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ARTICLE INFO ABSTRACT
Keywords: Conventional asphalt concrete has a limited lifespan due to cracking, deformation, and environmental degra-
Fiber-reinforced asphalt concrete dation, driving the development of fiber-reinforced asphalt concrete (FRAC). However, key gaps remain in

Explainable artificial intelligence
Ensemble learning

SHAP analysis

Causal inference

Life cycle assessment

current data-driven FRAC studies due to small and homogeneous datasets, “black-box” machine learning models,
and trade-offs between mechanical-sustainable performance, failing to provide a transparent understanding of
features governing FRAC behaviors. This paper proposes a framework integrating explainable artificial intelli-
gence and life cycle assessment (LCA) to advance mechanical and sustainable design of FRAC. A dataset of 2490
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laboratory samples covers 15 input features and 3 mechanical outputs. Eight machine learning models, along
with a voting ensemble strategy, were optimized using Genetic algorithm for hyperparameter tuning. The
optimized voting ensemble achieved an average prediction performance of R> = 0.87, RMSE = 1.09, MAPE —
11.96%, and MAE = 0.60 across the three mechanical targets, indicating robust and reliable predictive capa-
bility. SHapley Additive exPlanations (SHAP) analysis and linear non-gaussian acyclic causal inference quanti-
fied global/local feature impacts and pairwise interactions. LCA evaluated economic and environmental impacts
and derived strength-normalized sustainability metrics. Finally, an interactive graphic user interface platform
was developed for predictions, SHAP interpretations, and LCA outcomes. This data-driven approach establishes a
paradigm for intelligent FRAC design, harmonizing mechanical performance with sustainability.

Abbreviation List

Abbreviation Full name

AC Asphalt concrete

Ag2.36 2.36 mm aggregate passing rate
Ag4.75 4.75 mm aggregate passing rate
Ag9.5 9.5 mm aggregate passing rate
ANN Artificial neural network

AV Air voids

CART Classification and regression tree
CatBoost Categorical boosting

DAG Directed acyclic graph

Du Ductility

ERT Extremely randomized trees

FC Fiber content

FL Fiber length

FRAC Fiber-reinforced asphalt concrete
FT Fiber type

FV Marshall flow value

GBDT Gradient boosting decision tree
GUIL Graphic user interface

KDE Kernel density estimation

KNN K-nearest neighbor

LCA Life cycle assessment

LightGBM Light gradient boosting machine
LINGAM Linear non-gaussian acyclic model
LOWESS Locally weighted scatterplot smoothing
MAE Mean absolute error

MAPE Mean absolute percentage error
MDN Mixture density network

ML Machine learning

MQ Marshall quotient

MS Marshall stability

MT Melting temperature

NSGA-II Non-dominated sorting genetic algorithm II
PDF Probability density function

Pe Penetration

R? Coefficient of determination
RBF Radial basis function

RF Random forest

RMSE Root mean square error

SHAP SHapley Additive exPlanations
Sp Softening point

SVR Support vector regression

TS Tensile strength

VFA Voids filled with asphalt

VMA Voids in mineral aggregate

XAI Explainable artificial intelligence
XGBoost Extreme gradient boosting trees

1. Introduction

Asphalt concrete, with a global market value exceeding 3.4 billion U.
S. dollars in 2024 (Asphalt Concrete Market Outlook, 2024), is widely
used in road pavement (Wang et al., 2021), airport runways (AlKheder
et al., 2022), parking lots (James and Thompson, 2021), and embank-
ment dams (Ning et al., 2024) due to its crack resistance, waterproofing,
quick repair, and cost-effectiveness (Bieliatynskyi et al., 2022; Yao et al.,
2023; Rivera-Pérez et al., 2023). However, conventional asphalt con-
crete suffers from limited lifespan, brittleness in cold climates, and
deformation under heat, making it prone to cracking from water

damage, loading, aging, and temperature fluctuations (Ma et al., 2024a;
Al-Atroush, 2022; Arabzadeh et al., 2016). To overcome these chal-
lenges, fiber-reinforced asphalt concrete (FRAC) has been developed,
which has demonstrated improved toughness, crack resistance, and
durability in numerous experimental studies (Ge et al., 2022; Wang
et al., 2023; Jin et al., 2022a). Experimental studies have shown that
FRAC with chopped fiber enhances Marshall stability by 17.4%, indirect
tensile strength by 16.1%, and reduces rutting depth by 19% compared
to conventional mixes (Takaikaew et al., 2018, 2021; Khan et al., 2023a,
2024; Mateos and Harvey, 2019). Incorporating waste fibers into asphalt
concrete mitigates environmental burdens, since these non-degradable
materials resist natural decomposition and can be effectively reused
within asphalt mixtures (Takaikaew et al., 2018; Ma and Hesp, 2022; Ma
et al., 2021, 2022, 2024b; Li et al., 2023).

Current experimental methods for evaluating FRAC are inefficient
and costly, as any change in binder content, aggregate type, or gradation
requires new, time-consuming laboratory tests (Dias et al., 2014; Garcia
et al., 2014; Liu and Wu, 2014; Pasandin and Pérez, 2015; Zaumanis
et al., 2016; Wang et al., 2017). To determine the influence of fiber on
mechanical performance, empirical formulas were developed to esti-
mate mechanical behavior (Hejazi et al., 2008). Although the model
demonstrates satisfactory fitting accuracy, its generalization capability
is substantially constrained by two inherent limitations: simplified
reinforcement mechanics based on an interface slip model and lack of
sensitivity to mix design variability. Moreover, to assess the incorpora-
tion of fiber, researchers have examined its impact on fatigue resistance
and rutting behavior. More advanced methods have adapted
mechanistic-empirical frameworks like FlexPAVE™ to estimate the
long-term fatigue and rutting performance of FRAC (Karanam and Un-
derwood, 2024). Although these models offer accurate predictions, their
reliance on fixed mix parameters severely restricts their adaptability
(Khan et al., 2023b).

Recently, machine learning (ML) has been applied for material
property prediction of FRAC, offering powerful predictive capabilities
and a deeper understanding of the FRAC's complex behavior. ML models
can analyze large, heterogeneous datasets to uncover the intricate, non-
linear relationships between mix parameters and mechanical properties
(Upadhya et al., 2022). A variety of ML algorithms, including Artificial
neural network (ANN) (Upadhya et al., 2024), Random forest (RF)
(Upadhya et al., 2024), k-Nearest neighbor (KNN) (Phung et al., 2023a),
Light gradient boosting machine (LightGBM) (Phung et al., 2023a), were
used to predict the Marshall stability and indirect tensile strength of
FRAC with remarkable accuracy. For example, RF predicted the
Marshall stability of FRAC with R of 0.83 (Upadhya et al., 2024), while
KNN and LightGBM models achieved higher predictive accuracy with R?
of 0.90 (Phung et al., 2023a). These methods outperform traditional
empirical formulas, showing strong generalization across diverse
mixture designs.

Despite these advancements, three key challenges hinder the broader
adoption of MLs in FRAC design: (1) Small and homogeneous datasets
remain a major limitation. Most existing studies rely on a few hundred
samples with narrow material ranges, restricting generalization and
increasing the risk of overfitting when predicting novel formulations.
For instance, the dataset from Upadhya et al. only includes 164 data
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points (Upadhya et al., 2022), which may increase the risk of model
overfitting (Goodfellow et al., 2016). Besides, although some existing
studies show high prediction accuracy, their results rely merely on single
fiber type that cannot be transferred for other fiber categories (Upadhya
et al., 2024; Phung et al., 2023a). (2) As shown in Fig. 1, many ML
models lack interpretability as model complexity increases, known as
the “black-box” effect. Particularly for ANN, while the model accuracy is
higher than that of KNN and other regression models, the interpret-
ability of ANN is limited due to the nonlinearity and complexity of the
network structure (Lipton, 2018), making it difficult for engineers to
identify how mix design parameters influence strength. Comprehensive
experimental validation across diverse variables further adds cost and
time burdens. (3) Although ML models were developed to predict the
mechanical properties of FRAC (Upadhya et al., 2022; Upadhya et al.,
2024; Phung et al., 2023a), existing studies focused mainly on mapping
mixture design to material properties. Currently, sustainability consid-
erations are rarely integrated, as life cycle assessment (LCA) is seldom
incorporated into ML workflows, limiting holistic evaluation of FRAC in
terms of both performance and environmental impact. Usually, incor-
porating supplementary materials in FRAC mixture designs shows a
trade-off between mechanical properties and sustainability: Beneficial
to sustainability but harmful to mechanical behaviors (Huang et al.,
2007; Tan et al., 2022). It is unknown how FRAC mixtures should be
engineered to optimize mechanical properties and sustainability for
intended applications. These challenges are attributed to knowledge
gaps in understanding of the effects of the mechanical and sustainable
properties of FRAC on road and hydraulic infrastructure behaviors.

To address these challenges, this study introduces an innovative
framework that integrates explainable artificial intelligence (XAI) and
cradle-to-gate LCA to simultaneously advance the mechanical perfor-
mance and sustainability of FRAC. The research objectives are threefold:
(1) Develop a data-driven machine learning framework based on a large
and comprehensive dataset to evaluate strength-normalized sustain-
ability metrics of FRAC systems with varying ingredients and mix pro-
portions. In this work, nine machine learning models are adopted, such
as Mixture density network, Support vector regression, and Extreme
gradient boosting trees, along with a voting ensemble strategy. The
hyperparameters are optimized via Non-dominated Sorting Genetic Al-
gorithm II (NSGA-II) for multi-objective tuning. (2) Apply an XAI
approach that leverages the SHapley Additive exPlanations (SHAP) al-
gorithm and Linear Non-Gaussian Acyclic Model (LINGAM) causal
inference to enhance dataset interpretation and uncover feature in-
teractions. (3) Evaluate the life-cycle performance of FRAC through a
cradle-to-gate analysis considering cost, carbon emissions, and energy

Artifical

Black-box
Neural models
Networks Random
Forest Support
Vector Intrinsic models

Machine
K-Nearest
Neighbors

Accuracy

Regressors

v

Interpretability

Fig. 1. Trade-off between model accuracy and interpretability in machine
learning models.
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consumption throughout the service life. Based on LCA, the optimal
asphalt concrete fiber additives and FRAC mixture designs were iden-
tified based on economic, environmental, and performance
perspectives.

