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Abstract 9 

Research on multi-recycled aggregate concrete (MRAC), which involves reusing recycled concrete, has 10 

been actively pursued to promote sustainable practices. However, studying the properties of MRAC 11 

often requires significant time and resources. Machine learning (ML)-based predictive methods offer a 12 

promising solution to overcome these challenges. In this study, ML models were developed and 13 

evaluated to predict the compressive strength of MRAC using a dataset of 197 samples, 8 input features, 14 

grid search, cross-validation, and 9 algorithms. The results demonstrated that ML models could achieve 15 

high accuracy (R² > 0.9) even without the application of advanced techniques. However, certain data 16 

points consistently exhibited high error rates across multiple models, and the potential causes of poor 17 

performance associated with these data points were investigated. Additionally, a post-analysis of the 18 

evaluated models was conducted using Shapley Additive Explanations to assess the effect of key 19 

features, and recommendations were provided for improving MRAC properties for future research. 20 
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1. Introduction 29 

Concrete is the most widely used construction material worldwide, valued for its various advantages, 30 

such as durability, strength, and cost-effectiveness. However, the key properties of concrete can 31 

typically be assessed after sufficient curing, which requires a long curing time for evaluation. This 32 

prolonged timeline poses challenges in experimental workflow, emphasizing the need for predictive 33 

methods to estimate concrete properties in advance. Yet, due to the nonlinear and complex behavior of 34 

concrete, traditional statistical modeling techniques often struggle to provide accurate predictions [1,2]. 35 

This limitation becomes more pronounced when new types of materials are introduced in concrete. 36 

Over the past few decades, aligned with global sustainability goals, concrete has been used as a recycled 37 

aggregate for new concrete. The recycled aggregates, composed of original aggregates and old mortar, 38 

possess distinct physical and chemical characteristics compared to natural aggregates [3,4]. Such 39 

differences complicate the behavior of concrete made with recycled aggregates, making traditional 40 

statistical models originally designed for natural aggregates often unsuitable for recycled aggregate 41 

concrete [5,6]. Machine learning (ML)-based models, by contrast, have shown promise in overcoming 42 

these challenges. ML models can capture the intricate relationships and diverse characteristics of 43 

concrete mixtures, offering a robust alternative for predicting the properties of recycled aggregate 44 

concrete [7,8]. 45 

An area of growing research interest is multi-recycled aggregate concrete (MRAC), which involves the 46 

successive recycling of concrete materials. Repeated recycling alters the physical and chemical 47 

properties of recycled aggregates, making it even more challenging to predict the strength and durability 48 

of MRAC compared to conventional recycled aggregate concrete [9–11]. These property changes 49 

highlight the limitations of experimental methods, which require substantial costs and time to model 50 

the properties of MRAC. The challenges become more pronounced as the number of recycling cycles 51 

increases. Data-driven predictive technologies, such as ML, can be considered promising solutions to 52 

overcome the limitations of experimental-based modeling. Despite their potential, there have been 53 

limited attempts to predict MRAC properties using ML techniques. This study aims to fill this gap by 54 

exploring the potential for developing ML models to predict the compressive strength of MRAC, 55 

providing valuable insights through model evaluation and post-analysis to effectively predict the 56 

performance of MRAC. 57 

 58 

2. Research objectives and significance 59 

This study aims not only to develop ML models for predicting the compressive strength of MRAC 60 
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but also to deliver actionable insights through comprehensive post-analysis. Specifically, the study aims 61 

to achieve the following objectives: 62 

(1) ML models are developed to predict the compressive strength of MRAC based on its mix 63 

composition. A key focus is on incorporating the evolving characteristics of recycled 64 

aggregates, influenced by repeated recycling, as input features. This approach is designed 65 

to enhance predictive accuracy by accounting for the unique behaviors of multi-recycled 66 

aggregates. 67 

(2) The performance of the developed ML models is assessed using metrics such as coefficient 68 

of determination (R²), root mean square error (RMSE), mean absolute error (MAE), and 69 

mean absolute percentage error (MAPE). An error analysis is conducted to identify data 70 

points with significant discrepancies between predicted and actual values. Furthermore, 71 

potential causes of these discrepancies are examined to understand the limitations and 72 

areas for improvement in the models. 73 

(3) Post-analysis of the developed models is conducted to assess the relative importance and 74 

contribution of key input features influencing the compressive strength of MRAC. This 75 

analysis not only provides valuable insights for optimizing MRAC mix design but also 76 

highlights directions for future research aimed at improving the strength. 77 

 78 

3. Research framework 79 

The workflow of this study is organized into three sequential stages, each designed to systematically 80 

address the research objectives: 81 

(1) Database construction: The first stage focuses on constructing a database to support the 82 

development of a compressive strength prediction model for MRAC. This involves collecting 83 

data from relevant literature, analyzing the statistical characteristics of the data, and executing 84 

preprocessing steps tailored for ML. Preprocessing includes splitting the dataset into training 85 

and testing subsets, as well as scaling the data to ensure compatibility with ML algorithms. 86 

