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Abstract

Fiber-reinforced recycled aggregate concrete (FRAC) has gained interest in its combined high strength and
environmental sustainability benefits. Recycled aggregates (RA) derived from construction and demolition waste
offer a sustainable alternative to natural aggregates (NA), although higher RA content can degrade the concrete’s
mechanical properties. Synthetic fibers help to mitigate these negative effects in recycled aggregate concrete. This
study employs data-driven modeling to predict the mechanical strength of FRAC using machine learning
algorithms, including Extreme Gradient Boosting (XGB), Categorial Boosting (CatB), and Histogram Gradient
Boosting (HGB). The models are trained on a collected dataset containing 312 data points and further parametric
modeling was applied to highlight the most influential parameters affecting concrete strength. Results show that
among the evaluated models, CatB achieved the best performance in terms of predictive accuracy, evidenced by
its higher R? of 0.980 and lower RMSE and MAE values compared to the other models. Partial dependency analysis
reveals that higher RA content inversely influences FRAC strength, underscoring the detrimental effect of RA.
Moreover, synthetic fibers are found to enhance the mechanical behavior and ductility of the FRAC. The findings
demonstrate that machine learning models can reliably predict mechanical strength and provide insights for
optimizing the design of fiber-reinforced recycled aggregate concrete.

Keywords: Machine learning; compressive strength; recycled aggregate concrete; synthetic fiber; parametric
modeling.

1 Introduction

The global construction industry is witnessing a significant transformation driven by the urgent need for sustainable
development and resource conservation. Among the strategies gaining attention is the incorporation of recycled
aggregates (RA), sourced from construction and demolition waste, into concrete production (Sobuz et al., 2025).
According to Rani and Jenifer (Rani & Jenifer, 2016), Concrete manufacturing is estimated at 11 billion metric
tons per year, with 70-75 % aggregate, 15 % water, and 10-15 % cementitious binder (Kabbo et al., 2025). This
enormous scale of production contributes significantly to environmental degradation through resource depletion,
greenhouse gas emissions, and landfill waste accumulation (Wang et al., 2025). Recycled Aggregate Concrete
(RAC) presents a viable solution for reducing the environmental footprint of traditional concrete by conserving
natural aggregates (NA) and minimizing landfill waste (Silva et al., 2014). However, a persistent challenge in the
use of RAC is the compromise in mechanical properties, especially compressive strength, due to the higher
porosity, residual mortar, and weaker interfacial transition zones associated with RA (Osiregbeme Momoh et al.,
2015). To counteract these deficiencies, researchers have explored the integration of synthetic fibers into RAC,
resulting in Fiber-Reinforced Recycled Aggregate Concrete (FRAC). These fibers enhance crack-bridging
capacity, increase energy absorption, and improve ductility and toughness, effectively compensating for the
mechanical shortcomings of RA-based concrete mixes (Arslan, 2016; Gao et al., 2017).

Synthetic fibers are particularly advantageous in tunnel linings due to their lightweight characteristics, corrosion
resistance, uniform distribution within the matrix, and cost-effectiveness. Moreover, macro synthetic fibers have
been shown to significantly enhance the flexural strength and impact resistance of concrete (Behfarnia & Behravan,
2014). These fibers are utilized both individually and in hybrid form alongside steel fibers in high-performance
applications, such as industrial pavements subjected to heavy impact loads, where they help reduce shrinkage
cracking and improve long-term durability (Conforti et al., 2018). Despite all the benefits of fibers in normal
concrete, studies regarding the effect of synthetic fibers on the behavior of RAC are limited. To bridge this
knowledge gap, data-driven modeling and predictive techniques are increasingly being employed in material
science (Sobuz et al., 2025). Among these, machine learning (ML), a subset of artificial intelligence (Al), has
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shown immense promise for analyzing complex, multivariable datasets, capturing nonlinear dependencies, and
predicting material behavior with high accuracy (Sobuz et al., 2024).

In this study, three advanced supervised machine learning algorithms such as Extreme Gradient Boosting (XGB),
Categorical Boosting (CatB), and Histogram-Based Gradient Boosting (HGB), were employed to predict the
compressive strength of synthetic fiber-reinforced recycled aggregate concrete. XGB is a highly efficient and
scalable gradient boosting method that effectively captures complex nonlinear relationships within data (Alahmari
et al.,, 2025). CatB, on the other hand, is specifically optimized for datasets with categorical variables and
incorporates strategies to reduce overfitting while maintaining high predictive accuracy. HGB enhances training
efficiency by discretizing continuous features into histograms, significantly speeding up the learning process
without compromising performance. In addition, partial dependency analysis further enhanced the novelty of this
study by optimizing the mix materials to prepare a balanced FRAC mix. The findings offer a comprehensive
understanding of the potential of supervised ML models to predict the compressive strength of FRAC.

