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Abstract:  In order to overcome the drawbacks of the labour-intensive California Bearing Ratio (CBR) test for pavement design, a Hybrid 

Gaussian Process Regression (GPR) model for predicting subgrade soil strength was developed. The model is optimised using the Bayesian 

Tree Parzen Estimator and uses Recursive Feature Elimination for feature selection. Several machine learning techniques, such as Multi-

Linear Regression (MLR), Multi-Layer Perceptron of Artificial Neural Networks (MLPNN), and Random Forest (RF), were used in the first 

stage of evaluation on a regional geotechnical database with over 1000 samples. In the second stage, performant hybrid models based on 

Dense Neural Network and tree-based ensembles models were used. All of the machine learning models utilised in this study were 

outperformed by the Hybrid GPR model, according to the trial results. With the training and testing subsets' MSE, MAE, MAPE, and R2 

ranging from 0.0768 to 0.2974, 0.2107 to 0.4364, 5.32% to 13.79%, and 0.9982 to 0.9935, respectively, it attained the highest accuracy. The 

SHAP interpretability method is used to analyse the prediction outcomes in order to further investigate the "black box" problem of the 

prediction model. According to the SHAP study, dry density, gravel content, and optimum moisture content are the main factors influencing 

subgrade soil strength based on CBR values. The results of the study show that the Hybrid Gaussian Process Regression model effectively 

captures the intricate nonlinear interactions between the feature parameters and offers a crucial foundation for CBR value estimation. 

Keywords: Subgrade soil; Strength; Hybrid GPR; Feature selection; Prediction. 

 

1.  Introduction 

Evaluating the strength of the subgrade soil is essential for the flexible 

pavements design. The California Bearing Ratio (CBR) is commonly used to 

assess the strength or stiffness modulus of subgrade soils. It takes a lot of time, 

effort, and labor to measure the CBR, and it involves complex testing 

procedures [1-3], A variety of efforts have been put in place to establish 

empirical links between the California Bearing Ratio and the important soil 

characteristics in light of the difficulties encountered. Multiple studies 

demonstrate that essential soil parameters affect CBR, with proven correlations 

between the California Bearing Ratio and different soil characteristics, 

including grain size distribution, water content (WC), maximum dry density 

(MDD), and plasticity [4,5]. Many prediction approaches that only use linear 

and non-linear regression are insufficient to provide accurate CBR forecasts and 

flexible applications, therefore soft computing techniques are becoming more 

and more important in a variety of engineering domains [1,6]. Case-Based 

Intelligence (CBR) prediction models have been developed in the last few 

decades using a variety of Artificial Intelligence (AI) methodologies.  

These consist of gradient boosting machines [2], artificial neural networks 

(ANN) [1,5,7,8], gene expression programming (GEP) [1,9, 10], support vector 

regression (SVR) [10,11], group method of data handling (GMDH) [12] and 

more. Typically, these models include input factors such as compaction 

characteristics, soil index qualities, and particle size distribution. Several 

models with respectable determination coefficient (R²) values have been 

proposed using conventional machine learning (CML) models [7,9,13-15]. 

However, the credibility of these research is limited because most of these 

models were tested using a limited collection of datasets [16]. 
A recent research investigation by Bardhan et al. employed 312 

experimental findings to assess the soaked (CBR) of fine-grained soils [3]. 
Using six soil factors, the authors achieved a substantial prediction accuracy of 
80% to 92% during the testing phase, as indicated by the R² value. The 
parameters examined comprised (gravel, sand, silt and clay) content, plasticity 
index, maximum dry density, and optimum moisture content. According to a 
study by Al-Busultan et al., the accuracy of the conventional models declined 
with dataset size [17]. 

The R² value showed that the models' accuracy ranged from 0.65 to 0.80. 
Inadequate training of machine learning models, overfitting, a decreased 
correlation between the parameters (input and output), and poor input 
parameters are some of the possible causes of the accuracy decline. 

GPR has recently been recognized as a workable solution for a number of 

geotechnical issues because of its exceptional forecast accuracy and resilience. 

Using a large database from the northeastern part of Algeria, this study uses a 
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novel GPR approach to develop predictive models for the CBR, using a number 

of soil index properties as modeling inputs. GPR is a probabilistic, non-

parametric approach used to solve regression problems. Even with tiny datasets, 

the efficacy of this supervised machine learning technique is demonstrated. In 

order to tackle complex engineering problems, GPR has been widely used in 

many domains [18-23]. In geotechnical engineering, GPR has been frequently 

employed to develop prediction models. These models forecast soil hydraulic 

properties [24], assess rock slope stability [8], determine pile-bearing capacity 

[25], and evaluate the triaxial strength of jointed rock mass [26]. Further 

applications include analyzing tunnel geotechnical parameters [27], predicting 

ground vibrations from blasting [28], estimating tunnel surface settlements [29], 

and investigating slope failures and soil compaction [30,31]. This diverse use of 

GPR fosters confidence in its application for estimating the CBR. 

Feature selection methods typically focus on minimizing a model's loss 

function by making selections of tailored subset of features. Recursive Feature 

Elimination (RFE) is a feature selection technique that systematically remove 

the least effective features until only the best subset remains. It works by training 

a model, ranking features by their significance, pruning the weakest ones, and 

repeating the process until a predefined number of features remains [32-35]. 

Complementing this, tools like SHAP (SHapley Additive exPlanations) and 

TPE (Tree-structured Parzen Estimator) offer advanced analytical capabilities. 

SHAP leverages game theory to quantify each feature’s marginal contribution 
to model predictions, providing both global and local interpretability through 

precise importance scores [36]. Due to its versatility, SHAP has found 

widespread use across diverse domains [37-39]. 

Hyperparameter optimization, another critical challenge in machine 

learning, involves tuning model configurations to maximize performance. 

Manually setting hyperparameters is complex and can drastically influence 

model efficacy. The TPE algorithm, addresses this by combining Bayesian 

optimization with surrogate modeling to efficiently identify optimal 

hyperparameters, thereby boosting model accuracy [40-44]. 

The incorporation of the RFE method expedites and enhances feature 

selection, while the TPE framework automates hyperparameter optimization, 

alleviating problems like overfitting and inadequate generalization. 

Collectively, they facilitate faster and economical model creation with enhanced 

predictive capability [45-47]. Additionally, by demonstrating how the input 

variables impact the model's output, the incorporation of SHAP enhances 

interpretability. 

This thorough method facilitates deployment and analysis in real-world 

applications while improving model correctness. This study presents three 

major contributions that advance the technical state of the art. First, it employs 

the TPE technique for hyperparameter optimization and improving the model 

architecture to outperform conventional ML techniques in terms of prediction 

accuracy. Second, it makes the model more efficient by using Recursive Feature 

Elimination (RFE) to find the most effective variables. Lastly, it combined 

Hybrid Gaussian Process Regression with SHapley Additive explanations 

(SHAP). This approach increases openness and provides useful data regarding 

the ways in which soil properties impact CBR outcomes. The study concludes 

by demonstrating the effectiveness of hybrid machine learning algorithms in 

estimating soil performance and motivating sustainable infrastructure system 

design methodologies when combined with SHAP analysis. 

2. Research Methodology 

2.1.Recursive Feature Elimination 

One feature screening technique that comes from the machine learning 

domain is RFE [48]. It operates as a methodical approach that prioritizes features 

through a sorting mechanism, embodying the principles of a greedy algorithm. 

