuned for each ML algorithm used in this study are summarized in Table 2. 

3.2. Data splitting and cross-validation 

The technique of train-test-validation split is widely used in ML to evaluate model performance on unseen data. The scaled input 
features are divided into training, testing, and validation subsets. The model is fitted using the training set, enabling the ML algorithm 
to identify underlying patterns. To optimize the performance of the model, the validation set is used to tune model hyperparameters, 

Fig. 4. Box plot of the scaled input feature values. Circles indicate outliers.  

Table 2 
Machine learning hyperparameters.  

ML algorithms Hyperparameters 

LGBM; 
XGBoost; 

Gradient Boosting; 
Random Forest 

Learning rate 
Max depth 

Number of estimators 

Extra trees regressor Max depth 
Number of estimators 

Decision Tree 
Max depth 

Minimum sample split 

KNN 
Number of neighbors 

Distance metric 
AdaBoost Learning rate 

Bayesian Ridge Alpha (α) 
Lambda (λ) 

Ridge 
Alpha (α) 

fit intercept  
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such as learning rate and regularization strength. Finally, the test set is used to evaluate the final performance of the model on new 
data. In this study, an 80 % training/testing splitting ratio was adopted. 

Evaluating the performance of ML models typically involves measuring accuracy on unseen data using the test set. However, this 
approach has limitations because model performance may depend considerably on a few observations within the test set and not all 
available data is used for training or testing. To overcome these limitations, k-fold cross-validation is employed, where the data is 
partitioned into k equally sized and nonoverlapping “folds.” The model is trained on k− 1 folds and the remaining fold is used for 
testing. This process is repeated k times until each fold has been used as a test set once. The value of k should be chosen carefully 
because a large value of k may result in high bias, whereas a small value may cause high variance. In this study, a k value of 10 was 
selected, consistent with recommendations from previous studies [6,26,38]. 

3.3. Model performance 

A vital component of ML model development is the evaluation of its performance to determine the prediction error. This is typically 
achieved through the use of performance evaluation metrics, such as mean absolute error (MAE), mean average percentage error 
(MAPE), and root mean square error (RMSE). These metrics are defined as follows: 

MAE =

∑n
i=1|yi − xi|

n
(2)  

MAPE =
1
n
∑n

i=1
|
xiyi

xi
| (3)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(xi − yi)
2

n

√

(4)  

where yi represents the prediction made by the ML algorithm, xi corresponds to the measured value, and n represents the total number 
of data points. The MAE assigns equal weights to all errors, regardless of their magnitude. However, MAPE is often combined with 
other metrics because it can be sensitive to outliers and extreme values. Finally, RMSE is commonly employed when it is essential to 
penalize larger errors more than smaller ones. 

Table 3 displays the performance of the 10 selected algorithms on the test set. Exceptional performance is shown by the extreme 
gradient boosting, extra trees, random forest, decision tree regressors, and light gradient boosting machine across all metrics. These 
five models produce a high coefficient of determination (R2) of 0.99, indicating that they effectively capture the majority of patterns 
and relationships within the data. These results further suggest that boosting and ensemble techniques outperform single-learning ML 
methods in predicting the permanent strain. Consistent with the findings reported by Won et al. [43], the XGB algorithm performs best 
when all sixteen features are incorporated in the training and testing process. XGB is able to create accurate and robust models by 
integrating the predictions of multiple individual trees. The model iteratively adds decision trees to a model, with each new tree 
focused on correcting the errors of the previous trees. Early stopping approach is used to prevent overfitting, enhance generalization, 
and optimize computational efficiency. The small difference in RMSE between the training and test sets indicates the robustness of the 
model to new data. Therefore, in this study, the XGB algorithm was selected to determine the optimal feature subset and predict the 
permanent strains of unbound aggregate materials. 

4. Modeling framework based on feature selection 

4.1. Sequential backward selection (SBS) 

The SBS algorithm is a heuristic search technique that automatically identifies a subset of features most relevant to a specific 

Table 3 
Performance metrics of various learning algorithms.  

