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ABSTRACT

The study explores dataset preparation, machine learning (ML) model training, interpretation, and life cycle
assessment (LCA) to predict and enhance the performance and sustainability of rubberized concrete. A large
dataset comprising 1209 collected samples with nine input features was used to train and evaluate six machine
learning models. Among the six models, the Light gradient boosting machine (LightGBM) model achieved the
highest prediction accuracy on the testing dataset, with an R? value exceeding 0.96, a MAPE of 8.31 %, a MAE of
2.36 MPa, and a RMSE of 3.25 MPa. The SHAP algorithm was used to interpret predictions and identify key
factors influencing compressive strength. Rubber content and water-to-cement ratio reduced strength, while
longer curing time, more superplasticizer, higher fine aggregate content, and a greater silica fume-to-cement
ratio improved it. Coarse aggregate, crumb rubber size, and cement content had minimal impact. Optimal
performance was achieved with: Rubber content <55.92 kg/m?, w/c ratio <0.4, curing time >26 days, super-
plasticizer >3.7 kg/m?>, fine aggregate >642 kg/m>, and silica fume/cement ratio >2.5 %. LCA results show that,
although rubberized concrete offers no clear advantage over conventional concrete in cost, carbon, or energy, the
lower strength and higher superplasticizer use of rubberized concrete lead to greater strength-normalized im-
pacts, and therefore its value lies more in waste recycling and toughness than in strength-based sustainability.
The unique advantage of this research lies in the development of a ML-LCA integration framework that syn-
thetically balances performance prediction and sustainability assessment of rubberized concrete, with delivering
actionable mix design recommendations, identifying key and low-impact variables, and revealing trade-offs
among strength, cost, and environmental performance.
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ANN
CART
Cc
Cea
Cra
Cr
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Cs Content of superplasticizer
Artificial neural network ERT Extremely randomized trees
Classification and Regression Tree fe Compressive strength
Content of cement GBDT Gradient Boosting Decision Tree
Content of coarse aggregate LCA Life cycle assessment
Content of fine aggregate LightGBM Light gradient boosting machine
Content of rubber LOWESS Locally Weighted Scatterplot Smoothing
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(continued)
Abbreviation Full name
MAE Mean absolute error
MAPE Mean absolute percentage error
ML Machine learning
ML-LCA Machine learning-Life cycle assessment
R? Coefficient of determination
RBF Radial Basis Function
RF Random forest
RMSE Root mean square error
SCMs Supplementary cementitious materials
sf/c Ratio of silica fume to cement
SHAP SHapley Additive exPlanations
Sr Maximum size of crumb rubber
SVM Support vector machines
Tc Curing time
w/c Water-to-cement ratio
XGBoost Extreme gradient boosting trees

1. Introduction

Concrete is widely used in construction due to its high compressive
strength and long-term durability (Khan and McNally, 2023). The ma-
terial can be easily molded into various shapes and works well with steel
reinforcement, making it highly versatile for structural applications in
buildings, bridges, pavements, and other infrastructure. Its popularity in
infrastructure and construction projects is also driven by broad avail-
ability and low production costs. However, despite these advantages,
conventional concrete remains brittle, with low impact resistance and
limited energy absorption, making it vulnerable to cracking under dy-
namic or impact loads (Maurya et al., 2023; Zhou et al., 2023).

To overcome these challenges, researchers have proposed using
rubber particles as an alternative to traditional aggregates in concrete
(Zhu and Jiang, 2023). This approach has led to the development of
rubberized concrete, which offers improved toughness, enhanced
impact resistance, and increased durability compared to conventional
mixtures (Dissanayake et al., 2021; Surehali et al., 2023). Experimental
investigations have revealed that columns made of rubberized concrete
demonstrate superior energy dissipation capabilities when subjected to
cyclic loading (Moustafa et al., 2017). Their deformation and rotational
capacity can be up to 50 % higher than that of conventional concrete
columns (Pham et al., 2018). Moreover, rubberized concrete bridge
columns improve safety in vehicle collisions by absorbing more impact
energy and reducing the force transferred to the vehicle (Lavagna et al.,
2020). The rapid growth of the automotive industry has led to increased
tire production, resulting in a significant accumulation of waste rubber.
Rubber is a non-degradable material that resists decomposition in water
or organic solvents, allowing it persist in landfills for centuries and
create serious environmental risks (Karunarathna et al., 2022). The
utilization of rubber waste in concrete offers a practical solution to
mitigate this environmental burden.

Although rubberized concrete has demonstrated promising perfor-
mance in various studies, its widespread adoption is limited by the
significant reduction in compressive strength caused by the inclusion of
waste rubber (Lavagna et al., 2020; El-Gammal et al., 2010). Research
indicates that substituting 50 % of sand and gravel with ground rubber
and tire chips can reduce the compressive strength by up to 85 %,
leaving only 15 % of the original strength (Giineyisi et al., 2004). Other
investigations have reported similar strength losses due to the addition
of waste rubber in concrete (Mohammed and Azmi, 2014; Liu et al.,
2020). To quantify the influence of rubber on compressive strength,
empirical models have been proposed using experimental data where
fine aggregates were partially replaced with crumb rubber (Mohammed
and Azmi, 2014). Although the model achieved a high fitting accuracy
(R? = 0.97), its generalization capability is constrained by two main
limitations: The applicability of the model is limited using slump-based
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piecewise functions and the focus on fine aggregate replacement with
rubber particles.

Recent studies have shown growing interest in applying ML to the
design of rubberized concrete mixtures (Jaf et al., 2024). ML is valued
for its strong predictive capabilities and ability to capture the complex
behavior of composite materials. Unlike conventional empirical
methods, ML models can process large and diverse datasets to identify
hidden patterns and interactions among mix components that affect
compressive strength (Xie et al., 2020; Guo et al., 2024; Zhou et al.,
2024; Ly et al., 2021). A variety of algorithms, including deep neural
networks (Gregori et al., 2021), Gaussian process modeling (Kovacevic¢
et al., 2021), Random Forest (Zhou and Zheng, 2025), and networks
enhanced by genetic algorithm (Zhang et al., 2021), have been used to
accurately predict the mechanical properties of rubberized concrete. For
example, ensemble models have predicted the compressive strength of
rubberized concrete with a Pearson correlation above 0.96 (Kovacevic
et al., 2021), while ANN and XGBoost achieved R? values over 0.98
(Zhou and Zheng, 2025). Various ML models have also been applied to
self-compacting rubberized concrete, reaching an R? over 0.94 (Zrar
et al., 2024). Four predictive models were employed to forecast the
compressive strength of self-compacting rubberized concrete, achieving
an R? of 0.94 (Sherwani et al., 2025). These approaches consistently
outperform traditional empirical formulas, demonstrating strong
generalization and adaptability across diverse mixture designs.

Despite these advancements, challenges remain in applying data-
driven predictive models to forecast the compressive strength of
rubberized concrete: (1) Most existing studies rely on relatively small
datasets, often limited to a few hundred samples (Kovacevic et al., 2021;
Zhou and Zheng, 2025; Zhang et al., 2021). This restricts the ability of
models to generalize well across diverse mix designs and environmental
conditions, potentially leading to overfitting and unreliable predictions
when applied to new cases. (2) Many machine learning models lack
transparency, making it challenging for engineers to understand the
influence of mix design parameters on compressive strength. (3) While
predicting strength is important, sustainability remains a critical aspect
that must also be addressed. Most current research lacks integration of
LCA into machine learning workflows, limiting the ability to fully
evaluate the sustainability and cost impacts of rubberized concrete
formulations.

