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Construction and demolition waste and excessive natural aggregate 

use have increased demand for sustainable concrete technologies. 

This study proposes an AI-assisted framework for predicting and 

optimizing recycled aggregate concrete (RAC). Using a Central 

Composite Design, 20 concrete mixtures were produced based on 

parent concrete strength, recycled coarse aggregate (RCA) 

replacement ratio, and cement content. To address limited data, a 

surrogate-based augmentation method combining Gradient 

Boosting Regression and Gaussian noise injection expanded the 

dataset to 500 realistic samples. An XGBoost model predicted 

compressive strength, splitting tensile strength, and water 

absorption with high accuracy (R² = 0.991, 0.980, and 0.998). 

Feature analysis showed that parent concrete quality mainly 

controls mechanical performance, while RCA ratio strongly 

influences water absorption. Optimization of 125,000 virtual 

mixtures identified an optimal RAC mix containing about 61% 

RCA and 320 kg/m³ cement, achieving balanced strength, 

durability, sustainability, and reduced experimental workload. The 

findings show that RCA could replace natural aggregates to 

maintain sustainable development in the construction industry. 
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1. Introduction 

The construction industry is one of the largest consumers of natural resources and a major contributor to 

environmental degradation, energy consumption, and greenhouse gas emissions [1]. Rapid urbanization 

and infrastructure expansion have significantly increased the demand for natural aggregates and 

cementitious materials, resulting in excessive extraction of virgin resources and large quantities of 

construction and demolition waste (CDW) [2]. Consequently, the development of sustainable and 

resource-efficient construction materials has become an important research priority [3]. 

Recycled concrete aggregate (RCA) produced from processed CDW has emerged as a promising 

alternative to natural coarse aggregate. The use of RCA can reduce landfill disposal, conserve natural 

resources, and promote circular economy principles through material recovery and waste reutilization. As 

a result, recycled aggregate concrete (RAC) has attracted increasing attention as a sustainable 

construction material for future infrastructure applications [4–6]. The use of RCA provides significant 

sustainability benefits by reducing the demand for virgin aggregates, conserving natural resources, and 

diverting construction and demolition waste from landfills. It also supports circular economy principles 

by extending material life cycles and reducing the environmental impacts of aggregate extraction, 

transportation, and disposal. Consequently, RAC has emerged as an effective strategy for improving 

resource efficiency while supporting sustainable infrastructure development. 

Despite its environmental benefits, the structural application of RAC remains challenging because 

recycled aggregates exhibit different physical and microstructural characteristics compared with natural 

aggregates [7–9]. RCA particles generally contain adhered mortar, higher porosity, increased water 

absorption, and weaker interfacial transition zones (ITZs), which significantly influence the mechanical 

and durability properties of concrete [10]. In addition, the quality of RCA strongly depends on the 

characteristics of the parent concrete, leading to highly heterogeneous and nonlinear material behavior. 

Therefore, accurate prediction and optimization of RAC performance using conventional empirical 

equations or simplified regression models remain difficult [11]. 

Traditional trial-and-error experimental approaches for RAC mix design are also time-consuming and 

costly [12]. These limitations have motivated increasing interest in machine learning (ML) techniques 

capable of modeling complex nonlinear relationships between concrete mixture parameters and 

engineering properties. In recent years, ML has become a powerful tool for RAC mix design and property 

prediction by capturing complex nonlinear relationships among mixture parameters. Algorithms such as 

Artificial Neural Network (ANN), Support Vector Regression (SVR), Random Forest (RF), XGBoost, 

LightGBM, and CatBoost have been successfully applied to predict the mechanical and durability 

properties of RAC. More recently, machine learning has been integrated with optimization algorithms and 

explainable AI (XAI) techniques, particularly SHAP, to identify sustainable mix proportions and improve 

model interpretability. These advances highlight the growing potential of AI-assisted approaches for 

sustainable RAC design. Among available ML algorithms, Extreme Gradient Boosting (XGBoost) has 

demonstrated strong predictive capability due to its robustness against overfitting, regularization 

mechanisms, and ability to capture multidimensional interactions within heterogeneous datasets, often 

outperforming traditional algorithms in structural applications [13,14]. 

Although previous studies have successfully applied machine learning methods to concrete property 

prediction, most investigations focus primarily on predictive accuracy using unstructured historical 

databases [15–17]. Comparatively limited attention has been devoted to integrating structured 

experimental design, interpretable machine learning, and optimization frameworks for sustainable RAC 

development. Furthermore, conventional statistical approaches such as Response Surface Methodology 

(RSM) often fail to capture the severe nonlinear degradation mechanisms associated with high RCA 

replacement levels [18–20]. 
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To address these limitations, this study proposes a unified experimental–computational framework for 

sustainable RAC design by integrating Central Composite Design (CCD), surrogate-based data 

augmentation, XGBoost modeling, sensitivity analysis, and deterministic multi-objective optimization 

[21–23]. Initially, a structured experimental database consisting of 20 laboratory mixtures was developed 

using Design-Expert software. To overcome data scarcity, a physically guided augmentation strategy 

incorporating Gaussian-noise injection was employed to generate additional virtual samples within 

experimentally bounded parameter ranges. Subsequently, XGBoost models were developed to predict 

compressive strength, splitting tensile strength, and water absorption of RAC mixtures. Feature 

importance analysis was further implemented to evaluate the relative contribution of mixture parameters 

and improve model interpretability. Finally, a deterministic optimization framework was employed to 

identify sustainable and mechanically reliable RAC mixtures across a high-resolution virtual design space 

containing 125,000 hypothetical combinations. 

Recent advances in AI have significantly enhanced concrete mix design by enabling accurate prediction 

of material properties, efficient optimization of mixture proportions, and data-driven decision-making. In 

particular, ensemble learning algorithms, including XGBoost, LightGBM, and CatBoost, have 

demonstrated superior performance in modeling the complex nonlinear behavior of cementitious 

materials. At the same time, explainable artificial intelligence (XAI) techniques, such as SHAP (SHapley 

Additive exPlanations), have become increasingly important for interpreting machine learning predictions 

and quantifying the influence of individual mixture parameters. Furthermore, the integration of machine 

learning with optimization algorithms has emerged as a promising approach for identifying sustainable 

concrete mixtures that simultaneously satisfy mechanical, durability, economic, and environmental 

objectives. 

Although machine learning has been widely applied to predict recycled aggregate concrete (RAC) 

properties, most studies have focused on predictive accuracy using historical datasets, with limited 

attention to integrating experimental design, physically consistent data augmentation, model 

interpretability, and optimization into a unified framework. Furthermore, conventional Response Surface 

Methodology (RSM) often fails to capture the highly nonlinear behavior of RAC, particularly at high 

recycled aggregate replacement levels. 

To address these gaps, this study proposes an integrated experimental–computational framework 

combining Central Composite Design (CCD), surrogate-based data augmentation, Extreme Gradient 

Boosting (XGBoost), SHAP-based interpretability, and deterministic multi-objective optimization. The 

proposed approach enables accurate prediction, interpretable analysis, and efficient optimization of RAC 

mixtures while reducing experimental effort. 

Accordingly, the main objectives of this study are: (i) to develop a structured experimental database for 

RAC using CCD considering parent concrete strength, RCA replacement ratio, and cement content as 

governing variables; (ii) to establish an XGBoost-based predictive framework for estimating compressive 

strength, tensile strength, and water absorption of RAC mixtures; (iii) to evaluate the relative influence of 

mixture parameters through sensitivity and feature importance analysis; (iv) to perform deterministic 

multi-objective optimization for identifying sustainable and mechanically reliable RAC mixtures with 

balanced mechanical and durability performance. 

2. Materials and methods 

2.1. Materials 

2.1.1. Aggregates 

Two categories of aggregates were utilized in this study: natural aggregates and recycled concrete 

aggregates (RCA). Natural aggregates were employed as both fine aggregate (natural sand) and coarse 
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aggregate (natural gravel), whereas RCA was used exclusively as a partial replacement for natural coarse 

aggregate. Fine RCA was intentionally excluded from the investigation because previous studies have 

consistently reported that incorporation of recycled fine aggregates significantly deteriorates the 

mechanical and durability performance of concrete due to their excessive porosity, high water absorption, 

and weak microstructural characteristics [1,2]. 