Starting with the initial feature set, the basic idea is to methodically remove the 

least important features according to the machine learning model's 

determination of feature relevance. Following numerous iterations, a number of 

feature subsets are produced, and the classifier's prediction accuracy is used to 

determine which subset is most useful. RFE is based on the classifier's ability to 
evaluate feature importance, as shown by technique like SVM and RF.  

 

Fig.1. An RFE algorithm flowchart. 

Fig.1 illustrates the RFE method flowchart, which consists of five primary 

steps. Based on the relevance rating, the least relevant feature is eliminated, 

creating a new feature subset {1ܨ, ,2ܨ ,3ܨ … , ,௡−1ܨ ݊ ௡}  that hasܨ − 1 features. 

Steps 1 through 3 are repeated using the feature subset that was obtained in Step 

3 as a new feature set. Every iteration creates a new feature subset, resulting in ݊ feature subsets overall at the end. The accuracy of the classifier is used to 

choose the best subset [49-51]. 

2.2.Gaussian Process Regression 

Because it can efficiently analyze small samples and limited-dimensional 

regression problems, GPR is a kernel-based machine learning technique that is 

widely used in the study of solar energy prediction and lithium-ion battery 

research [52,53]. GPR is essentially a non-parametric model that uses Gaussian 

process priors to do regression analysis on data. [54]. Other regression 

techniques necessitate precise modelling parameters, whereas GPR trains on 

sample data using probabilistic techniques. Additionally, the mean and 

covariance functions determine GPR, and hypotheses for posterior probability 

are obtained by Bayesian inference [55]. When it comes to handling complex 

and nonlinear situations, GPR is more applicable [54]. The following functional 

formula is frequently used to identify a Gaussian process: 

(ݔ) ݂ ∼ ,(ݔ)݉]ܲܩ  ,ݔ)݇  (1)                                                                            [(′ݔ
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With:  ݉(ݔ) = ,and   ݇(x   [(ݔ)݂]ܧ x′) = (ݔ)݂)]ܧ (′ݔ)݂)((ݔ)݉− − ,and k(x (x)݉ [((′ݔ)݉ x′) are the mean function and covariance function, respectively, 

whereas ݔ, ′ݔ ∈ ℝn are random variables.  

To make calculations easier, ݉(x) = 0  is typically used [53]. Given the 

presence of noise in the observed target value ݕ , the general model for 

determining GPR is: 

ݕ = (ݔ)݂ +  (2)                                                                                                                                 ߝ

With: ε∼N(0, σn2), where ε is noise. Therefore, the prior distribution of the 

observed value ݕ is: 

∽ ݕ  ܰ(0, ,ݔ)݇ (′ݔ +  ௡)                                                                                                   (3)ܫ௡2ߪ

In this case, ܫ௡  is an identity matrix with ݊ dimensions. The joint prior 

distribution of the observed value ܺ and the predicted value ݕ∗, assuming that 

the training dataset ܺ  and the testing dataset ܺ∗  have the same Gaussian 

distribution, is: 

[ [∗ݕݕ  ∼  ܰ (0, ,ܺ)ܭ] ܺ) + ௡ܫ௡2ߪ ,∗ܺ)ܭ(∗ܺ,ܺ)ܭ ܺ) ,∗ܺ)ܭ ܺ∗)])                                                               (4) 

This is the covariance matrix between the training dataset ܺ and the testing 

dataset ܺ∗, where ܭ(ܺ,ܺ)is the covariance matrix of the training dataset and ܭ(ܺ∗, ܺ∗)  is the covariance matrix of the testing dataset. The posterior 

distribution of the expected value ݕ∗ can therefore be computed as follows: 

,ܺ|∗ݕ ∗ܺ,ݕ ∼ ,∗ݕ)ܰ   ((∗ݕ)ݒ݋ܿ
∗ݕ (5)      = ,∗ܺ)ܭ  (ܺ,ܺ)ܭ](ܺ +  ௡]−1ܻܫ௡2ߪ

 

Using the formula:  ܿ(∗ݕ)ݒ݋ = ,∗ܺ)ܭ  ܺ∗) − ,∗ܺ)ܭ  (ܺ,ܺ)ܭ](ܺ + ,ܺ)ܭ௡]−1ܫ௡2ߪ ܺ∗) 
The mean and covariance of the predicted value ݕ∗ on the testing dataset ܺ∗ are denoted by ݕ∗and cov(ݕ∗), respectively. 

One of the main elements influencing model performance is the selection 

of the covariance function, often known as the kernel function. The covariance 

function characterizes the correlation between samples as part of the model 

assumptions [55]. The covariance function, which comprises squared 

exponential, exponential, Matern, periodic, and rational quadratic covariance, 

is the foundation of the Gaussian process. [56,57]. 

 

Squared exponential covariance function:  

,ݔ)݇ (′ݔ = −) ݌ݔ݁ |ௗ|22௟2)                                                                                              (6) 

Exponential covariance function: 

,ݔ)݇ (′ݔ = ௗ|௟|) ݌ݔ݁ )                                                                                        (7) 

 

Matern covariance function: 

,ݔ)݇ (′ݔ =  21−ೡ௰(௩) (√2௩|ௗ|௟ )௩ܭ௩ (√2௩|ௗ|௟ )                                                               (8) 

 

 

Periodic covariance function: 

,ݔ)݇ (′ݔ = 2௦௜௡2(೏2)௟2) ݌ݔ݁ )                                                                               (9) 

 

Rational quadratic covariance function: ݇(ݔ, (′ݔ = (1 + |݀|2)−ఈߙ ≥ 0                                                                      (10) 

 

Where: ݀ = ݔ  −  ߙ ,′ݔ and ݔ represents the Euclidean distance between ′ݔ

is the shape parameter, ݈ is the length scale and ν is the smoothness parameter 

for the Matern kernel (Generally take values of  1/2, 3/2 or 5/2). In noise 

modelling, a white kernel is incorporated into the base kernel of the Gaussian 

Process model. The mathematical representation of the white kernel is as 

follows: 

݇௪ℎ௜௧௘(ݔ௜ , (௝ݔ = .2ߪ  ௜௝                                                                                  (11)ߜ

 

With: 2ߪ represents the noise variance and ߜ௜௝ represents the Kronecker delta 

function. 

2.3.Bayesian optimization using Tree-structured Parzen Estimator (TPE) 

Because of its effectiveness in handling complex functions with few 

evaluations, Bayesian optimization has emerged as a key technique for 

hyperparameter tuning and model optimization in a variety of domains, 

especially when using the Tree-structured Parzen Estimator (TPE). Recent 

research demonstrates its use in a variety of fields, including ecological 

monitoring and machine learning. For example, an article by Lim et al. 

describes a Bayesian optimization technique that uses Extremely Randomized 

Trees (TPE) specifically to detect credit card fraud. [58]. This illustrates how 

TPE achieves notable gains in detection accuracy while efficiently automating 

hyperparameter adjustment to improve model performance [58]. The use of 

TPE in an IoT intrusion detection system is also discussed in another paper, 

which highlights how it helps optimize hyperparameters for the best detection 

performance even in the face of unbalanced datasets [59]. This trend is 

corroborated further in research conducted by Zhang et al., where employing 

Bayesian optimization based on TPE yielded optimal hyperparameter 

combinations quickly, thus increasing the accuracy of models predicting 

compressive strength in recycled aggregate concrete [60]. Moreover, the 

efficacy of TPE extends to more complex models, as illustrated by Aydoğmuş, 
who incorporate it into reinforcement learning algorithms to enhance bipedal 

robot locomotion. Their findings underscore TPE's capacity to effectively 

optimize multiple reinforcement learning algorithms [61].Similarly, the study 

by Song et al. highlights TPE's application in soil ammonia spatial prediction, 

integrating it with machine learning and ordinary kriging to monitor ecological 

parameters effectively [62]. 