To achieve the above objectives, a large dataset of 2490 samples
containing mechanical (Marshall stability, flow value, Marshall quo-
tient), economic (unit price), and environmental metrics (carbon foot-
print and energy consumption) was used to train and evaluate nine ML
models. The SHAP and causal inference algorithms were utilized to
interpret predictions and clarify the influence of input features including
their pairwise interactions. Finally, a graphic user interface (GUI) plat-
form was developed to generate recommendations on the ranges of
design variables for frontier practitioners by evaluating the impacts of
design variables on the mechanical performance and sustainability of
FRAC.

The key novelties of this research can be summarized as follows: (1)
Development of an XAI framework, integrating advanced data pre-
processing methods (missing data interpretation, data standardization
and splitting, and feature extraction), machine learning methods
(ensemble learning based on voting model, hyperparameter tuning
based on multi-objective optimization), and model interpretation
methods (SHAP analysis and causal inference). Four different types of
base models are selected to form a voting ensemble model through a
weighted average. NSGA-II is used to simultaneously maximize the R
values of three output variables. (2) Establishment of a large and
comprehensive dataset with six sub-datasets based on fiber categories
for the first time, including glass fiber, mineral fiber, plastic fiber, steel
fiber, carbon fiber, and bio-fiber. (3) A user-friendly GUI platform
embedding a XAl-driven design recommendation tool is developed for
engineers to remove professional barriers and to implement interactive
prediction results.

The remainder of the paper is organized as follows: Section 2 pre-
sents the methodology. Section 3 presents and discusses the results.
Section 4 develops the graphic user interface platform. Section 5 sum-
marizes the limitations and recommends future research opportunities.
Section 6 provides a summary of the conclusions.

2. Methodology
2.1. Research framework

Fig. 2 shows the flowchart of the developed framework in this study,
including four main steps: (1) Dataset preprocessing: The dataset
derived from FRAC literature, includes mixture design parameters as
inputs and Marshall stability (MS), flow value (FV), and quotient (MQ)
as outputs. Missing values were imputed and data standardized to
ensure consistency and quality. (2) Model tuning and prediction: Nine
ML models, including eight single models and a voting model combining
four of them, underwent training and evaluation. The NSGA-II algorithm
was utilized for multi-objective optimization to boost their effectiveness.
Ultimately, the accuracy of these nine models in predicting the perfor-
mance of FRAC was compared. (3) Explainable artificial intelligence:
SHAP analysis was employed to provide global insights and quantify
feature importance, while causal inference based on LINGAM was used
to reveal interactions among design variables affecting FRAC perfor-
mances. (4) Life cycle assessment and design recommendations: At
the mixture design stage, cost, carbon footprint, and energy use of FRAC
were evaluated to optimize sustainability, with MQ-normalized metrics
guiding resource-efficient design recommendations.

2.2. Dataset preparation

2.2.1. Dataset collection and description

A comprehensive database comprising 2490 FRAC samples was
compiled from relevant published studies for predicting MQ, MS, and
FV. These datasets were derived from 141 articles published between
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Fig. 2. Flowchart of the proposed framework integrating multi-model prediction, explainable artificial intelligence, and life cycle assessment.

2002 and 2025, which can be found in Supplementary materials. In
these studies, the MS and FV of FRAC are directly obtained through
specimen testing, while MQ is calculated as the ratio of MS to FV
(MQ=MS/FV). Considering the inherent properties of asphalt, aggregate
gradation, and fiber characteristics, this dataset comprises fifteen input
features and three output features to investigate their effects on FRAC
(Phung et al., 2023b). The fifteen input features are penetration (Pe),
ductility (Du), softening point (SP), asphalt content (AC), air voids (AV),
voids in mineral aggregate (VMA), voids filled with asphalt (VFA), the
passing rates of 2.36 mm, 4.75 mm, and 9.5 mm aggregates (Ag2.36,
Ag4.75, and Ag9.5), fiber type (FT), fiber content (FC), fiber length (FL),
tensile strength (TS), and melting temperature (MT). In addition, there is
a wide variety of fiber types, which can be classified into six major
categories, namely glass fiber, mineral fiber, plastic fiber, steel fiber,
carbon fiber and bio-fiber. Among them, mineral fiber, plastic fiber and
bio-fiber are further divided into many subtypes. The number of various
fiber samples is shown in Table Al.

2.2.2. Data analysis

Fig. Al illustrates the missing data ratios of different features. The
missing values are handled in two categories. For asphalt and aggregate
features, missing entries are imputed using the overall average value of
the dataset. For fiber-related features, the data are divided into six sub-

datasets based on fiber types (see Table A1), and missing values within
each sub-dataset are replaced by the corresponding subgroup mean.
After imputation, Table 1 summarizes the statistical distribution of all
variables, including minimum, maximum, quartiles, mean, and standard
deviation.

Fig. A2 displays the probability density distributions of the fifteen
input features and three output variables. Each subplot uses a dual-axis
design to show the distribution of features (e.g., Pe, Du, SP). The left
primary axis displays the probability density function, and the right
secondary axis shows the frequency distribution. A Pearson correlation
analysis was conducted to assess multicollinearity, as presented in Fig. 3
(Benesty et al., 2009). Results show that, apart from a few aggregate
passing rates with strong correlations, most input features exhibit weak
relationships (|R| < 0.7) (Guo et al., 2024). This suggests limited linear
dependence and low redundancy, supporting the suitability of the cho-
sen features for model training. Since excessive input correlation can
reduce both predictive accuracy and interpretability, all mixture design
variables were retained as model inputs (Zhou et al., 2024).

2.2.3. Data preprocessing

To prepare the dataset for machine learning analysis, the feature
Fiber Type (FT) was encoded as integer labels representing six distinct
fiber categories: 1 — Glass fiber; 2 — Mineral fiber; 3 — Plastic fiber; 4 —

Table 1

Distribution of fifteen input features and three output features.
Symbol Unit Min Q1 Q2 Q3 Max Mean STD
Pe 0.1 mm 37 63 67.7 74 98 68.48 13.49
Du cm 50.33 100 111.4 120 182 111.4 22.16
SP °C 41 47.1 50 52 88.5 51.99 8.85
AC % by mass 2.85 4.7 5.19 5.8 10.39 5.29 0.91
AV % 0.03 3.6 4.47 5.4 21.73 4.85 2.5
VMA % 8.33 15.2 16.72 17.44 62.96 16.72 3.17
VFA % 13.24 68.11 71.78 76.84 99.64 71.78 9.91
Ag2.36 % 7.5 30 35.53 42.93 85 35.53 9.42
Ag4.75 % 17.32 42 49.3 56 95 48.17 12.94
Ag9.5 % 35 68 74.7 80 100 72.38 13.02
FT / / / / / / / /
FC % 0 0.1 0.3 0.5 6.94 0.45 0.76
FL mm 0 1.1 6 10 125 8.23 11.37
TS MPa 0.08 375 563.91 2320 4900 1255.07 1300.72
MT °C 155 214.28 247.54 850 3500 666.38 872.98
MS kN 0.34 9.31 11.24 14.55 35.42 12.25 4.49
FV mm 1.42 3.08 3.6 4.36 36.83 4.32 2.97
MQ kN/mm 0.08 2.26 3.19 4.3 10.27 3.4 1.64
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Fig. 3. Heatmap of Pearson correlation coefficient of dataset.

Steel fiber; 5 — Carbon fiber; and 6 — Bio-fiber. This numeric encoding
allowed the categorical feature to be effectively processed by the
learning algorithms.

Data standardization is a crucial step in machine learning, as it en-
sures that variables with different scales are transformed into a standard
range. This standardization can help in achieving faster convergence by
preventing the algorithm from being dominated by variables on a larger
scale (Singh and Singh, 2020). There are several common techniques for
data normalization, such as Decimal scaling, Min-max scaling, Max-abs
scaling and Z-score scaling (Jain et al., 2005). In this study, two scalers,
the Max-abs scaling (z;) and Z-scaling (22), were used to standardize the
X input values for the MDN and the other eight models, respectively. The
formulas for two scalers are shown as follows:

=" &)
o
PR L ©)
max(x)

where x is an input variable; m and ¢ are the average and standard de-
viation of x.

Since the MDN model's predictions consist of three mixture compo-
nents (weight 7, mean yu, and standard deviation o), and ¢ can become
too small, causing log(o) to approach negative infinity and leading to
gradient explosion, a Z-scaler was applied to scale the MDN's y values to
a standard deviation of 1. This helped to avoid gradient explosions.

Then, the standardized dataset was shuffled to avoid order bias and
ensure a representative training set (Zhou et al., 2024). The shuffled

dataset was split into 80% for training purposes and 20% for testing
(Ejaz et al., 2024). The dataset was evaluated using a fixed random seed
(random state = 42) to ensure reproducibility.

2.3. Machine learning algorithms

Eight machine learning models are adopted in this research: Support
Vector Regression (SVR) (Cortes and Vapnik, 1995), Random Forest
(RF) (Zhou et al., 2024), Extremely Randomized Trees (ERT) (Geurts
et al., 2006), Extreme Gradient Boosting Trees (XGBoost) (Chen and
Guestrin, 2016), Categorical Boosting (CatBoost) (Prokhorenkova et al.,
2018), Light Gradient Boosting Machine (LightGBM) (Ke et al., 2017),
Artificial Neural Network (ANN) (Kaveh, 2024), and Mixture Density
Network (MDN) (Bishop, 1994). These methods can be categorized into
single models (SVR, ANN, MDN) and ensemble models (RF, ERT,
XGBoost, CatBoost, LightGBM), as summarized in Table 2.