To achieve a systematic assessment between mechanical and sus-
tainable performance, this research tackles the identified challenges by
establishing a ML-LCA integration framework. This framework lever-
ages a large-scale dataset to develop robust and interpretable machine
learning models for predicting the compressive strength of rubberized
concrete. Meanwhile, by incorporating LCA into the predictive process,
the framework enables both accurate performance forecasting and
informed decision-making for sustainable mix design. It addresses key
gaps in existing studies, such as limited sample sizes, poor model
transparency, and the lack of sustainability considerations.

The key novelties of this research can be summarized as follows: (1)
A unique ML-LCA integration framework is developed that synthetically
integrates strength prediction with sustainability evaluation, which
providing a holistic balance between mechanical performance and eco-
efficiency, enabling sustainability comparisons, and supporting
informed recommendations for rubberized concrete use. (2) Develop-
ment of the largest dataset (1209 samples) on rubberized concrete
compressive strength and integration of SHapley Additive exPlanations
(SHAP) analysis to quantify the influence of each design parameter. The
full dataset is used for detailed parametric analysis, providing new in-
sights into both magnitude and direction of each variable influence.

2. Methodology

Fig. 1 presents the developed framework in this study, including four
main steps.
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Fig. 1. The flowchart of proposed multi-model prediction, SHAP analysis and life cycle assessment.

(1) Dataset preparation. The dataset was compiled from rubberized
concrete literature and uses mixture design parameters as inputs
with compressive strength as the output. Data cleaning and
normalization were performed to ensure consistency and
enhance the overall quality of the dataset.

(2) Predictive modeling. Several ML models were trained and tuned
to improve performance. The algorithm with the highest pre-
diction accuracy was selected to estimate the compressive
strength of rubberized concrete.

(3) Model explanation. SHAP analysis was used to interpret the
optimal model, providing global insights and feature-level
importance for the input variables.

(4) Life cycle assessment. LCA at the mixture design stage evaluated
the cost, carbon footprint, and energy efficiency of rubberized
concrete production. Compressive strength was used to normalize
cost, carbon footprint, and energy use, enabling strength-adjusted
sustainability metrics. Design recommendations were proposed
to identify the most resource-efficient strategies for rubberized
concrete development.

2.1. Dataset description and preprocessing

2.1.1. Dataset preparation

A comprehensive database of 1209 rubberized concrete mixtures was
compiled from diverse sources for predicting compressive strength, as
detailed in the Supplementary Data. The database was collected from 62
articles published between 2004 and 2024 (Giineyisi et al., 2004;
Mohammed and Azmi, 2014; Liu et al., 2020; Abdullah et al., 2024;
Agrawal et al., 2023, 2024; Aiello and Leuzzi, 2010; Aliabdo et al., 2015;
Alizadeh et al., 2024; Beiram and Al-Mutairee, 2022; Bignozzi and
Sandrolini, 2006; Bing and Ning, 2014; Bulut, 2024; Choudhary et al.,
2020; Dai et al., 2013; Elbialy et al., 2024; Fadiel et al., 2023a,b; Faraj
et al., 2019; Fernandez-Ruiz et al., 2018; Gesoglu et al., 2015; Gesoglu
and Giineyisi, 2007; Glineyisi, 2010; Gupta et al., 2016, 2021a,b; Jalal
et al., 2019; Kechkar et al., 2020; Kelechi et al., 2022; Khern et al., 2020;
Kumar et al., 2023; Li et al., 2016a; Liu et al., 2013, 2016; Luong et al.,
2017; Lv etal., 2019; Ma and Yue, 2013; Medina et al., 2016; Mehdipour
et al., 2020; Mishra and Panda, 2015; Mohd Nasir et al., 2022; Mool-
chandani et al., 2024; Noaman et al., 2017; Pham et al., 2019; Rahat
Dahmardeh et al., 2021; Rezaifar et al., 2016; Safan et al., 2017; Saini

et al., 2024; Sanjaya et al., 2023; Sharma et al., 2024; Singh et al., 2022;
Skripkitnas et al., 2009; Strukar et al., 2018; Thomas et al., 2014;
Thomas and Gupta, 2016a; Topcu and Bilir, 2009; Yasser et al., 2023;
Zaleska et al., 2019; Zhang et al., 2014; Zhang and Poon, 2018; Zinkaah
et al., 2024). In these studies, the compressive strength for rubberized
concrete was obtained through experiments on various samples sizes
under standard curing condition. The compressive strength was then
standardized to that of a 150 mm? cubic specimen to eliminate dimen-
sional differences according to reference (Mansur and Islam, 2002):

feu1s0 =0.91fcu 100 + 3.62 (@)

where f,, 150 and fe, 100 represent the compressive strengths of 150 mm°®
and 100 mm?® cubic specimens, respectively.

Nine variables associated with the mixture design and curing period
of rubberized concrete were analyzed to evaluate their impact on
compressive strength using ML. These included water-to-cement ratio,
cement content, silica fume content, rubber content, fine and coarse
aggregate content, maximum crumb rubber size, superplasticizer con-
tent, and curing days. The rubber content was calculated based on
rubber density, rubber to aggregate volume ratio, and aggregate mass
and density, as documented in (Giineyisi et al., 2004). The nine input
variables were chosen based on their widely recognized influence on the
mechanical performance of rubberized concrete, as evidenced in prior
literature. Specifically, parameters such as the water-to-cement ratio,
cement, silica fume, aggregate, and superplasticizer contents are
fundamental to concrete mix design and significantly affect strength
development (Liu et al., 2020; Jaf et al., 2024). Rubber content and
maximum rubber size directly influence the mechanical and durability
performance of rubberized concrete (Giineyisi et al., 2004). Lastly,
curing days are critical in reflecting the hydration progress and strength
gain over time. Table 1 shows the minimum, maximum, quartile values,
mean, and standard deviation for each input variable along with the
compressive strength. Fig. Al (see Appendix) displays probability den-
sity distributions for nine input variables and a single output variable.
The compressive strength ranges from 0 to 87 MPa and follows an
approximately normal distribution with no evident skewness.

