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ABSTRACT 

This study explores the potential advantages of using multiple machine learning (ML) models to predict the baseline 
compressive strength (CS) and CS of SCM concrete subjected to chloride ingression. Four ML models, including Random 
Forest (RF), Gradient Boosting (GradBoost), Extreme Gradient Boosting (XgBoost), and Adaptive Boosting (AdaBoost) 
algorithms were employed to construct forward prediction models for predicting the baseline CS and CS of SCM concrete 
with combinations of fly-ash (FA), silica fume (SF), and metakaolin subjected to chloride ingression. The performance 
of the models was compared and assessed using the coefficient of determination (R2), root mean square error (RMSE), 
mean absolute error (MAE), and mean square error (MSE). The performance of the model was further validated using 
the k-fold cross-validation approach. Compared to the other employed approaches, the GradBoost model was more 
effective in predicting results, with an R2 value of 0.8612. To further enhance model interpretability, Shapley Additive 
Explanation (SHAP) was employed to assess the relative importances of input variables. The use of ML techniques to 
predict the mechanical properties of SCM concrete subjected to chloride ingression will be beneficial to the field of civil 
engineering because it will save time, effort, and resources compared to carrying out the laboratory experiments. The 
proposed techniques pave the way towards the intelligent design of concrete elements and structures. 

Keywords: Machine Learning, Sustainable Concrete, Supplementary Cementitious Materials, Compressive Strength, 
Chloride Ingression 

1 INTRODUCTION 

It is evident that concrete is the one of the most used construction materials around the world, However, manufacturing 
one ton of Ordinary Portland Cement (OPC), which is essential component of concrete, contributes significantly to 
environmental degradation, releases approximately one ton of CO2 [1]. In recent times, partially replacing OPC with 
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supplementary cementitious materials (SCM) not only reduce material cost and energy consumption, but it is one of the 
most promising methods to reduce carbon emissions [2]. The most popular SCMs for the manufacturing of sustainable 
concrete are industrial waste, such as fly ash (FA), and silica fume (SF) in which both chemical and physical properties 
of SCMs can vary significantly [3].  Another notable SCM is Metakaolin which is formed from the calcination of kaolin 
clay transforms, resulting in the elimination of water ions present in the kaolinite clay and the formation of 40% to 45% 
alumina and 50% to 55% amorphous silica, the two primary chemical components present in pozzolans [4]. Concrete 
is a porous material that allows ions to pass through its pore solution to balance concentration differences, including 
chloride ions on the surface, resulting in chloride ingress. Because of their chloride permeability, reinforced concrete 
structures are vulnerable to deterioration in harsh settings, which can lead to the structure's failure [5]. Corrosion is 
one of the most common deteriorations in reinforced concrete caused by chloride ingress [6], which reduces the cross-
sectional area of steel bars, lowering the load-carrying capacity of structures [7] and jeopardizing structural safety, 
serviceability, and durability [8]. Thus, understanding the chloride transport and effect within concrete structures is 
critical for assuring their long-term durability and service life. According to research, FA-modified concrete has reduced 
permeability, improving reinforced structure resilience to corrosion and chloride intrusion [9], SF also prolongs the life 
of reinforced concrete structures by lowering carbonation, sulfate attack, and chloride ion penetration [10]. Concrete 
containing Metakaolin can improve the resistance to chloride ingress and freeze-thaw damage compared to concrete 
without SCMs [11].  