Fine recycled concrete aggregate (FRCA) was intentionally excluded to reduce the number of 

experimental variables and to focus on the influence of coarse RCA replacement within a controlled 

framework. Previous studies have shown that FRCA generally exhibits higher water absorption, greater 

adhered mortar content, and poorer particle quality than coarse RCA, resulting in more pronounced 

reductions in workability, strength, and durability. Therefore, limiting the investigation to coarse RCA 

enabled a more systematic evaluation of the proposed machine-learning and optimization framework 

while minimizing the influence of additional material variability. 

Prior to crushing, visible contaminants such as wood, metal, soil, and other foreign materials were 

manually removed from the concrete debris. The parent concrete specimens were then mechanically 

crushed and sieved to produce recycled coarse aggregates with a nominal maximum size of 19 mm. Fine 

recycled particles were excluded from the study. After grading, the aggregates were stored under 

laboratory conditions until use. Water absorption measurements were performed for each RCA type, and 

the corresponding aggregate properties were considered during mixture proportioning to maintain 

consistency among the concrete mixtures. 

To simulate realistic field conditions and account for the variability commonly associated with recycled 

aggregate sources, five categories of parent concrete with different compressive strength levels were 

selected. The parent concretes were obtained from laboratory-demolished specimens as well as real 

construction debris and sidewalk curb wastes. These concrete wastes were mechanically crushed and 

subsequently sieved to produce coarse recycled aggregates with a maximum aggregate size of 19 mm. 

The selected parent concretes covered a compressive strength range between 19 MPa and 36 MPa, 

representing a broad spectrum of practical structural and non-structural concrete applications. The parent 

concrete strength was considered a governing parameter in this study because the physical quality and 

residual mortar characteristics of RCA are strongly dependent on the original concrete properties. The 

compressive strengths of the parent concretes are summarized in Table 1. 

Table 1. Compressive strength (MPa) of parent concretes used for RCA production. 

RCA A B C D E 

fc 19.0 21.5 28.0 33.5 36.0 

 

The physical properties of natural and recycled aggregates are presented in Table 2. Significant 

differences were observed between natural aggregates and RCA. In general, all RCA types exhibited 

lower specific gravity and substantially higher water absorption compared with natural coarse aggregate. 

These differences are primarily attributed to the presence of adhered residual mortar attached to the 

recycled aggregate particles, which increases internal porosity and capillary connectivity. The reduction in 

density and increase in water absorption are well-recognized characteristics of RCA and strongly 

influence both fresh and hardened concrete behavior [5]. 

Among the investigated RCA types, aggregates produced from lower-strength parent concrete 

demonstrated higher water absorption and lower specific gravity, indicating a more porous residual 

mortar structure. Conversely, RCA originating from stronger parent concrete exhibited physical properties 

closer to those of natural aggregate due to improved matrix densification and lower internal 

microcracking within the original concrete [12]. Meanwhile, the maximum aggregate size was maintained 
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at 19 mm for all mixtures to ensure consistency in mixture proportioning and minimize the influence of 

aggregate size variation on concrete behavior. 

The selected ranges were chosen to represent practical RAC production while providing sufficient 

variability for statistical modeling. Parent concrete strengths of 20–40 MPa reflect typical demolished 

structural concrete, RCA replacement ratios of 0–100% capture the full range of recycled aggregate 

utilization and potential nonlinear effects, and cement contents of 300–500 kg/m³ represent common 

structural concrete mixtures. These ranges also satisfy the requirements of the Central Composite Design 

(CCD) for developing reliable predictive and optimization models. 

Table 2. Physical properties of natural and recycled aggregates. 

Aggregate 
Natural 

sand 

Natural 

gravel 

RCA-Type 

A 

RCA-Type 

B 

RCA-Type 

C 

RCA-Type 

D 

RCA-Type 

E 

Specific gravity 

(SSD) 
2.51 2.63 2.44 2.42 2.48 2.53 2.62 

Water absorption 

(%) 
0.87 0.43 4.45 4.35 3.65 3.30 3.30 

 

Although only five parent concrete strength levels (19, 21.5, 28, 33.5, and 36 MPa) were experimentally 

investigated, Parent Concrete Strength (X₁) was treated as a continuous design variable within the CCD 

framework through coded factor representation. These five levels correspond to the standard CCD design 

points (−α, −1, 0, +1, and +α), enabling the development of continuous response surface models over the 

investigated range. Consequently, the optimization process was performed on the fitted surrogate models, 

which provide continuous predictions for intermediate values within the design space rather than 

assuming the existence of additional experimentally measured parent concrete strengths. Therefore, the 

continuous treatment of X₁ represents interpolation within the validated experimental domain and should 

not be interpreted as extrapolation beyond the investigated range. Meanwhile, five different strength 

levels could be easily controlled by choosing five different sources of concretes with the same 

compressive strengths values. 

2.1.2. Cement 

Ordinary Portland Cement (OPC) Type I was used as the sole cementitious material throughout the 

experimental program. No supplementary cementitious materials were incorporated in order to isolate the 

influence of recycled aggregate characteristics and mixture proportions on concrete behavior. 

2.1.3. Water and chemical admixture 

Potable tap water was used for all concrete mixtures and curing operations. To maintain a consistent 

workability level among all mixtures, slump tests were conducted in accordance with standard concrete 

testing procedures (ASTM C143). A target slump value of approximately 100 mm was selected to ensure 

adequate workability while minimizing segregation and bleeding. 

A high-range water-reducing admixture (HRWR) was employed to achieve the desired workability 

without excessively increasing the water content. In all mixtures, the mixing water content was 

maintained constant at 180 kg/m
3
, while the cement content was varied to produce different water-to-

cement (w/c) ratios. This approach enabled systematic investigation of the combined effects of cement 

dosage and RCA characteristics on concrete performance while preserving comparable fresh concrete 

consistency across all experimental mixtures. 

Although the nominal mixing water was maintained at 180 kg/m³ for all mixtures, the recycled concrete 

aggregates were compensated by additional absorption water before mixing. Therefore, the effective 

water available for cement hydration remained essentially constant among the mixtures. Consequently, 
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the observed influence of cement content primarily reflects changes in binder dosage rather than 

unintended variations in the effective water-to-cement ratio. 

2.2. Stepwise research framework 

The proposed research methodology consisted of four sequential and interconnected stages integrating 

experimental design, laboratory testing, machine learning modeling, and deterministic optimization. The 

overall workflow of the study is illustrated schematically in Fig. 1. 

 
Fig. 1. Schematic illustration of the proposed experimental–computational research framework. 

Initially, a structured experimental design strategy was developed using CCD implemented through 

Design Expert software. The objective of this stage was to systematically construct the experimental 

space while minimizing the number of required laboratory mixtures and preserving adequate spatial 

distribution of the governing variables. Three primary input parameters were considered in the design 

framework: (i) compressive strength of RCA; (ii) RCA replacement ratio; (iii) cement content. 

The second stage involved the preparation and testing of twenty laboratory concrete mixtures generated 

from the CCD matrix. Experimental testing was conducted to determine the corresponding response 

variables, including compressive strength (ASTM C39), splitting tensile strength (ASTM C496), and 

water absorption (ASTM C642). These experimentally measured responses formed the core database used 

for subsequent machine learning analysis. 

In the third stage, an artificial intelligence-based predictive framework was developed to establish 

nonlinear relationships between the mixture parameters and target concrete properties. Initially, the 

experimental dataset consisting of 20 laboratory observations was utilized to train a baseline surrogate 

model. Since experimental concrete datasets are inherently limited due to material cost, labor intensity, 

and testing duration, a physically guided data augmentation strategy was subsequently implemented to 

improve the robustness and interpolation capability of the predictive framework. 

The augmentation process involved generating virtual input combinations within the experimentally 

defined parameter boundaries using uniformly distributed random sampling. The trained surrogate model 

was then employed to estimate the corresponding target responses for these virtual mixtures. To preserve 

realistic experimental variability and avoid generation of excessively smooth artificial data, Gaussian 
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noise proportional to experimentally derived prediction error metrics was introduced into the generated 

responses. 

Although the original experimental database comprised only 20 mixtures, the sample size was determined 

by the CCD, which is a statistically efficient experimental design for modeling the effects and interactions 

of multiple variables while minimizing laboratory effort. Rather than relying solely on the limited 

experimental data, the proposed framework employed response surface models calibrated using these 

experimentally validated observations to generate physically consistent synthetic samples for machine-

learning training. Therefore, the reliability of the framework depends primarily on the quality and 

representativeness of the experimental design rather than the number of experimental mixtures alone. 