2.4. Ensemble learning based on voting model

Voting is an ensemble learning technique that combines multiple
machine learning models to enhance predictive performance (Calvert,
1985). In this method, base models are trained on the dataset to generate
individual predictions. The voting model makes predictions based on the
weighted average of outputs from heterogeneous base models. This
process allows voting model to leverage the unique strengths of each
base model, reducing variance and improving generalization (Bartlett
et al., 1998).

In this study, in order to improve the generalization performance and
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Table 2
Summary of machine learning models.
No.  Model Category Notes
1 ANN Classical Kernel-based regression
2 SVR Classical Nonlinear regression
3 MDN Classical Probabilistic neural network
4 RF Ensemble — Bagging of decision trees
Bagging
5 ERT Ensemble — Variant of RF with more randomization
Bagging
6 XGBoost Ensemble — Gradient boosting with regularization
Boosting
7 CatBoost Ensemble — Gradient boosting optimized for
Boosting categorical features
8 LightGBM  Ensemble — Efficient histogram-based gradient
Boosting boosting

robustness through model heterogeneity (Dietterich, 2000), four base
models of different types (ERT, LightGBM, ANN, and SVR) were selected
from the above eight models to form a voting model, as illustrated in
Fig. 4. Specifically, each of the four base models generates a prediction
result, which are then combined using a weighted averaging scheme. In
this process, each prediction is multiplied by a corresponding weight,
and the resulting values are summed to produce the final prediction. The
weights are determined based on the performance of the individual base
models. By consolidating the predictions from the four base models,
voting model is able to capture complex patterns and uncertainties,
thereby generating a comprehensive final prediction. This integration of
predictions from high-performing and heterogeneous base models en-
hances the generalization capability of the voting model in
multi-objective regression tasks.

2.5. Evaluation metrics

Model performance was assessed using four metrics: Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Per-
centage Error (MAPE), and the coefficient of determination (R?). The
corresponding formulas are provided in Eq. (3) to Eq. (6). MAE reflects
the average magnitude of prediction errors in the same unit as the target
variable, providing an intuitive measure of typical deviation. RMSE is
the square root of the average squared differences between predicted
and actual values, placing greater emphasis on larger errors and thus
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offering sensitivity to outliers. MAPE represents prediction error as a
percentage of the actual values, enabling scale-independent evaluation
and relative interpretation of accuracy. R? quantifies the proportion of
variance in the target variable explained by the model, where values
closer to one indicate stronger explanatory power. In general, lower
MAE, RMSE, and MAPE denote higher accuracy, while higher R? sug-
gests a better model fit.

RMSE = % ; (J/i.pre fy,-,tm)z ®3)

MAPE:% :il }% x 100% &)

MAE :% ; Yipre — Yitest 5)
:1 (M.rest - )’tpre) ’

R?=1-! (6)

n 2
i:zl (y itest —Y )
where y; resr and y;pre are the tested and predicted MQ, respectively; y is
the average MQ of FRAC in the dataset; n is the number of samples in the
dataset.

2.6. Hyperparameter tuning based on multi-objective optimization

Hyperparameter tuning is critical for optimizing machine learning
models. Common approaches include Grid Search (Sun et al., 2021) and
Random Search (Bergstra and Bengio, 2012), Bayesian Optimization
(Wu et al., 2019), etc. Grid Search and Random Search are unsuitable for
the multi-objective optimization in this study, meanwhile Bayesian
Optimization is computationally impractical for the large dataset (2490
samples). Therefore, the NSGA-II algorithm, a Genetic Algorithms-based
method, is employed. NSGA-II efficiently handles multiple objectives by
using a non-dominated sorting and crowding distance to maintain so-
lution diversity (Deb et al., 2000). It explores the hyperparameter space
by evolving generations of solutions. Each “individual” in a population
represents a potential hyperparameter combination (e.g., the n_estima-
tors and learning rate of LightGBM, or the hidden_layer sizes of ANN in

& B @& B

Base
models
ERT LightGBM ANN SVR
Predictions é é

4
P= Z w;p;
=1

Weighted

average

Final
prediction

Fig. 4. Schematic diagram of voting ensemble learning.
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this study). In this work, the goal is to maximize the R? values of three
output variables (MQ, MS, FV) simultaneously. The objective functions
are defined as:

AX) = Ray(X)
fo(X) = Riys(X) )
fs(X) = REy(X)

where X denotes a hyperparameter combination, and R,%,,Q X), R,ZV,S (X,
R2,(X) are the R? scores of MQ, MS, and FV predicted by the model with
hyperparameters X, respectively.

Through selection, crossover, and mutation operations, the algo-
rithm evolves these individuals to find optimal hyperparameter sets. The
selection is guided by non-dominated sorting, which classifies solutions
into different fronts based on “dominance relations”. For two hyper-
parameter combinations X, and X;, X, is said to dominate X, (denoted as
X, < Xb) if:

{fi(Xa) > fi(Xs)
fi(Xa) > £i(X)

In the context of this study, this means X, achieves better or equal R,
values for all three objectives (MQ, MS, FV) compared to X, and strictly
better for at least one objective.

To maintain diversity in the Pareto-optimal set, NSGA-II calculates
the crowding distance for each solution, which measures the density of
surrounding solutions. For a solution X; in the k-th front, its crowding
distance d; is:

3 fu(Xi1) — fn(Xii1)
fae — fm

Vie{1,2,3}

vje{1,2,3} ®

di= )

m=1

where fi,(Xi_1) and fi,(Xi+1) are the m-th objective values of the neigh-
bors of X; (sorted by the m-th objective), and f1**, f,';“'" are the maximum
and minimum values of the m-th objective in the k-th front. This ensures
the final solutions cover diverse trade-offs.

This method provides a set of Pareto-optimal solutions, giving in-
sights into the trade-offs between different objectives (Antkiewicz and
Myszkowski, 2024). NSGA-II is well-suited for this study's
multi-objective regression tasks, offering effective hyperparameter
optimization for the models used. The flowchart of hyperparameter
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tuning is shown in Fig. 5.
2.7. SHAP-based model explanation

Machine learning models show strong predictive performance in
material engineering but are often hindered by limited interpretability,
as they function like “black boxes”. Post-hoc methods such as SHAP
(Lundberg and Lee, 2017) address this by assigning importance scores to
features, enabling both global and local interpretability of model out-
comes. Fig. 6 depicts the workflow for the explainable prediction process
using SHAP algorithm. Fig. 6(a) shows the “black-box” model predic-
tion, where inputs like FC, FL, Ag9.5, Pe, etc., generate an MQ prediction
of 4.32. Fig. 6(b) introduces SHAP interpretation, converting the pre-
diction into an interpretable form by calculating SHAP values, which
quantify each feature's contribution. Fig. 6(c) details these SHAP values,
showing how they adjust the average model output (3.41) through
positive or negative contributions (e.g., X; = —0.05, X3 = +0.05) to
reach the final prediction. Fig. 6(d) displays a SHAP waterfall plot,
visually representing the calculation process. The “average prediction”
serves as a baseline, with red (positive) and blue (negative) bars showing
how each feature shifts the output toward the final value, providing
transparency into the model's decision process.

2.8. Causal inference

Causal inference is an important method for uncovering the causal
relationships between 15 input variables and 3 objectives. A linear non-
gaussian acyclic model (LINGAM) was employed to infer the causal
directed acyclic graph (DAG) (Shimizu et al., 2006), thereby elucidating
the latent causal architecture linking the investigated factors to MQ, MS
and FV. As illustrated in Fig. 7, this DAG schematic diagram discloses the
causal interactions between six black input variables and three red
output variables. Nodes represent observed quantities, and directed
edges together with their weights quantify both the direction and
strength of causal influence; positive weights indicate promotion,
whereas negative weights indicate suppression. The causal relationships
identified by the model converge with the SHAP-derived attributions,
thereby furnishing mutually reinforcing evidence that enhances the
robustness and reliability of the inferred causal structure.

7 N 7 N
[ \ 7 \
I NSGA-II 1 1
. R he R?
Start , optimization : : ecord the "
[ " |
| U | 1
| U | 1
4 - _V_ T S I I I A I
/ v I 1
I Missing data i | Definesearch | ; | Demonstratethe |
! filling o space | performance I
| (I ¥ I /
| | I l P
| [ |
| L | | | A4
. |
: dardi : Initialize the I End
I Data standardize hyperparameters | |
L / l !
\ > \ >
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Fig. 5. The flowchart of hyperparameter tuning process based on multi-objective optimization.
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Fig. 6. Flowchart of SHAP algorithm explanation for the machine learning model predictions.
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Fig. 7. The DAG diagram generated by the LINGAM algorithm.
2.9. Life cycle assessment

This study adopts a cradle-to-gate boundary, focusing exclusively on
the production phase of FRAC and excluding the construction, use, and

end-of-life stages. This scope enables a targeted assessment of the ma-
terial's early economic and environmental impacts. The analysis em-
phasizes key sustainability indicators—cost, carbon emissions, and
energy consumption—while also examining the relationship between
environmental impact and mechanical performance by comparing MQ
per unit of material.

The total cost, carbon emissions, and energy consumption for pro-
ducing 1 kg FRAC under standard curing conditions are calculated using
Eq. (10) to Eq. (12), respectively. To assess resource efficiency, strength-
normalized indicators are calculated by combining the MQ with the
corresponding environmental and economic impacts. These indicators
offer a robust basis for comparing the cost and environmental perfor-
mance of FRAC formulations. The developed machine learning model is
initially used to predict the MQ of FRAC, and subsequently to support
strength-normalized LCA.