To assess potential multicollinearity and relationships among vari-
ables, a Pearson correlation coefficient analysis was performed, as
shown in Fig. 2. The analysis indicates that most input features have
relatively low intercorrelations (|R|<0.7), suggesting weak linear
dependence (Guo et al., 2024). This indicates that the selected variables
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Table 1
Variation in the input characteristics and compressive strength of rubberized concrete.
Symbol Unit Min Q1 Q2 Q3 Max Mean STD
w/c / 0.3 0.38 0.42 0.5 0.68 0.44 0.09
Cr kg/m® 0 16.8 47.5 88.94 490.3 66.38 70.65
Sr mm 0 1.18 4 5 20 4.35 4.29
Ce kg/m* 270 364 400 450 629.27 414.87 63.49
Cra kg/m® 0 573 676.1 725.31 1395 649.7 151.09
Cca kg/m? 0 848 1024 1124.4 1520 988.32 216.75
Sf/c % 0 0 0 6 20 2.88 5.02
Cs kg/m® 0 0 2.39 5.1 60.45 5.04 9.18
Tc day 3 28 28 28 365 39.62 44.12
1 MPa 1.58 22.93 33.63 44.26 87.46 34.6 15.88
of model complexity (Ahmad et al., 2021; Zhang et al., 2024; Paruthi
we m'0'04 _0'05 o.1s RN _0_03 1.0 et al., 2022; Guo' et al., 2021; Quo 'et val., 2025)'. ANN anq SVM were
selected as classical models with distinct learning strategies, namely
Cp --0.04 m 030 0.02 20.13 0.01 -0.08 0.8 neural networks and kernel-based methods, serving as baselines. RF and
ERT were included for their robustness and interpretability as ensemble
Sz --0.05 0.30 M-o.ls 0.02 -0.07 -0.08 -0.07 -0.08 .06 tree-based models. XGBoost and LightGBM, as advanced gradient
boosting algorithms, were chosen for their high accuracy and efficiency
Ce 0.02 -0.15 m. -0.14 -0.15 -0.08 0.07 in processing structured engineering data. The model that achieves the
[ %4 highest prediction accuracy based on R?, RMSE, and MAE will be
Cr - 0.15 0.02 m 0.07 (G IR 0-33 selected for subsequent LCA analysis. The details of the machine
Cp,-0.04 -0.07 -0.14 m 0.00 0.14 0.11 0.08 0.2 le;lrjr;li\?lsgI modc.els a.re summarized below .and Tablie 2.
s are inspired by the human brain using interconnected neuron
sflc --0.01 0.13 -0.08 0.07 0.00 m 0.14 0.15 0.30 - 0.0 layers and activation functions (e.g., sigmoid, ReLU) to map inputs to
’ outputs (Kaveh, 2024). They adjust weights and biases via gradient
Cs - 0.01 -0.07 -0.15 0.04 0.14 0.14 m 0.00 0.20 descent to minimize error and typically require large datasets (Apicella
- 02 etal., 2021; Gardner, 1984). In this study, mixture design variables form
T¢ --0.03 -0.08 -0.08 -0.08 0.02 0.11 0.15 0.00 EEUYY 0.35 the input layer, compressive strength is the output layer, and the
-0.4 network learns the relationship through iterative backpropagation. SVM
fe ﬂﬂ R 033 Ry 030 (0:20}10.35 m finds an optimal hyperplane to separate data (Cortes and Vapnik, 1995)
we Cy ‘S:R éc CI’FA CI'CA S/I/C és 7'~C £ and in regression fits a function within a defined error margin (e) (Lee

Fig. 2. Heatmap of Pearson correlation coefficient.

are suitable for training ML models, as high intercorrelation can nega-
tively affect model performance and interpretability. Based on these
results, all mixture design variables were included as input variables
(Zhou et al., 2024).

2.1.2. Data normalization and splitting

The process of data normalization represents a critical procedure in
ML workflows, facilitating the adjustment of diverse-scale variables to a
uniform scale. This process aids faster convergence by preventing vari-
ables on larger scales from dominating the algorithm (Singh and Singh,
2020). Common data standardization techniques include Z-Score Stan-
dardization, Min-Max Scaling, Decimal Scaling, and Maximum-Absolute
Scaling (Jain et al., 2005). Within the context of this investigation, the
input parameters underwent standardization via the Maximum-Absolute
technique, adjusting values within a 0 to 1 interval. This approach
modifies data points through division by the highest absolute value
present in their corresponding feature (Guo et al., 2024). The stan-
dardized dataset was shuffled with a fixed random seed to avoid order
bias and ensure that the training and testing subsets were representative
of the overall data distribution (Zhou et al., 2024). The dataset was
subsequently divided, allocating 80 % for training purposes and
reserving 20 % for testing (Fjaz et al., 2024).

2.2. Machine learning algorithms

This study employs six machine learning models: ANN, SVM, RF,
ERT, XGBoost, and LightGBM. The selection of models was guided by
their demonstrated success in predicting concrete strength, as well as
their representation of diverse algorithmic paradigms and varying levels

et al., 2023). Kernel functions (linear, polynomial, RBF, sigmoid) enable
adaptation to high-dimensional spaces without altering inputs (Ngu
et al., 2024). The e-insensitive loss ignores errors within the margin and
penalizes only larger deviations to improve noise tolerance and gener-
alization. RF is an ensemble method that builds multiple CART regres-
sion trees from bootstrap samples and averages their outputs (Prasad
et al., 2006). This approach reduces variance, improves generalization,
and delivers stable, accurate predictions across diverse regression tasks
(Brieuc et al., 2018). ERT is an ensemble method like RF but adds
randomness by selecting both random features and random split points
(Geurts et al., 2006). This produces shallower, more diverse trees,
increasing bias but reducing variance, which improves stability and
generalization (Zhou et al., 2025). XGBoost is an advanced gradient
boosting method that builds trees sequentially and incorporates regu-
larization to control complexity and reduce overfitting (Chen and
Guestrin, 2016). It uses a second-order Taylor expansion for efficient
and accurate loss optimization. LightGBM is a GBDT-based algorithm
optimized for speed and scalability (Ke et al, 2017). It uses
Gradient-based One-Sided Sampling and Exclusive Feature Bundling to
accelerate training, and a leaf-wise growth strategy for higher accuracy
with fewer iterations. Overfitting is controlled through constraints like
max depth and minimum samples per leaf, enabling efficient, large-scale

Table 2

Summary of machine learning models.
No. Model Category
1 ANN Classical
2 SVM Classical
3 RF Ensemble — Bagging
4 ERT Ensemble — Bagging
5 XGBoost Ensemble — Boosting
6 LightGBM Ensemble — Boosting
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predictive modeling. Both XGBoost and LightGBM are high-performance
gradient boosting algorithms known for their accuracy and efficiency on
structured data.

2.3. Evaluation metrics

Model performance was evaluated using four metrics: MAE, RMSE,
MAPE, and RZ, as shown in Eq. (2) to Eq. (5). MAE measures the average
magnitude of prediction errors without considering direction and
directly reflects the typical deviation between predicted (y,r.) and actual
values (Ytst), providing an intuitive sense of accuracy in the same unit as
the target variable. RMSE calculates the square root of the average
squared differences between predictions and actual values, penalizing
larger errors more heavily and making it particularly sensitive to outliers
while identifying models that minimize large deviations. MAPE ex-
presses prediction error as a percentage of actual values, allowing scale-
independent comparison and facilitating interpretation of accuracy in
relative terms. R? indicates the proportion of variance in the target
variable explained by the model, with higher values suggesting the
model captures patterns and trends. Lower MAE, RMSE, and MAPE
indicate higher accuracy, while an R? near one signifies a better fit.

RMSE = % ; (Yiore - yi_[w)2 )
MAPE:% ; 3% x 100% ©)
MAE=] Z Yiore — Vi @

R2=1-! (5)

i <.yi.,test - 7) ’

i=1

where y represents the mean compressive strength; n indicates the total
number of observations.

2.4. Hyperparameter tuning

Hyperparameters are configuration settings that influence the per-
formance of machine learning models and must be specified prior to
training. Common tuning methods include Grid Search (Sun et al.,
2021a), Random Search (Bergstra and Bengio, 2012), and Bayesian
Optimization (Wu et al., 2019). Given the dataset size (1209 samples),
Grid Search and Random Search are computationally inefficient, so this
study employs Bayesian Optimization for its ability to explore complex
search spaces with fewer evaluations (Wu et al., 2019). It iteratively
evaluates hyperparameter combinations, each informed by prior results,
enabling faster convergence toward optimal parameters. By building a
surrogate model of the target function, Bayesian Optimization directs
the search to promising regions, balancing exploration and exploitation.
Here, it is combined with 10-fold cross-validation with stratification to
identify the optimal hyperparameters. The pre-defined search space for
ANN, SVM, RF, ERT, XGBoost, and LightGBM is listed in Table A1 (see
Appendix). In 10-fold cross-validation, the training data is split into ten
subsets; each subset serves once for validation while the remaining nine
are used for training (Guo et al., 2024).