2 Research Methodology

2.1 Dataset collection and preprocessing

The dataset used for modeling comprised 312 experimentally obtained data points related to the CS of FRAC.
Table 1 summarizes the statistical attributes of each parameter. While collecting data, only articles published in
well-indexed journals and conference proceedings were selected. Prior to modeling, data were normalized and
verified to eliminate duplicates or missing entries, ensuring robust learning during training.

Table 1. Statistical attributes of the collected dataset.

Input Min Max Mean Deviation Variation  25% 75% Skewness Kurtosis
OPC  260.00 64198 410.82 73.51 17.89 35420 45148 0.30 0.19
FA 523.00  960.10  743.27 102.74 13.82 673.00  818.00 -0.32 -0.43
NA 0.00 1280.00 658.24  403.53 61.30 459.75  1020.68 -0.59 -1.04
RA 0.00 1280.00 33895  399.44 117.85 0.00 597.25 0.71 -0.97
Water 137.00  275.86  181.77 31.79 17.49 161.20  195.00 0.84 0.40
SP 0.00 13.34 3.09 2.85 92.20 0.00 5.00 0.63 -0.25
SF 0.00 3.40 0.47 0.58 121.87 0.00 1.00 1.48 2.88
CS 25.20 96.40 52.20 13.03 24.96 42.16 59.38 0.83 0.50

2.2 Machine learning algorithms and optimization strategies

This study used three boosting-based algorithms to predict the CS of FRAC. The entire modeling work was
conducted in a Jupyter Notebook, integrated with the Anaconda Navigator environment and using the Python
programming language. The overall working procedure of the entire study is illustrated in Figure 1.

4‘ Collection of Dataset
TOSﬁﬂg(Zo%)}—l ﬁ( Predictive accuracy ]’\

|
5. ‘f"ﬂlcr Compressive Performance Metrics
6.SP Strength
7.SF R? RMSE

s 5838

MAE MAPE o
Training Algorithms T e e e O
(80%)
XGB CatB HGB (UsmgOpnmalAlgomhm) POP eptinizaton }

Correlation

~I

Figure 1. Methodological flowchart for the whole ML based modeling conducted in this study.

2.2.1 Extreme Gradient Boosting (XGB)

XGB constructs an ensemble of decision trees in a sequential manner where each subsequent tree corrects the
residuals of the previous model. It uses second-order optimization and regularization to prevent overfitting and
improve generalization performance. The core idea behind XGB is to minimize a regularized loss function that
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includes both the training loss and a regularization term to penalize model complexity. The objective function at
iteration t is expressed as:

L= Z L3 + i) + 00 M

i=1
Where, I(y;, ¥;) is a differentiable convex loss function, f;(x;) € F is the decision tree added at the t-th iteration,
and Q(f;) is the regularization term. This framework allows XGB to efficiently compute optimal split points,
handle missing data internally, and incorporate parallel processing, making it one of the most effective algorithms
for tabular regression tasks such as predicting compressive strength of concrete.

2.2.2 Categorical Boosting (CatB)

Unlike traditional boosting methods, which suffer from prediction shift and overfitting due to improper handling
of categorical variables, CatB uses ordered boosting and permutation-driven target statistics to avoid data leakage.
The key innovation in CatBoost is its ordered boosting mechanism. During training, CatB forms target statistics
using only previous data instances, preventing information leakage from future samples. The objective function
minimized by CatB during training is the regularized loss function:
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Where, y; and y; are the true and predicted compressive strength values, 8 represents model parameters, A is the
L2 regularization term, and I is a loss function, commonly mean squared error for regression.

2.2.3 Histogram Gradient Boosting (HGB)

HGB approach reduces the complexity of finding optimal split points during tree construction while maintaining
high prediction accuracy. In conventional decision trees, the algorithm evaluates all possible split values for each
feature. HGB, by contrast, bins continuous features into a fixed number of intervals (e.g., 256 bins), and only
evaluates split points at bin boundaries. This results in significantly faster training times and reduced memory
consumption. The standard formulation for a gradient boosting model is:

Fm(x) = Fm—l(x) + nhm(x) (3)

Where, E,,(x) is the ensemble model after mmm iterations, h,,(x) is the base learner (a decision tree trained on
the gradient of the loss function), n is the learning rate controlling the contribution of each tree. HGB is particularly
advantageous for large datasets and high-dimensional regression problems. It balances speed and accuracy
effectively, making it a strong candidate for modeling engineering datasets where fast experimentation and
iteration are needed.

2.3 Partial dependency analysis (PDA)

PDA is a model-agnostic interpretability technique used to visualize the marginal effect of one or more input
features on a predicted outcome while averaging out the effects of all other variables. In the context of machine
learning models for concrete property prediction, PDA helps identify how individual mix components—such as
cement, water, or recycled aggregate—systematically influence compressive strength or other mechanical
parameters.