In a notable advancement, other researchers apply TPE to develop a self-

configurable receiver for underwater acoustic communications, marking its 

potential in novel engineering applications [63]. A study of Westmeier et al. 

emphasize TPE's role in quantifying uncertainty in neural network predictions, 

reinforcing the importance of Bayesian methods in managing model predictions 

amidst complex noise profiles [64]. Cao et al. similarly echo this in their works, 

where TPE's integration with gradient boosting regression trees facilitates real-

time estimation in earthwork excavation, displaying its practical implications in 

geotechnical engineering [65]. 

Furthermore, recent publications have consistently illustrated TPE's 

advantages over traditional hyperparameter tuning methods. For example, 

researchers in [66] greatly improved the performance of predictions in 

biomedical contexts by optimizing model parameters for brain epigenetic 

analysis using TPE. Accordingly, a comparison study by Tørring and Elster 

demonstrated TPE's robustness in auto-tuning applications by confirming that 

it provides better performance than its rivals in a variety of sample size scenarios 

[67]. All things considered, the use of TPE in Bayesian optimization in various 

domains shows how adaptable it is and emphasizes how Bayesian techniques 

are increasingly acknowledged for their ability to optimize complex models. 
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The primary objective of hyperparameter optimization is to maximize the 

prediction performance of models. This optimization process can be described 

as Equation (12), where all of the hyperparameters that need to be optimized are 

contained in the parameter space ܺ. A set of ideal values ܺ∗ can be obtained by 

repeatedly adjusting the model's hyperparameters. 

ܺ∗ =   (12)                                                                                         (ݔ)݂ ௠௜௡݃ݎܽ

The goal function is denoted by ݂(ܺ), the parameter space is represented 

by ܺ and ܺ∗  is a collection of hyperparameters from ܺ  that minimize the 

objective function ݂(ܺ) . Bayesian optimization (BO) is an important 

hyperparameter optimization method that performs well for most problems. 

Unlike a random search, BO is a history-informed hyperparameter optimization 

method. Experiences have shown that BO may explore and exploit the un-

sampled and promising regions to improve the surrogate function between the 

hyperparameters and losses, lowering the possibility of leaving out the best 

portion[68]. 

Bayesian optimization can be achieved through the sequential updating of 

surrogate models, which allows for the dynamic use of historical data to 

determine the next sampling point. The goal of this method is to reduce the 

differences between the surrogate model and the function that actually links 

hyperparameters to loss. In Bayesian optimization, the three main algorithmic 

approaches used in sequential model-based optimization (SMBO) are the Tree-

structured Parzen estimator (TPE), Random Forest (RF), and Gaussian Process 

(GP). The black box function that links hyperparameters to the loss function is 

what SMBO is meant to solve [69]. By using regression and classification 

approaches, Random Forest (RF) shows increased efficiency in solving simple 

optimization issues. Predetermined connections between the black box function 

and hyperparameters are established via Gaussian Processes (GP), whereas 

Tree-structured Parzen Estimator (TPE) does not require such variable 

relationships to be defined [70-72]. Therefore, TPE is more appropriate for 

various machine learning models. 

The domain, surrogate model, acquisition function, true loss function, and 

historical data are some of the components that make up the model-based 

methodology known as SMBO. In order to clarify the connections between 

hyperparameters and the losses of the trained machine learning framework, it 

seeks to optimize the surrogate model to faithfully depict the actual loss 

function. Beginning with the acquisition function and the surrogate model ܵ as ܲ(ݔ|ݕ). The best value of the present observed results in processes is set: ݕ∗= ,(௜ݔ)݂}݊݅݉ ௜ݔ ∈ ܺ}. The Gaussian Process will calculate the predicted 

improvement as the acquisition function: 

(ݔ)∗௬ܫܧ = ∫ ∗ݕ) ݔܽ݉ − ,ݕ 0)+∞−∞  (13)                                                  ݕ݀(ݔ|ݕ)ܲ

With: the ܫܧ௬∗(ݔ)  denotes the expected outcomes of the GP model-

modeled presumed surrogate functionܲ(ݔ|ݕ). Based on the projected expected 

improvement ܫܧ, GP will decide which exploration or exploitation operation to 

pursue next. The region that has a bigger uncertainty or a better mean value will 

be chosen. In order to update the historical data for the next stage, SMBO will 

then assess this trial to determine the actual loss function value. TPE will use 

the Bayesian rule, similar to the GP, to calculate the probability of ݔ given the 

observed condition (ݕ|ݔ)ܲ ,ݕ , instead of ܲ(ݔ|ݕ) , where ݔ  is the 

hyperparameter and ݕ is the value of the actual loss function. According to 

Bayes' theorem, the relationship between ܲ(ݕ|ݔ) and ܲ(ݔ|ݕ) is as follows: 

(ݔ|ݕ)ܲ = ௉(௫|௬)௣(௬)௣(௫)                                                                                         (14) 

In order to first classify the remaining samples into bad and good 

performance, TPE describes ܲ(ݕ|ݔ) as a piecewise function using two density 

functions, ݈(ݔ) and ݃(ݔ) (see equation (15)). 

(ݕ|ݔ)ܲ = { ,(ݔ)݈ ݕ  ݂݅ < ,(ݔ)݃ ∗ݕ ݕ ݂݅ ≥  (15)                                                                         ∗ݕ

The quantile ߛ  will be used to determine the threshold ݕ∗ , so that ݕ)݌ < (∗ݕ =  Equation (16) can therefore be used to determine the expected .ߛ

improvement ܫܧ of the TPE method: 

(ݔ)∗௬ܫܧ = ∫ ∗ݕ)  − ∞−∗௬(ݕ ݕ݀(ݔ|ݕ)ܲ = ఊ௬∗௟(௫)−௟(௫) ∫  ௣(௬)ௗ௬೤∗−∞ఊ௟(௫)+(1−ఊ)௚(௫) ߙ ( 1ఊ+(1−ം)೒(ೣ)೗(ೣ) ) (16) 

According to this final formula, we desire points ݔ  that show low 

probability under ݃(ݔ) and high probability under ݈(ݔ) in order to maximize 

improvement. Based on  ݈, the hierarchical structure of ݈ and ݃ makes it easier 

to generate a large number of choices and evaluate them using ݃(ݔ) ⁄(ݔ)݈ . 

Every time the algorithm is run, the candidate ݔ∗ with the highest expected. 

2.4.Shapley Additive exPlanations for model interpretability 

The SHAP approach, created by Lundberg et al. for tree models, was used 

in the current study since interpretability is important in machine learning model 

[73]. Shapley values from cooperative game theory are used in the SHAP 

computation. Shapley values quantify each characteristic's contribution to the 

prediction's result. Shapley gave a formula for the Shapley value and described 

it as the average marginal contribution of a feature ݂ across all potential feature 

subsets. In practice, the Shapley value is usually estimated, whereas SHAP is 

an optimization algorithm designed to estimate the Shapley value. Using 

cumulative feature attribution, the SHAP approach presents an explanatory 
model based on Shapley values as follows:  

(′ݖ)݃ = ߰0 +∑ ߰௝ݖ′݆ெ௝=1                                                                                (17) 

When ݖ′ is a binary vector of length M in M-dimensional space, with 1 

denoting the presence of a feature and 0 denoting its absence, the function ݃(ݖ′) 
is the interpretation function of ݖ′. The number of features in the model is 

indicated by M. The Shapley value of feature j is shown by the constant term ߰௝, whereas the mean prediction value across all samples is indicated by the 

constant term ߰0. 
߰௝ = ∑ |ௌ|!(௣−|ௌ|−1)!௣! ( ௫݂(ܵ ∪ ({௝ݔ} − ௫݂(ܵ))⊆{௫1,௫2,…,௫೛}                                  (18)  

Let {1ݔ, ,2ݔ … , ,1ݔ} signifies the total number of input features. The notation ݌ ௣} denote the complete collection of input features, whereݔ ,2ݔ … , {௣ݔ ∖  {௝ݔ}
indicates all possible subsets of input features excluding the feature {௝ݔ} . 