Several studies have used ML for the prediction of the compressive strength of SCM-Modified OPC Concretes. The use 
of supervised machine learning methods, such as bagging, adaptive boosting (AdaBoost), gene expression 
programming, and decision tree (DT) models, to forecast the compressive strength of concrete containing FA and blast 
furnace slag was examined by [12]. The study showed that ML approaches can help the intelligent design and 
optimization of concrete structures and offer an effective and resource-efficient method for estimating the strength of 
SCM-based concrete. A machine learning-based method for forecasting the compressive strength of concrete with 
binary SCMs at various curing ages was created by [13]. The findings showed that the suggested ML models could 
reliably forecast compressive strength for a range of SCM combinations and ages. Liu et al., [3] investigated the use of 
five ML models including artificial neural network (ANN), random forest (RF), extra trees (ET), extreme gradient 
boosting (XgBoost), and AdaBoost to predict the 28-day compressive strength of concrete containing SCMs, including 
FA, SF, and GGBS. The study demonstrates the potential of ML, particularly XGB, for accurately predicting the 
compressive strength of SCM-based concrete while providing interpretable and reliable predictions. ML have also been 
applied for the investigation of the influence of FA dosage on the chloride resistance of concrete [14], prediction of 
chloride migration coefficient and penetration resistance of concrete [15]. Li et al., [16] investigated the application of 
ensemble machine learning models for predicting the chloride migration coefficient (CMC) of concrete as an alternative 
to conventional laboratory testing. These studies have demonstrated the potential of ML techniques for accurately 
evaluating concrete durability and predicting chloride transport properties. Studies have also employed ML algorithms 
to predict concrete strength using models such as ANN, support vector machines (SVM), RF, and AdaBoost. Some studies 
developed ML models using very small datasets, with sample sizes ranging from 19 to 56 data points [17, 18, 19], while 
others employed relatively larger datasets containing more than 1,000 data points [20, 21]. These studies demonstrate 
the potential of ML algorithms to achieve satisfactory prediction performance even when the available datasets are 
relatively limited. However, the predictive capability of ML models is influenced not only by dataset size but also by data 
quality, representativeness, input-variable selection, model complexity, and appropriate model validation. In this 
context, this study utilizes a dataset comprising 54 data points obtained from literatures to develop and evaluate ML 
models prediction for baseline CS and CS of SCM concrete subjected to chloride ingression. 

Extensive experimental study has been conducted to assess the mechanical properties of SCM concrete exposed to 
chloride ingression. However, casting and testing specimens in the lab takes time, effort, and money. This study explores 
the potential advantages of using multiple ML models to predict the baseline compressive strength (CS) and CS of SCM 
concrete subjected to chloride ingression. Conventional experimental approaches for assessing the baseline CS and CS 
of SCM concrete subjected to chloride ingression results are time-intensive and costly. In this study, a sufficient dataset 
which included a single and binary SCM-concrete blends were employed. Four ML models, including RF, Gradient 
Boosting (GradBoost), XgBoost, and AdaBoost were utilized to construct forward prediction models for predicting the 
baseline CS and CS of SCM concretes subjected to chloride ingression with combinations of FA, SF, and metakaolin. To 
further enhance model interpretability, an explainable artificial intelligence technique, Shapley Additive Explanation 
(SHAP) was employed to assess the relative importances of input variables. 

2 METHODOLOGY  

2.1 Data Description 

The data used in this study was obtained from the literature [22, 23]. A total of 12 factors were used as inputs for the 
models which included water, cement, fine aggregate, coarse aggregate, FA, SF, metakaolin, superplasticizer (SP), 
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Hydrogen Chloride (HCL), Sodium Chloride (NaCl), exposure age, and total curing age. This study utilized a total of 54 
data points for the prediction of the baseline CS and CS of the concrete subjected to chloride ingression. The dataset was 
randomly divided into 80% training and 20% testing sets, as is frequently advocated in ML studies [24] for small to 
medium data sizes, with shuffling enabled and a fixed random state used to ensure reproducibility between runs. A 
descriptive statistical analysis for all input parameters is shown in Table 1. Figure 1. Illustrates the framework of this 
study, which introduces a systematic ML methodology for predictive analysis. 

 

Figure 1: Framework and implementation procedure 

2.2 Machine Learning Models 

This study exploits four ML algorithms including RF, GradBoost, XgBoost, and AdaBoost to predict the baseline CS and 
CS of the SCM concrete subjected to chloride ingression. Each algorithm was chosen for its unique capabilities in the 
predictive analysis of CS of concrete based on previous structural engineering studies. 

2.2.1 Random Forest 

This machine learning approach is widely utilized in both regression and classification applications, and it has been 
described as one of the most successful machine learning methods [25]. It is also an effective ensemble learning method 
[26]. RF creates numerous decision trees from randomly sampled subsets of data and combines their outputs by 
averaging or majority voting [27]. RF improves predictive accuracy and decreases the risk of overfitting by creating 
many DT and aggregating their outputs. RF is resistant to outliers and irrelevant characteristics, and it works effectively 
with high-dimensional, nonlinear data without requiring extensive preprocessing. A simple schematic diagram of the 
RF algorithm is shown in Figure 2(a). 