3 Results and Discussion

3.1 Dataset analysis and correlation

The Pearson and Spearman correlation analysis, visualized in Figure 2(a) and 2(b), highlights the key insights into
the relationships among the input variables and the compressive strength of FRAC. As can be seen from the person
correlation heatmap, OPC exhibited a strong positive correlation with CS (+0.46), indicating that higher cement
content significantly enhances strength through increased hydration and matrix densification. Conversely, recycled
aggregate content showed a notable negative correlation (—0.30) with CS, confirming its detrimental effect due to
higher porosity and weaker interfacial zones. NA and FA displayed a moderate positive correlation of +0.27 and
+0.23. Water content had a weak negative correlation with CS (-0.56), consistent with the adverse effects of high
wic ratios. Superplasticizer content correlated positively (+0.45), enhancing strength indirectly by improving
workability and reducing water demand. Synthetic fiber content showed a mild positive correlation (+0.089),
reflecting its crack-bridging and ductility-enhancing roles. Overall, the dataset exhibited no multicollinearity,
validating the inclusion of all seven features in the machine learning models. The Spearman heatmap also showed
similar performance, with only slight changes in the coefficients.
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Figure 2. Correlation among input and output features.

3.2 Performance evaluation of ML models
The outcomes in Table 1 showed that CatB outperformed the other models in the test phase, achieving the highest
R? value of 0.939 and the lowest RMSE and MAE values of 4.516 MPa and 3.417 MPa, respectively.
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Figure 3. Regression plot to predict CS using (a) XGB, (b) CatB and (c) HGB model.

Although XGB achieved a slightly higher R? of 0.985 in the training phase, it showed weaker generalization during
testing, with a test R2 of only 0.879 and a comparatively higher RMSE of 5.510 MPa. HGB showed balanced and
suboptimal performance, with a test R? of 0.894 and RMSE of 5.291 MPa. The MAPE values also validated CatB’s
robustness, with a lower error of 6.390% during testing, compared to 7.347% for XGB and 7.224% for HGB.
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Furthermore, Figure 3 highlighted that the predictions of all three ML models closely follow the actual values,
making them most suitable for practical applications in predicting the CS of FRAC.

Table 1. Comparative evaluation of models based on performance metrics.

Model Train Phase Test Phase
R? RMSE MAE MAPE R? RMSE MAE MAPE
XGB 0.985 1.535 0.415 0.791 0.879 5.510 3.886 7.347
CatB 0.980 1.795 1.084 2.165 0.939 4516 3.417 6.390
HGB 0.924 3.552 2.555 5.005 0.894 5.291 3.874 7.224

3.3 Optimization using partial dependency
Figure 4(a) highlights a clear increasing trend of CS with respect to cement content. The compressive strength

improved steadily as OPC dosage increased from approximately 260 kg/m? up to about 500 kg/m3, after which the
improvement rate declines. Additionally, exceeding the 500-550 kg/m? range can result in diminishing returns due

to mix saturation and potential workability issues.
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Figure 4. Optimization of mix materials using partial dependency analysis.

Figure 4(b) highlights the negative effect of increasing RA content on the predicted CS. As RA content increases
from 0 to 1280 kg/m3, a consistent decline in strength is observed. This deterioration can be attributed to the higher
porosity, microcracking, and weak I1TZs associated with RA. In Figure 4(c), the impact of SP content on CS shows
a nonlinear pattern. The strength peaks when SP content is within the range of 2%-4%, beyond which the effect
becomes marginal or slightly negative. Figure 4(d) demonstrates the beneficial role of synthetic fiber incorporation.
The predicted CS rises noticeably as fiber content increases up to around 1.5% by volume, beyond which the gain
becomes slightly reversed. However, overdosage can lead to fiber balling, poor dispersion, and workability issues,
negatively affecting strength. Hence, an optimal SF range of 1%-1.5% is recommended.
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4 Conclusions

The outcomes of this study are as follows:

e Among the evaluated models, the CatB algorithm exhibited superior predictive performance with a test R? of
0.939, RMSE of 4.516 MPa, and MAE of 3.417 MPa, indicating its superior generalization capability over XGB
and HGB maodels. The other two models also showed satisfactory performance to predict the CS of FRAC.

o Correlation analysis revealed that OPC had the most significant positive influence on CS (+0.46), while RA
content negatively impacted strength (-0.30), affirming the sensitivity of FRAC properties to mix composition.

 Partial dependency analysis demonstrated that CS improved with increasing OPC content up to ~500 kg/m? and
fiber dosage up to 1.5%, beyond which marginal or negative returns were observed due to mix saturation and
dispersion issues.

e The optimal ranges of key mix components, including cement content within a range of 500-550 kg/m?, SP
content of 2-4%, and synthetic fiber of 1%-1.5%, were identified to maximize mechanical performance while
maintaining sustainability.
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