Additionally, the predicted value for the feature subset ܵ is indicated by  ௫݂(ܵ). 
Over the past few decades, the SHAP approach has become well-known as a 

leading attribution technique in the field of interpretable machine learning. It 

has the advantage of being model-agnostic [74] when compared to other 

approaches, so theoretically it should be able to shed light on any ML model. 

This increases SHAP's scalability and versatility, which enhances its ability to 

comprehend machine learning algorithms from a variety of perspectives [39, 

75, 76]. 

2.5.Model Evaluation Criteria 

The evaluation metrics for predictive performance in this study were R-

squared (R²), mean squared error (MSE), mean absolute error (MAE), and mean 

absolute percentage error (MAPE). A risk metric called the Mean Squared Error 

(MSE) calculates the average of the squares of the mistakes. It is always non-

negative and represents an estimator's quality with values nearer zero indicate 

higher quality. The true magnitude of prediction errors is indicated by the MAE, 

which stands for the average absolute difference between expected and actual 
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values. A statistical indicator of forecasting accuracy, the Mean Absolute 

Percentage Error (MAPE) represents the average magnitude of error produced 

by a predictive model as a percentage of the actual observed values.  Lower 

MAPE values are preferable, as they indicate higher predictive accuracy. The 

sum of squares of the differences between actual values and their mean is known 

as the total sum of squares, whereas the residual sum of squares is the sum of 

squares of the disparities between predicted values and actual values. The R² 

number, which is calculated as 1 minus the ratio of the residual sum of squares 

to the total sum of squares, represents the model's fit quality. A better model fit 

is indicated by an R² value that is close to 1. The following are the exact 
formulations for these metrics: 

ܧܵܯ = 1n∑ ( ௜ܺ − ௜ܻ)²௡௜=1                                                                               (19) 

ܧܣܯ = 1n∑ | ௜ܺ − ௜ܻ|௡௜=1                                                                                  (20) 

ܧܲܣܯ = 1n∑ |௑೔−௒೔௒೔ |௡௜=1 × 100%                                                                 (21) 

ܴ2 = ( 
∑ (௑೔−௑)(௒೔−௒)೙೔=1√[∑ (௑೔−௑)2೙೔=1 ][∑ (௒೔−௒)2೙೔=1 ]) 

2
                                                           (22) 

Where: N is the number of data recordings, ௜ܺ and ௜ܻ are the predicted and 

measured values, and ܺ and  ܻ are the means of the predicted and measured 

values of CBR, respectively. 

3. Data description and statistical analysis 

The ratio CBR of subgrade soil is influenced by various factors. This study 

will concentrate on the key factors that notably influence the CBR in order to 

simplify the model. An experimental database is employed to develop the 

Gaussian hybrid model for the indirect estimation of the soaked CBR of 

subgrade soils, relying on fundamental engineering and compaction 

characteristics.  

The geotechnical database includes more than 1,000 samples of subgrade 
soil, which are typically formed from worn sedimentary rocks (marls, shales, 
and limestone). Alluvial clays and silty clays, which are occasionally soft and 
compressible, are found in low-lying locations and near river plains.  
Since 2012, the Northeastern region of Algeria has been the main source of 
these subgrade samples. The subgrade dataset's classification based on the 
USCS shows that the soil mass is primarily fine-grained. About 75–80% of all 
specimens are classified as clays or clayey silts with high plasticity (CH/MH–
CH), 8–12% as clays or silts with low to medium plasticity (CL/ML), 5–8% as 
sandy soils with heavy fines (SM–SC), and only roughly 3–5% as gravelly soils 
with fines (GM–GC). There are very few clean coarse-grained soils (GW, GP, 
SW, SP), indicating that the material under study is primarily a fine cohesive 
subgrade with little gravel and sand. 

The CBR tests are conducted , according to the EN 13286-47:2021 

standard, by the laboratory of the Central Transport Agency located in Algiers, 

Algeria. 

From this experimental database, various input parameters are identified, 

specifically, the (Gravel (G), Sand (S) and Fines (FC)) content, Coefficient of 

(Uniformity (CU) and Curvature (CC)), Liquidity Limit (LL), Plasticity Limit 

(PL), Plasticity Index (PI), Sample Moisture Content (MC), Sample Dry Density 

(DD), Optimum Moisture Content (OMC), and Maximum Dry Density (MDD). 

The result of these parameters in modelling is the Ratio (CBR) of the subgrade 

soil. 

 

 

 

 

 

 

Table 1 

The used dataset's summary statistics. 

 

From The dataset's statistical analysis in Table 1 provides crucial 

information on the geotechnical characteristics of the soil samples taken from 

the area under study. Important statistical measures such as mean, standard 

deviation (SD), minimum, quartiles, and maximum values are highlighted in the 

dataset. For geotechnical engineering applications, a comprehensive 

understanding of the variability of subgrade soils is made easier by these data. 

The following is the key finding from the statistical examination of the unique 
properties of the soil: 

• Sand (%) and Gravel (%) Table 1's contents indicate that sandy-sized soil 

fractions are prevalent in the dataset, with average values of 4.1% and 

21.1%, respectively. The soil's capacity to sustain loads is directly 

impacted by the amount of coarse-grained fractions, such as sand and 

gravel. The findings presented here are consistent with what is known 

about how soil behaves under structural loads [77]. 

•   The soil has moderate cohesiveness and flexibility, as shown by the Fines 
Content (FC%), which averages 74.2%. This trait has a big impact on 

how adaptable and effective the soil is in various moisture conditions. 

The diversity of soil types along the examined segment is reflected in 

the change in the detected particle content [78]. 

• The morphology of the particle-size distribution curve is described by 

the coefficients of uniformity (CU) and curvature (CC), which have 

respective means of 17.6 and 0.66. This indicates that the soils in the 

dataset are either uniformly graded or gap-graded, which means that 

some particle sizes may be absent. This frequently results in increased 

compressibility and decreased strength. 

• The average value of the Plasticity Index (PI), which is the difference 

between the soil's plastic limit (PL) and liquid limit (LL), is 19.1%. 

This measure is essential for determining how malleable and capable 

the soil is of holding onto moisture. The significance of PI values in 

determining soil suitability for geotechnical applications is shown by 

Table 1, which shows that the range of PI values is closely related to 

soil mineralogy and water retention characteristics [78,79]. 

 

• With an average of 1.9 g/cm3, the Maximum Dry Density (MDD) 

provides important information on the soil's proctor compaction 

properties, which are crucial for figuring out how much weight it can 

support. The variations in MDD values show how the soil samples' 

compaction potential varies, which impacts the soil's overall stability. 

Similarly, the moisture level required to achieve optimal compaction 

efforts is indicated by the optimum moisture content (OMC), which 

averages 11.3%. When predicting how the soil would respond to 

structural loads, both factors are essential [80]. 