Comprehensive details of this stage are presented in Section 4. 87 

(2) Machine learning model development and evaluation: The second stage is dedicated to building 88 

various ML models based on the prepared database and evaluating their performance. Key 89 

procedures in this stage include hyperparameter optimization via grid search, cross-validation 90 

to mitigate overfitting, and performance-based model assessment. The findings of this stage are 91 
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elaborated in Section 5. 92 

(3) Post-Analysis: In the third stage, SHAP analysis is used to assess the contributions of individual 93 

input features to the output feature, and examine whether their effects align with existing 94 

theoretical knowledge. By providing deeper interpretability of the ML results, this process 95 

generates valuable insights that can inform future improvements. Detailed discussions of this 96 

stage are presented in Section 6. 97 

Figure 1 outlines the workflow of this study. 98 

 99 

 100 

Figure 1. Research framework 101 

 102 

4. Data processing 103 

4.1. Data preprocessing 104 

To develop a ML model for predicting the compressive strength of MRAC, a dataset was constructed 105 

by collecting data from previously published literature. The selection of input features for model 106 

training is a critical aspect in the dataset construction process. Various factors influence concrete 107 

strength, including ingredient properties, mix proportions, production conditions (e.g., mixing 108 

procedure and time), and environmental factors (e.g., temperature and relative humidity). However, 109 

incorporating all these parameters into the dataset is impractical, and many relevant parameters are not 110 

comprehensively reported in the literature. Consequently, this study limits the input features to mix 111 

proportions, which are both highly influential on concrete strength and widely reported [12]. 112 

Additionally, the recycling cycle and the characteristics of recycled materials were considered as input 113 
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features in alignment with the objectives of this study. The input variables selected during the initial 114 

database construction are as follows: recycling cycle (R-Cycle), water absorption of coarse aggregate 115 

(CA-WA), cement (C), slag (S), fly ash (F-ash), silica fume (SF), water (W), national coarse aggregate 116 

(NCA), recycled coarse aggregate (RCA), fine aggregate (FA), age, compressive strength of concrete 117 

(CS). The CS values obtained from specimens of various sizes were normalized to a reference 150 mm 118 

cube to account for the size effect [13]. 119 

In regression models, high linear correlations between explanatory variables can lead to unreliable 120 

results due to information redundancy [14]. To address this, collinearity diagnostics were conducted on 121 

the dataset. Collinearity can be assessed using the Variance Inflation Factor (VIF), where a VIF value 122 

greater than 10 indicates that a particular independent variable is highly correlated with other 123 

independent variables [15]. As shown in Figure 2(a), the VIF values for NCA and RCA content in the 124 

collected data were 68.8 and 54.8, respectively, both significantly exceeding the threshold. To resolve 125 

this collinearity issue, these two independent variables were combined into a single variable, coarse 126 

aggregate (CA), and the aggregate replacement ratio (Rep) was added. Moreover, considering the "curse 127 

of dimensionality," where the required data size grows exponentially with the number of dimensions, 128 

reducing dimensions was an effective way to enhance model reliability when data samples were limited 129 

[16,17]. Therefore, variables with fewer data points, such as S, F-ash, and SF, were integrated into the 130 

water-to-binder ratio (w/b). After these adjustments, the revised dataset demonstrated reduced VIF 131 

values for all variables, as shown in Figure 2(b), with no values exceeding the threshold, confirming 132 

that high collinearity had been eliminated. Through this preprocessing, the final dataset comprised 197 133 

data points with 8 input features and 1 output feature. A statistical summary of the prepared dataset is 134 

provided in Table 1, with detailed individual data points available in the supplementary materials 135 

accompanying this paper. 136 

 137 

Figure 2. Variance inflation factor of input features before and after dimensionality reduction 138 
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Table 1. Descriptive statistics of the dataset used in the study 139 

Feature Abbreviation Unit Min Max Median Mean Standard 

deviation 

Recycling cycle R-Cycle - 0 3 2 1.63 1.07 

Replacement ratio Rep % 0 100 100 69.5 40.2 

Water absorption 

of coarse 

aggregate 

CA-WA - 0.32 13.3 5.6 5.55 3.34 

Cement C kg/m3 207 527 400 388 74 

Water-binder ratio w/b - 0.37 0.71 0.5 0.51 0.074 

Coarse aggregate CA kg/m3 614 1144 942 931 113 

Sand-aggregate 

ratio 

S/a - 0.344 0.630 0.409 0.430 0.073 

Age - Day 2 120 28 41.6 33.8 

Compressive 

strength 

CS MPa 10.96 65.53 47.60 45.36 13.12 

 140 

4.2. Data splitting and scaling 141 

In this study, the dataset was partitioned into training and test sets to avoid overfitting of the predictive 142 

models and to evaluate their generalization ability. Specifically, the data was randomly split, with 70% 143 

designated for the training set and the remaining 30% for the test set. The training set was used for 144 

model development and hyperparameter optimization, while the test set was reserved solely for the final 145 

evaluation of model performance.  146 

Certain ML algorithms rely on assigning weights to input features during training. When features differ 147 

significantly in scale, those with larger numerical values may disproportionately affect the model, 148 

potentially skewing its performance. To mitigate this, it is important to standardize the scale of features. 149 