2.2.2 Gradient Boosting 

Boosting algorithms iteratively combine weak learners to produce strong learners. Gradient boosting is a boosting-style 
regression technique [28]. The purpose of gradient boosting when given a dataset is to obtain an approximation of the 
function that translates input instances to output values by minimizing the expected value of a specified loss function.  

2.2.3 Extreme Gradient Boosting 

Extreme gradient boost is an improved version of the gradient boosting system. XgBoost, like gradient boosting, 
generates an additive extension of the objective function by minimizing a loss function. It enhances prediction accuracy 
by training decision trees consecutively, with each successive tree addressing the errors made by the previous one, as 
seen in Figure 2(e). XgBoost features some improvements that increase efficiency, and its regularizing mechanisms 
minimize overfitting and improve computation speed. 
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Table 1: Descriptive analysis of input features 

 

cement water Fine 

Agg. 

Coarse 

Agg. 

Fly 

Ash 

Silica 

Fumes 

metakaolin exposure 

Age 

Total 

Age 

SP NaCl HCl baseline 

CS 

CS 

count 54 54 54 54 54 54 54 54 54 54 54 54 54 54 

mean 342.59 188.89 735.56 1356.11 5.19 11.11 30.00 48.52 71.33 0.56 0.69 2.92 28.18 25.13 

std 32.47 12.54 72.73 275.24 12.55 12.54 29.28 25.70 31.59 0.69 1.13 2.10 1.55 3.22 

min 297.5 175 655 1050 0 0 0 28 28 0 0 0 25.2 17.29 

25% 315 175 655 1050 0 0 0 28 56 0 0 0 27.1 23.4 

50% 340 200 800 1600 0 0 20 30 58 0 0 2.5 28.1 26.25 

75% 360 200 800 1600 0 25 52.5 62 90 1.26 2.5 5 29.28 27.45 

max 400 200 800 1600 35 25 80 90 118 1.79 2.5 5 31.4 29.6 
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2.2.4 Adaptative Boosting 

Adaptive Boosting is an ensemble method for enhancing accuracy by combining multiple weak models to create one 
highly accurate prediction model. It prioritizes misclassified occurrences in each iteration, giving more weight to 
ambiguous samples [24]. The technique starts by creating a base model from the complete dataset and then evaluating 
errors to increase the impact of misclassified occurrences. This means that future models devote more of their attention 
to addressing prior flaws. This adaptive strategy enables AdaBoost to build a highly accurate model using modest 
learners, successfully handling complex patterns while avoiding overfitting. 

 

Figure 2: Diagrammatic representation of the ML models (a) Random Forest (b) Gradient Boosting(c) Extreme 
Gradient Boosting (d) Adaptive Boosting 

2.3 Performance Evaluation of Models 

Machine learning performance measures are quantitative techniques for objectively comparing models and identifying 
areas for improvement. The model's performance was assessed by comparing experimental baseline CS and percentage 
loss of CS to predicted baseline CS and CS of SCM concrete subjected to chloride ingress using the following three metric 
indexes: coefficient of determination (R2), root mean square error (RMSE), mean absolute error (MAE), and mean 
squared error (MSE), whose expressions are given below: 

𝑅2 = 1 −
∑(𝑦𝑖−𝑦̂𝑖)2

∑(𝑦𝑖−𝑦̅𝑖)2 (2.5) 

 

 

 (a) (b) 

 

 

 

 (c) (d) 
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𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2 (2.6) 

𝑀𝐴𝐸 =  
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖| (2.7) 

𝑀𝑆𝐸 =  
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1  (2.8) 

where 𝑦𝑖  and 𝑦̂𝑖  denote the actual and predicted values, respectively; 𝑦̅𝑖  represents the mean value; and n is the number 
of samples in the database.  

3 RESULTS AND DISCUSSION 

3.1 Performance of ML Models 

3.1.1 Random Forest 

(a) 

(b) 

Figure 3: RF model (a) Relationship between the actual and predicted results (b) Distribution of actual and 
predicted values along with the errors. 