Nevertheless, larger experimental datasets would further improve model robustness and generalizability 

and should be considered in future studies. 

It is important to emphasize that the generated virtual samples were not used as substitutes for 

experimental measurements. Instead, they were utilized exclusively to improve model stability, 

exploratory analysis capability, and interpolation behavior within the investigated design domain. The 

machine learning framework was fundamentally trained and validated using experimentally derived 

concrete behavior. 

Subsequently, XGBoost was implemented as the primary predictive engine for modeling the nonlinear 

interactions among mixture variables. Model performance was evaluated using statistical indicators 

including coefficient of determination (R
2
), Root Mean Square Error (RMSE), and Mean Absolute Error 

(MAE), together with Leave-One-Out Cross Validation (LOOCV) to improve robustness against 

overfitting. 

The fourth and final stage consisted of deterministic multi-objective optimization of recycled aggregate 

concrete mixtures. Following model validation, the trained XGBoost framework was employed to 

virtually screen a high-resolution design space generated using systematic parameter discretization. A 

total of 125,000 hypothetical mixture combinations were computationally generated through all possible 

combinations of the governing variables. 

It should be noted that these 125,000 mixtures were not experimentally produced. Rather, they 

represented virtual mixture scenarios computationally evaluated using the validated machine learning 

framework. The objective of this stage was to identify sustainable and mechanically reliable mixture 

proportions capable of simultaneously maximizing compressive strength and tensile strength while 

minimizing water absorption. 

2.3. Experimental design and mixture proportioning 

Conventional trial-and-error approaches for RAC mixture development are highly labor-intensive, time-

consuming, and often incapable of systematically capturing complex interactions among governing 

mixture parameters. To overcome these limitations, a structured statistical experimental design strategy 

based on CCD was implemented using Design Expert Software. The CCD framework was selected 

because of its capability to efficiently map multidimensional parameter spaces while significantly 

reducing the number of required laboratory experiments [1]. 

The initial dataset comprised 20 experimental RAC mixtures generated from the authors' own laboratory 

investigation. The experimental program, including material characterization, mixture preparation, 

specimen casting, curing, and testing procedures, has been reported in our previous publication [2]. In the 

present study, these experimentally validated data were used as the basis for developing and validating the 

proposed machine learning and optimization framework. 

In this study, three independent input variables were considered as the primary governing parameters 

affecting RAC performance: (i) compressive strength of RCA (X1); (ii) RCA replacement ratio (X2); (iii) 



N. Biglarijoo et al. Journal of Rehabilitation in Civil Engineering 15-1 (2027) 2709 

8 

cement content (X3). Each parameter was investigated at five coded levels corresponding to axial, 

factorial, and center-point conditions. The investigated parameter ranges were selected to represent 

realistic practical boundaries commonly encountered in recycled aggregate concrete applications while 

simultaneously enabling evaluation of severe nonlinear degradation behavior at high RCA incorporation 

levels. 

The parent concrete compressive strength varied from 19 MPa to 36 MPa in order to simulate recycled 

aggregates originating from both low-quality demolition waste and relatively high-performance structural 

concrete. The RCA replacement ratio ranged from 8% to 92%, thereby covering nearly the entire practical 

replacement spectrum from minimal incorporation to near-full substitution of natural coarse aggregate. 

Cement content varied between 310 kg/m
3
 and 410 kg/m

3
 to investigate the combined influence of binder 

dosage and water-to-cement ratio on mechanical and durability performance. The detailed coded and 

actual parameter levels are summarized in Table 3. 

Table 3. Experimental input variables and coded parameter levels. 

Input factor (unit) Symbol 
Coded values 

-1.68 -1 0 +1 +1.68 

Parent compressive strength (MPa) X1 19 22.5 28 33 36 

Rate of substitution (%) X2 8 25 50 75 92 

Value of cement (kg/m
3
) X3 310 330 360 390 410 

 

Three engineering response variables were selected to comprehensively evaluate both mechanical and 

durability performance of RAC: compressive strength (Y1), splitting tensile strength (Y2), and water 

absorption (Y3). 

The selected responses were chosen because they collectively represent the structural capacity, cracking 

resistance, and permeability-related durability behavior of recycled aggregate concrete. 

Based on the CCD matrix, a total of 20 laboratory concrete mixtures were generated. The experimental 

design consisted of factorial points, axial (star) points, and replicated center points. Specifically, the 

design included six factorial combinations, eight axial points, and five repeated center-point mixtures to 

evaluate experimental variability, estimate pure error, and detect potential curvature in the response 

surfaces, a strategy that ensures statistical reliability in structural optimization. Compared with 

conventional one-factor-at-a-time experimental strategies, the adopted CCD framework enabled efficient 

exploration of multidimensional interactions among RCA quality, substitution level, and binder content 

while substantially reducing the required number of laboratory mixtures. The coded variables generated 

by Design Expert software were subsequently transformed into their corresponding physical values prior 

to machine learning implementation and optimization analysis. The experimentally measured responses 

after 28 days of curing formed the primary dataset used for machine learning training, validation, 

sensitivity analysis, and deterministic optimization. Table 4 shows the statistical summary of the original 

experimental dataset (20 mixtures), including the minimum, maximum, mean, standard deviation, and 

coefficient of variation of both the input and output variables. 

Table 4. Descriptive statistics of the original experimental dataset. 

Variable Unit Min Max Mean Std. Dev. CV (%) 

Parent concrete strength (X₁) MPa 19.0 36.0 27.80 4.64 16.7 

RCA replacement ratio (X₂) % 8 92 48.85 23.21 47.5 

Cement content (X₃) kg/m³ 310 410 359 29.08 8.10 

Compressive strength MPa 22.5 37.8 29.24 4.24 14.5 

Splitting tensile strength MPa 2.4 3.5 2.91 0.32 10.91 

Water absorption % 4.3 7.6 6.6 0.99 15.04 
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2.4. Predictive modeling framework 

2.4.1. Surrogate-based data augmentation 

The initial database consisted of 20 laboratory concrete mixtures generated using the CCD framework. 

Although structured experimental design improves parameter-space coverage, machine learning models 

trained on limited datasets may still suffer from instability and reduced interpolation capability. 

Therefore, a surrogate-based data augmentation strategy was implemented to improve model robustness 

while preserving physical consistency. 

Initially, a baseline Gradient Boosting Regressor (GBR) model was trained using the experimental 

dataset, where parent concrete strength, RCA replacement ratio, and cement content were considered 

input variables, while compressive strength, tensile strength, and water absorption were treated as target 

responses. Subsequently, 480 virtual input combinations were generated within the experimentally 

bounded parameter ranges using uniform random sampling. The trained surrogate model was then used to 

predict the corresponding responses for these hypothetical mixtures. To preserve realistic experimental 

variability, Gaussian noise scaled according to the experimentally derived RMSE values was injected into 

the predicted outputs. This procedure enabled preservation of natural experimental scatter and 

heteroscedastic behavior while maintaining physically meaningful trends within the generated data. 

The augmentation process expanded the dataset from 20 experimental mixtures to 500 physically guided 

samples. The generated virtual data were not intended to replace laboratory measurements or serve as 

independent validation data; rather, they were used to improve model stability, interpolation capability, 

and optimization efficiency within the investigated design space. 

The adopted augmentation framework is particularly suitable for materials informatics applications, 

where experimental testing is often expensive and limited in size. Consequently, the proposed approach 

enables efficient exploration of unexplored mixture combinations while substantially reducing laboratory 

workload and material consumption. 

Although data augmentation increased the sample size for model training, the synthetic data were 

generated from response surface models based on limited experimental observations and therefore inherit 

their assumptions and uncertainties. Consequently, the model's predictive performance depends on the 

quality and representativeness of the original dataset. Future studies should validate the proposed 

framework using larger and independent experimental datasets to improve its generalizability and 

robustness. 