Variable Mean SD Min Q1 Q3 Max 

G(%) 4.1 4.65 0.0 1.6 7.9 16.6 

S(%) 21.1 10.50 0.1 12.7 28.2 46.9 

FC(%) 74.2 12.10 50.0 65.3 80.6 89.9 

CU 17.60 14.50 0.0 7.4 22.3 102.5 

CC 0.66 0.77 0.0 0.1 1.0 2.8 

LL(%) 38.80 12.00 21.7 29.7 44.5 94.4 

PL (%) 19.4 4.9 10.7 17.0 22.1 41.0 

PI(%) 19.1 7.9 6.6 14.6 21.9 53.3 

MC(%) 11.3 3.0 3.1 9.6 16.6 18.6 

DD(g/cm3) 1.83 0.13 1.4 1.7 1.9 2.2 

OMC (%) 11.3 3.0 3.8 9.5 12.8 18.8 

MDD(g/cm
3
) 1.9 0.12 1.5 1.84 1.98 2.1 

CBR(%) 7.40 6.44 0.2 2.8 9.7 26.9 



 

 

7 

▪ Through penetration resistance, the CBR which has an average of 7.4% 

and a range of 0.2% to 26.6% acts as an indirect indicator of subgrade 

strength. When designing pavements, CBR is a crucial metric for 

assessing the soil's ability to sustain structural loads. The test data set's 

variation in CBR values emphasizes the necessity of local soil 

assessments to guarantee pavement design that is both safe and 

effective [81]. 
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A thorough overview of the geotechnical parameters is provided in Table 
1, which also shows the statistical distribution of the input and target variables. 
The observed variability highlights the importance of site-specific soil 
characterization in civil engineering applications. The statistics offered enable 
engineering professionals to evaluate the dataset's validity and accuracy for ML 
applications in forecasting soil strength, particularly in terms of CBR values, 

which could help in future pavement design requirements in the surrounding 
area. The Histograms, shown in Fig. 2 give more insight in data distribution, 
while some of soil properties are approximately symmetric (S, FC, MC, DD, 
OMC, MDD) the remaining properties are right skewed. 

A comprehensive view of the linear correlations between the soil 
engineering characteristics derived from the test dataset is provided by the 
correlation matrix, which is shown in Fig. 3. The degree and direction of these 
interactions are measured by the correlation coefficients, which range from -1 
to 1. This information is crucial for understanding how elements interact in 
geotechnical research [82]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Significant positive correlations are apparent among specific parameters, 

illuminating their interrelated behavior. The association between DD, MDD, 

and CBR (r = 0.42 and 0.37), indicates that greater density is associated with 

elevated CBR values, aligning with previous research [1,83]. 

 

Fig. 2. Histograms with probability distributions a) Input variables; b) Output variable (CBR). 
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Fig. 3. Correlation matrix derived from soil properties. 

Furthermore, the correlation between CBR and the coarse aggregate 

characteristics (G% and S%) emphasizes how important coarse particles are for 

raising the CBR value. This result is in line with research that highlights the 

contribution of coarse particles to improving soils' ability to support loads [84]. 

Similarly, the association between PI and FC (r = 0.33) highlights the impact of 

particle composition on moisture response by showing that higher fine content 

is linked to increased soil flexibility [85]. Given that finer soils typically exhibit 

different mechanical properties than coarser soils, the results are crucial for 

predicting how soils will behave in response to varying moisture levels. 

Although not as strong, moderate correlations provide additional insight on 

geotechnical behavior. The correlation between MDD and PI (r = -0.31) 

suggests that more malleable soils typically exhibit lower maximum densities, 

which is crucial for improving compaction methods. [86]. 

Although it is less significant than other factors, the association between 

CBR and OMC (r = -0.21) indicates that moisture conditions affect soil strength 

[87]. As a diagnostic tool, the heatmap chart makes it possible to identify 

significant connections between crucial geotechnical engineering data [82]. In 

geotechnical engineering, understanding these linkages is crucial for forecasting 

soil behavior, enhancing material selection, and facilitating well-informed 

design choices 
 

4.Hybrid Model development  

One hybrid technique that uses Gaussian process regression as the basis learner 

for recursive feature reduction is the Bayesian Tree-structured Parzen Estimator 

optimized Gaussian process regression mixed with recursive feature elimination 

(TPE-GPR-RFE). Based on the relevance measurements generated by the 

Gaussian process regression model, it ranks and chooses features using the 

sequential backward selection method.  

The GPR model has many hyperparameters, and changing these 

combinations might cause the model to identify different optimal subsets 

throughout the feature selection process. Using inappropriate hyperparameters 

may result in a subset that is not optimal. Gaussian Process Regression is used 

as the base learner, and Bayesian optimization using the Tree-structured Parzen 

Estimator is used to improve the recursive elimination model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

After dimensionality reduction, this method seeks to determine the ideal 

subsets and hyperparameters that reduce cross-validation error. To create a 

surrogate model framework for optimization rounds, different model parameter 

combinations function as independent variables, and the objective function is 

the precision of the ideal feature subset obtained using GPR-RFE with cross-

validation. The GPR-RFE model's parameter optimization process is shown in 

Fig.4. 

The steps in the TPE-GPR-RFE process are as follows: 

 (1) Set the range of hyperparameters for random sampling and initialize 

the GPR model parameters. The TPE algorithm uses the training set 

and initialization parameters as input. The objective function to be 

reduced is the GPR-RFE cross-validation results for every set of 

parameters. In order to describe promising and non-promising 

hyperparameters, the TPE algorithm iteratively creates two probability 

distributions. This is then used to inform the choice of further 

parameters for assessment.   

(2)  The TPE algorithm uses its probabilistic model to choose new 

hyperparameter combinations to assess. Based on the ratio of the 

likelihood that a candidate point is a member of the promising group 

of observations ݈(ݔ)  to the non-promising group  ݃(ݔ), it calculates the Expected Improvement ܫܧ for that point. Since 

it is most likely to improve the most well-known outcome, the 

candidate point that maximizes this EI ratio is selected for study. This 

procedure effectively directs the search for the ideal set of parameters. 

(3) The GPR-RFE model is trained using the chosen hyperparameter 

combination ݔ  , and its performance is assessed to determine the 

objective function value f(x) (e.g., prediction error). This new 

observation (ݔ,  is added to the historical dataset. Instead of ((ݔ)݂

updating a surrogate model after every step, the TPE algorithm waits 

until a predefined number of new results (e.g., 10 or 20) are collected. 

Once this threshold is met, the entire history is used to refit the density 

distributions ݈(ݔ) and ݃(ݔ) for the next round of candidate selection. 

 (4)  Upon reaching the maximum iteration limit, the model update ceases, 

and the optimal sampling point together with the corresponding 

optimal subset is produced. 
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Fig. 4. TPE-GPR-RFE Hybrid algorithm flowchart. 

The machine learning algorithms in this study are trained using the training 

dataset, which makes up 80% of the total database. During the training phase, 

the model discovers links and patterns in the data to produce accurate 

predictions.20% of the dataset is used for testing, which assesses the models 

created during training. Using this independent dataset, researchers may 

measure the models' performance in actual events and evaluate how well they 

generalize to new data. Additionally, it is crucial to employ specific datasets for 

both training and testing in order to ensure a fair and consistent comparison 

between different models throughout the modeling process. Furthermore, a 

subset of training data is segregated as validation data using k-Fold cross- 

validation (k=10) to reduce the model overtraining. 