2.5. SHAP-based model explanation

Machine learning algorithms often lack interpretability, limiting
transparency in decision-making. To address this, SHAP, rooted in
cooperative game theory, is used to provide global and local
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interpretability by quantifying each input variable’s contribution to the
output (Che et al., 2017). In this study, SHAP analyzes feature impor-
tance to enhance model reliability. SHAP analysis is employed with
three primary objectives: (1) Quantifying the influence of individual
features across the entire dataset, thereby identifying which input var-
iables have the greatest impact on model predictions; (2) Exploring
correlations between parameter values through SHAP dependence plots,
which reveal how changes in one feature’s value influence the predicted
outcome in conjunction with other features. (3) Offering insights into
complex relationships that are not evident when considering features in
isolation. The results are shown in Section 3.4.

2.6. Economy and environmental impacts

LCA plays a key role in evaluating the true sustainability of rubber-
ized concrete by accounting for economy (cost analysis) and environ-
mental impacts (carbon emission and energy efficiency). In this
research, a cradle-to-gate boundary is applied to assess the environ-
mental impacts of rubberized concrete. The inventory data utilized for
the LCA can be found in Table 3. It outlines the cost, carbon emission,
and embodied energy associated with each raw material employed in
the production of rubberized concrete. The strength-normalized cost,
carbon footprint, and energy consumption were also computed, aimed at
evaluating the cost-effectiveness, carbon emissions, and energy effi-
ciency of rubberized concrete production. These evaluations were
accomplished through combining the compressive strength measured at
28 days with the corresponding unit costs, emission levels, and energy
requirements.

By utilizing the inventory information provided in Table 3, the
required production cost, carbon emissions, energy usage during the
production of per cubic meter of rubberized concrete were evaluated
using Eq. (6) to Eq. (8) (Guo et al., 2023b):

M= z": mir; (6)
i1

C= i Cil'i @)
i1

E= i er; ®
P

where M, C, and E represent the unit manufacturing cost, the generated
CO;, emissions, and the total energy required during the production of 1
cubic meter of rubberized concrete, respectively; m;, c;, and, e; symbolize

Table 3
Inventory data for each raw ingredient used in LCA.
No.  Materials Cost ($/kg) Carbon Energy
footprint (kg/ consumption
kg) (MJ/kg)
1 Cement 0.084 ( 0.820 (Sun 4.73 (Chiaia
Alsalman et al., et al., 2021b) et al., 2014)
2020)
2 Silica fume 0.800 (Guo 0.014 (Guo 0.018 (Mahjoubi
et al., 2023a) et al., 2023a) et al., 2025)
3 Fine aggregate 0.010 (Guo 0.002 (Guo 0.022 (Mahjoubi
et al., 2023a) et al., 2023a) et al., 2025)
4 Coarse 0.014 (Guo 0.004 (Guo 0.022 (Mahjoubi
aggregate et al., 2023a) et al., 2023a) et al., 2025)
5 Waste rubber 0.0035 ( 0.0042 (Chen 0.014 (
Mahjoubi et al., et al., 2023) Sinkhonde, 2023)
2025)
6 Superplasticizer 3.0 (Mahjoubi 0.72 ( 9.0 (Mahjoubi
et al., 2021) Mahjoubi et al., 2021)
et al., 2021)
7 Water 0.001 (Guo 0.0003 (Guo 0.00574 (Chiaia

et al., 2023a) et al., 2023a) et al., 2014)
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the unit cost, the CO, emissions, and the energy consumption used to
produce the ith component (i = 1, 2, 3, ..., n), respectively; and r; in-
dicates the mass of the ith ingredient.

3. Results and discussion
3.1. Hyperparameter tuning results

After training and evaluating each model, the variation of the test set
R? scores during the Bayesian optimization process was recorded with
respect to the number of iterations, as illustrated in Fig. 3. It is evident
that, apart from the ANN model, the R? values of the other 5 models
reached stability after 200 iterations, all surpassing 0.9. Finally, the
optimal hyperparameter values are selected based on the highest
average predictive accuracy. These values are presented in Table A2 (see
Appendix). Since LightGBM achieved the highest predictive accuracy
among all tested models, Fig. A2 (see Appendix) presents its score plot,
with the shaded region indicating the minimum-maximum range of R?
values obtained across the 10 folds at each optimization iteration. This
visualization not only highlights the model’s overall performance but
also reveals the variability in accuracy across folds, offering insights into
its stability and robustness during hyperparameter tuning.

3.2. Prediction process

The first sample from the dataset has been randomly selected to
illustrate the forecasting procedures of ANN, SVM, RF, ERT, XGBoost,
and LightGBM, as shown in Fig. 4. The first sample is w/c = 0.35, CR =0
kg/ms, Sgr = 0 mm, C¢c =400 kg/m3, Cpy = 769 kg/m3, Ccy = 1149 kg/
m3, sf/c = 0 %, Cs = 5.9 kg/m3, T¢ = 28 days, and fc = 64.17 MPa. In
the figure, red and blue bars indicate the beneficial and adverse effects
of individual features on the forecasted compressive strength, with their
lengths indicating the absolute Shapley values for each feature. It is
evident that all the models consistently identify Cgr, w/c, Cps as the top
three factors influencing compressive strength. This is evidenced by the
longer bars for these parameters compared to other features. Since
adding rubber decreases compressive strength, its absence has a positive
effect. The models also agree that a lower w/c (0.35) and a higher Ccx
(1149.0 kg/m>) positively contribute to compressive strength. In
contrast, the effects of Sg, sf/c, Cs and C¢ are less important. Through the
incorporation of base values, positive impacts, and negative impacts,
these models collectively generate a conclusive forecast. It should be
noted that there exist disparities in mixture ratios among samples. Some
samples have content values below the mean SHAP, while others are
higher.

According to Table 4, the anticipated compressive strengths from the
ANN, SVM, RF, ERT, XGBoost, and LightGBM models are reported as
52.64 MPa, 63.17 MPa, 61.27 MPa, 62.32 MPa, 63.76 MPa, and 63.75
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08 T A il
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Fig. 3. R? scores of the six models changed with the number of iterations using
the Bayesian optimization algorithm under 10-fold cross-validation.
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MPa, respectively. The discrepancies between the measured compres-
sive strengths and the forecasts by these models are reported as —17.97
%, —1.56 %, —4.52 %, —2.88 %, —0.64 %, and —0.65 %, respectively.
Apart from the ANN model, the absolute forecasting errors of the
remaining five models fall below 5 %, reinforcing the efficacy and ac-
curacy of machine learning techniques. By contrast, the effects of the
maximum size of crumb rubber (Sg), ratio of silica fume to cement (sf/c),
superplasticizer content (Cs) and content of cement (C¢) are less
important. Through the incorporation of base values, positive impacts,
and negative impacts, these models collectively generate a conclusive
forecast.

3.3. Prediction performance

Fig. 5 illustrates the effectiveness of six machine learning algorithms.
Except for the ANN model, all models achieved excellent predictive
accuracy for rubberized concrete strength, achieving R? scores above
0.97. They also fulfill the ML standard of MAE being less than RMSE
(Khan et al., 2022). Moreover, the five ML models exhibit robust training
performance, with all RMSE values under 3. Notably, the ERT and
LightGBM models demonstrate higher predictive accuracy on the
training dataset, achieving the lowest RMSE and MAE values, with R2
values both reaching 0.99. The RF and XGBoost models showed slightly
lower performance, with higher error metrics and lower R? compared to
ERT and LightGBM. In comparison, the accuracy of the SVM model is
relatively low, but still acceptable given that its R?> reached 0.97.
Overall, the ANN model exhibited relatively lower efficiency compared
to the other models, indicated by higher RMSE, MAPE, and MAE metrics,
along with an R? of 0.87.