Figure. 4(a) shows the statistical analysis interpretation of the actual and expected results for the baseline CS and CS of 
SCM-based concrete subjected to chloride ingression for the RF model, with light-blue circles denoting training data and 
orange triangles representing test data. The solid black diagonal line represents the ideal prediction line (y=x), whereas 
the dotted lines show ±10% and ±20% error margins. This visual configuration serves as a benchmark for assessing 
model correctness, allowing for the clear detection of overestimation and underestimating trends. The RF model 
generated an output with high precision and little divergence between real and anticipated values. The RF model gave 
an R2 value of 0.8547 for the testing dataset, indicating that the model is within an acceptable range in terms of result 
prediction. Figure 3(b) depicts the dispersion of experimental data, anticipated values, and errors in the RF model. The 
greatest, lowest, and average values in the distribution for baseline CS were 30.73, 26.32, and 27.81 MPa, respectively, 
while for the CS of the concrete subjected to chloride ingression were 28.12, 18.13, and 23.76 MPa. However, the 
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majority of the error data for the baseline CS values were less than or approximately 1 MPa, and for the error data of 
the CS values of the SCM concrete subjected to chloride were well less than 1.5 MPa. 

3.1.2 Gradient Boosting 

Figure 4(a) shows the statistical analysis interpretation of the actual and expected results for the baseline CS and CS of 
SCM-based concrete subjected to chloride ingression for the GradBoost model. The gradient boost model generated an 
output with high precision and little divergence between real and anticipated values. The gradient boost model gave an 
R2 value of 0.8612 for the testing dataset, indicating that the model is within an acceptable range in terms of result 
prediction, and superior performance compared to the RF model. Figure 4(b) depicts the dispersion of experimental 
data, anticipated values, and errors in the RF model. The greatest, lowest, and average values in the distribution for 
baseline CS were 30.61, 26.17, and 27.79 MPa, respectively, while for the CS the concrete subjected to chloride 
ingression were 27.64, 17.89, and 23.54 MPa. 100% of the error data for the baseline CS values were less than or 
equivalent to 1 MPa, and for the error data of the CS values of the SCM concrete subjected to chloride ingression were 
less or approximately 1.5 MPa. 

(a) 

(b) 

Figure 4: GradBoost model (a) Relationship between the actual and predicted results (b) Distribution of 
actual and predicted values along with the errors. 

3.1.3 Extreme Gradient Boosting 

Figure 5(a) shows the statistical analysis interpretation of the actual and expected results for the baseline CS and CS of 
SCM concrete subjected to chloride ingression for the XgBoost model. The XgBoost model generated an output with high 
precision and little divergence between real and anticipated values. The XgBoost model gave an R2 value of 0.8593 for 
the testing dataset, indicating that the model is within an acceptable range in terms of result prediction. While it 
outperformed the RF model, it fell slightly short of the GradBoost model. Figure 5(b) shows the dispersion of 
experimental data, anticipated values, and errors in the RF model. The greatest, lowest, and average values in the 
distribution for baseline CS were 30.58, 26.15, and 27.79 MPa, respectively, while for the percentage CS loss were 27.70, 
17.89, and 23.61 MPa. Majority of the error data for the baseline CS values were less than 1 MPa, and for the error data 
of the CS values of the SCM concrete subjected to chloride ingression were less than 1.5 MPa. 
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(a) 

(b) 

Figure 5: XgBoost model (a) Relationship between the actual and predicted results (b) Distribution of actual 
and predicted values along with the errors. 

3.1.4 Adaptive Boosting 

Figure 6(a) shows the statistical analysis interpretation of the actual and expected results for the baseline CS and CS of 
SCM concrete subjected to chloride ingression for the AdaBoost model. The AdaBoost model generated an output with 
high precision and little divergence between real and anticipated values. The AdaBoost model gave an R2 value of 0.7938 
for the testing dataset, indicating that the model is within an acceptable range in terms of result prediction. The 
AdaBoost model demonstrated a significantly lower R² value relative to the RF, GradBoost, and XgBoost models. Figure 
6(b) depicts the dispersion of experimental data, anticipated values, and errors in the RF model. The greatest, lowest, 
and average values in the distribution for baseline CS were 30.6, 26.15, and 27.63 MPa, respectively, while for the CS of 
the SCM concrete subjected to chloride ingression were 27.8, 17.69, and 23.59 MPa. 100% of the error data for the 
baseline CS values were less than or approximately 1MPa. While for the error data, the CS values for the SCM concrete 
subjected to chloride ingression were less than 2.5 MPa. 