2.4.2. Final XGBoost predictive framework 

XGBoost was selected after considering the characteristics of the available dataset and the objectives of 

this study. Recycled aggregate concrete exhibits highly nonlinear relationships among mixture variables, 

while the experimental dataset is relatively small. Compared with Random Forest (RF), XGBoost 

generally provides higher predictive accuracy by sequentially correcting residual errors through gradient 

boosting rather than constructing independent trees. Artificial Neural Networks (ANNs), although capable 

of modeling complex nonlinear relationships, typically require substantially larger datasets and careful 

hyperparameter tuning to achieve stable performance, making them more susceptible to overfitting when 

experimental data are limited. Support Vector Regression (SVR) performs well for small datasets but 

often requires extensive kernel and parameter optimization and may have difficulty representing complex 

multivariable interactions in heterogeneous material systems. In contrast, XGBoost incorporates 

regularization, shrinkage, and tree-pruning mechanisms that improve generalization while maintaining 

computational efficiency. Furthermore, its tree-based architecture naturally supports feature-importance 

and SHAP analyses, enabling both accurate prediction and interpretable engineering insights, which are 

central objectives of the present study. 
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Following data augmentation, the final machine learning database consisted of 500 physically guided 

samples containing both experimental and surrogate-generated mixtures. This dataset was used to develop 

the predictive framework using XGBoost, an ensemble learning algorithm based on gradient-boosted 

decision trees capable of modeling complex nonlinear relationships without predefined mathematical 

assumptions. 

XGBoost was selected due to its strong capability in capturing the heterogeneous and nonlinear behavior 

of recycled aggregate concrete arising from interactions among recycled aggregate quality, pore structure, 

moisture transport, and interfacial transition zone deterioration. Compared with conventional regression 

approaches, XGBoost provides improved nonlinear approximation capability, robustness against 

overfitting, and efficient handling of multivariable interactions. 

To maximize predictive accuracy and prevent overfitting, the hyperparameters of the XGBoost model 

were systematically tuned rather than manually selected. Recognizing that gradient boosting architectures 

are highly sensitive to hyperparameter configurations, a Bayesian Optimization strategy coupled with k-

fold cross-validation was implemented. Unlike exhaustive Grid Search, which is computationally 

expensive, or Random Search, which may miss optimal regions, Bayesian Optimization efficiently 

explores the hyperparameter space by updating a probabilistic model of the objective function. The 

optimal configuration identified through this systematic tuning yielded 100 estimators, a learning rate of 

0.05, a maximum tree depth of 3, and a subsample ratio of 0.8 (with a random state of 42 for 

reproducibility). This rigorous tuning process ensured an optimal balance between model complexity and 

generalization capability, as visually summarized in the methodology flowchart (Fig. 5). 

Regarding data preprocessing, it is noteworthy that tree-based ensemble algorithms such as XGBoost are 

fundamentally scale-invariant. Since decision trees determine optimal node splits based on the ordinality 

of features rather than their absolute magnitudes, input variables were not subjected to normalization or 

standardization. Consequently, the raw physical values of the mixture parameters were directly utilized 

for model training. This approach not only eliminated the risk of data leakage during the cross-validation 

splits but also preserved the direct physical interpretability of the dataset, which was crucial for the 

subsequent SHAP analysis. The dataset was divided into training and testing subsets for model 

evaluation. In addition, LOOCV was employed to improve reliability under limited experimental 

observations. Model performance was evaluated using the R², RMSE, and MAE. To improve model 

interpretability, feature importance analysis was also performed to quantify the relative contribution of 

parent concrete strength, RCA replacement ratio, and cement content toward prediction of compressive 

strength, tensile strength, and water absorption. 

2.4.3. Sensitivity and feature importance analysis 

To improve interpretability of the developed machine learning framework, sensitivity and feature 

importance analyses were conducted to quantify the relative contribution of each input variable toward 

the predicted concrete responses. Feature importance values were extracted directly from the optimized 

XGBoost model based on the cumulative contribution of each parameter toward reducing prediction error 

across the ensemble trees. 

Unlike conventional regression coefficients that assume linear relationships, the XGBoost-based 

interpretation framework captures nonlinear and interaction-dependent behavior inherent in recycled 

aggregate concrete systems. This approach enabled identification of the dominant variables governing 

mechanical and durability performance while providing physically meaningful insight into the effects of 

recycled aggregate quality, replacement ratio, and cement content. 

The extracted feature importance values were subsequently used to compare the relative influence of 

mixture parameters on compressive strength, tensile strength, and water absorption, thereby improving 

transparency and engineering interpretability of the predictive framework. 
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2.4.5. SHAP-based interpretability analysis 

To improve the interpretability and transparency of the developed machine learning framework, SHapley 

Additive exPlanations (SHAP) analysis was implemented for the optimized XGBoost model. SHAP is an 

explainable artificial intelligence (XAI) technique derived from cooperative game theory that quantifies 

the contribution of each input variable to the predicted output, an approach that has recently shown great 

promise in decoding complex structural concrete behaviors [24,25]. 

Unlike conventional feature importance methods that provide only global ranking information, SHAP 

analysis enables both global and local interpretation of model behavior by determining whether individual 

variables positively or negatively influence predictions across different regions of the design space. In this 

study, SHAP values were computed using the TreeExplainer algorithm integrated with the trained 

XGBoost architecture. 

The SHAP framework was employed to interpret the influence of X1, X2, and X3 on compressive strength, 

splitting tensile strength, and water absorption predictions. This analysis enabled identification of 

nonlinear threshold effects, interaction mechanisms, and physically meaningful trends governing recycled 

aggregate concrete behavior. 

2.5. Multi-objective optimization framework 

Following validation of the predictive machine learning framework, the trained XGBoost model was 

employed for deterministic multi-objective optimization of RAC mixtures. The primary objective of this 

stage was to identify mixture configurations capable of simultaneously maximizing mechanical 

performance while minimizing durability-related deterioration associated with excessive water 

absorption. 

Unlike conventional optimization approaches that rely on stochastic evolutionary algorithms, the present 

study implemented a high-resolution deterministic search strategy based on systematic design-space 

mapping coupled with a Weighted Sum Model (WSM) for multi-criteria decision-making. This approach 

was selected to ensure stable, reproducible, and globally interpretable optimization behavior within the 

experimentally defined parameter domain. 

Initially, the continuous design space of the three governing input parameters (X1, X2, and X3) was 

discretized into 50 evenly spaced intervals for each variable. Systematic combination of these intervals 

generated a dense virtual design space containing: 50 × 50 × 50 = 125,000 unique hypothetical concrete 

mixtures. 

It is important to emphasize that these mixtures were not experimentally produced. Rather, they 

represented computationally generated virtual mixture scenarios evaluated using the validated XGBoost 

predictive framework. The objective of this large-scale virtual screening process was to efficiently 

explore unexplored mixture combinations while avoiding the excessive cost and time associated with 

extensive laboratory experimentation. The trained XGBoost model was subsequently utilized to predict 

the corresponding engineering responses for all generated mixtures, including: Y1, Y2, and Y3. 

Since the optimization objectives possessed conflicting trends and different physical units, a Min–Max 

normalization procedure was applied to transform all response variables into a dimensionless range 

between 0 and 1. The normalization process was performed according to: 

𝑌𝑛𝑜𝑟𝑚 =
𝑌−𝑌𝑚𝑖𝑛

𝑌𝑚𝑎𝑥−𝑌𝑚𝑖𝑛
 (1) 

where ‘Y’ represents the predicted response value, 𝑌𝑚𝑖𝑛 and 𝑌𝑚𝑎𝑥 correspond to the minimum and 

maximum values within the generated design space. 

The optimization framework aimed to: 
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 maximize compressive strength, 

 maximize splitting tensile strength, 

 minimize water absorption. 

To establish a balanced trade-off between structural performance and durability behavior, a global utility 

function was formulated using the normalized responses: 

𝑈 = (𝑌1,𝑛𝑜𝑟𝑚 + 𝑌2,𝑛𝑜𝑟𝑚) − 𝑌3,𝑛𝑜𝑟𝑚 (2) 

In this formulation, the normalized mechanical strength parameters were assigned positive contributions, 

whereas water absorption was incorporated as a penalty term due to its detrimental influence on long-term 

durability performance. 

The mixture combination producing the maximum utility value was extracted as the optimal multi-

objective solution. This deterministic optimization strategy enabled identification of sustainable and 

mechanically reliable RAC mixtures while avoiding the stochastic uncertainty, convergence instability, 

and local optimum sensitivity commonly associated with evolutionary optimization algorithms such as 

Genetic Algorithms (GA) and NSGA-II. 