M= i mgr; (10)
i=1

C= zn: Cili (1 1)
i=1

E= i e;r; (12)

i=1
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where M, C, E denote the cost, CO, emission, equivalent energy con-
sumption of producing 1 kg FRAC, respectively; mj, c;, e; are the unit
cost, CO, emission, energy consumption used to produce the ith ingre-
dient (i=1, 2, ..., n); and r; is the mass of the ith ingredient.

Optimal material usage can be identified by evaluating three per-
formance indicators: strength-normalized cost, carbon footprint, and
energy consumption. For each mixture, the total cost, carbon footprint,
and energy consumption are calculated by summing the contributions of
individual materials based on their unit impacts. These totals are then
normalized by the MQ to produce three strength-normalized indicators.
Boxplots for each indicator are used to determine their lower quartile
(Q1 = 25%) thresholds. Mixtures that fall below the Q1 thresholds for all
three indicators are considered to have balanced, low environmental
and economic impacts. By identifying the minimum and maximum
usage values for each material across these optimal mixtures, the
approach defines intersection ranges that represent the most sustainable
and cost-effective usage levels for practical applications.

3. Results and discussion
3.1. Hyperparameter tuning results

To identify the optimal hyperparameter combinations, each model
underwent 300 iterations of NSGA-II optimization. The algorithm was
configured with a population size of 100, employing simulated binary
crossover with a crossover probability of 0.9 and a distribution index of
20, as well as polynomial mutation with a mutation probability of 0.15
and a distribution index of 15. These parameter settings follow the
widely recommended defaults in NSGA-II literature (Deb et al., 2002).

In addition, the maximum number of generations was set to 300 as
the termination criterion. Tests showed that the optimization curves of
all models converged well before 300 generations, with no meaningful
improvement in R? beyond approximately 250 generations. Therefore,
300 generations provided sufficient evolutionary depth without un-
necessary computation.

Fig. 8 records the average R? scores for predicting the three objec-
tives on the testing set, based on the number of iterations in the NSGA-II
process. As observed, after 300 iterations, while the MDN model still
showed some fluctuation, the R? values of the other eight models
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stabilized above 0.8, indicating strong performance.

Fig. 9 illustrates the three-dimensional Pareto front for the nine
models in terms of MQ, MS, and FV optimization. The Pareto front is
composed of the scatter points shown in the figure, where each point
represents a non-dominated solution. Improving one objective often
requires trade-offs with others, and each point reflects an optimal bal-
ance among the three objectives.

The red pentagram denotes the best point on the Pareto front, rep-
resenting the most desirable solution with the highest overall perfor-
mance across the three objectives. For example, the LightGBM model
excels in maximizing FV (Rz), while the ERT model performs better in
enhancing MQ (R?) and MS (R?). Notably, the voting model integrates
predictions from ERT, LightGBM, SVR, and ANN, all with previously
optimized hyperparameters, resulting in a narrow Pareto front range in
the figure. This highlights its consistently high performance. By
employing the NSGA-II algorithm, which uses non-dominated sorting
and crowding distance to maintain diversity in the solution space, we
can efficiently locate these Pareto optimal solutions. This ensures a well-
distributed set of optimal solutions along the Pareto front, allowing re-
searchers and practitioners to choose model configurations that best
meet their specific needs regarding MQ, MS, and FV. Finally, by selecting
the hyperparameter values that yield the highest average R2, the optimal
configurations are finalized and presented in Table B1.

3.2. Prediction performance

Fig. 10 illustrates the performance of nine machine learning models
in predicting MQ on both training and testing datasets. The prediction
performance for MS and FV is presented in Fig. B1 and Fig. B2, respec-
tively. The blue and red dots in the figure show the relationship between
predicted and actual values for the training and testing sets, respec-
tively. Points on the black diagonal line indicate perfect predictions
where predicted and actual values are equal. The closer the points are to
this line, the smaller the error produced by the ML model, reflecting
better predictive performance. This visualization evaluates model ac-
curacy, with results satisfying the accepted criterion for ML models that
MAE remains smaller than RMSE (Khan et al., 2022).

In general, except for the MDN model, the other eight models
demonstrate exceptional predictive accuracy for MQ of FRAC. Their R?
values exceed 0.93 on the training set and 0.83 on the testing set.
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Fig. 8. R? scores of the nine models in iterations process using the NSGA-II algorithm.
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Specifically, the ERT and voting models showed higher predictive ac-
curacy on the testing dataset, achieving the lowest values for RMSE and
MAE, and the R? value both reached 0.88. The XGBoost, LightGBM and
CatBoost models exhibited slightly lower performance in comparison,
with their RMSE, MAPE, MAE, and R? metrics not quite matching those
of the ERT and LightGBM models.

Furthermore, it can be observed that among the eight individual
machine learning models, the five models demonstrating superior per-
formance are all tree-based models. This indicates that tree-based
models are particularly well-suited for the multi-target regression task
investigated in this study. In comparison, the MDN model exhibited
relatively lower accuracy; however, its performance remains acceptable,
achieving an R? of 0.78 on the test set, which is within 10% of the results
obtained by the other models.

Fig. 11 presents a Taylor diagram (Taylor et al., 2012) that
comprehensively evaluates the performance of nine ML models in pre-
dicting MQ, MS, and FV on the testing set. A Taylor diagram offers a
graphical means to compare model predictions with observed data,
where each of the differently colored dots corresponds to a specific
predictive model. The model whose dot lies closest to the observation
point (red pentagram) indicates the highest level of prediction accuracy.

10

As shown in Fig. 11(a) and Fig. 11(b), the voting model has the smallest
distance to the observation point, indicating it is the optimal model for
predicting MQ and MS. Similarly, Fig. 11(c) shows that for FV predic-
tion, the voting model's accuracy is second only to the LightGBM model.
Moreover, the voting model has the highest mean values of R? across all
three prediction tasks (see Table B2), demonstrating the best predictive
accuracy and generalization ability.

3.3. SHAP-based local interpretability

To illustrate the prediction process across the 9 machine learning
models, a random instance was selected for detailed analysis. The
feature values of this sample include Pe (0.1 mm) = 46, Du (cm) = 130,
SP (°C) =51, AC (Wt.%) =5, AV (%) = 4.17, VMA (%) = 16.9, VFA (%)
= 75.34, Ag2.36 (%) = 32.98, Ag4.75 (%) = 42.91, Ag9.5 (%) = 82.45,
FT = Glass, FC (wt.%) = 0, FL. (mm) = 0, TS (MPa) = 3100, MT (°C) =
850, and MQ (kN/mm) = 3.25. Fig. 12 shows SHAP force plots for MQ
prediction of the selected sample, highlighting key features with concise
information compared to the waterfall plot, where the base value rep-
resents the average prediction.

In Fig. 12, AC (5%) and FT (Glass) consistently contribute positively
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Fig. 10. Performance of ML models on training and testing with MQ as the prediction target: (a) MDN; (b) SVR; (c) ANN; (d) RF; (e) XGBoost; (f) LightGBM; (g)
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Fig. 11. Taylor diagram of the machine learning models for three outputs: (a) MQ; (b) MS; (c) FV.

to MQ, while FC (0%), Ag9.5 (82.45%), and MT (850 °C) show negative
contributions, lowering the predicted MQ. The final predicted MQs

outputted by MDN, ANN, SVR, RF, XGBoost, LightGBM, CatBoost, ERT,
and voting models are 3.47, 3.1, 3.35, 3.27, 3.21, 3.25, 3.29, 3.27, and

11



X. Tan et al.

Higher <> Lower

Base value:3.43  Predicted value: 3.47

1.5 2.0 2.5 3.0 | 4.0 4.5 5.0
it
) ) ) ) )L C({(((
| AV=4.17 | Pe=d6 | AC=5 TS=3100 | FT=Glass | MT= | Du= Ag9.5| Ag2.36= [FL=| VFA=
850 | 130 -8245 3298 0 ' 7534
(a) MDN
Higher .—* Lower

Predicted value: 3.1 Base value:3.36

1 2 3] 7 5 6 7
([ {{{{f
AV=4.17 | Ped6 | FT=Glass TS=3100 Du=130| FL=0 | SP=SI | VMA=
82.45 16.9
(b) ANN
Higher o * Lower
Predicted value: 3.35  Base value:3.41
0 1 3 | 7 5 6 7
L (C{(((
i AV=4.17 Pe=46 [FT=Glass | A9.5 | TS= |SP=51 Du= |MT= |Ag4.75=VMA=
=82.45 3100 130 850 8245 16.9
(©) SVR

Higher < Lower
Predicted value: 327 Base value: 3.41

28 3.0 32| s 36 38
S

TS=3100| Du=130 AC=5

FT=Glass | Ag2.36=3298

(d) RF

MT=850 | FL=0 | FC=0

Journal of Cleaner Production 547 (2026) 147759

High > Lower

Predicted value: 321 Base value:3.41

28 3.0 3 z\ 3 3.6 38
> o ! ( _( _( ( ({
TS=3100 AC=5 FT=Glass MT=850 FC=0 Pe=46 | FL=0 Ag2.36
=32.9¢
(e) XGBoost
Higher > Lower

Predic

value: 325 Base value:3.41

26 28 3.0 32 | s 36 38 40
i

"""

SP=51 | AV=4.17 | TS=3100 | AC=5

FT=Glass Ag236=32.98 FC=0 | MT=850 FL=0 | Ag9.5
8245

(f) LightGBM
Higher 4 Lower
Predi e:3.29  Base value:3.41
26 28 3.0 32 | 3 3.6 38 4.0
|
y ) o | ( _( ( ({ ({{{

MT=850

AV=4.17| TS=3100 | Pe=46| AC=5 FT=Glass FL=0 | Ag2. Agd.75= FC=0
32.98 4291
(g) CatBoost

Higher <= Lower

Predicted value: 3.27  Base value:3.41

28 3.0 3.2 l 3, F 3.6 3.8 4.0 42

0 D D N I S (S S O O

TS=3100| AC=5 | FT=Glass | MT=850 Agd75 FL=0"| FC=0" | SP=S1 | A0S | VMA
=4291 =82.45 =16.9
(h) ERT
Higher . Lower
Predicted value: 3.24  Base value:3.40
L5 2.0 25 30 | [33 70 45 5.0 5.5 6.0
i
T {
Pe=46 | AV=417 | AC=5 |FT=Glass |MT | A FL=0 |Ag2.36 | FC=0 | Agd75 | Du | VMA

850 | =82.45 3298 4291 =130 ' =169

(i) Voting

Fig. 12. Prediction process of nine machine learning models. Red bars indicate positive contributions, while blue bars indicate negative contributions. (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

3.24 kN/mm, respectively, resulting in relative errors between the
actual MQ and the predictions are 6.77%, 4.62%, 3.08%, 0.62%, 1.23%,
0%, 1.23%, 0.62%, and 0.31% respectively. Except for the MDN model,
the other eight models achieve prediction errors within 5%, confirming
their effectiveness and precision.