Fig. 6 shows the testing performance of six ML models. Except for
ANN, all models achieved R? values above 0.91, indicating strong pre-
dictive accuracy. Given LightGBM’s highest accuracy on the same
dataset, the gap is more likely due to algorithmic differences rather than
sample distribution limitations. Tree-based ensemble methods, partic-
ularly boosting algorithms such as LightGBM, capture complex
nonlinear feature interactions, handle heterogeneous data, and mitigate
overfitting through regularization. LightGBM outperformed other
models mainly because its leaf-wise growth strategy with depth con-
straints captures complex feature interactions more effectively, while
histogram-based binning reduces overfitting. SVM may struggle with
high-dimensional regression unless its kernel is carefully tuned.
Compared with bagging-based models (ERT/RF), it lowers bias by
sequentially correcting errors, and compared with XGBoost, it can fit
local patterns more precisely, making it better suited to the nonlinear
relationships.

In this research, the risk of overfitting is considered low for two main
reasons: (1) The model was trained on a large and diverse dataset that
captures a wide range of mixture designs, and (2) the predictive per-
formance remained consistently high across both the training and test
sets.

Table 5 summarizes the model’s prediction performance across three
compressive strength intervals (0-30 MPa, 30-60 MPa, and 60-90 MPa),
covering an overall strength range of 0-87 MPa. This breakdown facil-
itates the identification of potential overfitting or underfitting within
specific intervals, which may result from data imbalance, as discussed in
(Ali et al., 2023). Performance is classified as poor (R2 < 0.70), medium
(0.70 < R? < 0.80), and good (R? > 0.80).

Since the overall performance metrics exhibit the same trend,
Table 4 reports only the R?> and RMSE values. Across the three
compressive strength ranges, model performance varied notably.
LightGBM achieves consistently good results (R2 > 0.81) and the highest
accuracy in the high-strength range (R? = 0.91), followed by XGBoost,
which performed strongly in the low and high ranges but was slightly
weaker in the medium range. In contrast, ANN performed poorly in all
ranges, particularly in the high-strength range, while SVR, RF, and ERT
showed moderate to good results in the low and medium ranges but
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Fig. 4. Prediction process of different machine learning models: (a) ANN; (b) SVM; (c) RF; (d) ERT; (e) XGBoost; and (f) LightGBM.

Table 4

Actual and predicted compressive strength of the sample investigated.
Models ANN SVM RF ERT XGBoost LightGBM
Actual 64.17 64.17 64.17 64.17 64.17 64.17
Predicted 52.64 63.17 61.27 62.32 63.76 63.75
Error —17.97 % —1.56 % —4.52 % —2.88 % —0.64 % —0.65 %

suffered significant drops in the high range, likely due to data imbal-
ance. Overall, LightGBM and XGBoost are not affected by the data
imbalance problem.

instance (Kashem et al., 2024). Fig. 7 presents the SHAP values for each
input variable across all samples, computed using the LightGBM model
identified as optimal in Section 3.3. The figure includes pie charts of
variable importance, bar chart presents the average SHAP values, and

3.4. Parametric analysis beeswarm plots showing feature impact distribution and magnitude.
o The model identifies the rubber content (Cr) as the most important
3.4.1. Influence of individual features factor, accounting for more than 30 % of the total impact. The combined
.4.1. . . !
SHAP analysis quantifies the contributions of each input variable to imp athOffR and the w/c exli:.?ed 50 %. Cr re;iu;esdstretngth b}é replacmﬁ
the predicted compressive strength of rubberized concrete for a specific part of the aggregate, while w/c controls hydration and strengt
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Fig. 5. Performance of ML models on training dataset: (a) ANN; (b) SVM; (c) RF; (d) ERT; (e) XGBoost; and (f) LightGBM.
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Fig. 6. Performance of ML models on testing dataset: (a) ANN; (b) SVM; (c) RF; (d) ERT; (e) XGBoost; and (f) LightGBM.

et al., 2010; Giineyisi et al., 2004). Fine aggregate content (Cr4), curing %.

time (T¢), superplasticizer content (Cs), and the silica fume-to-cement
ratio (sf/c) are categorized as medium-impact variables. Conversely,
coarse aggregate content (Ccy), cement content (Cc¢), and the maximum
size of crumb rubber (Sg) are consistently identified as the least im-
pactful variables. The medium-impact features contribute 35.6 % to the

model predictions, while the low-impact features contribute only 12.4

The beeswarm plots show the distribution of SHAP values for each
feature, with dots representing samples colored by feature value. Fea-
tures are sorted by average SHAP impact. For the LightGBM model,
rubber content (Cgr) and water-to-cement ratio (w/c) are the most
influential features. It also assigns high importance to the silica fume-to-
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Table 5
Model performance in different compressive strength ranges.
Models Ranges (MPa) No. of data R? RMSE (MPa) Remark
ANN 0-30 102 0.29 6.09 Poor
30-60 127 0.38 6.10 Poor
60-90 13 —0.45 10.08 Poor
SVR 0-30 102 0.71 3.90 Medium
30-60 127 0.69 4.31 Poor
60-90 13 -0.07 8.66 Poor
RF 0-30 102 0.72 3.82 Medium
30-60 127 0.74 3.99 Medium
60-90 13 0.61 5.22 Poor
ERT 0-30 102 0.72 3.81 Medium
30-60 127 0.70 4.24 Medium
60-90 13 0.41 6.43 Poor
XGBoost 0-30 102 0.84 291 Good
30-60 127 0.79 3.53 Medium
60-90 13 0.89 2.80 Good
LightGBM 0-30 102 0.82 3.11 Good
30-60 127 0.81 3.58 Good
60-90 13 0.91 2.44 Good

cement ratio (sf/c), while curing time (T¢) shows a relatively strong
impact. In contrast, cement content (Cc) and crumb rubber size (Sg)
have minimal influence, possibly due to interactions with w/c and Cg,
which reduce their SHAP contributions. This suggests that feature in-
teractions play a critical role in determining variable importance within
the model. It should be noted that disparities exist in mixture ratios
across samples. For example, in some mixes the water-to-binder ratio or
rubber content shows SHAP values lower than the mean SHAP, indi-
cating that their contribution to strength prediction is less significant
than the average level. Conversely, in other mixes these parameters
exhibit SHAP values higher than the mean SHAP, suggesting that they
play a more dominant role in influencing the prediction. This variability
reflects the diversity of practical mixture designs and should be
considered when interpreting the relative importance of features.

3.4.2. Correlation between the parameter values

SHAP values quantify the influence of each parameter on compres-
sive strength from LightGBM model. As shown in Section 3.4.1, the top
six features contribute about 90 % of the total impact on compressive
strength. SHAP dependence plots for the six key features were fitted with
LOWESS curves and 0.5 standard deviation bands to show uncertainty.
In contrast, fine aggregate (Cgs), rubber crumb size (Sg), and cement
content (C¢) had minimal impact and showed no clear linear trends.
These three variables were excluded due to their negligible impact,
enabling parametric analysis of the relationship between feature values
and their SHAP contributions. As depicted in Fig. 8(a) and (b), SHAP
values for rubber content (Cg) and water-to-cement ratio (w/c) decrease

Journal of Cleaner Production 538 (2026) 147338

with increasing feature values, indicating an inverse relationship with
compressive strength. To minimize adverse effects, Cr should stay below
55.92 kg/m>, and the w/c ratio under 0.4 to preserve the compressive
strength. As depicted in Fig. 8(c)-8(f), curing time (T¢) silica fume-to-
cement ratio (sf/c), fine aggregate content (Crs) and superplasticizer
content (Cs) exhibited positive correlations with compressive strength.
Therefore, the following thresholds are recommended to enhance the
compressive strength: T¢ > 26 days, sf/c > 2.5 %, Cga > 642 kg/m°, and
Cs > 3.7 kg/m®, as these factors positively influence the compressive
strength.