Three other popular techniques are also included in order to objectively 

assess the Hybrid TPE-GPR-REF model's performance: Multi-Linear 

Regression (MLR), Multi-layer Perceptron Neural Network (MLPNN) and  

Random Forest (RF) as a comparison baseline. Using the initial 

experimental data, prediction models for CBR were created for comparison and 

assessment. The technique is depicted in Fig.5. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5. Flowchart illustrating the current study's methodology. 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
5. Experimental results and discussion 

5.1. Prediction performance of the Hybrid Model 

The hybrid GPR-RFE uses feature selection algorithm and cross-validation 

to calculate the chosen feature set at each RFE step in tenfold cross-validation 

using the mean squared error (MSE) as the evaluation criterion to determine the 

ideal number of features with the lowest MSE. In parallel, Bayesian 

optimization with TPE is used to fine-tune the hyperparameters of GPR-RFE in 

an iterative process over 100 iterations in order to find the ideal feature subset 

that minimizes the mean squared error (MSE) and maximizes the R² value, 

especially in the testing set (unseen data). The process is depicted in Fig.6. 
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Fig. 6. Optimal feature subset search results a) MSE results; b) R² results. 

Fig.6 demonstrates that both test and training performance, measured by 

MSE and R², dramatically enhance when the number of features increases from 

4 to 7. Performance reaches its zenith at around seven features, where the test 

MSE is minimized and the test R² is maximized. Beyond this juncture, the 

incorporation of additional features results in overfitting, as training 

performance (MSE/R²) shows marginal improvement, while test performance 

deteriorates (test MSE escalates, test R² declines). 

The selected optimal set of seven features is as follow: [G, FC, PI, MC, DD, 

OMC, MDD].The parameter range and the optimized hyperparameters value of 

the Hybrid TPE-GPR-RFE model are summarized in Table 2.  

Table 2 

Hyperparameters range and optimized values.  

hyperparameters Range Optimized value 

Kernel All kernels (eq 2-6) Rational Quadratic 

Length_scale 0.01-10 0.6192 

alpha_kernel 0.01-10 1.5966 

Noise_level (white kernel) 1e-04 - 1 0.04059 

 

Fig. 7. Test predictions with uncertainty estimates for CBR values. 

The hybrid TPE-GPR-RFE model exhibits robust predictive ability, as the 

test predictions closely align with the actual test data points (see Fig.7). The 

model accurately represents the general trend and fluctuations in the CBR 

values. The shaded area denotes the model's forecast uncertainty, which is 

significantly reduced in areas with a greater density of data points, signifying 

enhanced confidence.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The uncertainty boundaries effectively include the majority of the actual 

data, indicating that the model offers a dependable and accurately calibrated 

assessment of its prediction inaccuracy. 

Utilizing the hybrid TPE-GPR-RFE model developed for this investigation, 

the collected subgrade soils' CBR values were estimated. The 45◦ line (perfect 
fit) in Fig.8 represents the fitted line between the experimental and model-

predicted CBR values. It is clear that the fitted line and the 45° line are near 

each other. The coefficient of determination (R²) values of the fitted curve on 

the train and test sets, respectively, are 99%, indicating an adequate fit. 

As a result, the obtained experimental laboratory data closely aligns with 

the predicted outcomes. 

 

 
Fig. 8. The graph of predicted and measured CBR values with the hybrid GPR model. 

The residual analysis findings are also shown in Fig.9 to evaluate the 

model's compatibility. If the residual data points are dispersed about the zero 

line, the model is considered satisfactory. The residual plot is a scatter plot. 

Every residual data point is located close to the zero line, as seen in Fig.9. This 

finding supports the validity and dependability of the model.  

For both the train and test sets, all error metrics (MSE, MAE, and MAPE) 

have minimum values. Additionally, the values of the coefficient of 

determination (R²) are near 1. The prediction ability of the model used in this 

investigation is really high, according to the data displayed in Table 3. Notably, 

the predictions of the hybrid model are believed to be accurate.  
 

a)                                                                                  b) 
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 Train set Test set 

Model MSE MAE MAPE R2 MSE MAE MAPE R2 

MLR 31.51 4.70 103.40% 0.2334 38.78 4.86 96.53% 0.1495 

MLPNN 2.99 1.1927 27.44% 0.9316 3.70 1.24 28.28% 0.9189 

RF 0.2520 0.2840 7.01% 0.9942 2.01 0.84 23.94% 0.9558 

GPR 0.0 0.0 0.0 1 1.64 0.94 23.00% 0.9640 

H-GPR 0.0768 0.2107 5.32 % 0.9982 0.2974 0.4364 13.79 % 0.9935 

 

 
Fig. 9. Plot of residuals for the hybrid GPR model. 

Table 3 

Performance evaluation metrics for the hybrid GPR model. 

Regression metrics Train set Test set 

MSE 0.0768 0.2974 

MAE 0.2107 0.4364 

MAPE 5.32 % 13.79 % 

R2 0.9982 0.9935 

5.2. Comparison with Conventional and Hybrid AI models 

In order to enable a thorough comparison with the hybrid TPE-GPR-RFE 

model (noted in what follows H-GPR) in terms of their performance and 

dependability in predicting CBR values, four conventional machine-learning 

techniques were carefully selected in the first stage: Multi-Linear Regression 

(MLR), Multi-Layer Perceptron of ANN (MLPNN), Random Forest (RF), and 

the GPR model with default hyperparameters. Using TPE for hyperparameter 

tuning and RFE for feature selection, four hybrid models the hybrid such: dense 

neural network model (H-DNN) with five hidden layers, hybrid XGBoost (H-

XGB), hybrid LightGBoost (H-LGB), and hybrid AdaBoost (H-Ada) are used 

for the comparison task in the second stage. 

Table 4 presents the summarized results of performance metrics for both 

the hybrid GPR model and other conventional machine learning models. The 

Multiple Linear Regression (MLR) model demonstrates suboptimal 

performance, evidenced by elevated error metrics (MSE: 31.51/38.78, MAPE: 

96/103%) and limited explanatory power (R²: 0.15/0.23), suggesting inadequate 

fit to both training and test datasets. The MLP Neural Network demonstrates 

notable advancements compared to MLR; however, it continues to display 

considerable errors. Random Forest (RF) and standard Gaussian Process 

Regression (GPR) exhibit strong performance, achieving high R² values ranging 

from 0.95 to 0.99 on the test set; however, RF presents superior error metrics. 

The H-GPR hybrid model demonstrates exceptional performance, achieving an 

R² range of 0.9935 to 0.9982 and minimal errors, with MSE values between 

0.0768 and 0.2974, and MAPE ranging from 5.32% to 13.79% across both 

datasets.  

 

 

 

 

 

 

Results presented in the Table 5, confirm also that the hybrid Gaussian 

Process Regression (H-GPR) model performs exceptionally well on all 

performance criteria, exhibiting exceptional predictive power. With a test R2 of 

0.9550, the H-XGB model likewise produces competitive performance; 

however, a slight generalisation gap may be indicated by its larger variance 

between training and testing. Across both datasets, the H-DNN model 

consistently performs well, with steady R2 values of roughly 0.94. The H-LGB 

model, on the other hand, exhibits a more pronounced decline in generalisation 

along with a modest predictive strength. With greater error rates and lower R2 

values, the H-Ada model performs the worst, suggesting that it is not very 

suitable for this prediction job. Overall, the findings support the notion that H-

GPR offers the best trade-off between generalisation and predictive accuracy. 