In this study, z-score normalization was applied to transform each feature so that it has a mean of 0 and 150 

a standard deviation of 1. This process ensures that all features are scaled uniformly, preventing any 151 

single feature from dominating the learning process and enabling the ML algorithm to perform more 152 

effectively and equitably. 153 

 154 
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 155 

5. Machine learning model development  156 

5.1. Model training and evaluation 157 

In the model development, nine ML algorithms were employed: Linear Regression (LR), Lasso 158 

Regression (LSR) [18], Polynomial Regression (PR) [18], Support Vector Regression (SVR) [19], K-159 

Nearest Neighbors (KNN) [20], Artificial Neural Networks (ANN) [21], Random Forest (RF) [22], 160 

eXtreme Gradient Boosting (XGB) [23], and Light Gradient Boosting (LGB) [24]. Comprehensive 161 

descriptions and theoretical foundations for these algorithms can be found in the referenced literature. 162 

In the model development process, the grid search technique was employed for hyperparameter 163 

optimization. Table 2 summarizes the range of hyperparameters explored and the final values selected 164 

for each algorithm. Grid search is an exhaustive method that evaluates all possible combinations of 165 

hyperparameters within a predefined search space, helping identify the optimal configuration to 166 

maximize model performance. After hyperparameter tuning, 5-fold cross-validation was applied to 167 

assess model reliability and mitigate the risk of overfitting. In this procedure, the dataset is divided into 168 

five equal parts, with each fold serving as the validation set once, while the remaining four folds are 169 

used for training. This iterative process ensures that the model does not overfit to the training data, 170 

providing a more accurate evaluation of its generalization ability. Once cross-validation was completed, 171 

the model with the best performance was selected. This model was subsequently applied to the test set, 172 

which was not involved in the cross-validation process, to generate the final predictions.  173 

 174 

Table 2. Hyperparameter settings and selected values 175 

Model Hyperparameter  
 Parameter Range Selected 
LR fit_intercept 

n_jobs 
positive 

True, False 
-1, 1 
True, False

True 
-1 
False 

LSR alphas 
fit_intercept 
max_iter 
tol 
selection 

0.001, 0.01, 0.1, 1, 10, 100 
True, False     
100, 300, 500, 1000 
0.0001, 0.001, 0.01 
cyclic, random                

0.001, 0.01, 0.1, 1, 10, 100 
True 
300 
0.0001 
random 

PR poly__degree 
model__fit_intercept 
model__positive 

1, 2, 3, 4 
True, False 
True, False

2 
False 
False 

SVR C 
epsilon 
kernel 

0.1, 1, 10, 100, 200, 300, 500 
0.01, 0.1, 0.2, 0.5, 0.7, 0.9 
linear, poly, rbf              

200 
0.5 
rbf
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KNN n_neighbors 
weights 
metric 
p 
algorithm 
leaf_size 

3, 5, 7, 10, 15, 20 
uniform, distance 
euclidean, manhattan, minkowski 
1, 2, 
auto, ball_tree, kd_tree, brute 
10, 20, 30, 40, 50

5 
distance 
manhattan 
1 
Auto 
10

ANN hidden_layer_sizes 
activation 
solver 
alpha 
learning_rate_init 
max_iter 

128, 256, 256-128, 128-64 
tanh, relu 
adam, sgd, lbfgs   
0.0001, 0.001, 0.01 
0.001, 0.0005, 0.0001 
1000, 1500, 3000, 5000    

128-64 
tanh 
sgd 
0.01 
0.0001 
3000 

RF n_estimators 
max_depth 
min_samples_split 
min_samples_leaf 
max_features 
bootstrap 

100, 200, 300, 400 
1, 3, 5, 7, 8, 9, 10, 11 
2, 3, 4, 5 
1, 2, 3, 4   
sqrt, log2 
True, False                          

200 
10 
2 
1 
Log 
False 

XGB n_estimators 
max_depth 
learning_rate 
colsample_bytree 
min_child_weight 

100, 200, 300, 400, 500, 700, 800, 1000 
1, 2, 3, 5 
0.01, 0.05, 0.1, 0.2 
0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.8, 1.0 
1, 2, 3, 5

500 
5 
0.1 
0.3 
2

LGB n_estimators 
max_depth 
learning_rate 
num_leaves 
min_child_samples 

400, 600, 800, 1000 
1, 2, 3, 5 
0.01, 0.1, 0.2, 0.3 
2, 4, 6 
1, 3, 5, 10

1000 
3 
0.2 
4 
1

 176 

Model performance was evaluated using commonly used performance metrics: R-squared (R²), Root 177 

Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error 178 

(MAPE) (eqs 1-4). The R² value ranges from 0 to 1 and indicates the model's goodness of fit. A value 179 

closer to 1 suggests that the model better explains the variation in the dependent variable. RMSE 180 

measures the square root of the average squared differences between the predicted and actual values, 181 

providing an overall assessment of the model accuracy. A lower RMSE value indicates that the 182 

predictions are closer to the actual values. MAE calculates the average absolute differences between 183 

predicted and actual values, while MAPE calculates the percentage error between them. Both metrics 184 

assess model accuracy, with smaller values indicating fewer errors and better predictive performance. 185 