Furthermore, the proposed framework provides an interpretable and physically consistent optimization 

methodology because all predicted mixtures remained constrained within experimentally validated 

parameter boundaries. Consequently, the optimization process preserved engineering realism while 

enabling efficient virtual exploration of highly nonlinear recycled aggregate concrete behavior. 

3. Results and discussion 

3.1. Predictive performance and comparative assessment 

One of the principal challenges in machine learning applications for concrete materials is the limited size 

of experimentally generated datasets, primarily due to the high cost, labor intensity, and time 

requirements associated with laboratory testing. To address this limitation while preserving physical 

realism, a surrogate-based data augmentation strategy was implemented in the present study. The original 

experimental database, consisting of 20 RAC mixtures generated through CCD, was expanded to 500 

physically guided samples. 

Initially, a baseline GBR was trained using the experimentally measured responses. Subsequently, 480 

virtual input combinations were uniformly generated within the experimentally bounded design space. 

The trained surrogate model predicted the corresponding engineering responses, after which Gaussian 

noise scaled according to experimentally derived RMSE values was injected into the predictions to 

preserve realistic laboratory scatter and heteroscedastic behavior. Unlike arbitrary oversampling 

techniques frequently adopted in machine learning studies, the proposed augmentation framework 

maintained physical consistency because all generated samples remained constrained within 

experimentally meaningful parameter ranges and were derived directly from experimentally calibrated 

material behavior. 

Following the data augmentation phase, it is crucial to explicitly distinguish between the computational 

mapping accuracy of the algorithm and its physical generalization capability. When evaluated on the 

augmented testing subset (Table 5), the final XGBoost framework achieved coefficients of determination 

exceeding 0.98 for compressive strength, tensile strength, and water absorption. This exceptionally high 

accuracy reflects the model's capacity to flawlessly map the dense, high-resolution mathematical design 

space generated by the surrogate model. However, to ensure this did not merely represent circular 

validation—where the model fits smoothing artifacts—its true physical reliability was verified via the 

previously mentioned LOOCV on the original 20 samples (R
2
 = 0.89). The primary role of the noise-
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injected augmented data was to provide spatial densification and stochastic regularization, preventing the 

XGBoost architecture from overfitting the sparse initial 20 points, thereby enabling it to achieve this 

robust 0.89 physical generalization accuracy. 

Table 5. Predictive performance of the optimized XGBoost framework. 

Target Response R
2
 RMSE MAE 

Compressive Strength (Y1) 0.991 0.341 MPa 0.259 MPa 

Tensile Strength (Y2) 0.980 0.043 MPa 0.034 MPa 

Water Absorption (Y3) 0.998 0.045 % 0.025 % 

 

Previous studies have consistently shown that increasing RCA replacement levels generally reduces 

mechanical strength while increasing permeability-related properties because of adhered mortar, internal 

microcracking, and deterioration of the interfacial transition zone (ITZ) [26]. However, conventional 

statistical approaches such as RSM often exhibit limited capability in representing the highly nonlinear 

degradation mechanisms associated with elevated RCA incorporation levels. For example, Said 

Almaawali reported an optimal RCA replacement ratio of approximately 27.5% using a customized RSM 

framework, whereas the present XGBoost-based framework successfully identified a substantially higher 

sustainable replacement threshold (~61%) while maintaining acceptable mechanical and durability 

performance. This improvement highlights the superior capability of ensemble-learning algorithms in 

capturing localized nonlinear interactions within heterogeneous RAC systems [27]. 

Similarly, recent studies employing XGBoost and hybrid ensemble-learning models have demonstrated 

the effectiveness of tree-based boosting algorithms for predicting RAC properties. Yassir M. Abbas 

reported that optimized XGBoost models outperformed conventional regressors in predicting compressive 

strength of RAC mixtures containing supplementary cementitious materials [28], while Salwa R. Al-Taai 

demonstrated that Bayesian-optimized XGBoost effectively captured nonlinear interactions in eco-

friendly recycled aggregate concrete mixtures. The exceptionally high predictive performance achieved in 

the present study (R² > 0.98 for all target responses) further confirms the suitability of gradient-boosted 

ensemble models for heterogeneous RAC systems [29]. 

The comparison between experimentally measured and predicted responses further confirmed the 

reliability of the developed framework, as illustrated in Fig. 2. Most prediction points clustered closely 

around the ideal-fit line, indicating that the XGBoost architecture effectively reproduced the nonlinear 

interactions among parent concrete quality, RCA replacement ratio, and cement content. Minor deviations 

observed for a limited number of samples are primarily attributed to intrinsic experimental scatter and the 

heterogeneous microstructure of recycled aggregate concrete. 

 
Fig. 2. Comparison between experimental measurements and XGBoost predictions for compressive strength (Y1), 

tensile strength (Y2), and water absorption (Y3). 
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A direct comparison with previously reported RSM models developed using the same foundational 

experimental framework further highlights the advantages of the proposed methodology. Earlier RSM-

based models achieved R² values ranging between approximately 0.88 and 0.92, whereas the present 

XGBoost framework exceeded 0.98 for all responses [2]. This substantial improvement demonstrates the 

superior capability of ensemble machine learning algorithms in decoding multidimensional and nonlinear 

interactions among RAC constituents. Unlike conventional polynomial-based RSM approaches, which 

smooth abrupt behavioral transitions and frequently extrapolate unrealistic trends near parameter 

boundaries, the gradient boosting architecture recursively minimizes localized residual errors and 

adaptively captures threshold-dependent material behavior without imposing predefined mathematical 

assumptions. This capability is particularly important for RAC systems, where small variations in parent 

concrete quality or RCA replacement ratio may produce disproportionate changes in mechanical 

performance and durability characteristics. 

Furthermore, the trained machine learning framework enabled efficient virtual exploration of mixture 

behavior beyond experimentally tested combinations. By discretizing the parameter space into 50 

intervals for each governing variable, a high-resolution virtual design space consisting of 125,000 

hypothetical concrete mixtures was computationally generated. The trained XGBoost model subsequently 

predicted the corresponding engineering responses for all combinations. Importantly, these mixtures were 

not experimentally produced but represented virtual material scenarios computationally evaluated using 

the validated predictive framework. This AI-assisted exploration strategy enabled rapid screening of 

sustainable mixture configurations that would otherwise require impractical laboratory effort if 

investigated experimentally. 

The improved predictive performance should be interpreted as the result of the integrated modeling 

framework rather than the XGBoost algorithm alone. Unlike the conventional RSM models, which were 

calibrated directly using the 20 experimental observations, the proposed framework employed surrogate-

based data augmentation to generate a larger training dataset prior to XGBoost model development. 

Consequently, the observed improvement reflects the combined benefits of increased training data and the 

enhanced nonlinear learning capability of XGBoost. The relative contribution of the learning algorithm 

and data augmentation was not isolated in the present study and should be investigated in future research 

through benchmarking under identical training data conditions. 

It should be noted that the proposed framework was developed using coarse recycled concrete aggregate 

only. Consequently, the optimized mixtures and predictive models should not be directly generalized to 

concrete containing fine recycled aggregates, whose higher water demand and different physical 

characteristics may alter mixture behavior and the relative importance of the input variables. 

Nevertheless, the proposed experimental–computational framework is sufficiently flexible to incorporate 

FRCA as an additional design variable, provided that an appropriate experimental dataset is available. 

Future studies should extend the framework to mixtures containing both coarse and fine recycled 

aggregates to improve its applicability to practical construction and demolition waste recycling. 

To address the potential risk of information leakage where validating a machine learning model on a 

synthetically augmented dataset could artificially inflate performance metrics (e.g., 𝑅2 > 0.98) a strict 

independent validation strategy was conducted. The performance of the optimized XGBoost framework 

was evaluated exclusively against the original 20 physical laboratory observations using the Leave-One-

Out Cross-Validation (LOOCV) strategy. To completely prevent information leakage during this 

validation phase, a fold-specific (nested) augmentation approach was implemented. In each LOOCV 

iteration, the hold-out validation sample was strictly isolated; the surrogate GBR model was trained, and 

the 480 synthetic samples were generated and noise-injected using only the remaining 19 training 

samples. In this rigorous physical validation, the model successfully generalized to unseen experimental 

mixes, maintaining a robust predictive accuracy with an 𝑅2 of 0.89 for compressive strength. This 
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confirms that the proposed data augmentation strategy (surrogate modeling with Gaussian noise) 

successfully acted as an advanced mathematical interpolator within the bounds of the Central Composite 

Design (CCD), rather than creating model bias. Consequently, the framework's reliability in predicting 

real-world structural performance is independently verified without relying on synthetic data points 

during the validation phase. 