3.4.3. Pairwise SHAP interaction analysis

This section highlights SHAP’s ability to capture the combined ef-
fects of feature interactions on model predictions. As shown in Fig. 9,
pairwise interactions among nine input variables are visualized based on
LightGBM outputs. Red dots indicate high values for both interacting
features, while blue dots denote low values. The rubber content (Cg) and
the water-to-cement ratio (w/c) show the strongest interaction effects,
reflected by its broad SHAP value distribution and high variability.
Individually, both high Cr and high w/c are known to detrimentally
affect compressive strength (Topcu, 1995; Neville, 1995). However, for
a given high w/c which already creates a more porous cement paste
matrix, the addition of even a small amount of Cg leads to a dispro-
portionately large drop in predicted strength. This is because the hy-
drophobic rubber particles further disrupt the hydration process and
weaken the Interfacial Transition Zone within the already compromised
matrix (Youssf et al., 2016; Thomas and Gupta, 2016b). At very low w/c
ratios, the adverse effect of Cg is partially alleviated, suggesting a
complex non-linear interdependence. Overall, the strong negative
interaction between Cr and w/c is critical for practical applications:
Utilizing rubber in concrete requires exceptionally tight control over w/c
to avoid catastrophic losses in strength, which should be further
underscored. In contrast, features like cement content (C¢) and crumb
rubber size (Sg) exhibit low SHAP values with limited spread, indicating
weak interaction influence. The minimal interaction for C¢ suggests that
increasing cement content generally improves strength predictably,
regardless of the values of other features, as it is the primary binder. The
weak influence of Sg is consistent with findings that the negative impact
of rubber is more dominantly governed by its volume than its particle
size (Guo et al., 2017). The interaction patterns are consistent with the
trends observed in Fig. 8, in which the rubber content (Cg) and the
water-to-cement ratio (w/c) have a substantial influence on compressive
strength, whereas cement content (Cc) and crumb rubber size (Sgr)
contribute minimally.
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Fig. 7. SHAP-based interpretation of the outputs from LightGBM model.
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3.5. Life cycle assessment and design recommendations

3.5.1. Cost analysis

The total cost analysis of 1209 rubberized concrete is shown in
Fig. 10(a). Based on the LCA results, the cost of producing 1 m® of
rubberized concrete ranges from $38.1 to $396.4, with an average of
$79.7. The majority of rubberized concrete mixtures had a cost below
$100 per cubic meter, indicating that rubberized concrete can be
economically viable for large-scale construction applications when
properly formulated. Fig. 10(b) presents the strength-normalized cost
analysis of rubberized concrete cured for 28 days. The strength-
normalized cost, representing the expense to achieve 1 MPa of
compressive strength, varies between $1.02/MPa and $19.59/MPa,
with average value of $2.81/MPa. Most rubberized concrete mixtures
had a strength-normalized cost below $5/MPa.

3.5.2. Carbon emission

Fig. 11(a) shows the total carbon emission analysis for 1209
rubberized concrete mixtures. According to the LCA results, the carbon
emission of producing 1 m® of rubberized concrete ranges from 237.2 kg
to 552.6 kg, with an average of 365.8 kg. Most mixtures cost less than
400 kg per 1 m>. Fig. 11(b) presents the strength-normalized carbon
footprint for mixtures cured for 28 days, indicating the carbon emissions
required to achieve 1 MPa of compressive strength. This value ranges
from 4.1 kg/MPa to 132.0 kg/MPa, with an average of 14.0 kg/MPa.
Very low compressive strengths, such as 3-5 MPa, lead to

10

disproportionately high strength-normalized carbon footprints, often
exceeding 130 kg/MPa. The majority of mixtures remained below 20
kg/MPa, with the lowest carbon footprint recorded at 4.1 kg/MPa.

3.5.3. Energy efficiency

Fig. 12(a) presents the total energy consumption analysis for 1209
rubberized concrete mixtures. Based on the LCA results, the energy
required to produce 1 m® of rubberized concrete ranges from 1352.4 MJ
to 3007.3 MJ, with an average of 2047.4 MJ. Most mixtures consume
less than 400 kg of material per cubic meter. Fig. 12(b) shows the
strength-normalized energy consumption for mixtures cured for 28 days,
representing the energy needed to achieve 1 MPa of compressive
strength. This metric ranges from 24.4 MJ/MPa to 760.0 MJ/MPa, with
an average of 81.7 MJ/MPa. As with strength-normalized carbon
emissions, very low compressive strengths (e.g., 3-5 MPa) result in
disproportionately high energy consumption per unit strength, often
exceeding 750 MJ/MPa. Most mixtures fall below 100 MJ/MPa, with the
lowest recorded value at 24.4 MJ/MPa.

It should be pointed out that some mixes yield very high carbon
footprint or energy consumption values when normalized by mechanical
intensity, as shown in Figs. 11(b) and 12(b). These represent boundary
conditions in the material design space. While such mixes may not be
suitable for structural applications due to low strength, they remain
relevant for non-structural uses, and as benchmarks for optimizing
trade-offs between environmental impact and performance. These
findings highlight the need to balance sustainability goals with
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Fig. 10. Cost analysis of various rubberized concrete: (a) total cost; (b) strength-normalized cost.

functional requirements in concrete mix design.

3.5.4. Design recommendations

In rubberized concrete mixture design, a trade-off means balancing
competing objectives, where improving one aspect often compromises
another. For example, increasing rubber content improves cost effi-
ciency and sustainability but decreases compressive strength, whereas
increasing cement content enhances strength but raises both cost and
emissions. It is challenging to identify an optimal solution that strikes a
balance among all aspects. Fig. 13 illustrates the use of a 3D plot to
identify the optimal rubberized concrete mixture. Each point in the plot
represents a specific mix, allowing for a clear comparison across envi-
ronmental and economic dimensions. When considering strength in the
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optimization, three indicators include cost, carbon emissions, and en-
ergy consumption are first normalized by compressive strength. Each of
these three indicators was then normalized to a common scale of 0-1
using MinMaxScaler, which can eliminate the bias caused by differing
magnitudes. The normalized values were then assigned equal weights of
0.33, reflecting balanced importance among economic and environ-
mental objectives. After normalization and weight assignment, visual-
izing these three key performance indicators together enables the
identification of trade-offs between cost-efficiency, sustainability, and
strength. Mixtures with low values across all axes cluster near the origin,
and the optimal design is highlighted as the point with the lowest
combined impact.

Fig. 13(a) illustrates the use of a 3D plot to identify the optimal
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rubberized concrete mixture based on total cost, carbon emissions, and
energy consumption. The optimal mixture, selected based on mini-
mizing total cost, carbon emissions, and energy consumption, yields
$44.64 in cost, 241.2 kg of CO4 emissions, and 1402.6 MJ of energy use
per cubic meter. This mixture consists of 288.20 kg of cement, 1005.00
kg of fine aggregate, 722.00 kg of coarse aggregate, 28.80 kg of rubber,
and 172.92 kg of water, with no silica fume or superplasticizer included.
The optimal mixture achieves a compressive strength of 24.5 MPa,
sufficient to meet typical construction standards. Fig. 13(b) presents a
3D plot of the strength-normalized cost, carbon emission, and energy
consumption for each concrete mixture. When considering the 28-day
compressive strength, the optimal rubberized concrete mixture ach-
ieves a cost of $0.76 per MPa, a carbon emission of 4.35 kg per MPa, and
an energy consumption of 24.95 MJ per MPa. This mixture consists of
288.2 kg of cement, 1005.0 kg of fine aggregate, 722.0 kg of coarse
aggregate, 28.8 kg rubber, and 172.9 kg of water, with no inclusion of
silica fume and superplasticizer. It delivers a 70.6 MPa strength,
demonstrating strong mechanical strength with minimized
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environmental and economic impact.