-.Coefficient of determination (R-squared): 186 

𝑅ଶ ൌ 1 െ
∑ ሺ௬೔ି௬ഢෝ ሻమ
೙
೔సభ

∑ ሺ௬೔ି௬തሻమ
೙
೔సభ

   (eq.1) 187 

-.Root mean squared error (RMSE, MPa): 188 

𝑅𝑀𝑆𝐸 ൌ ටଵ

௡
∑ ሺ𝑦௜ െ 𝑦పෝሻଶ
௡
௜ୀଵ  (eq.2) 189 
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-. Mean absolute error (MAE, MPa): 190 

𝑀𝐴𝐸 ൌ
ଵ

௡
∑ |𝑦௜ െ 𝑦పෝ|
௡
௜ୀଵ   (eq.3) 191 

-. Mean absolute percentage error (MAPE, %) 192 

𝑀𝐴𝑃𝐸 ൌ
ଵ

௡
∑ ቚ௬೔ି௬ഢ

ෝ

௬೔
ቚ௡

௜ୀଵ ൈ 100 (eq.4) 193 

 194 

where, 𝑦௜ and 𝑦పෝ  represent the actual and predicted values, while 𝑦ത denotes the mean of the actual 195 

values, repsectively. n indicates the total number of data points. 196 

 197 

5.2. Post-hoc analysis 198 

As ML systems become more complex, the need to not only improve prediction accuracy but also to 199 

understand and interpret prediction outcomes has grown increasingly important [25]. In this study, the 200 

SHAP technique, a method for eXplainable Artificial Intelligence (XAI), was employed. SHAP, which 201 

is based on the Shapley value from game theory, is used to provide a systematic framework for 202 

explaining the predictions of nonlinear models. The contributions of individual features to model 203 

predictions were assessed, and valuable insights were provided, along with suggested directions for 204 

future research. 205 

 206 

6. Results and discussion 207 

Table 3 summarizes the results of predicting CS of MRAC using various algorithms, presenting 208 

performance metrics including R², MAE, RMSE, and MAPE. On the training set, R² values ranged from 209 

0.552 to 1.000, whereas on the test set, they ranged from 0.414 to 0.934, indicating a slight decline in 210 

performance when evaluated on unseen data. 211 

The linear regression models, LR and LSR, showed the lowest predictive performance with R² values 212 

of 0.414 and 0.415, respectively, indicating that their predictive accuracy was below 50%. In contrast, 213 

models such as PR, SVR, KNN, ANN, and ensemble models like RF, XGB, and LGB demonstrated 214 

comparatively better performance [26,27]. For the training set, these advanced models achieved R² 215 

values between 0.956 and 1.000, with corresponding MAE, RMSE, and MAPE values ranging from 216 

0.09 to 2.23 MPa, 0.13 to 2.75 MPa, and 0.1% to 6.1%, respectively, indicating robust model training. 217 
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On the test set, these metrics ranged from 0.75 to 0.93 for R², 2.23 to 5.05 MPa for MAE, 3.32 to 6.39 218 

MPa for RMSE, and 4.9% to 12.4% for MAPE, showing a decline in prediction accuracy and an 219 

increase in error compared to the training set. These results are consistent with results typically reported 220 

in previous studies on predicting concrete properties [28,29]. 221 

Although KNN and RF models achieved 100% accuracy on the training set, their performance dropped 222 

on the test set, with accuracy values of 75.4% and 87.1%, respectively, representing decreases of about 223 

25% and 13%. This suggests potential overfitting and a decline in generalization ability. The XGB 224 

model demonstrated the best predictive performance, achieving the highest accuracy (R² = 0.934) and 225 

the lowest error metrics (MAE = 2.23 MPa, RMSE = 3.32 MPa, MAPE = 4.9%). However, it is 226 

important to recognize that model performance is influenced by various factors, including the dataset, 227 

parameter settings, and data preprocessing. According to the "no free lunch" theorem, no single 228 

algorithm can consistently provide the best performance across all types of problems [30,31]. Therefore, 229 

a comprehensive analysis of multiple models is necessary. In this study, the focus was on five models 230 

(PR, SVR, ANN, XGB, LGB) that achieved R² values greater than 0.9 on the test set. 231 

 232 

Table 3. Performance results of machine learning across various algorithms 233 

Model Training Testing Runtime (s) 

 R2 MAE RMSE MAPE R2 MAE RMSE MAPE  

LR 0.553 7.27 8.75 18.9 0.414 8.14 9.86 19.6 4.74 

LSR 0.552 7.30 8.76 19.0 0.415 8.15 9.85 19.7 4.95 

PR 0.956 2.23 2.75 6.1 0.912 2.98 3.81 7.3 5.75 

SVR 0.984 0.93 1.65 2.7 0.896 3.21 4.16 7.9 6.94 

KNN 1.000 0.02 0.13 0.1 0.754 5.05 6.39 12.4 6.80 

ANN 0.974 1.54 2.11 3.9 0.900 3.45 4.07 8.4 1410.93 

RF 1.000 0.12 0.24 0.3 0.871 3.63 4.63 9.0 81.42 

XGB 0.999 0.32 0.50 0.8 0.934 2.23 3.32 4.9 157.67 

LGB 0.999 0.09 0.32 0.3 0.903 2.69 4.01 6.2 144.28 

 234 

6.1. Prediction performance 235 

The scatter plot comparing the actual and predicted values for the five selected models is presented in 236 