Table 2: Statistical evaluations of the models. 

ML Models R2 RMSE MAE MSE 

Random Forest 0.8547 0.7726 0.6659 0.5969 

Gradient Boost 0.8612 0.7600 0.5701 0.5776 

Extreme Gradient Boost 0.8593 0.8593 0.5584 0.5354 

Adaptive Boost 0.7938 0.9764 0.7398 0.9534 

Overall, the GradBoost and XgBoost model delivered the most accurate and consistent predictions. In comparison, 
GradBoost performed the best having an R2 value of 0.8612, and the lowest RMSE of 0.76. Which shows that the 
GradBoost model performs very well and makes accurate predictions. The RMSE, MAE and MSE value for all the ML 
models is shown in Table 2. 
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(a) 

(b) 

Figure 6: AdaBoost model (a) Relationship between the actual and predicted results (b) Distribution of actual 
and predicted values along with the errors. 

3.2 K-Fold Cross-Validation 

The model's legitimacy was assessed during execution using the K-fold cross-validation approach, which is typically 
used to assess a model's validity. Relevant data are divided into ten groups at random for K-fold cross-validation. One 
group is set aside for model validation, while the other nine are used for training. 80 % of the data was used to train the 
models, while the remaining 20% was used to test the models that were used. The correctness of the model is indicated 
by the high R2 value and the lower values of the errors (RMSE, MAE, and MSE). To get an average result, the method 
must also be performed ten times. The k-fold cross-validation (k = 2, 3, 4, 5, 6, 7, 8, 9, 10) was evaluated using R2, MAE, 
MSE, and RMSE; their distributions for RF, GradBoost, XgBoost, and AdaBoost models are displayed in Table 3. When it 
comes to predicting outcomes, the model with the lowest error and the highest R2 value performs better. The GradBoost 
model's best, lowest, and average R2 values were 0.94, 0.86, and 0.87, respectively. whereas, the XgBoost model's best, 
lowest, and average R2 values were 0.87, 0.81, and 0.83, respectively. Additionally, the GradBoost model's maximum 
RMSE, MAE, and MSE values were 0.94, 0.70, and 0.91 MPa, whereas the XgBoost model's corresponding values were 
0.96, 0.76, and 0.94 MPa. The minimal RMSE, MAE, and MSE for the GradBoost model were 0.54, 0.41, and 0.36 MPa, 
respectively, while the corresponding values for the XgBoost model were 0.67, 0.53, and 0.48 MPa. The GradBoost model 
exhibited greater predictive accuracy than the XGBoost model, as evidenced by its lower RMSE, MAE, and MSE values, 
reflecting a minimized error profile. 
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Table 3: Results of k-fold cross-validation. 

K-
Fold 

RF GradBoost XgBoost AdaBoost 

R2 RMSE MAE MSE R2 RMSE MAE MSE R2 RMSE MAE MSE R2 RMSE MAE MSE 

2 0.75 1.0 0.78 1.03 0.79 0.94 0.70 0.91 0.78 0.96 0.76 0.94 0.76 1.04 0.85 1.14 

3 0.80 0.92 0.75 0.87 0.90 0.67 0.49 0.50 0.84 0.81 0.64 0.69 0.79 0.98 0.78 1.02 

4 0.85 0.77 0.63 0.61 0.87 0.73 0.52 0.56 0.82 0.82 0.65 0.70 0.81 0.89 0.71 0.86 

5 0.88 0.71 0.54 0.52 0.92 0.59 0.41 0.38 0.87 0.72 0.56 0.52 0.87 0.78 0.62 0.68 

6 0.85 0.72 0.56 0.55 0.89 0.63 0.43 0.43 0.83 0.73 0.55 0.55 0.81 0.84 0.66 0.77 

7 0.83 0.78 0.61 0.65 0.86 0.71 0.50 0.55 0.81 0.81 0.60 0.68 0.81 0.86 0.68 0.81 

8 0.82 0.69 0.56 0.50 0.89 0.54 0.42 0.36 0.82 0.67 0.53 0.48 0.79 0.76 0.61 0.64 

9 0.84 0.71 0.57 0.55 0.89 0.60 0.44 0.43 0.85 0.69 0.54 0.52 0.80 0.82 0.64 0.74 

10 0.82 0.70 0.56 0.56 0.86 0.61 0.45 0.48 0.81 0.71 0.56 0.58 0.79 0.80 0.64 0.74 

 

3.3 SHAP Analysis 

  

a b 

Figure 7: Influence of different parameters on baseline CS (a) SHAP impact values of the predictor, (b) 
Sensitivity analysis of mean SHAP values. 