3.4. SHAP-based global interpretability

3.4.1. Contribution of each feature

As discussed above, SHAP is capable to output the contribution of a
special feature on the Marshall quotient (MQ) of FRAC in a sample, it can
also calculate the contributions of all input features on output feature
across all samples in the complete dataset. Fig. 13 displays SHAP-based
interpretation of the outputs from voting model due to its superior
performance, as noted previously. It includes pie charts illustrating the
proportion of each feature's total impact based on the absolute magni-
tude of their SHAP values, and beeswarm plots displaying the distribu-
tion of SHAP values sorted by their magnitude. The beeswarm plots
visualize the distribution of SHAP values for each feature, with dots
representing samples colored by feature value (red for high feature
value, blue for low feature value). Distance from the y-axis reflects the
absolute SHAP value and impact, while features are ordered by average
contribution. All models consistently identified the direction of feature

influence. For instance, low Pe and AC values positively affect the
output, whereas higher values reduce it.

The Beeswarm plots of other eight single models are shown in
Fig. C1. As shown in the pie charts in Fig. 13 and Fig. C1, it is evident
that eight of the nine models, excluding the ANN model, consistently
identify Pe and AC as the two most influential features on the output. As
shown in Table 3, both Pe and AC have an influence exceeding 10% and
are classified as high-impact features. FT, MT, TS, Ag2.36, SP, VMA, AV,
FC, and Ag4.75, with influences between 5% and 10%, are categorized
as medium-impact features. Du, FL, VFA, and Ag9.5, with influences
below 5%, are classified as low-impact features. On average, the 2 high-
impact factors account for 27.06% of the influence, the 9 medium-
impact factors 56.04%, and the 4 low-impact factors 16.86%.

3.4.2. Dependence analysis of each feature

To analyze the influence trends and threshold effects of critical fea-
tures on the MQ, Fig. 14 presents the SHAP dependence plots for each
input feature as generated by the voting model, which helps clarify the
impact of each parameter on the MQ of FRAC.

According to Fig. 13, the top 11 input features (the 2 high-impact and
9 medium-impact ones) account for 83.1% of the total impact on the MQ
of fiber asphalt concrete. Accordingly, SHAP dependence plots for these
eleven critical features were fitted with Locally Weighted Scatterplot
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Fig. 13. SHAP-based interpretation of the outputs from voting model.
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Table 3

Ranking the influence of features on predicting the Marshall Quotient (MQ) value.

Journal of Cleaner Production 547 (2026) 147759

Features Percentage of models (%) Average (%)
MDN ANN SVR RF XGB LGB Cat ERT Voting
Pe 12 14.4 12.9 19.9 16.4 16.9 15 17.6 15.6 15.63
AC 12.5 10.2 9.8 12.3 11.9 11.6 11.9 11.2 115 11.43
FT 9.7 10.7 8.1 6.7 6.2 5.6 5.8 6 8.5 7.48
MmT 8.3 8.7 8.7 6.2 6.9 7.4 7.8 4.7 8.4 7.46
TS 8 5.1 6.3 7.5 6.6 7.3 6 6.4 6.7 6.66
Ag2.36 8.7 5.6 6.1 5.5 5.7 6.3 5.8 9.1 5.7 6.50
SP 3.5 5.3 4.9 6.8 8.2 7.8 6.5 7.6 5.1 6.19
VMA 4.3 6.8 5.5 4.9 6.2 6.4 7.4 4.7 5.9 5.79
AV 5.3 4 6.2 5.2 6 6.1 6.2 5.7 5.5 5.58
FC 4.3 4.1 5 4.9 6.3 6.7 6.3 4.6 5.6 5.31
Ag4.75 4.8 7.1 5.8 3.5 3.8 4.3 5.4 5.6 5.3 5.07
Du 5.6 5.2 5.9 4.2 4.2 3.6 4 4.1 4.4 4.58
FL 3.8 4 4.3 4.5 4.7 3.7 5.3 4.6 4.2 4.34
VFA 4.4 4 5.5 4.9 3.9 3.3 3.9 5 3.8 4.30
Ag9.5 4.7 4.7 5 2.9 2.9 3.1 2.6 3.2 3.7 3.64

Note:XGB denotes XGBoost; LGB indicates LightGBM; Cat refers to the CatBoost.
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Fig. 14. SHAP dependence plots for fifteen input variables based on voting
model with MQ as the prediction target: (a) Pe; (b) AC; (c) FT; (d) MT; (e) TS; (f)
Ag2.36; (8) SP; (h) VMA; (i) AV; (§) FC; (k) Ag4.75; (1) Du; (m) FL; (n) VFA; (o)
Ag9.5. (Note: Dot colors indicate six fiber categories, as shown in the color bar).
(For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)
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Smoothing (LOWESS) curves and visualized alongside the correspond-
ing +0.5 standard deviation error bands to quantify uncertainty. This
approach allows for parametric analysis by investigating the relation-
ship between the parameter values and their respective SHAP values. In
contrast, the cumulative impact of the other four low-impact features
(Du, FL, VFA, and Ag9.5) is negligible (16.86% of the total impact). Thus,
these four parameters are excluded from further analysis. The dots in the
plots are color-coded according to the six fiber types outlined in Table 1:
Red for glass fiber, orange for mineral fiber, blue for plastic fiber, green
for steel fiber, purple for carbon fiber, and black for bio-fiber.

When the baseline MQ value is 3.40 (see Fig. 12(i)), Figs. 14(a) and
(b) show that for the two high-impact features, the SHAP values corre-
sponding to the Pe and AC gradually become negative with their in-
crease, indicating a negative correlation with the Marshall quotient of
FRAC. Thus, Pe values below 69 (in 0.1 mm units) and AC values below
5.5% can help increase the MQ. Furthermore, analysis of the nine
medium-impact characteristics reveals: Firstly, as illustrated in Fig. 14
(c), glass fiber, mineral fiber, and plastic fiber all exhibit positive effects
on MQ. Among the remaining eight characteristics (Fig. 14(d) to 14(k)),
TS, Ag2.36, FC, and Ag4.75 demonstrate positive correlations with MQ,
and MT and VMA show negative correlations. While SP and AV display
alternating positive and negative correlations with MQ. Based on these
relationships, the following thresholds are recommended to enhance MQ
performance: MT < 396 °C, TS > 565 MPa, Ag2.36 > 37%, SP < 45 °C or
SP > 63 °C, VMA < 17.3%, 3.7% < AV < 7.7%, FC > 0.7%, Ag4.75 >
51%.

3.5. Pairwise interaction analysis based on causal inference

As shown in Fig. 15, DAG constructed using the LINGAM algorithm
reveals causal interactions among 15 black input variables and 3 red
output variables. The analysis highlights several significant causal
chains within the input space; for instance, Pe exerts a negative direct
effect on SP (—0.34), which in turn positively influences AV (40.28).
Concurrently, AC positively modulates VFA (6.32), and the resulting
VFA reduction propagates to suppress FV (—0.40). Ultimately, this FV
decrement feeds back to impair MQ (—0.32). The DAG also uncovers
variables that operate through both direct and indirect pathways.
Notably, Ag4.75 emerges as a pivotal driver, influencing output re-
sponses via routes such as Ag4.75-FC—Ag9.5-MS and
Ag4.75—Ag9.5—MS (indirect), while also exerting direct effects on MS
(+0.54) and MQ (—0.74). These multi-pathway effects establish Ag4.75
as a key determinant of performance outcomes. Overall, the DAG not
only confirms the direction and magnitude of effects identified through
SHAP analysis but also exposes hidden indirect pathways that link input
features to performance metrics, thereby offering a deeper
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Fig. 15. Causal inference pathways for 15 input features and 3 output features. (Note: The red circles represent 3 output features). (For interpretation of the ref-
erences to color in this figure legend, the reader is referred to the Web version of this article.)

understanding of the causal structure underlying FRAC behavior.
3.6. Life cycle assessment and design recommendations

3.6.1. Economy and environmental impacts

Inventory data for each raw material are collected, covering unit cost
(USD), carbon emissions (kg), and embodied energy (MJ) to produce 1
kg raw materials, as shown in Table D1. The raw materials considered
include asphalt, coarse aggregate, fine aggregate, filler, and fiber.
Fig. 16 plots the distribution of inventory data.

The average of the range values of each raw material was adopted in
the calculation, as shown in Table 4. It outlines the cost, carbon emis-
sion, and embodied energy associated with each raw material employed
in the production of FRAC. These values are then normalized by the

Marshall quotient to obtain normalized material cost, normalized car-
bon footprint, and normalized energy consumption metrics. This
approach enables a meaningful comparison of FRAC mixtures in terms of
both mechanical performance and environmental/economic impact.

3.6.2. Cost analysis

The total cost analysis of 2490 FRAC is shown in Fig. 17(a). Based on
the LCA results, the cost of producing 1 kg of FRAC ranges from $0.064
to $0.82, with an average of $ 0.11. The majority of FRAC mixtures had a
cost below $0.1 per kg, indicating that FRAC can be economically viable
for large-scale construction applications when properly formulated.