Figure 3. Since only models with an R² greater than 0.9 were chosen, all the models exhibit a strong 237 

correlation between the experimental and predicted values, with the points closely aligned along the 238 



This is a preprint of a manuscript that has not been peer-reviewed. The final version of this paper was accepted and published 
in Applied Soft Computing by Elsevier. (https://doi.org/10.1016/j.asoc.2025.113110) 
 

11 

© <2025>. This manuscript version is made available under the CC-BY-NC-ND 4.0 license 
https://creativecommons.org/licenses/by-nc-nd/4.0/ 

equality line (x=y). Most predicted values fall within a ±20% error margin, with the XGB model 239 

showing a tighter clustering within a ±10% error range. 240 

An interesting observation is that, across different ML models, data points that fall outside the ±20% 241 

error range, where training performance is poor or test predictions are inaccurate, are located in similar 242 

zones. Specifically, in all five models, certain training and test data points were consistently 243 

overpredicted in regions where the actual compressive strength was below approximately 15 MPa. 244 

Additionally, similar trends were observed near actual values around 51 MPa in the PR, SVR, and XGB 245 

models, and around 37 MPa in the SVR, XGB, and LGB models. 246 

 247 

 248 

Figure 3. Scatter plot of predicted versus actual compressive strength: (a) PR; (b) SVR; (c) ANN; (d) 249 

XGB; (e) LGB 250 

To further examine the data points with large errors, the actual values, predicted values, and residuals 251 

(i.e., the difference between the actual and predicted values) for each individual data point are shown 252 

in Figure 4. Through the error peaks, it can be seen that, except for the ANN model, the errors for data 253 

points 53 and 119 are significantly higher compared to the others across the four models. In addition, 254 

specific data points, such as 3, 15, and 100, were found to have poor learning performance depending 255 

on the ML model. For the test set, relatively high errors were observed for data points such as 152, 156, 256 

159, and 162. These results indicate that certain data points in the dataset pose consistent challenges for 257 

accurate modeling and prediction, regardless of the algorithm employed. 258 
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 259 

Figure 4. Actual values, predicted values, and residuals for each data point across various machine 260 

learning models: (a) PR; (b) SVR; (c) ANN; (d) XGB; (e) LGB 261 



This is a preprint of a manuscript that has not been peer-reviewed. The final version of this paper was accepted and published 
in Applied Soft Computing by Elsevier. (https://doi.org/10.1016/j.asoc.2025.113110) 
 

13 

© <2025>. This manuscript version is made available under the CC-BY-NC-ND 4.0 license 
https://creativecommons.org/licenses/by-nc-nd/4.0/ 

The output feature of the dataset used in this study, CS of MRAC, ranges from 10.96 MPa to 65.53 262 

MPa. Expressing residuals in MPa helps quantify the absolute size of errors, but the relative impact of 263 

these errors depends on the actual value. For instance, an error of 3 MPa accounts for approximately 264 

4.6% of the maximum compressive strength (65.53 MPa), whereas it corresponds to 27.4% when 265 

compared to the minimum compressive strength (10.96 MPa), indicating a significant error rate. Thus, 266 

to more accurately evaluate model performance, it is essential to express the difference between the 267 

actual and predicted values as a ratio. 268 

Table 4 lists the top five data points with the highest error rates in both the training and test sets. As 269 

shown in Figure 4, data point 119 exhibited the highest error rate across all ML models, and the 270 

predicted value was overpredicted from 52.3% to a maximum of 150.0% compared to the actual value. 271 

In the test set, data point 197 was found to have the highest error rate in the PR, SVR, and ANN models 272 

and ranked as the second- and third-highest error rate in the XGB and LGB models, respectively. The 273 

error rates for this data point ranged from 21.1% (in the LGB model) to 66.0% (in the SVR model).  274 

However, in the MPa-based error graph, the error peak for data point 197 is not particularly noticeable, 275 

which may cause this data point to be overlooked in error analysis based solely on absolute error values. 276 

The actual CS for data point 197 is 13.9 MPa, which is among the lowest in the dataset. As a result, 277 

despite significant fluctuations in predicted values, the absolute error remained relatively small, ranging 278 

from 2.9 MPa to 6.2 MPa (with the exception of the 9.1 MPa error observed in the SVR model in the 279 

MPa-based error graph). Therefore, interpreting the error only in MPa units may make it difficult to 280 

properly identify data points with high error rates. To address this, incorporating error rate analysis 281 

would provide a more refined approach to evaluating model performance. 282 

Table 4. Data points with the highest error rates in the training and test sets 283 

Data Rank PR SVR ANN XGB LGB 

Train 1 130.7% (119) 136.7% (119) 52.3% (119) 73.7% (119) 150.0% (119) 

 2 34.7% (75) 30.7% (105) 40.4% (117) -23.5% (53) 19.8% (107) 