The five different ML models' prediction performance is visually compared 

with the actual CBR values in Fig.10's scatter plot. The model's prediction 

accuracy is indicated by how close data points are to the "Perfect Fit" line. The 

Multi-Linear Regression model exhibits suboptimal performance, characterized 

by widely dispersed predictions and considerable deviation from actual values, 

especially in the underestimation of higher CBR values. The ensemble and 

probabilistic models, including Random Forest, MLP Regressor, and both 

Gaussian Process models, demonstrate significantly superior performance, as 

evidenced by their predictions clustering more closely around the ideal line. The 

Hybrid Gaussian model exhibits superior performance, as its data points align 

closely with the perfect fit line throughout the value range, indicating that it 

accurately and successfully reflects the underlying relationship in the data. The 

visual assessment corroborates the quantitative findings from the evaluation 

metrics, illustrating a distinct hierarchy of model performance ranging from 
basic linear regression to advanced hybrid methods. 

 

 
Fig. 10. Conventional models performance comparison with the hybrid GPR model: 
Predicted vs measured CBR Values. 

This residual plot in Fig.11 provides crucial insights into the error patterns 

and predictive biases of the five different regression models. The distribution of 

residuals reveals significant differences in model performance. The Multiple 

Linear Regression model shows the widest dispersion of residuals, indicating 

substantial prediction errors across the value range, with no clear pattern, 

suggesting both high variance and potential bias. The Random Forest, MLP reg- 

Table 4 

The performance comparison of hybrid GPR and conventional models using the evaluation metrics. 
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ressor, and Gaussian Process models demonstrate much tighter residual clusters 

near the zero line, indicating superior predictive accuracy. Particularly 

noteworthy is the Hybrid Gaussian model, which shows the most concentrated 

residual distribution around zero, suggesting minimal systematic bias and the 

highest precision among all models. The relatively symmetric distribution of 

residuals above and below the zero line for the top-performing models indicates 

they are not consistently over-predicting or under-predicting the CBR values. 

This visual analysis complements the quantitative metrics by showing not just 

the magnitude of errors but also their distribution and pattern, confirming that 

the more sophisticated algorithms substantially outperform traditional linear 

regression for this predictive modelling task. 

 

 

 

Fig. 11. Residual plot: Conventional models vs hybrid GPR model 

Using an inclusive Taylor chart to assess and illustrate the performance of 

all hybrid models, a thorough evaluation of the Hybrid Gaussian model's 

prediction reliability was carried out on the testing set (unseen data).  
 

 
 

Fig. 12. Taylor diagram of the hybrid models using testing set. 

The Taylor diagram contrasting the Hybrid Gaussian model's performance 

accuracy with the other hybrid models is shown in Fig.12. Because the Hybrid 

Gaussian model is located closer to the observation point than the other models, 

the graphic demonstrates its better prediction ability. This placement highlights 

how the Hybrid Gaussian model outperforms its competitors in terms of 

prediction accuracy and dependability. 

5.3.Shap analysis Results 

Because fundamental soil characteristics like CBR impact the durability 

and resource efficiency of engineering projects, Geotechnics is crucial for the  

 

 

 

 

 

 

 

 

 

 

 

creation of sustainable infrastructure. In line with international sustainability 

objectives, this study improves the interpretability of CBR projections, enabling 

resource-efficient design and construction [76]. In order to help engineers and 

decision-makers make informed decisions about material selection, soil 

stabilization, and environmentally friendly construction techniques, explainable 

AI provides interpretability that enables them to understand the basic principles 

impacting CBR values. 

By fusing explainable artificial intelligence (XAI) with precise machine 

learning models to improve transparency in predictive modeling, this study 

substantially broadens the field of soft computing. By using XAI approaches 

like Shapley Additive Explanations (SHAP), the "black-box" issue that is 

occasionally associated with complex models is mitigated and both global and 

local interpretability are provided. By offering insights into feature significance 

and model behavior, this approach enhances the reliability and credibility of ML 

applications in important domains, expanding its usefulness beyond the 

particular use of California Bearing Ratio (CBR) prediction. This section makes 

it easier to understand the observed patterns in the context of CBR prediction 

for subgrade soil by providing a succinct explanation of each feature's impact, 

model-specific insights, practical implications, and technical justifications. 

For global interpretations of machine learning models estimating subgrade 

soil behavior, SHAP (Shapley Additive exPlanations) summary plots are shown 

in Fig. 13. The optimized dataset consists of only the seven characteristics that 

were chosen. The most important feature is at the top of the plot's y-axis, which 

lists the input parameters (features) in order of significance. The x-axis 

illustrates SHAP values, which measure the influence of each feature on the 

model's output; positive SHAP values elevate predictions, while negative ones 

diminish them. The input parameters are emphasized in the graphs. Features 

positioned higher exert the most significant impact on the model's predictions. 

The color-coding (pink for elevated values and blue for diminished values) 

illustrates how fluctuations in feature values influence predictions. MDD 

(Maximum Dry Density) and DD (sample Dry Density during test conditions) 

are the most significant characteristics, exhibiting consistently positive SHAP 

values, which suggest that elevated density values reliably enhance the 

projected CBR values [76]. G (Gravel content) exhibits the second most 

significant impact. The Optimum Moisture Content (OMC) and Plasticity Index 

(PI) have a moderate negative correlation, suggesting that increased values of 

both parameters typically result in lower predicted California Bearing Ratio 

(CBR) values. FC and MC (Fine Content and Moisture Content) exhibit the 

least influence, with values concentrated around zero, indicating a negligible 

effect on the CBR estimates within this model. The findings offer critical 

insights into the soil parameters that most significantly influence California 

Bearing Ratio estimations, with Maximum Dry Density identified as the 

Table 5 

The performance comparison of hybrid GPR and other hybrid models using the evaluation metrics.  

 Train set Test set 

Model MSE MAE MAPE R2 MSE MAE MAPE R2 

H-DNN 2.40 1.16 29.46% 0.9450 2.61 1.22 32.22% 0.9425 

H-XGB 0.15 0.29 7.59% 0.9965 2.05 0.94 24.48% 0.9550 

H-LGB 0.84 0.61 14.21% 0.9808 4.44 1.23 30.63% 0.9025 

H-Ada 6.33 1.86 49.31% 0.8552 8.11 2.01 61.10% 0.8220 

H-GPR 0.0768 0.2107 5.32 % 0.9982 0.2974 0.4364 13.79 % 0.9935 
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predominant positive component, consistent with geotechnical engineering 
standards that denote denser soils as having greater bearing capacity.  

 

Fig. 13. SHAP global explanations results using the hybrid Gaussian model. 

Fig. 14 illustrates the average SHAP values of the features employed to 

predict the subgrade soil CBR values applying the hybrid Gaussian model. The 

research underscores the significance of all input parameters, with MDD 

identified as the most relevant element, substantially affecting predictions. 

 

 
 

Fig. 14.Mean SHAP global explanations. 

Fig.15 demonstrates a robust positive association between MDD and CBR 

values, showing that expected soil strength is significantly increased by raising 

the maximum dry density. The connection demonstrates non-linear 

characteristics with a significant threshold effect at MDD values of 1.7-1.8 

g/cm³, beyond which the favorable influence on CBR markedly intensifies. 

MDD values beyond 1.8 exhibit the most significant advantageous effect, 

whereas values below 1.7 indicate no or slightly adverse impact, underscoring 

the essential role of proper compaction in attaining optimal soil bearing 

capacity. 

 

 
Fig. 15. Dependence plot of MDD. 