Fig. 17(b) presents the MQ-normalized cost analysis of FRAC. The
MQ-normalized cost, representing the expense to achieve 1 kN/mm of
Marshall quotient, varies between $0.0073/(kN/mm) and $3.53/(kN/
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Fig. 16. Life-cycle carbon footprint, cost, and embodied energy of ingredients.
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Table 4
Inventory data for each raw ingredient used in life cycle assessment.

No.  Materials Cost Carbon Energy consumption
($/kg) footprint (kg/ (MJ/kg)
kg)

1 Fiber  Glass fiber 0.63 2.04 48.33
Mineral 3.25 0.06 0.96
fiber
Plastic 6.06 3.02 94.5
fiber
Steel fiber 6 2.47 28.28
Carbon 24.55 22.06 307.4
fiber
Bio-fiber 0.6 0.87 25

2 Asphalt 0.77 0.29 4.17

3 Coarse aggregate 0.043 0.0094 0.068

4 Fine aggregate 0.027 0.014 0.13

5 Filler 0.084 0.58 3.08

mm), with average value of $0.049/(kN/mm). Most FRAC mixtures had
a MQ-normalized cost below $0.05/(kN/mm).

3.6.3. Carbon emission

Fig. 18(a) shows the total carbon emission analysis for 2490 FRAC
mixtures. According to the LCA results, the carbon emission of produc-
ing 1 kg of FRAC ranges from 0.035 kg to 0.72 kg, with an average of
0.078 kg. Most mixtures carbon emission less than 0.08 kg per 1 kg.
Fig. 18(b) presents the MQ-normalized carbon footprint for mixtures,
indicating the carbon emissions required to achieve 1 kN/mm of
Marshall quotient. This value ranges from 0.006 kg/(kN/mm) to 2.1 kg/
(kN/mm), with an average of 0.034 kg/(kN/mm). Very low Marshall
quotient, such as 0.08-0.15 kN/mm, lead to disproportionately high MQ-
normalized carbon footprints, often exceeding 1 kg/(kN/mm). The
majority of mixtures remained below 0.04 kg/(kN/mm), with the lowest
carbon footprint recorded at 0.0058 kg/(kN/mm).

3.6.4. Energy efficiency

Fig. 19(a) presents the total energy consumption analysis for 2490
FRAC mixtures. Based on the LCA results, the energy required to pro-
duce 1 kg of FRAC ranges from 0.32 MJ to 9.69 MJ, with an average of
0.84 MJ. Most mixtures consume less than 0.9 MJ of material per kg.
Fig. 19(b) shows the MQ-normalized energy consumption for mixtures,

0.81 0.8 4 :2
0.6 a
0.7 ] 5
0.4 '*S;
&)
2%6 oaf | .
a — 3
wn 0.5 00 8 &
2 '
- .
80.4 0 é
= =
) o L L
=03 " .
£
S
O

Fiber-reinforced asphalt mixture

(@)

Journal of Cleaner Production 547 (2026) 147759

representing the energy needed to achieve 1 kN/mm of Marshall quo-
tient. This metric ranges from 0.045 MJ/(kN/mm) to 44.87 MJ/(kN/
mm), with an average of 0.4 MJ/(kN/mm). As with MQ-normalized
carbon emissions, very low MQ (e.g., 0.08-0.15 kN/mm) result in
disproportionately high energy consumption per unit strength, often
exceeding 20 MJ/(kN/mm). The majority of mixtures fall below 0.35
MJ/(kN/mm), with the lowest recorded value at 0.045 MJ/(kN/mm).

3.6.5. Design recommendations

Fig. 20(a) illustrates the use of a 3D plot to identify the optimal FRAC
mixture based on total cost, carbon emissions, and energy consumption.
Each point in the plot represents a specific mix, allowing for a clear
comparison across environmental and economic dimensions. By visu-
alizing these three key performance indicators together, it becomes
possible to detect trade-offs between cost-efficiency and sustainability.
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. The optimal mixture, selected based on minimizing total cost,
carbon emissions, and energy consumption, yields $0.068 in cost, 0.036
kg of CO2 emissions, and 0.32 MJ of energy use per kg. This mixture
consists of 32.02% with fine aggregate, 61.56% with coarse aggregate,
2.42% with filler and 4% with asphalt, with no fiber included. The
optimal mixture exhibits a MS of 9.7 kN, a FV of 2.39 mm, and a MQ of
4.06 kN/mm, demonstrating robust mechanical performance that meets
typical construction standards.

Fig. 20(b) presents a 3D plot of the MQ-normalized cost, carbon
emission, and energy consumption for each FRAC mixture. The optimal
FRAC mixture achieves a cost of $0.007 per kN/mm, a carbon emission
of 0.006 kg per kN/mm, and an energy consumption of 0.045 MJ per
kN/mm. This mixture consists of 29.12% of fine aggregate, 60.1% of
coarse aggregate, 6.11% of filler, 4.67% of asphalt, with no fiber
included. It delivers a MS of 16.85 kN, a FV of 1.65 mm, and a MQ of
10.18 kN/mm, indicating robust mechanical properties while mini-
mizing environmental and economic impacts.

Finally, as shown in Fig. 20(a) and Fig. 20(b), asphalt concrete
reinforced with plastic, steel, and carbon fibers has higher total cost,
total carbon emissions and total embodied energy, and its MQ-normal-
ized performance is poor. Thus, these fibers contribute little to asphalt
concrete properties. Hence, from economic, environmental and perfor-
mance perspectives, glass, mineral, and bio-fibers are better asphalt
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Fig. 17. Cost analysis of FRAC: (a) total cost; (b) MQ-normalized cost.
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Fig. 19. Energy consumption analysis of various FRAC: (a) total energy consumption; (b) MQ-normalized energy consumption.

concrete fiber additives.
3.7. Discussions

To examine whether incorporating fibers leads to systematic sus-
tainability differences at the dataset level, the samples were divided into
seven groups according to fiber content: mixtures with FC = 0 were
treated as conventional asphalt concrete (AC), while mixtures with
FC+#0 were further classified as six FRAC subgroups according to fiber
type. Fig. 21 compares AC with these FRAC subgroups using boxplots of
total cost, total carbon footprint, and total energy consumption, as well
as their MQ-normalized counterparts (GF = Glass FRAC; MF = Mineral
FRAG; BF = Bio-FRAC; PF = Plastic FRAC; CF = Carbon FRAC; SF = Steel
FRACQ).

The results indicate that sustainability performance of FRAC is
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highly dependent on fiber type. In the total indicators (Fig. 21(a)-Fig. 21
(c)), CF and PF generally show higher central tendencies and broader
distributions than AC, SF tends to fall in an intermediate range, whereas
GF, MF, and BF remain closer to AC with comparatively moderate
dispersion. More importantly, the MQ-normalized results (Fig. 21(d)—
Fig. 21(f)) clarify which fiber additives deliver the best
impact-performance efficiency. Among the six subgroups, glass fiber
(GF) stands out as the optimal additive because its MQ-normalized cost
(0.02 vs. 0.03 USD/(kN/mm)), carbon footprint (0.015 vs. 0.022 kg/
(kN/mm)), and energy consumption (0.156 vs. 0.181 MJ/(kN/mm)) are
all lower than those of conventional asphalt concrete, with corre-
sponding reductions of 33%, 32%, and 14%, respectively. This demon-
strates that reinforcement with glass fiber can simultaneously improve
mechanical performance and enhance environmental efficiency on an
“impact per unit MQ” basis.
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In summary, the comparison supports the key engineering implica-
tion that fiber-reinforced mixtures are not only performance-enhancing
materials, but can also be sustainability-improving systems when the
appropriate fiber type is selected.

4. Graphic user interface platform

The GUI platform was developed using the Streamlit framework in
Python (see Fig. 22). It allows users to input 15 parameters related to
asphalt, aggregate, and fiber properties. Firstly, entering the parameters
and clicking the prediction button, the system can predict three key
performance indicators of the asphalt mixture: MQ, MS, and FV using
pre-trained models. Secondly, the platform also provides SHAP analysis,
displaying force plots and waterfall plots to show how each input
parameter affects the three predicted results, making the model's
decision-making process more understandable. Finally, the system is
embedded with an LCA module, which automatically calculates the
proportion of asphalt, fibers, coarse and fine aggregates, and fillers in
the mixture based on input parameters. Combined with the unit cost,
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carbon footprint, and energy consumption database of each component,
it quantitatively analyzes the total life cycle cost, carbon emissions, and
energy consumption of the mixture. Meanwhile, the multi-dimensional
collaborative evaluation of performance, environment and economy is
achieved through MQ-normalized processing. The platform is available
at https://frac-properties-prediction-system-nppcfabhqmyhgwzcfnv8oe
.streamlit.app/.

5. Limitations and future research

This study offers an integrated, data-driven framework that com-
bines machine learning prediction, feature importance analysis, and life
cycle assessment to support sustainability-oriented FRAC design. By
identifying the key design variables governing performance and quan-
tifying their associated environmental and economic impacts, the find-
ings enable more informed selection and optimization of mixture
parameters, especially fiber type and content, rather than treating fiber
addition as universal benefits.
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Marshall Quotient(MQ), Stability(MS) & Flow Value(FV) Prediction System
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Fig. 22. GUI example for predicting the mechanical and sustainable perfor-
mances of FRAC.

5.1. Limitations of this study

This study provides a data-driven basis for sustainability-oriented
FRAC design by jointly examining mechanical performance and
material-level LCA indicators. The results show that the sustainability
impacts of fiber incorporation are highly dependent on fiber type and
content, and therefore FRAC mix design should be guided by an inte-
grated mechanical performance-LCA framework rather than assuming
that adding fibers is universally beneficial to asphalt concrete.