 3 27.7% (105) -22.7% (53) 20.9% (105) 21.7% (30) -18.3% (103) 

 4 -26.1% (53) 20.1% (15) 17.9% (114) 21.2% (15) 17.8% (15) 

 5 -22.1% (101) -16.9% (129) -17.5% (3) -15.1% (132) -16.5% (53) 

Test 1 41.2% (197) 66.0% (197) 44.9% (197) 28.3% (159) 51.6% (159) 

 2 -26.8% (178) 22.7% (159) 22.1% (155) 23.2% (197) 21.7% (174) 

 3 -25.7% (185) -18.5% (162) 20.8% (143) -14.8% (156) 21.1% (197) 

 4 22.0% (175) -18.3% (185) -20.0% (185) -14.6% (169) -20.5% (178) 

 5 -21.3% (155) 17.7% (175) -16.9% (140) -13.4% (179) 13.8% (167) 
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 Data points 1-137 correspond to the training set, while data points 138-197 correspond to the 284 

test set. 285 

The behavior of data with high error rates, specifically, those reported more than three times in Table 4, 286 

including data points 15, 53, 105, and 119 from the training set, and 159, 185, and 197 from the test set, 287 

was examined in the context of the original literature. According to general knowledge, when concrete 288 

is repeatedly recycled without reinforcement, its mechanical strength and durability tend to be degraded. 289 

Each recycling cycle typically leads to an increase in the water absorption of aggregates, which in turn 290 

raises porosity and promotes the formation of microcracks. This cycle creates a negative feedback loop, 291 

which further weakens the material [9]. Building on this empirical knowledge, Figure 5 illustrates the 292 

relationship between the R-Cycle, CA-WA, and CS. The data points with high error rates and their 293 

comparison groups from the original source are shown with colored solid lines, while data points that 294 

did not have high error rates are represented by black dashed lines for comparison. 295 

Upon analysis, no significant differences were observed between the group of high error rate data and 296 

the group with lower error rate data. In both groups, a consistent decrease in CS was observed as R-297 

Cycle and CA-WA rate increased. This suggests that when individual data points are integrated into a 298 

dataset, they may not perform as expected. This is because data from different studies often come with 299 

varying experimental conditions. For example, variables such as temperature, humidity, measurement 300 

methods, concrete ingredient properties, and equipment specifications are often missing in the literature. 301 

These differences introduce inconsistencies across the data and may result in non-linear interactions or 302 

the influence of hidden variables. Therefore, while relationships between variables might be clear in 303 

individual studies, combining multiple datasets can complicate model training. 304 

 305 

Figure 5. Compressive strength behavior in the original literature for the top 5 data points with the 306 

highest error rates and their comparison group (solid line), and for some data points not included in the 307 

top 5 (dotted line), with respect to recycling cycles (a) and aggregate absorption (b) 308 
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Creating a comprehensive database is one of the greatest hurdles in the development of ML models. As 309 

noted by Li et al. [16], testing concrete properties often requires long curing periods, making the 310 

collection of extensive datasets both time-consuming and costly. Consequently, datasets for predicting 311 

concrete properties are frequently constrained by sample size. This limitation is evident in studies on 312 

MRAC, an emerging area of research characterized by especially limited data availability. In this study, 313 

to make the most of the available data, studies incorporating supplementary cementitious materials 314 

(SCMs), such as slag, fly ash, and silica fume in MRAC, were not excluded from the dataset. Of the 315 

197 total data samples, 14 contained slag, 31 contained fly ash, and 11 contained silica fume, including 316 

duplicates. 317 

When the size of the data sample is limited, dimensionality reduction should be considered to maintain 318 

the reliability of the training process [16,17]. Accordingly, in this study, instead of using the slag, fly 319 

ash, and silica fume as separate input features, they were integrated into the w/b, as mentioned in the 320 

previous section. Based on this context, the dataset was backtracked to analyze potential causes of high-321 

error data. Table 5 summarizes the data points with an error rate exceeding 20% for each model, 322 

including their index number, actual values, predicted values, error rates, and possible causes. Of the 323 

33 data points with high error, 15 involved the inclusion of SCMs. This may be due to the contrasting 324 

effects of SCM types on concrete properties. For example, silica fume enhances early-age strength 325 

development [32–34], whereas slag contributes to strength development at later ages [35]. Consequently, 326 

merging different types of SCMs into a single variable might introduce noise into the model, adversely 327 

affecting learning and prediction performance. Therefore, special caution is needed when integrating 328 

distinct SCM types into a single feature. Moreover, the prediction errors were higher when the actual 329 