Model MAE MSE RMSE R2 MAPE 

Extreme gradient boosting  0.0043  0.0003  0.0165  0.9993  0.0145 
Extra trees regressor  0.0017  0.0004  0.0168  0.9992  0.0077 
Random forest regressor  0.0022  0.0005  0.0191  0.9988  0.0085 
Decision tree regressor  0.0027  0.0006  0.0207  0.9987  0.0095 
Light gradient boosting machine  0.0063  0.0007  0.0242  0.9984  0.0249 
K-neighbors regressor  0.0028  0.0009  0.0271  0.9980  0.0125 
Gradient boosting regressor  0.0454  0.005  0.0702  0.9886  0.1306 
AdaBoost regressor  0.2246  0.0715  0.2671  0.8353  0.9689 
Bayesian ridge  0.2698  0.2285  0.4777  0.4767  0.9779 
Ridge regression  0.2694  0.2285  0.4777  0.4767  0.9746 

MAE = mean absolute error, MSE = mean squared error, RMSE = root mean squared error, R2 = coefficient of determination, and MAPE = mean 
average percentage error. 
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problem, aiding in the development of a more efficient model. The algorithm iteratively eliminates features with the least effect on the 
model performance, until yielding the desired number of features. The removal of insignificant features promotes model generalization 
to unseen data and improves computational efficiency. The working principle of the SBS algorithm is illustrated in Fig. 5. The selection 
process starts with all original features, with a size of 16 (n = 16). The first iteration generates all possible feature subsets of size n− 1, 
or 15. For each subset, one feature is removed, and the model performance is evaluated using RMSE. The feature that is missing from 
the subset with the best score is removed. The second iteration starts with a size n of 15 and generates all possible feature subsets of size 
n− 1, or 14. After the RMSE evaluation, the feature absent from the subset with the best score is eliminated. This process continues until 
only one feature remains. Ultimately, the subset with the best evaluation score is selected as the final feature set. 

The proposed framework for feature selection-based modeling in estimating the permanent strain of unbound aggregates is dis
played in Fig. 6. The framework consists of a database that comprises input and target features, which initially undergo preprocessing, 
including outlier detection and robust scaling. Subsequently, the scaled dataset is partitioned into training and test sets. Various ML 
algorithms are utilized to fit the training sets, and ten-fold cross-validation is carried out to enhance the performance of each model. 
The best-performing ML model is then determined and combined with the SBS algorithm to search for the optimal feature subsets. This 
combination is referred to as the SBS-based model. Thus, the feature selection-based ML model can predict the permanent strain of 
unbound aggregates with optimal feature subsets. 

Fig. 5. Working principle of sequential backward selection.  
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Fig. 6. Flowchart of the feature selection-based modeling for estimating permanent strain of unbound aggregates.  

Table 4 
Performance of the ML model using selected features through sequential backward selection.  

Number of features Feature RMSE 

16 N, σd, Cu, Cc, D10, D30, D50, D60, OMC, γd(max), ϕ, ϕsec, c, AI, STI, FER 0.0151 
15 N, σd, Cu, Cc, D10, D30, D50, D60, OMC, γd(max), ϕ, ϕsec, c, AI, FER 0.0150 
14 N, σd, Cu, Cc, D10, D50, D60, OMC, γd(max), ϕ, ϕsec, c, AI, FER 0.0149 
13 N, σd, Cu, Cc, D10, D60, OMC, γd(max), ϕ, ϕsec, c, AI, FER 0.0147 
12 N, σd, Cu, Cc, D10, D60, OMC, γd(max), ϕ, ϕsec, AI, FER 0.0151 
11 N, σd, Cu, Cc, D60, OMC, γd(max), ϕ, ϕsec, AI, FER 0.0149 
10 N, σd, Cu, Cc, D60, OMC, γd(max), ϕ, AI, FER 0.0149 
9 N, σd, Cu, Cc, OMC, γd(max), ϕ, AI, FER 0.0141 
8 N, σd, Cc, OMC, γd(max), ϕ, AI, FER 0.0147 
7 N, σd, Cc, OMC, γd(max), ϕ, FER 0.0144 
6 N, σd, OMC, γd(max), ϕ, FER 0.0138 
5 N, σd, OMC, γd(max), ϕ 0.0153 
4 N, σd, OMC, γd(max) 0.0153 
3 N, σd, OMC 0.0184 
2 σd, OMC 0.1144 
1 σd 0.1814  