The dataset in this study was compiled from a broad range of pub-
lished sources, which inevitably introduced inconsistencies in key di-
mensions such as asphalt and aggregate types, fiber composition,
geographic origin, and reporting format. These variations may affect the
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reliability and comparability of performance evaluation, thereby
limiting the generalizability of the findings.

Moreover, the current LCA is confined to a cradle-to-gate scope at the
material level, while the practical LCA application of FRAC in road and
hydraulic engineering remains limited. Previous studies on asphalt
pavement systems have demonstrated the importance of incorporating
full life-cycle cost with maintenance stage into sustainability assess-
ments (Ma et al., 2023; Zhang et al., 2023; Jin et al., 2022b; Wu et al.,
2024).

5.2. Opportunities for future research

Future studies should prioritize establishing a standardized and
region-specific FRAC database with consistent material characterization
and experimental protocols to improve reproducibility, robustness, and
interpretability in data-driven evaluations. Building on a stronger data
foundation, this framework can be extended from a cradle-to-gate scope
to a cradle-to-grave perspective by incorporating real engineering case
studies that cover construction, transportation, compaction, service life,
and maintenance stages. In parallel, integrating high-dimensional and
multi-source datasets from both lab testing and field monitoring will
enhance model robustness and practical relevance, thereby supporting
more reliable and sustainable FRAC design decisions.

As the database continues to grow, the predictive models embedded
in the GUI platform should be periodically retrained and updated to
improve generalization and keep the system accurate over time. Ulti-
mately, the long-term goal is to develop an open, continuously evolving
platform that reflects the latest data and methodological advances,
increasing its accessibility and usefulness for both research and engi-
neering applications.

6. Conclusion

This research employed nine machine learning algorithms to predict
the Marshall stability, flow value, and Marshall quotient of FRAC. This
study compiled a dataset, comprising six categories of fibers, containing
2490 samples and 18 variables, designated for training and evaluating
machine learning models. To evaluate the performance of the machine
learning models, four metrics MAE, MAPE, RMSE, and R? were
employed. Additionally, the SHAP and LiNGAM methods were used to
explain prediction mechanisms and conduct parameter analysis. Finally,
a cradle-to-gate LCA was performed to evaluate the economic and
environmental impacts of FRAC, and optimal design recommendations
were provided. Based on the aforementioned analysis, the following
conclusions are drawn:

o Except for MDN, the other eight machine learning models have high
prediction accuracy for the MS, FV and MQ of FRAC. Their R? on the
test dataset exceeds 0.83, and their prediction error for randomly
sampled sample is less than 5%. The voting model performed the
best. Its average R?for predicting MS, FV, and MQ of FRAC on the test
dataset reached 0.87, showing high robustness and strong
generalization.

o SHAP analysis indicated that the Pe and AC were the two most
influential features on MQ, with their combined contribution
exceeding 27%. Subsequently, the FT, MT, TS, Ag2.36, SP, VMA, AV,
FC, and Ag4.75 were classified as medium-impact variables.
Conversely, Du, FL, VFA, and Ag9.5 were consistently identified as
low-impact variables. On average, medium-impact features
contributed 56.04% to the model predictions, while low-impact
features accounted for merely 16.86% of the total influence.

e Pe, AC, MT, and VMA are negatively correlated with MQ. TS, Ag2.36,
FC, and Ag4.75 are positively correlated with MQ. SP and AV show
alternate positive and negative correlations with MQ. To enhance
MQ, the following parameter settings are recommended: Pe < 69
dmm, AC < 5.5%, MT < 396 °C, TS > 565 MPa, Ag2.36 > 37%, SP <
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45°Cor SP > 63 °C, VMA < 17.3%, 3.7% < AV < 7.7%, FC > 0.7%,

Ag4.75 > 51%.
e Based on the LCA and XAI analyses, among the six fiber additives, the
inclusion of steel fiber and carbon fiber tended to increase the pro-
duction cost, carbon emissions, and energy consumption of FRAC,
while offering relatively limited performance benefits within the
scope of this study. Plastic fiber and bio-fiber also showed compar-
atively less favorable outcomes in terms of environmental impact
and mechanical enhancement, respectively. In contrast, glass fiber
and mineral fiber provided more balanced mechanical-sustainable
performance trade-offs, and glass fiber emerged as the optimal op-
tion: after MQ-normalization, glass FRAC achieved lower cost (0.02
vs. 0.03 USD/(kN/mm)), lower carbon footprint (0.015 vs. 0.022 kg/
(kN/mm)), and lower energy consumption (0.156 vs. 0.181 MJ/(kN/
mm)) than conventional asphalt concrete, indicating that glass fiber
can simultaneously enhance mechanical and sustainable perfor-
mance on an “impact per unit MQ” basis. Therefore, in the present
dataset, glass fiber can be regarded as the most promising additive
for achieving an optimal balance between mechanical performance
and sustainability, with mineral fiber remaining a competitive
alternative.
Future research will focus on improving data consistency and
expanding the analytical scope of this study. Building a standardized
and region-specific FRAC database with unified material character-
ization and testing protocols will enhance the reliability and repro-
ducibility of model-driven evaluations. In addition, extending the
current cradle-to-gate LCA to a framework that incorporates real
engineering processes (e.g. construction, transportation, service life,
and maintenance) will provide a more comprehensive understanding
of the environmental and economic implications of FRAC
applications.
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Summary statistics of fiber types and their corresponding quantities

Fiber categories Fiber types Number of samples
Glass fiber Glass 206
Steel fiber Steel 166
Carbon fiber Carbon 165
Mineral fiber Asbestos 24
Basalt 233
Calcium sulfate whisker 5
Ceramic 14
Mineral 2
Parafibre 10
Rock wool 10
Plastic fiber Acrylic 4
Aramid pulp 3
Ecofibra 3
Nylon 42
Plastic 24
Poly-acrylic 12
Polyacrylonitrile 63
Polyester 315
Polyethylene 34
Polyethylene terephthalate 920
Polyparaphenylene terephtalamide 16

(continued on next page)



X. Tan et al.

Missingness ratio

o
o

o
n

o
s

I
W

ot
)

0.14

Journal of Cleaner Production 547 (2026) 147759

Table A1 (continued)

Fiber categories Fiber types Number of samples
Polypropylene 381
Textil 5
Waste polyethylene terephthalate 46
Waste polypropylene 8

Bio-fiber Bamboo 14
Banana 5
Cellulose 25
Chicken feather 30
Coconut 73
Coconut coir 15
Coir 104
Corn stalk 4
Lignin 108
Lignin + bamboo 4
Palm 34
Palm oil 10
Rice straw 4
Sisal 164
Sugarcane bagasse 4
Wood 5
Xylogen 6

0.16 0.16

0.06 0.06 0.06 0.06 0.06

. 00 001 0.0
TP FFLILIE TS FES
o

Features

Fig. Al. Missingness ratio for fifteen input features and three output features.
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Fig. A2. Distribution of fifteen input features and three output features of FRAC: (a) Pe; (b) Du; (c) SP; (d) AC; (e) AV; (f) VMA; (8) VFA; (h) Ag2.36; (i) Ag4.75; (j)
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Fig. B1. Performance of ML models on training and testing dataset with MS as the prediction target: (a) MDN; (b) SVR; (c) ANN; (d) RF; (e) XGB; (f) LightGBM; (g)
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Fig. B2. Performance of ML models on training and testing dataset with FV as the prediction target: (a) MDN; (b) SVR; (c) ANN; (d) RF; (e) XGB; (f) LightGBM; (g)
CatBoost; (h) ERT; (i) Voting.

Table B1
Optimal value of hyperparameter determined through NSGA-II
Algorithms Hyperparameters Descriptions
MDN d; =512 Number of neurons in the first hidden layer
dy = 256 Number of neurons in the second hidden layer
d; =128 Number of neurons in the third hidden layer
dy =64 Number of neurons in the fourth hidden layer
ds = 32 Number of neurons in the fifth hidden layer
n.=6 Number of components in the mixture model
I = 0.0033 Learning rate
batch_size = 46 Batch size
epochs = 100 Number of epochs
es_patience = 48 Early stopping patience
Ir_patience = 8 Learning rate reduction patience
ANN ny =4 Number of the hidden layer
n. = (512, 256, 128, 64) The number of neurons in the first to fourth hidden layers
L. = 0.0003 Learning rate
a = 0.08 Strength of the L2 regularization term

Activation function: ReLU ReLU function is used as the activation function
max_iter = 1000

Early_stopping = True

Maximum iterations
Activate the early stop mechanism

(continued on next page)
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Table B1 (continued)
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Algorithms Hyperparameters Descriptions
SVR C=45 Control model complexity
y=0.14 Influences the scope of the kernel function
e=0.24 Defines the tolerance range for errors
kernel: RBF RBF is adopted as the kernel function
RF n, =180 Number of estimators
dmax = 20 Maximum depth of the tree
Nmax = 730 Maximum number of leaf nodes
ng=7 Limit number of features considered at each split
Criterion: Squared error Squared error is utilized to evaluate the splitting
XGBoost n, = 540 Number of estimators
I, =0.07 Learning rate
dmax = 6 Maximum depth of each tree
reg alpha = 0.5 L1 regularization term coefficient
reg lambda = 13 L2 regularization term coefficient
LightGBM ne = 440 Number of estimators
I = 0.09 Learning rate
dmay = 19 Maximum depth of the tree
min_child_samples = 3 Minimum number of samples in a leaf node
reg alpha = 0.8 L1 regularization term coefficient
reg_lambda = 25 L2 regularization term coefficient
n=43 Number of leaves
CatBoost iterations = 1000 Number of iterations
dmax = 7 Maximum depth of the tree
L. = 0.085 Learning rate
reg_lambda = 6 L2 regularization term coefficient
criterion: RMSE Root mean square error is used as the loss function
ERT n, =130 Number of estimators
dmax = 38 Maximum depth of the tree
Nmax = 715 Maximum number of leaf nodes
ng=12 Limits the number of features considered at each split
Min_samples_split = 5 Minimum number of samples required for node splitting
Criterion: Squared error Squared error is utilized to evaluate the splitting
Voting n,=4 Number of base models
Base_models = [ERT, LightGBM, ANN, SVR] Four base models
Weights = [0.33, 0.33, 0.17, 0.17] Weights corresponding to the four base models
Table B2