CS was significantly low (approximately 15 MPa). CS values from a study by Yang et al. [36] measured 330 

at 3 days of curing exhibited high errors across all models. Statistical analysis of the dataset in Table 1 331 

indicates that the median value of CS is 47.60 MPa, skewed towards the maximum value (65.53 MPa), 332 

with the majority of CS data concentrated in the 40–60 MPa range. This uneven distribution likely limits 333 

the model capacity to learn and predict low-strength behavior. These findings emphasize the pivotal 334 

influence of dataset quality and composition in shaping ML model performance and reliability. They 335 

also highlight the potential risks of unintentionally compromising model reliability during data 336 

processing by individuals developing ML models. 337 

However, since ML models inherently function as black boxes, pinpointing clear and direct causes of 338 

high-error predictions is challenging. While the two causes presented above (integration of SCMs and 339 

insufficient low-strength data) likely contributed to the high error rates, definitive conclusions cannot 340 

be drawn. Further validation of these potential causes remains an ongoing challenge for future research. 341 
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A potential solution could be to analyze SCM-related variables seperately or expand the dataset to 342 

include a broader range of variable combinations. However, challenges such as limited sample sizes, 343 

high-dimensional complexities, and the potential loss of essential information during data integration 344 

remain significant obstacles in the development of ML models. 345 

Table 5. Information and potential causes of data points with an error rate exceeding 20% 346 

 Reference Data 
index 

Actual 
CS 

Predicted 
CS 

Error  Remark 

PR [37] 178 36.54 26.74 26.8% X
 [38] 53 51.39 37.97 26.1% Fly ash 70 kg
 [38] 155 16.70 13.15 21.3% Fly ash 70 kg
 [38] 175 41.64 50.80 22.0% Fly ash 70 kg
 [38] 185 32.02 23.80 25.7% Fly ash 70 kg
 [36] 105 18.54 23.67 27.7% 3 days of age
 [36] 119 10.96 25.29 130.7% 3 days of age
 [36] 197 13.88 19.60 41.2% 3 days of age
 [39] 75 42.1 56.69 34.7% Slag 46 kg, fly ash 184 kg, silica fume 23 

kg
 [40] 101 17.48 13.62 22.1% Silica fume 40 kg 
SVR [38] 53 51.39 39.74 22.7% Fly ash 70 kg
 [36] 105 18.54 24.23 30.7% X
 [36] 119 10.96 25.94 136.7% X
 [36] 197 13.88 23.05 66.0% X
 [41] 159 36.81 45.16 22.7% Slag 40 kg, fly ash 83 kg, silica fume 21 

kg
 [42] 15 37.91 45.52 20.1% Slag 45 kg, fly ash 90 kg, silica fume 23 

kg
ANN [38] 155 16.70 20.40 22.1% Fly ash 70 kg
 [38] 185 32.02 25.63 20.0% Fly ash 70 kg
 [36] 105 18.54 22.42 20.9% 3 days of age
 [36] 119 10.96 16.69 52.3% 3 days of age
 [36] 197 13.88 20.12 44.9% 3 days of age
 [40] 117 25.32 35.55 40.4% X
XGB [37] 30 42.46 51.65 21.7% X
 [38] 53 51.39 39.33 23.5% Fly ash 70 kg
 [36] 119 10.96 19.04 73.7% 3 days of age
 [36] 197 13.88 17.10 23.2% 3 days of age
 [41] 159 36.81 47.23 28.3%  Slag 40 kg, fly ash 83 kg, silica fume 21 

kg
 [42] 15 37.91 45.94 21.2% Slag 45 kg, fly ash 90 kg, silica fume 23 

kg
LGB [37] 178 36.54 29.06 20.5% X
 [36] 119 10.96 27.41 150% 3 days of age
 [36] 197 13.88 16.81 21.1% 3 days of age
 [36] 174 31.15 37.91 21.7% 7 days of age
 [41] 159 36.81 55.82 51.6% Slag 40 kg, fly ash 83 kg, silica fume 21 

kg
 347 

6.2. SHAP analysis 348 
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6.2.1. Global interpretation 349 

The SHAP summary plot in Figure 6 visually illustrates how input features influence the output feature 350 

in the ML models. In the plot, dots with redder colors correspond to higher values of the input feature, 351 

while bluer dots represent lower values. The SHAP values represent the contribution of each feature to 352 

the output feature. 353 

The PR model identified CA, S/a, and w/b as the most influential features affecting CS, whereas the 354 

SVR and ANN models highlighted S/a, CA-WA, and CA as the top three significant features. For the 355 

XGB model, age, C, and CA were the primary features, while the LGB model identified age, S/a, and 356 

CA as the key contributors. Although the ranking of feature importance varied slightly across the models, 357 

the overall influence of the key features on CS was consistent. An increase in age enhanced CS, whereas 358 

increases in S/a, CA-WA, and w/b decreased CS. These findings align well with empirical knowledge 359 

[43]. While CA is traditionally considered a positive contributor to concrete strength, with higher 360 

content improving CS [44,45], this study defines CA as natural, recycled, and multi-recycled aggregates, 361 

which can experience quality degradation over multiple recycling cycles. Consequently, the observed 362 

reduction in CS with increased CA content is reasonable [46,47]. This result indicates that the ML 363 

models effectively captured the characteristics of multi-recycled aggregates. Interestingly, the Rep and 364 

R-Cycle were identified as features with low. This indicates that CS is not directly governed by these 365 

factors but rather by the degradation of aggregate quality resulting from these factors, which ultimately 366 

leads to reduced CS [48]. 367 

 368 

Figure 6. SHAP summary plot of various machine learning models: (a) PR; (b) SVR; (c) ANN; (d) 369 