The SHAP dependence plot in Fig. 16 illustrates a nuanced relationship in 

which MDD values below approximately 1.7 g/cm³ exert negligible influence 

on CBR predictions, values ranging from 1.7 to 1.9 display a progressively 

positive impact, and MDD values above 1.9 yield the most significant 

advantageous effect on predicted soil strength. The color gradient signifies an 

interaction effect, suggesting that another soil parameter influences the 

relationship between MDD and CBR, likely moisture content or compaction 

energy, with darker shades denoting higher values of this moderating feature 
that amplify MDD's positive effect on bearing capacity. 

 
Fig. 16. Dependence plot of MDD with OMC interaction. 

Fig. 17 illustrates that the most substantial positive SHAP values 

(maximum CBR advantage) occur at elevated MDD levels (>1.9 g/cm³) coupled 

with low PI, while even well compacted soils (MDD >1.8) exhibit diminished 

strength improvements when linked to high plasticity. This suggests that 

attaining appropriate density might partially alleviate but not entirely surmount 

the inherent strength constraints imposed by plastic clayey soils, underscoring 

the relevance of plasticity index as a limiting factor in subgrade performance. 

 
 

Fig. 17. Dependence plot of MDD with PI interaction. 

 

A number of 3D graphs were generated in order to examine the second 
order effect of the gravel content (G), PI, MDD, and OMC in the prediction of 
CBR values.  

 
Fig. 18's 3D SHAP plot illustrates how gravel content (G), optimum 

moisture content (OMC), and maximum dry density (MDD) interact to 
determine subgrade soil CBR. The contribution of MDD to model output is 
shown on the vertical axis (MDD SHAP value), which varies with OMC 
(horizontal axis) and gravel concentration (colour gradient). Higher positive 
SHAP contributions from MDD are often correlated with warmer gravel levels 
and mid-range OMC values, indicating that balanced moisture and more gravel 
improve density-related CBR performance. This demonstrates how compaction 
control and soil gradation work together to increase subgrade strength. 

 
Fig. 19's 3D SHAP plot shows how the interaction between gravel content 

(G) and maximum dry density (MDD) affects how crucial optimum moisture 
content (OMC) is for CBR prediction. Gravel content (colour) and MDD levels 
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(horizontal axis) affect the OMC SHAP value (vertical axis). OMC's beneficial 
effect is typically enhanced by higher gravel content, particularly at moderate 
to high MDD values. This suggests that accurate moisture regulation is crucial 
for attaining the best subgrade strength in well-compacted, gravel-rich soils. 
The 3D Interaction SHAP plot in Figure 20 most likely shows how the SHAP 
contribution of maximum dry density (MDD) in forecasting CBR is influenced 
by the optimal moisture content (OMC) and plasticity index (PI). The relevance 
of obtaining high density (MDD) for subgrade strength is significantly 
influenced by soil plasticity and moisture levels, as can be seen by plotting the 
MDD SHAP value versus PI and OMC. According to this interaction figure, 
MDD values have a favourable impact on CBR values for low PI and OMC 
values, whereas high PI and OMC values show the opposite pattern. 

 
 

Fig. 18. 3D interaction plot MDD SHAP value with G, OMC, MDD. 

 

 

 
 

 
Fig. 19. 3D interaction plot OMC SHAP value with G, OMC, MDD. 

 

The 3D SHAP interaction plot from Fig. 21 examine the impact of optimal 
moisture content (OMC) on CBR prediction in relation to the plasticity index 
(PI) and maximum dry density (MDD). When the OMC SHAP value is plotted 
against PI and MDD, it becomes clear that soil plasticity and compaction level 
have a significant impact on OMC's contribution. OMC has a significant 
positive impact on high-plasticity soils at lower densities, highlighting the 

importance of moisture control in enhancing the strength of cohesive, less 
compacted subgrades. 
 

 
Fig. 20. 3D interaction plot MDD SHAP value with PI, OMC, MDD. 

 

 
 
Fig. 21. 3D interaction plot OMC SHAP value with PI, OMC, MDD. 

 

The SHAP waterfall plot presented in Fig. 22 provides a local explanation 

derived from SHAP analysis results on a randomly selected sample. The model's 

base prediction value (expected value) is 6.561, whereas the actual predicted 

CBR value for this specific sample is 4.074. Each feature's contribution to 

changing the forecast from the base value to the final output is shown in the 

graphic. Feature DD, with a value of 2.01, yields the most significant positive 

contribution of +1.72, whereas feature G, with a value of 11, results in the 

largest negative contribution of -1.72. Additional features such as OMC, FC, 

PI, MC, and MDD contribute incrementally, with their positive and negative 

impacts largely offsetting one another, leading to a net reduction of 
approximately 2.487 from the base prediction. 
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Fig. 22. Waterfall plot for local explanation. 

6. Conclusions 

Assessing the strength of subgrade soils is crucial and constitutes a major 

focus of research in geotechnical engineering related to road construction. This 

study incorporates an extensive dataset of subgrade soil strength derived from 

CBR testing, consisting of more than one thousand samples. To enhance CBR 

value prediction, a hybrid Gaussian model (H-GPR) was developed, which 

couples a TPE-optimized Gaussian Process Regressor (GPR) with Recursive 

Feature Elimination (RFE) for effective feature selection. Five conventional 

machine learning models and four hybrid models are employed for comparative 

study. The "black box" problem with the prediction model is addressed by 

analyzing prediction results using the SHAP interpretability method. The 

visualization of SHAP values for the input feature parameters is used to analyze 

the significance and impact of factors on prediction outcomes. Several 

regression measures are used to assess the developed model's performance. The 

subsequent conclusions were primarily derived: 

 
1- Prior to the creation of the model, statistical analysis was done on a 

comprehensive database that included more than 1000 samples from 

the northeastern part of Algeria that were related to subgrade soil 

characteristics. The input and output properties showed a moderate 

association, according to the Pearson correlation analysis. 

 

2- The iterative method implementing the TPE-GPR-RFE hybrid model 

effectively identifies the ideal subset from the complete original 

dataset (feature selection) and subsequently fine-tunes the 

hyperparameters utilizing the Bayesian TPE algorithm. This method 

facilitates both dimensionality reduction and enhancement of 

predictive accuracy. 

 

3- The R² value between the predicted and measured values is remarkably 

close to one, which is responsible for the concordance between the 

calculated CBR values from the hybrid model and laboratory data. 

Furthermore, the suggested model's residual data points are located 

close to the zero line, confirming the model's dependability. 

 

4- Of the machine learning models examined in this work, the suggested 

hybrid GPR (H-GPR) model has the lowest regression error metrics; 

nevertheless, its coefficient of determination shows the highest value. 

The findings show that the hybrid Gaussian model outperformed every 

machine learning model examined in this investigation. 

 

5- The SHAP interpretability method is employed to examine the 

prediction outcomes, addressing the "black box" issue of the prediction 

model. By visualizing the SHAP values of the input feature 

parameters, the importance and influence of the parameters on the 

CBR value prediction results are investigated. According to the SHAP 

analysis, the main determinants of subgrade soil strength as determined 

by CBR values are dry density, gravel content, and optimal moisture 

content. This model serves as a crucial framework for estimating CBR 

values and skillfully illustrates the many nonlinear relationships within 

the feature parameters. 

 

6- The anticipated result of this study will yield a dependable technique 

for assessing the CBR values of subgrade soil for pavement design. 

Therefore, accurate CBR values are essential for road infrastructure 

planning and construction. The hybrid Gaussian model established 

throughout this study can be regarded as a dependable tool. 

 

7- A notable constraint of the research is the extent and diversity of the 

experimental dataset, which may limit its usefulness in broader 

geotechnical contexts. To increase robustness, future studies should 

focus on cutting-edge ML methodologies and larger, regionally diverse 
datasets. 
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