Yogi et al. (2026) proposed an integrated framework combining LightGBM, SHAP, and NSGA-II for 

predicting and optimizing recycled aggregate concrete mixtures using a large experimental database of 

535 samples. Their study focused primarily on compressive strength prediction and sustainable mix 

optimization through evolutionary multi-objective optimization. In contrast, the present study develops a 

unified framework based on statistically designed experiments (CCD), surrogate-based data 

augmentation, XGBoost prediction, SHAP-based interpretability, and deterministic optimization. Unlike 

this previous study, the proposed framework simultaneously predicts compressive strength, splitting 

tensile strength, and water absorption, enabling a more comprehensive assessment of both mechanical and 

durability performance. Furthermore, by integrating experimental design with surrogate-assisted machine 

learning, the proposed methodology substantially reduces the experimental effort required for model 

development while maintaining high predictive accuracy within the investigated design space. Although 

both studies demonstrate the effectiveness of explainable machine learning for sustainable RAC design, 

they differ in dataset construction, optimization strategy, and the range of performance indicators 

considered [30]. 

Fan et al. (2024) developed a machine learning-assisted NSGA-II framework for optimizing RAC 

mixture proportions using a large database. In contrast, the present study combines statistically designed 

experiments (CCD), surrogate-based data augmentation, XGBoost prediction, SHAP-based 

interpretability, and deterministic optimization within a unified workflow. While both studies aim to 

optimize RAC mixtures, the proposed framework places greater emphasis on model interpretability and 

reducing experimental effort through statistically designed experiments, making it suitable for situations 

where experimental data are limited [31]. 

To provide a more comprehensive and visual comparative assessment of the proposed model against 

alternative machine learning approaches, a Taylor diagram was generated (Fig. 3). Taylor diagrams offer a 

robust graphical summary of model performance by simultaneously quantifying the Pearson correlation 

coefficient, root mean square error (RMSE), and standard deviation relative to the actual experimental 

observations. The generated diagram compares the optimized XGBoost framework against an alternative 

Random Forest (RF) baseline for compressive strength prediction. As visually demonstrated, while both 

models exhibit excellent correlation, the XGBoost model (blue square) is positioned closer to the 

reference observation point (black circle) than the RF model. Furthermore, the standard deviation of the 

XGBoost predictions perfectly aligns with the experimental data arc, indicating that the gradient boosting 

architecture accurately captured the natural variance of the RAC mixes without over-smoothing. This 

graphical validation confirms the superior predictive capability and lower residual error of the XGBoost 

algorithm, consistent with recent advanced soft computing evaluations in structural engineering [32,33]. 

3.2. Sensitivity and feature importance analysis 

Although predictive accuracy is essential, interpretation of the governing physical mechanisms 

controlling RAC behavior is equally important for practical engineering implementation. Therefore, 

feature importance analysis was conducted using the optimized XGBoost framework to quantify the 

relative contribution of each mixture parameter toward the predicted responses. The results revealed 

fundamentally different governing mechanisms for mechanical and durability-related properties, as 

illustrated in Fig. 4. 
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Fig. 3. Taylor diagram illustrating the comparative predictive performance of the optimized XGBoost framework 

versus the Random Forest (RF) model for compressive strength (Y1). 

 
Fig. 4. Relative feature importance of mixture parameters for compressive strength (Y1), tensile strength (Y2), and 

water absorption (Y3). 

A notable distinction between the present machine learning framework and the previously published 

CCD–RSM study lies in the interpretation and quantification of governing mixture parameters. In the 

earlier RSM-based investigation, perturbation plots qualitatively indicated that parent concrete strength 

(X1) positively influenced compressive and tensile strengths, whereas RCA replacement ratio (X2) 

increased water absorption. However, the conventional perturbation analysis remained largely descriptive 

and was unable to quantitatively determine the relative contribution of each parameter toward the target 

responses [2]. 

In contrast, the present XGBoost-based feature importance analysis provided a quantitative and physically 

interpretable evaluation of parameter influence. For compressive strength (Y1) and splitting tensile 

strength (Y2), the parent concrete compressive strength (X1) emerged as the dominant governing variable, 

contributing approximately 63.98% and 74.25% of the prediction variance, respectively. This observation 
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is physically consistent with the known microstructural behavior of recycled aggregate concrete. 

Recycled aggregates produced from stronger parent concrete generally possess denser adhered mortar, 

lower internal porosity, reduced microcracking, and improved aggregate integrity. Consequently, the 

resulting RAC exhibits enhanced stress-transfer capability and stronger interfacial bonding between 

recycled aggregates and the newly formed cement matrix. 

Cement content (X3) served as the secondary influential parameter for mechanical performance, 

contributing approximately 28.85% and 16.49% toward compressive and tensile strength prediction, 

respectively. Increasing cement dosage promotes hydration-product formation, matrix densification, and 

reduction of the effective water-to-cement ratio. Nevertheless, the results indicate that increased binder 

content alone cannot fully compensate for weak recycled aggregates originating from low-strength parent 

concrete. 

Conversely, the governing mechanism controlling water absorption (Y3) differed substantially from the 

strength-related responses. In this case, the RCA replacement ratio (X2) exhibited a dominant contribution 

of approximately 41.68%, nearly comparable to the influence of parent concrete quality. This behavior 

reflects the inherently porous nature of adhered mortar attached to recycled aggregate particles. As RCA 

incorporation increases, the volume of interconnected capillary pores within the concrete matrix also 

increases, thereby accelerating moisture ingress and permeability-related deterioration. 

Interestingly, cement content demonstrated negligible influence on water absorption behavior. This 

observation suggests that moisture transport in RAC is governed predominantly by recycled aggregate 

microstructure and pore connectivity rather than overall binder quantity. These findings are fully 

consistent with established durability mechanisms reported in the RAC literature, where adhered mortar 

porosity and interfacial transition zone deterioration largely control permeability-related performance 

[12]. 

This distinction is particularly important because the proposed machine learning framework transforms 

sensitivity analysis from a qualitative statistical interpretation into a quantitative engineering decision-

support tool capable of identifying dominant nonlinear interactions within heterogeneous RAC systems. 

Furthermore, unlike conventional perturbation plots that primarily capture local polynomial trends, the 

tree-based ensemble structure of XGBoost successfully identified threshold-dependent degradation 

mechanisms associated with pore connectivity evolution and adhered mortar effects at high RCA 

incorporation levels. 

3.3. SHAP analysis interpretation 

The SHAP summary analysis (Fig. 5) provided additional insight into the nonlinear behavior captured by 

the XGBoost framework. The distribution of SHAP values confirmed that X1 exerted the strongest 

positive influence on compressive and tensile strength predictions, particularly at higher strength levels. 

In contrast, elevated X2 generated increasingly negative SHAP contributions, indicating nonlinear 

degradation behavior associated with excessive recycled aggregate incorporation. X3 generally 

contributed positively toward strength enhancement; however, the SHAP distributions revealed 

diminishing marginal improvements at higher dosage levels. For water absorption behavior, high RCA 

replacement ratios produced strongly positive SHAP values, confirming the dominant role of recycled 

aggregate porosity and adhered mortar in governing permeability-related performance. Overall, the SHAP 

analysis demonstrated that the developed XGBoost model successfully captured physically meaningful 

nonlinear interactions among the investigated mixture variables. 

3.4. Multi-objective optimization of recycled aggregate concrete mixtures 

The final stage of the proposed framework involved deterministic multi-objective optimization of 

recycled aggregate concrete (RAC) mixtures using the validated XGBoost predictive model. 
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Fig. 5. SHAP summary plot illustrating the X1, X2, and X3 on the XGBoost prediction model. Positive SHAP 

values indicate positive contributions toward the predicted response, while negative values indicate adverse effects. 

The color gradient represents the magnitude of each input variable from low (blue) to high (yellow). 

Unlike conventional trial-and-error procedures, the developed methodology enabled systematic virtual 

exploration of 125,000 hypothetical mixture combinations while simultaneously considering both 

mechanical performance and durability requirements. The optimization objectives were defined to 

maximize compressive strength and tensile strength while minimizing water absorption. 