3.5.5. Comparison between rubberized and conventional concrete

Fig. 14 provides a comparison between rubberized concrete and
conventional concrete based on total cost, carbon emission, and energy
consumption, including their strength-normalized equivalents, with
data from the whole dataset. In the dataset of 1209 samples, those
containing 0 % rubber content were selected as conventional concrete
(control samples), while samples in which fine aggregate was replaced
with waste rubber were classified as rubberized concrete. Although
rubberized concrete is often promoted for its potential environmental
and economic benefits, the results from all six comparative plots,
covering total cost, carbon emission, energy consumption, and their
strength-normalized forms do not support this assumption. Rubberized
concrete mixtures exhibit comparable cost, carbon emissions, and en-
ergy consumption levels to conventional concrete across all evaluated
metrics, as shown in Fig. 14(a)-14(c). Fig. 14(d)-14(f) compare the
strength-normalized cost, carbon emissions, and energy consumption of
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rubberized concrete with those of conventional concrete. In many cases,
they showed greater variability and higher values, especially in
strength-normalized indicators. The higher energy and carbon emissions
per MPa observed in rubberized mixtures are likely due to their lower
compressive strength, which inflates normalized values. Additionally,
rubber can disrupt particle packing and increase the superplasticizer
demand, as superplasticizer contributes more to the economic and
environmental impacts. This is consistent when incorporating other
SCMs into normal concrete, such as fly ash, slag, and rice husk
(Sathiparan and Subramaniam, 2025; Chowdhurya et al., 2025; Adeg-
bemileke et al., 2024). When strength is a key design criterion,
rubberized concrete may not offer a clear sustainability advantage.

3.5.6. Effect of high-impact factors

As illustrated in Fig. 7, rubber content (Cg) and water-to-cement
ratio (w/c) are the two high-impact factors on compressive strength,
accumulatively accounting for over 50 % of the total contribution.

13

Therefore, this section is exclusively focused on these two high-impact
factors.

Comparable findings are observed when examining data from a
specific study (Xue et al., 2022). Fig. 15 presents the total cost, total
carbon emissions, and total energy consumption, along with their
strength-normalized counterparts, for mixtures incorporating up to 30 %
rubber content (Cg) as a replacement for fine aggregate. The results
indicate that while the total cost, carbon emissions, and energy con-
sumption show only minor reductions with increasing crumb rubber
replacement levels, the strength-normalized indicators exhibit a
different trend. The total cost decreases slightly from 70.97 $ to 66.49 $,
but the cost per unit compressive strength increases from 1.18 $/MPa to
1.93 $/MPa. This suggests that although the material cost is marginally
reduced, the strength loss outweighs the savings, leading to higher cost
efficiency penalties. Total carbon emissions remain nearly constant,
indicating that rubber addition does not significantly reduce embodied
carbon on a mass basis. The strength-normalized carbon footprint rises
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from 5.62 kg COo/MPa to 9.78 kg COy/MPa, reflecting the reduced
mechanical performance. The total energy demand drops from 1976 MJ
to 1965 MJ, but the energy consumption per MPa increases from 32.89
MJ/MPa to 57.07 MJ/MPa, again highlighting the detrimental effect of
strength reduction on efficiency metrics.

Similarly, for the water-to-cement ratio (w/c), as indicated in
Table 3, the cost, carbon footprint, and energy consumption of water are
substantially lower than those of cement. Therefore, an increase in w/c
reduces total cost, carbon emission, and energy consumption of the
rubberized concrete mixture. In addition, Fig. 8(b) shows an obvious
negative correlation between the water-cement ratio (w/c) and
compressive strength. Consequently, an increase in w/c leads to higher
strength-normalized values (cost/MPa, CO/MPa, and MJ/MPa) due to
the corresponding decrease in strength. This finding further enhances
the interaction revealed by SHAP analysis, linking mix design parame-
ters directly to sustainability indicators.

3.6. Discussions

3.6.1. Repeatability and reproducibility

The repeatability and reproducibility of the presented analyses are
primarily supported by three factors: (1) Dataset transparency and
accessibility: The complete dataset of 1209 rubberized concrete sam-
ples, including input variables, standardized compressive strengths, and
calculation procedures, has been made openly available via Mendeley
Data, enabling independent researchers to directly re-run the analyses.
(2) Standardized preprocessing and model training procedures, where
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all preprocessing steps such as Maximum-Absolute normalization (Sec-
tion 2.1.1), 80/20 train-test split with a fixed random seed (Section
2.1.1), and 10-fold cross-validation are applied (Section 2.4), and model
hyperparameter ranges are explicitly documented (Table A1), ensuring
that the same dataset and settings will yield identical results if re-
executed. (3) Model interpretability and parameter reporting: full
disclosure of optimal hyperparameters for each machine learning model,
together with the SHAP-based interpretation workflow, allows precise
replication of the training process and interpretation outputs.

3.6.2. Limitations and future research

The data used in this study were sourced from existing literature,
which introduced several inconsistencies across key dimensions,
including material types, particle size distributions, detailed chemical
compositions, geographic origins, and reporting formats. These in-
consistencies reduce the reliability and comparability of performance
assessments, potentially limiting the generalizability of the findings.
Additionally, while this study focused on predicting the compressive
strength of rubberized concrete, this property alone does not fully reflect
the material’s performance potential. Rubberized concrete is often
valued not only for its load-bearing capacity but also for its enhanced
impact resistance, durability, energy absorption, and long-term defor-
mation characteristics, especially in applications such as pavements,
seismic zones, and protective structures.

To address these limitations, there is an urgent need for targeted
research aimed at developing a standardized, region-specific database
tailored to rubberized concrete. Such a resource would enhance the
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consistency and accuracy of performance evaluations, support regional
optimization of mix designs, and enable more data-driven decisions in
both material selection and engineering applications. Furthermore,
future data collection efforts should expand beyond compressive
strength to include a broader range of mechanical and durability-related
properties, such as impact resistance, energy absorption, and long-term
performance indicators, to better capture the full behavior and appli-
cation potential of rubberized concrete.

To enhance the practical applicability of AI models in rubberized
concrete research, future studies should focus on integrating high-
dimensional, multi-source datasets. This includes not only traditional
mix design variables but also a broader range of supplementary
cementitious materials such as fly ash, slag, and rice husk ash, along
with detailed physical and chemical properties of raw ingredients,
including particle size distribution, surface area, and oxide composition.
Such comprehensive data is essential for capturing complex nonlinear
interactions resulting from the combined use of rubber aggregates and
SCMs. Employing customized or hybrid machine learning algorithms
that can effectively process these multidimensional inputs will improve
model robustness, generalizability, and interpretability, ultimately
supporting more reliable and sustainable concrete design.