S.O. Aregbesola et al.                                                                                                                                                                                                 



Case Studies in Construction Materials 19 (2023) e02554

9

4.2. Sequential backward selection (SBS)-based model 

The proposed SBS-based model employs RMSE as the evaluation metric to search for the optimal feature subset. The feature subsets 
at each iteration along with their corresponding evaluation scores are presented in Table 4. Fluctuations in RMSE values as the size of 
features changes are shown in Fig. 7. When the number of components decreases from 16 to 10, there is no remarkable change in the 
RMSE values. The RMSE varies when the number of components ranges from ten to six, and subsequently, the RMSE considerably 
increases as the number of features reduces from five to one. The feature subset with a size of six provides the best evaluation with a 
score of 0.0138. This feature subset includes σd, OMC, N, γd(max), ϕ, and FER. The results of the SBS-based model indicate that deviatoric 
stress is the most crucial feature required for predicting permanent strain. This outcome is consistent with previous studies, which also 
demonstrated that higher deviatoric stress values are associated with an increase in permanent strain [7,36]. Additionally, Xiao et al. 
[44], reported that the number of load cycles, N, is a primary factor affecting the permanent strain of unbound aggregates, and 
compaction properties are also highly relevant. Moreover, it has been suggested that shear strength parameters, such as ϕ, considerably 
influence the permanent strain [10]. Lower ϕ values often indicate less resistance to permanent strain, resulting in substantial rutting. 
Therefore, using only the selected features, the long-term permanent strain of unbound aggregate materials can be predicted 
accurately. 

4.3. Principal component analysis (PCA)-based model 

Dealing with large datasets that have a high number of features can be challenging, making data exploration and visualization a 
difficult task. To overcome this challenge, PCA is often used as a method to significantly reduce dimensionality while preserving most 
of the information in the dataset. The main objective of PCA is to transform a large set of features into a smaller one while maintaining 
as much variance or statistical information as possible [22]. Consequently, a set of principal components is obtained that can be used to 
reduce the dimensionality of the dataset [46]. Different approaches can be used to determine the required number of principal 
components. Some studies have chosen the first principal components that cumulatively account for 70 % of the total variance [22]. 
Alternatively, the residual sum of squares or RMSE can be used to determine the number of principal components [19]. 

In this study, PCA was combined with XGB to determine the optimal number of principal components. PCA was applied to the 16 
input variables used in the XGB model, and its performance was compared to that of the SBS-based model. Table 5 presents the 
variance explained by the 16 principal components, which represent the input features of the dataset. The first principal component 
corresponds to the direction in the data where the most significant variations in observations occur. As shown in Fig. 8, it was found 
that the individual contribution to variance decreases with an increasing number of components. 

Table 6 displays the performance of the PCA-based model evaluated using RMSE across 16 iterations. Notably, using only two 
principal components, RMSE values as low as 0.029 can be obtained, indicating the efficacy of this dimensionality reduction method. 
However, it should be noted that the PCA does not provide feature subsets. Fig. 9 shows that a principal component of seven with an 
RMSE of 0.019 provides the best combination, which is still lower than that of the SBS-based model and uses only six different features. 

4.4. Prediction accuracy 

The SBS- and PCA-based models are used here to evaluate the prediction accuracy of permanent strain by modifying the test 
dataset. The SBS-based model was modified to have six features, while the PCA-based model transformed the original dataset into 
seven principal components. Fig. 10 demonstrates the performance of both models after predicting the permanent strain of the test sets. 
Both models provided excellent predictions; however, the SBS-based model outperformed the PCA-based model. 