In this study, equal weighting was adopted to provide a neutral and balanced evaluation of compressive 

strength, splitting tensile strength, and water absorption without favoring a specific performance 

objective. This assumption is appropriate for demonstrating the proposed optimization framework under 

general structural design conditions. However, the relative importance of these performance indicators 

depends on the intended application. For example, durability may be prioritized for marine or aggressive 

environments, whereas mechanical strength may receive greater emphasis in heavily loaded structural 

members. The proposed framework is sufficiently flexible to accommodate alternative weighting schemes 

according to project-specific design requirements. 

To establish a balanced engineering trade-off among these conflicting responses, all predicted outputs 

were normalized using Min–Max normalization and integrated into a weighted utility function. The 

mixture corresponding to the maximum global utility score was identified as the optimal RAC design. 

The optimal solution was obtained at a parent concrete strength (X1) of 36 MPa, RCA replacement ratio 

(X2) of 61.14%, and cement content (X3) of 320.20 kg/m³. This mixture achieved predicted responses of 

37.76 MPa compressive strength, 3.51 MPa tensile strength, and 5.13% water absorption. 

To demonstrate the robustness of this optimal solution and evaluate the influence of weighting factors in 

the Weighted Sum Model (WSM), a sensitivity analysis of the utility function was conducted under three 

distinct engineering scenarios: (I) Balanced-Design (equal weights, current optimal), (II) Strength-

Oriented (higher weights for Y1 and Y2), and (III) Durability-Oriented (higher penalty weight for Y3). The 

analysis revealed that shifting the priority toward maximum structural strength (Scenario II) forces the 

optimization algorithm to reduce the RCA replacement ratio to approximately 35-40% while maximizing 

cement content to its upper bounds. Conversely, penalizing water absorption heavily (Scenario III) 

restricts the RCA ratio to below 20%, as the porous adhered mortar of RCA directly governs permeability. 
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Therefore, the identified optimal mix (61.14% RCA with equal weighting) represents the most robust and 

practical trade-off solution for sustainable infrastructure; it maximizes the environmental benefits of 

waste utilization while ensuring that the mechanical and durability constraints remain within acceptable 

limits for general-purpose applications. 

The optimized RCA replacement level suggests the existence of a critical nonlinear transition threshold 

governing RAC behavior. Below this threshold, substantial recycled aggregate utilization can be achieved 

while maintaining satisfactory mechanical integrity and durability performance. However, excessive RCA 

incorporation likely accelerates deterioration mechanisms associated with pore interconnectivity, moisture 

transport, and interfacial transition zone (ITZ) degradation. Consequently, the optimization framework 

successfully identified a sustainable balance between structural performance and environmental benefit. 

A comparison with conventional Response Surface Methodology (RSM)-based optimization further 

highlights the advantages of the proposed machine learning framework. Previous RSM studies frequently 

extrapolated unrealistic trends toward excessively high RCA replacement levels because second-order 

polynomial equations inherently smooth abrupt degradation behavior and fail to capture threshold-

dependent nonlinear transitions [30]. In contrast, the tree-based ensemble structure of XGBoost 

effectively identified physically unsafe mixture regions and penalized excessive RCA incorporation 

associated with severe durability deterioration. Similar limitations of polynomial optimization for 

heterogeneous RAC systems have also been reported in previous investigations of recycled concrete 

behavior and nonlinear material degradation. 

Compared with stochastic optimization techniques such as Genetic Algorithms (GA) and NSGA-II, 

applied to recycled concrete [31]. The present deterministic grid-search framework additionally provides 

improved interpretability and optimization reliability. Evolutionary algorithms may converge toward local 

optima or produce unstable solutions depending on random initialization conditions, whereas the adopted 

grid-search strategy systematically mapped the entire experimentally bounded design space and 

guaranteed identification of the global optimum within the investigated parameter domain. This 

deterministic optimization strategy therefore provides a more physically reliable and engineering-oriented 

approach for sustainable RAC mixture design, consistent with recent machine learning optimization 

studies in sustainable concrete engineering. 

The optimized mixture identified in this study represents the best solution within the investigated design 

space based on the selected optimization objectives. Although the optimum cement content 

(approximately 320 kg/m³) combined with 61.14% RCA yielded satisfactory predicted mechanical and 

durability performance, compliance with minimum cement content requirements specified in structural 

design standards depends on the intended exposure class and applicable national or international codes. 

Since factors such as chloride exposure, freeze–thaw resistance, and sulfate attack were not considered in 

the present optimization, the proposed mixture should be regarded as a computationally optimized 

solution rather than a universally applicable structural mix. For practical implementation, the optimized 

proportions should be verified against relevant design specifications and validated experimentally for the 

target service environment. 

Although the optimized RCA replacement ratio (61.14%) lies within the investigated design space, it was 

identified through surrogate-assisted optimization and was not experimentally validated. Therefore, the 

predicted performance should be regarded as a computational estimate rather than a confirmed 

experimental optimum. Since the XGBoost model was trained using augmented data generated from the 

response surface models, its prediction reliability depends on the accuracy of the underlying surrogate 

models within the experimental domain. Although interpolation within the investigated range is generally 

more reliable than extrapolation, localized nonlinear effects may not be fully captured without additional 
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physical testing. Consequently, experimental validation of the optimized mixture is recommended as 

future work to verify the predicted mechanical and durability performance. 

3.5. Sustainability and environmental engineering implications 

Fig. 6 shows an overall framework for sustainable recycled aggregate concrete design. The proposed AI-

assisted framework demonstrated strong potential for sustainable RAC design and practical infrastructure 

applications by enabling high levels of RCA utilization while maintaining acceptable mechanical and 

durability performance. The optimized mixture achieved compressive strengths exceeding 35 MPa while 

incorporating approximately 61% RCA, indicating its suitability for a wide range of structural and non-

structural applications, including pavements, sidewalks, precast concrete products, retaining structures, 

and low- to medium-rise buildings. 

The environmental benefits of the optimized mixture can also be quantified. The optimal design 

incorporates approximately 61% recycled coarse aggregate, directly replacing an equivalent quantity of 

virgin natural aggregate. Consequently, the proposed mixture has the potential to reduce natural aggregate 

extraction by approximately 61% while simultaneously diverting a comparable proportion of construction 

and demolition waste from landfill disposal. In addition, the optimized cement content (320 kg/m³) 

remains within the lower range commonly adopted for structural concrete, avoiding unnecessary binder 

consumption and its associated greenhouse gas emissions. Although a comprehensive life-cycle 

assessment (LCA) was beyond the scope of the present study, these results clearly demonstrate that the 

proposed framework contributes to resource conservation, waste valorization, and circular economy 

objectives while maintaining satisfactory mechanical and durability performance. 

From a sustainability perspective, the proposed framework contributes to reduction of construction and 

demolition waste disposal, conservation of natural aggregate resources, and lowering of the 

environmental footprint associated with conventional concrete production. The optimization process 

additionally identified mechanically reliable mixtures with moderate cement consumption, which may 

further reduce embodied carbon emissions related to cement manufacturing. 

The results further revealed that excessive RCA incorporation may trigger nonlinear deterioration in 

durability-related properties, particularly water absorption. Unlike conventional regression-based 

optimization approaches, the developed XGBoost framework successfully identified these nonlinear 

degradation thresholds and avoided physically unreliable mixture regions that are difficult to capture 

using simplified statistical models. Consequently, the proposed methodology can serve as an intelligent 

decision-support framework for identifying sustainable and structurally reliable replacement levels in 

practical engineering applications. 

Another important contribution of this study lies in the substantial reduction of experimental workload 

through AI-assisted virtual materials optimization. By computationally evaluating 125,000 hypothetical 

mixtures using a limited number of laboratory experiments, the framework provides an efficient platform 

for rapid screening and optimization of sustainable concrete mixtures prior to physical production and 

testing. The proposed methodology therefore supports future development of intelligent mix design 

systems, low-carbon concrete technologies, and AI-assisted sustainable infrastructure engineering. 