Furthermore, the predictive model and the mechanisms it reveals are
derived from historical experimental data. Although the high accuracy
(R? > 0.96 on the test set) prediction result confirms a strong alignment
with the compiled experimental results, future work will include tar-
geted experimental programs to validate model predictions at critical
boundary conditions and to physically verify the interaction mecha-
nisms identified by SHAP analysis. This step is essential to bridge data-
driven insights with direct experimental confirmation, thereby
enhancing the model’s reliability for practical applications.

Additionally, the input features considered in this study were
confined to the conventional mixture proportions of rubberized con-
crete. While methods such as NaOH solution modification and silane
coupling agent treatment are recognized for enhancing the rubber-
cement matrix interface (Chen et al., 2019; Li et al., 2016b) and can
indirectly influence compressive strength, these parameters fall beyond
the present scope. Future research will explicitly incorporate these
pretreatment techniques to expand the model’s capability and provide
more comprehensive guidance for performance-oriented mix design.

4. Conclusion

This research innovatively integrates LCA into the ML workflow to
establish a ML-LCA integration framework that effectively links me-
chanical performance prediction with sustainability evaluation. By
constructing the largest known dataset of 1209 samples, incorporating
SHAP-based interpretation, and employing strength-normalized LCA,
the study offers not only a robust tool for optimizing mix designs but also
a new decision-support approach for designing eco-efficient rubberized
concrete mixtures. The findings demonstrate the high predictive accu-
racy of ensemble learning models and provide critical insights into the
environmental and economic implications of rubber inclusion in con-
crete. However, while rubberized concrete offers benefits in terms of
waste recycling and mechanical toughness, it does not inherently
enhance sustainability when strength is considered as a normalizing
criterion. Based on the above discussions, the following sections present
the key findings, research limitations, and future research directions.

e LightGBM has the best performance, with an R? value exceeding 0.96
on testing dataset, a MAPE of 8.31 %, a MAE of 2.36 MPa, and a
RMSE of 3.25 MPa. SHAP analysis indicated that the rubber content
(Cr) and water-to-cement ratio (w/c) were the two most influential
features on compressive strength, with their combined contribution
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exceeding 50 %. To enhance compressive strength, it is recom-
mended that the Cr content should be maintained below 55.92 kg/
m°>, the w/c ratio should not exceed 0.4.

e Cost, carbon, and energy consumption for rubberized concrete were
comparable to conventional concrete. When normalized by strength,
rubberized mixtures often performed worse due to lower compres-
sive strength. The optimal mix design identified in this study ach-
ieves a high compressive strength of 70.6 MPa with superior
sustainability metrics, including a low cost of $0.76/MPa, carbon
emissions of 4.35 kg/MPa, and energy consumption of 24.95 MJ/
MPa. These capabilities make the framework applicable in real-
world scenarios, such as optimizing pavement materials, precast el-
ements, or environmentally friendly concrete products, especially
when tailored to performance-based or green construction standards.

e The data used in this study were obtained from existing literature,
which exhibited inconsistencies in material types, particle size dis-
tribution, detailed chemical compositions, geographic origins, and
reporting standards. These variations compromise the reliability of
performance assessments. Also, this study focused on compressive
strength, but for rubberized concrete, key properties like impact
resistance, durability, energy absorption, and long-term deformation
are equally important.

e Therefore, there is an urgent need for targeted research to establish a
standardized, region-specific database for rubberized concrete. Such
a database would improve the consistency and accuracy of evalua-
tions, thereby enabling more informed decisions in material selec-
tion and mix design. Moreover, future datasets should include
additional target properties such as impact resistance, durability,
and energy absorption. The design system also needs to be verified in
the real-world applications or construction project or actual con-
struction projects to ensure its practicality, robustness, and ability to
meet performance requirements under realistic operating conditions.
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Fig. A2. R? across optimization iterations during Bayesian optimization of LightGBM. Bayesian optimization was performed with 10-fold CV, producing 10 vali-
dation results per iteration, from which the mean R? was calculated.

In Table A1, the “Type” column indicates the nature of each hyperparameter’s value. Integer refers to whole-number parameters, such as tree depth
or the number of estimators, where only discrete values are valid. For Integer types, the interval is typically set to 1, meaning the optimization process
considers each integer within the range. Real denotes continuous numerical parameters that can take on any decimal value within a specified range.
Some real-valued parameters are optimized on a logarithmic scale, noted as “Real (log)”, which is useful for exploring values that span several orders
of magnitude, such as learning rates or regularization strengths. Categorical parameters represent a fixed set of predefined options, such as loss
functions or criteria, with no numerical relationship between the choices and are marked as N/A.

Table Al
Hyperparameter ranges for machine learning models
Models Hyperparameter Type Min Max Interval
LightGBM n_estimators Integer 200 800 1
max_depth Integer 3 30 1
learning_rate Real (log) 0.01 0.5 Continuous
reg_lambda Real 0 10 1
reg_alpha Real 0 10 1
num_leaves Integer 20 100 1
min_child_samples Integer 1 100 1
SVM C Real (log) 1 1000 Continuous
gamma Real (log) 1 20 Continuous
epsilon Real 0.1 5 Continuous
RT n_estimators Integer 100 600 1
max_depth Integer 10 30 1
max_leaf_nodes Integer 100 600 1
max_features Integer 1 9 1
criterion Categorical ‘squared_error’, ‘absolute_error’, ‘poisson’ N/A
ERT n_estimators Integer 100 500 1
max_depth Integer 5 20 1
max_leaf nodes Integer 50 500 1
criterion Categorical ‘friedman_mse’, ‘squared_error’ N/A
max_features Integer 1 9 1
XGBoost n_estimators Integer 200 800 1
learning_rate Real (log) 0.01 0.3 Continuous
gamma Real 0 3 Continuous
max_depth Integer 3 10 1
reg_alpha Real 0 5 Continuous
reg_lambda Real 0 10 Continuous
ANN learning rate_init Real (log) 0.0001 0.1 Continuous
Hidden_layer size Categorical (50), (100), (150), (50, 100), (100, 150) N/A
alpha Real (log) 0.0001 0.1 Continuous
max_iter Integer 1000 5000 1
Table A2
Optimal hyperparameters determined through Bayesian Optimization cross-validation
Algorithms Hyperparameters Descriptions
ANN np =2 Number of the hidden layer
n, = (153,140) Number of neurons in the 1st and 2nd hidden layer
I = 0.0003 Learning rate
a=0.1 Strength of the L2 regularization term
max_iter = 2846 Maximum iterations

(continued on next page)
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Table A2 (continued)
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Algorithms Hyperparameters Descriptions
Activation function: ReLu ReLu function is used as the activation function
ERT n. =100 Number of estimators
dmax = 15 Maximum depth of the tree
Nmax = 500 Maximum number of leaf nodes
ng=9 Limit number of features considered at each split
Criterion: Squared error Squared error is utilized to evaluate the splitting
SVM C =343 Control model complexity
gamma = 10 Influences the scope of the kernel function
epsilon = 1 Defines the tolerance range for errors
kernel: rbf rbf is adopted as the kernel function
RF n, = 300 Number of estimators
dmax = 17 Maximum depth of the tree
Nmax = 300 Maximum number of leaf nodes
ng=7 Limit number of features considered at each split
Criterion: Poisson Poisson is adopted as the splitting criterion
XGBoost n, = 600 Number of estimators
= 0.16 Learning rate
70=0 Minimum loss reduction for a further leaf partition
dmax = 6 Maximum depth of each tree
reg alpha =5 L1 regularization term coefficient
reg lambda = 10 L2 regularization term coefficient
LightGBM n, = 200 Number of estimators
,=0.29 Learning rate
dmax = 12 Maximum depth of the tree
n=20 Number of leaves

Data availability
Data will be made available on request.
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