In Fig. 11, the permanent strain predicted by the SBS-based model is compared to the measured strain of the same aggregate 
material at two gradations under three different deviatoric stresses. For all specimens, the SBS-based model showed R2 values higher 
than 0.924, regardless of the gradation and applied stress level. Especially for the low permanent strains, a slight improvement in 
performance was found compared to those obtained by Won et al. [43]. This could be attributed to the difference in selected 
hyperparameters [30]. Note that in the SBS-based model the optimal feature set and its size were determined according to the lowest 
RMSE values. On the other hand, in the previous study, a fixed number of features was used for each scenario [43]. Therefore, the SBS 
approach was found to be an effective method for optimizing feature subsets in ML models to predict the permanent strain of unbound 
aggregates. 

5. Summary and conclusions 

This paper proposed a machine learning framework for selecting optimal features to predict the permanent strain of unbound 
aggregates in pavements. The laboratory characterization of 15 crushed aggregates was compiled into a large database with 16 input 
features and one target variable. Preprocessing steps, including outlier detection and robust scaling, were undertaken to ensure the 
integrity of the dataset. The dataset was then split into training and test sets. Ten ML models, including ensemble, boosting, and single- 
learning algorithms, were evaluated using well-defined metrics. The XGB model outperformed the others and was paired with the SBS 
algorithm to identify optimal features for predicting the permanent strain of unbound aggregates. The SBS-based feature selection 
model effectively selected six crucial features. PCA was also conducted to reduce the dimensionality of the dataset, and the perfor
mance of the PCA-based model was compared to that of the SBS-based model. 

The result showed that ensemble and boosting algorithms perform better than single-learning algorithms in predicting the long- 
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Fig. 7. RMSE values of SBS-based model with the number of features.  

Table 5 
Contribution rate and cumulative contribution of sixteen principal components.  

Principal component Contribution Cumulative contribution 

1 0.2744 0.2744 
2 0.1716 0.446 
3 0.1253 0.5713 
4 0.1087 0.68 
5 0.0796 0.7596 
6 0.0625 0.8221 
7 0.0622 0.8844 
8 0.0369 0.9213 
9 0.0284 0.9497 
10 0.0265 0.9762 
11 0.012 0.9881 
12 0.0046 0.9928 
13 0.0031 0.9959 
14 0.0028 0.9987 
15 0.0012 0.9998 
16 0.0002 1  

Fig. 8. Variance explained by the principal components.  
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term permanent strain of unbound aggregates. Furthermore, the SBS-based model with six features outperformed the model with all 16 
features, demonstrating the efficacy of feature selection in enhancing predictive capabilities while reducing complexity. Notably, the 
feature selection model exhibits generalization ability on test datasets, with R2 values greater than 0.99. This suggests the reliability of 
the model in predicting permanent strain under diverse conditions. In addition, the SBS-based model provides clearer interpretation 
and superior prediction performance compared to dimension reduction techniques, such as PCA. The findings of this study have 
significant implications for geotechnical engineering and pavement design. By utilizing a limited number of crucial features, the 
proposed feature selection model offers a practical and efficient approach for accurately predicting permanent strain. This has the 
potential to streamline the prediction process and optimize pavement design for enhanced durability and performance. 

Future research could explore the application of the proposed framework to a broader range of aggregate types and consider 
external factors that may influence permanent strain, such as environmental conditions and traffic loading patterns. Additionally, 
investigating the transferability of the model to different geographic locations and field-scale pavements would further validate its 
applicability and potential impact. 
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Table 6 
Performance metrics of principal component analysis.  

Principal component RMSE 

1 0.384 
2 0.029 
3 0.024 
4 0.025 
5 0.024 
6 0.022 
7 0.019 
8 0.020 
9 0.021 
10 0.021 
11 0.022 
12 0.022 
13 0.022 
14 0.022 
15 0.023 
16 0.022  

Fig. 9. RMSE values of PCA-based model with the number of principal components.  
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