SHAP ensures mathematically rigorous and consistent interpretations by accounting for feature interactions and 
providing both per-prediction and overall model explanations. Its main goal is to improve machine learning models' 
transparency by accurately measuring feature influence. Figure 7(a) illustrates the SHAP analysis of the baseline CS. Its 
shows the influence of various parameters on the baseline CS of the SCM concrete. The SHAP summary plot displays the 
distribution of SHAP values for each feature, highlighting both the magnitude and direction either positive or negative 
of their impacts on the baseline CS of the concrete. Cement appears to have the most significant impact on the baseline 
concrete, which means that, with higher values of cement strongly increases the predicted baseline CS of the SCM 
concrete. Similarly for coarse aggregate, total age of curing and exposure age to chloride ingression. While for the CS of 
the SCM concrete subjected to chloride ingression as shown in Figure 8(a) shows that exposure age had the most 
significant impact on the CS of the concrete subjected to chloride ingression, this means that the longer the exposure 
age the lower the CS of the SCM-concrete. This is also the case for the total age, but coarse aggregate, cement and 
metakaolin have a positive influence on the CS of the concrete when subjected to chloride ingression. Figure 7(b) and 
Figure 8(b) provides a complementary view by ranking the mean absolute SHAP values, giving a clearer picture of the 
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average contribution magnitude of each feature to the model output. However, parameters such as NaCl, fine aggregate, 
water, and SF show minimal mean SHAP values, indicating relatively negligible impact on the CS of concrete. 

  

a b 

Figure 8: Influence of different parameters on CS of concrete subjected to chloride ingression (a) SHAP impact 
values of the predictor, (b) Sensitivity analysis of mean SHAP values. 

4 CONCLUSION 

The objective of this study was to evaluate and demonstrate how ML techniques can be used to forecast the compressive 
strength of SCM concrete subjected to chloride ingression. The baseline CS and CS of SCM concrete subjected to chloride 
ingression was forecasted using RF, GradBoost, XgBoost, and AdaBoost algorithms. The following conclusions can be 
drawn: 

• The GradBoost model was more effective at prediction than the other models employed, this was due to a higher 
coefficient of determination (R2) and lower error values (RMSE, MAE, MSE). The R2 value for the GradBoost, 
XgBoost, RF and AdaBoost models was noted to be 0.8612, 0.8593, 0.8547, and 0.7938, respectively. Which are 
all within the acceptable range. 

• The k-fold cross-validation approach and statistical analysis have further demonstrated the models' adequate 
performance. The GradBoost model's higher performance over the other models under analysis was also 
confirmed by these checks. 

• SHAP analysis revealed that cement and coarse aggregate were the most critical features contributing majorly 
to the baseline CS of the SCM concrete, i.e. an increase in cement and coarse aggregate content will improve the 
baseline CS of the SCM concrete, while exposure age and total age contributed majorly to the CS of the SCM 
concrete subjected to chloride ingression, i.e. the longer the SCM concrete is subjected to chloride ingression, 
the lower the CS of the SCM concrete. 

• Without requiring more time for sample casting and testing, ML approaches can more accurately predict the 
strength characteristics of SCM concrete subjected to chloride ingression. 

This research bridges the gap between experimental data and practical engineering, demonstrating how ML-driven 
approaches can revolutionize the determination of the baseline CS and CS of SCM concrete subjected to chloride 
ingression. For future research, it is recommended to evaluate a wider range of machine learning algorithms for 
outcome prediction. Additionally, expanding the dataset size and integrating alternative machine learning architectures 
could further enhance model robustness and generalization. Also, other input parameters could be added to get better 
response from the models. In addition, more in-depth analyses such as hyper-parameter tuning should be carried out 
to improve the prediction accuracy of the model, and checks such as partial dependence plot (PDP) as an addition to 
SHAP analysis to help identify trends, thresholds, or nonlinear patterns, for a better evaluation and understanding of 
the outcomes from ML techniques. 
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