From a practical implementation perspective, the optimized RAC mixture can be readily produced using 

conventional concrete batching and casting equipment without requiring specialized manufacturing 

technologies. The identified optimum, consisting of approximately 61% recycled coarse aggregate and 

320 kg/m³ cement, lies within practical mixture proportion ranges commonly achievable in ready-mix 

concrete plants. However, successful field implementation requires appropriate quality control of recycled 

aggregates, particularly with respect to parent concrete quality, particle grading, water absorption, and 

contaminant removal. 
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Fig. 6. A unified experimental-computational framework for sustainable recycled aggregate concrete design. 

Moisture correction and proper aggregate conditioning are also essential to maintain the designed water-

to-cement ratio because recycled aggregates generally exhibit higher water absorption than natural 

aggregates. Considering these requirements, the proposed mixture is particularly suitable for structural 

and non-structural applications such as pavements, precast concrete elements, retaining walls, sidewalks, 
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parking areas, and low- to medium-rise buildings, where sustainable construction materials are 

increasingly encouraged. The machine learning framework developed in this study may also assist 

engineers in rapidly adapting mixture proportions to locally available recycled aggregate sources while 

reducing the need for extensive laboratory trial mixes. 

3.6. Limitations and future research 

Despite the excellent predictive performance achieved by the proposed framework, several limitations 

should be acknowledged. First, the study was based on a relatively limited number of experimentally 

produced mixtures and specific local sources of recycled concrete aggregate. Consequently, the developed 

model should primarily be interpreted within the investigated parameter ranges and material conditions. 

Second, while the surrogate-based data augmentation methodology resolves the critical issue of data 

scarcity in ML-based mix design, certain inherent limitations of synthetic data in materials informatics 

must be explicitly acknowledged. Synthetic data strictly assumes that the underlying physical phenomena 

remain continuous and follow the patterns established within the initial Design of Experiments (DoE) 

boundaries. Consequently, augmented datasets may fail to capture sudden chemical anomalies, 

unpredicted interactions at extreme boundary limits, or the long-term deterioration mechanisms of RAC 

that only physical aging tests can reveal. Therefore, in materials informatics, synthetic data should be 

utilized exclusively as a computational interpolator to densify the known design space for optimization 

algorithms, rather than as a complete substitute for independent laboratory validation. Future studies 

should incorporate larger multi-source experimental databases and external validation datasets to further 

mitigate these limitations and improve model generalization. Future studies should therefore incorporate 

larger multi-source experimental databases and external validation datasets to further improve model 

generalization capability. 

Additionally, the present investigation focused primarily on mechanical strength and water absorption 

behavior. Future research should incorporate additional durability indicators such as chloride penetration, 

freeze–thaw resistance, shrinkage, and carbonation behavior to establish a more comprehensive 

sustainability-oriented optimization framework. 

XGBoost was selected because of its proven ability to model complex nonlinear relationships, incorporate 

regularization to reduce overfitting, and provide interpretable feature importance and SHAP analyses. 

Although other machine learning algorithms, such as Random Forest, LightGBM, CatBoost, SVR, and 

ANN, have also been successfully applied to concrete property prediction, a comprehensive benchmark 

comparison was beyond the scope of the present study. Future work will include systematic comparisons 

under identical training and validation conditions to further evaluate the relative advantages of the 

proposed framework. 

The optimized RCA replacement ratio of 61.14% should be interpreted as the optimum within the 

investigated design space and optimization objectives rather than as a universally applicable replacement 

level. This optimum reflects a balance between mechanical performance and durability under the specific 

material properties and mixture proportions considered in this study. The relatively high optimum can be 

attributed to the good quality of the recycled aggregates used, the selected parent concrete strength, and 

the beneficial influence of cement content, which collectively compensated for the adverse effects 

typically associated with increasing RCA replacement. Consequently, the optimization identified a 

replacement level at which the reduction in mechanical properties remained limited while maximizing 

recycled aggregate utilization. Nevertheless, the optimum should be regarded as a model-based prediction 

and requires experimental validation before practical implementation. 

Although the proposed framework demonstrated excellent predictive performance through LOOCV, its 

generalizability has not yet been verified using independent external datasets. Publicly available RAC 

databases often exhibit considerable variability in material properties, mix designs, testing methods, and 
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specimen preparation, which may influence model performance. Future work should focus on validating 

and recalibrating the proposed framework using harmonized multi-source datasets covering diverse 

recycled aggregate characteristics and geographical regions. Such external validation would provide a 

more comprehensive assessment of the model's robustness and applicability under practical conditions. 

Despite these limitations, the proposed framework has considerable potential for practical engineering 

applications. Rather than replacing conventional laboratory testing, it can serve as a decision-support tool 

for preliminary mix proportioning by rapidly identifying promising RAC mixtures that satisfy multiple 

performance objectives while reducing the number of trial batches. This approach can shorten the mix 

design process, reduce material consumption and testing costs, and support the development of more 

sustainable recycled aggregate concrete. Final mixture proportions should nevertheless be verified against 

applicable design codes and validated experimentally before large-scale construction applications. 

4. Conclusions 

This study developed an integrated experimental–computational framework for prediction, interpretation, 

and optimization of recycled aggregate concrete (RAC) using structured experimental design, surrogate-

based data augmentation, ensemble machine learning, and deterministic multi-objective optimization. By 

combining Central Composite Design (CCD), physically guided virtual data generation, Extreme 

Gradient Boosting (XGBoost), and high-resolution virtual mixture exploration, the proposed 

methodology successfully addressed several limitations associated with conventional statistical regression 

approaches for sustainable concrete design. Based on the obtained experimental and computational 

results, the following conclusions can be drawn: 

1. The developed XGBoost framework demonstrated excellent predictive capability for all 

investigated concrete responses, achieving coefficient of determination (R
2
) values of 0.991, 0.980, 

and 0.998 for compressive strength, splitting tensile strength, and water absorption, respectively. 

The low RMSE and MAE values further confirmed the robustness and stability of the predictive 

model. 

2. The surrogate-based augmentation strategy successfully expanded the experimental database from 

20 laboratory mixtures to 500 physically guided samples while preserving realistic experimental 

variability and material consistency. The adopted methodology improved model robustness and 

interpolation capability without replacing experimentally measured observations. 

3. The superior performance of XGBoost compared with conventional RSM demonstrates the 

importance of nonlinear ensemble learning approaches for recycled aggregate concrete systems. 

Unlike polynomial-based regression models, the gradient boosting framework effectively captured 

localized nonlinear degradation mechanisms associated with high RCA incorporation levels, 

heterogeneous pore structures, and interfacial transition zone deterioration. 

4. Feature importance analysis revealed that the parent concrete strength of recycled aggregate was the 

dominant governing parameter controlling compressive and tensile strength development, 

contributing approximately 63.98% and 74.25% of the prediction variance, respectively. 

Conversely, water absorption behavior was governed primarily by RCA replacement ratio and 

parent concrete quality, whereas cement content exerted comparatively limited influence on 

permeability-related behavior. 

5. The deterministic multi-objective optimization framework successfully identified a sustainable and 

mechanically reliable RAC mixture consisting of approximately 61.14% RCA replacement and 

cement content of 320.20 kg/m
3
. The optimized mixture achieved predicted compressive strength, 

tensile strength, and water absorption values of 37.76 MPa, 3.51 MPa, and 5.13%, respectively. 

6. The optimization results additionally revealed the existence of a critical nonlinear transition 

threshold in RAC behavior. While moderate RCA incorporation levels can provide sustainable and 
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structurally acceptable concrete performance, excessively high replacement ratios significantly 

accelerate degradation mechanisms associated with pore connectivity, moisture transport, and 

interfacial deterioration. 

7. Compared with traditional RSM-based optimization approaches, the proposed machine learning 

framework provided more physically realistic and engineering-oriented solutions by successfully 

penalizing mixture regions associated with severe nonlinear durability degradation at extreme RCA 

replacement levels. 

8. From a sustainability perspective, the proposed framework demonstrates the significant potential of 

integrating recycled aggregate utilization with artificial intelligence-assisted materials optimization 

for environmentally responsible concrete design. By enabling efficient virtual exploration of 

sustainable mixture configurations, the methodology reduces experimental burden, promotes 

circular utilization of construction waste, minimizes virgin aggregate consumption, and supports 

development of low-impact infrastructure materials. The findings therefore contribute not only to 

recycled concrete technology, but also to the broader transition toward intelligent, resource-

efficient, and sustainable construction engineering systems and broader environmental sustainability 

pathways. 
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