Performance metrics of the models for FRAC properties on testing set

Performance metrics Model Output Average
MQ MS FV

R? MDN 0.78 0.78 0.77 0.78
ANN 0.83 0.84 0.80 0.82
SVR 0.83 0.86 0.80 0.83
RF 0.84 0.87 0.81 0.84
XGBoost 0.86 0.88 0.78 0.84
CatBoost 0.86 0.88 0.78 0.84
LightGBM 0.86 0.86 0.86 0.86
ERT 0.88 0.89 0.81 0.86
Voting 0.88 0.89 0.85 0.87

RMSE MDN 0.79 2.10 1.41 1.43
ANN 0.71 1.68 1.32 1.24
SVR 0.70 1.80 1.31 1.27
RF 0.68 1.64 1.29 1.20
XGBoost 0.65 1.56 1.38 1.20
CatBoost 0.64 1.65 1.09 1.13
LightGBM 0.63 1.56 1.39 1.19
ERT 0.60 1.51 1.29 1.13
Voting 0.60 1.51 1.16 1.09

MAPE MDN 21.37% 14.17% 11.80% 15.78%
ANN 21.23% 11.80% 10.92% 14.65%
SVR 17.35% 10.87% 15.61% 14.61%
RF 20.36% 10.26% 11.11% 13.91%
XGBoost 17.86% 9.69% 10.71% 12.75%
CatBoost 18.52% 9.69% 10.13% 12.78%
LightGBM 18.48% 9.46% 10.28% 12.74%
ERT 16.83% 8.71% 9.15% 11.56%
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Table B2 (continued)
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Performance metrics Model Output Average
MQ MS FV

Voting 16.62% 9.37% 9.89% 11.96%

MAE MDN 0.53 1.39 0.53 0.82
ANN 0.48 1.06 0.50 0.68
SVR 0.47 1.16 0.64 0.76
RF 0.46 1.04 0.50 0.67
XGBoost 0.43 1.01 0.49 0.64
CatBoost 0.44 1.03 0.46 0.64
LightGBM 0.43 0.98 0.47 0.63
ERT 0.40 0.92 0.43 0.58
Voting 0.40 0.95 0.45 0.60

Appendix C. SHAP analysis demonstration
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Fig. C1. Summary plot of SHAP-based interpretation of the outputs from the rest eight machine learning models: (a) MDN; (b) ANN; (c) SVR; (d) Random forest; (e)
XGBoost; (f) LightGBM; (g) CatBoost; (h) ERT.

Appendix D. Inventory data used for life cycle assessment

Table. D1

Material cost, carbon footprint, and energy consumption of FRAC ingredients

Ingredient Cost (USD/kg) Carbon footprint (kg/kg) Energy consumption (MJ/kg)
Fiber  Glass 0.5-0.75 2.04 48.33
fiber Khaled et al. (2024) (Khaled et al., 2024); Ali et al. Joshi et al. (2004) (Joshi et al., 2004) Joshi et al. (2004) (Joshi et al., 2004)
(2020) (Ali et al., 2020)
Mineral 1.62-4.88 0.06 0.96
fiber Liang et al. (2022) (Liang et al., 2022); Wang Ghimire (2023) (Ghimire, 2023) Ghimire (2023) (Ghimire, 2023)
(2017) (Wang, 2017)
Plastic 1.11-11 1.96-4.08 73-116
fiber Kumar et al. (2009) (Kumar et al., 2009); Wang Mahjoubi et al. (2021) (Mahjoubi et al., 2021); Shoji et al. (2022) (Shoji et al., 2022)
(2008) (Wang, 2008); Kar et al. (2019) (Kar et al., Choi et al. (2022) (Choi et al., 2022)
2019); Yin (2020) (Yin, 2020); Mahjoubi et al.
(2021) (Mahjoubi et al., 2021)
Steel 4-8 1.5-3.43 20.56-36
fiber Mahjoubi et al. (2021) (Mahjoubi et al., 2021); Mahjoubi et al. (2021) (Mahjoubi et al., 2021); Chiaia et al. (2014) (Chiaia et al., 2014);
Alsalman et al. (2020) (Alsalman et al., 2020) Chiaia et al. (2014) (Chiaia et al., 2014) Kathirvel and Sreekumaran (2021) (Kathirvel and
Sreekumaran, 2021)
Carbon 14.1-35 19.29-24.83 136.8-478
fiber Shanbara (2021) (Aljubory et al., 2021); Cheng Kawajiri and Sakamoto (2022) (Kawajiri and Kawajiri and Sakamoto (2022) (Kawajiri and
(2010) (Cheng, 2010); Kawajiri and Sakamoto Sakamoto, 2022) Sakamoto, 2022); Suzuki and Takahashi (2005)
(2022) (Kawajiri and Sakamoto, 2022) (Suzuki and Takahashi, 2005)
Bio-fiber 0.21-0.98 0.87 25
Chen et al. (2019) (Chen et al., 2019); Ramalingam Bjurstrom et al. (2025) (Bjurstrom et al., 2025) Bajwa et al. (2019) (Bajwa et al., 2019)
et al. (2017) (Ramalingam et al., 2017); Guan
(2010) (Guan, 2010); Qin (2002) (Qin, 2002)
Asphalt 0.2-1.33 0.29 4.17

25

(continued on next page)
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Ingredient

Cost (USD/kg)

Carbon footprint (kg/kg)

Energy consumption (MJ/kg)

Coarse aggregate

Fine aggregate

Filler

Khaled et al. (2024) (Khaled et al., 2024); Liang
et al. (2022) (Liang et al., 2022); Wang (2017)
(Wang, 2017); Kumar et al. (2019) (Kumar et al.,
2009); Wang (2008) (Wang, 2008); Yin (2020)
(Yin, 2020)

0.04-0.045

Adamu et al. (2018) (Adamu et al., 2018);
Cabrera-Luna et al. (2020) (Cabrera-Luna et al.,
2020)

0.014-0.04

Adamu et al. (2018) (Adamu et al., 2018);
Cabrera-Luna et al. (2020) (Cabrera-Luna et al.,
2020); Kumar et al. (2020) (Kumar et al., 2020)

0.008-0.16
Chiaia et al. (2014) (Chiaia et al., 2014); Miiller

et al. (2014) (Miiller et al., 2014); Hammond et al.

(2008) (Hammond et al., 2008); Ghavami et al.
(2021) (Ghavami et al., 2021); Wille et al. (2015)
(Wille and Boisvert-Cotulio, 2015)

Yang (2014) (Yang, 2014)

0.0038-0.015

Song et al. (2022) (Song et al., 2022); Golafshani
et al. (2021) (Golafshani et al., 2021);
Thilakarathna et al. (2020) (Thilakarathna et al.,
2020); de Souza et al. (2021) (de Souza et al.,
2021); Bennett et al. (2022) (Bennett et al., 2022)
0.0025-0.025

Mahjoubi et al. (2021) (Mahjoubi et al., 2021);
Song et al. (2022) (Song et al., 2022); Golafshani
et al. (2021) (Golafshani et al., 2021);
Thilakarathna et al. (2020) (Thilakarathna et al.,
2020); de Souza et al. (2021) (de Souza et al.,
2021); Bennett et al. (2022) (Bennett et al., 2022);
Naseri et al. (2020) (Naseri et al., 2020); Tavares
et al. (2022) (Tavares and Grasley, 2022);
Hammond et al. (2008) (Hammond et al., 2008)
0.008-1.15

Mahjoubi et al. (2021) (Mahjoubi et al., 2021);
Chiaia et al. (2014) (Chiaia et al., 2014); Song

et al. (2022) (Song et al., 2022); Golafshani et al.
(2021) (Golafshani et al., 2021); Thilakarathna
et al. (2020) (Thilakarathna et al., 2020); de Souza
et al. (2021) (de Souza et al., 2021); Naseri et al.
(2020) (Naseri et al., 2020); Tavares et al. (2022)
(Tavares and Grasley, 2022); Hammond et al.
(2008) (Hammond et al., 2008); Ghavami et al.
(2021) (Ghavami et al., 2021); Lavercombe et al.
(2021) (Lavercombe et al., 2021); Park et al.
(2021) (Park et al., 2021); Batuecas et al. (2021)
(Batuecas et al., 2021); Watach et al. (2019)
(Watach et al., 2019); Zheng et al. (2021) (Zheng
et al., 2021); Hilton et al. (2019) (Hilton et al.,
2019); Kurad et al. (2017) (Kurad et al., 2017)

Yang (2014) (Yang, 2014)

0.022-0.113
Chiaia et al. (2014) (Chiaia et al., 2014); Miiller
et al. (2014) (Miiller et al., 2014)

0.022-0.23 Kathirvel and Sreekumaran (2021)
(Kathirvel and Sreekumaran, 2021); Miiller et al.
(2014) (Miiller et al., 2014); Zhang et al. (2020)
(Zhang et al., 2020)

0.35-5.8

Shoji et al. (2022) (Shoji et al., 2022); Alsalman
et al. (2020) (Alsalman et al., 2020); Chiaia et al.
(2014) (Chiaia et al., 2014); Miiller et al. (2014)
(Miiller et al., 2014); Adamu et al. (2018) (Adamu
et al., 2018); Cabrera-Luna et al. (2020)
(Cabrera-Luna et al., 2020); Ghavami et al.
(2021) (Ghavami et al., 2021); Ellis et al. (2017)
(Ellis and McDowell, 2017)

Appendix E. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jclepro.2026.147759

Data availability

Data will be made available on request.
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