XGB; (e) LGB 370 
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 371 

6.2.2. Local interpretation 372 

SHAP dependence plots are used to understand the interactions between input features and their effects 373 

on the output feature. Figure 7 and Figure 8 display the SHAP dependence plots for the XGB and PR 374 

models, which demonstrated excellent accuracy in this study. 375 

In both the XGB and PR models, CS increased with age (Figures 7 (a) and Figure 8 (a)) and cement 376 

content (Figures 7 (b) and Figure 8 (b)). For CA content, an increase within the range of 600-900 kg/m³ 377 

enhanced CS, but beyond this threshold, it led to a decrease in compressive strength (Figures 7 (c) and 378 

Figure 8 (c)). S/a reduced CS when it increased from 0.35 to around 0.50, but once it surpassed 0.5, it 379 

started to enhance CS. This behavior could be associated with the decrease in low-quality CA as S/a 380 

ratio rises (Figures 7 (d) and Figure 8 (d)). For w/b, the XGB model showed some dispersion, but a 381 

downward trend in CS was observed up to w/b of 0.55, after which a sudden increase in CS occurred. 382 

In contrast, the PR model exhibited a consistent decrease in CS with increasing w/b, indicating that the 383 

PR model better reflects empirical knowledge (Figures 7 (e) and Figure 8 (e)). The increase in CA-WA 384 

contributed to a decrease in CS, and as the replacement rate rose, so did CA-WA (Figures 7 (f) and 385 

Figure 8 (f)). For R-cycle, no significant change in CS was observed up to the second recycling cycle. 386 

However, after the third recycling cycle, CS decreased, with considerable variation (Figures 7 (g) and 387 

Figure 8 (g)). 388 

 389 
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 390 

Figure 7. SHAP dependent plot of XGB model for interation of input features on out feature: (a) age; 391 

(b) cement; (c) coarse aggregate content; (d) sand-to-aggregate ratio; (e) water-to-binder ratio; (f) water 392 

absorption of coarse aggregate; (g) recycling cycle; and (h) replacement ratio. 393 
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 394 

Figure 8. SHAP dependent plot of PR model for interation of input features on out feature: (a) age; (b) 395 

cement; (c) coarse aggregate content; (d) sand-to-aggregate ratio; (e) water-to-binder ratio; (f) water 396 

absorption of coarse aggregate; (g) recycling cycle; and (h) replacement ratio. 397 

 398 

The SHAP dependence plots provide valuable insights for further research. For example, as the number 399 

of R-Cycle increases, the CA-WA rises, which in turn leads to a reduction in CS. Therefore, employing 400 

various methods such as removing attached mortar or coating aggregates to reduce the CA-WA is 401 

expected to contribute to improving the CS, regardless of the number of R-Cycle. This finding is 402 

particularly significant given the practical challenges in accurately tracking and managing the number 403 

of recycling cycles in the construction industry. 404 

As previously emphasized, the performance of the model is heavily influenced by the quantity of data 405 

used during training. A larger volume of training data allows the model to better capture underlying 406 

patterns, leading to improved accuracy and reduced prediction variance [49,50]. Furthermore, the 407 

dispersion observed in the dependence plots of certain features, which might currently appear scattered 408 

or unclear, is expected to become more distinct and consistent as the size of the data samples grows. 409 
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 410 

7. Conclusions 411 

This study developed and analyzed ML models to predict the strength of MRAC. The following 412 

conclusions were drawn: 413 

(1) ML models with high accuracy (R² > 0.9) could be developed using only basic ML algorithms, 414 

without the need for complex modifications or the combination of multiple algorithms.  415 

(2) When SCMs, which influence concrete strength in different ways, are included in the dataset 416 

with a small sample size, the ML models may fail to capture these complex interactions, 417 

potentially leading to greater discrepancies between predicted and actual values. 418 

(3) The SHAP analysis provided valuable insights based on experimental data. Through this 419 

analysis, the effects of recycling cycles on aggregate properties and concrete strength were 420 

systematically understood, offering directions for future research to optimize the efficient use 421 

of MRAC. This approach can contribute to enhancing experimental efficiency. 422 

(4) This study demonstrated that ML can be a promising solution to overcome the physical time 423 

and resource limitations associated with modeling the strength of MRAC for achieving 424 

sustainable practices. 425 

 426 

8. Limitations  427 

This study demonstrates novelty by developing models to predict the strength of MRAC and discussing 428 

the reasons behind underperforming data points during training and prediction. Despite these 429 

contributions, a notable limitation is the relatively small dataset, which is due to the emerging nature of 430 

the topic. Moreover, in line with the "no free lunch" theorem, it is important to recognize that there is 431 

no universal optimization algorithm that outperforms all others across all possible problems. Algorithm 432 

performance is problem-specific, emphasizing the necessity of selecting the most suitable algorithm for 433 

a given task. From this perspective, the strong performance of the ML models developed in this study 434 

is limited to the conditions defined within the scope of this research. Thus, future studies should focus 435 

on expanding the dataset and exploring diverse ML environments, including hyperparameter 436 

optimization, the application of various algorithms. 437 

 438 
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