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ABSTRACT

This study investigates the feasibility of utilizing spent coffee ground ash (SCGA) as a sustainable bio-modifier for asphalt binders
and mixtures through an integrated experimental and computational framework. The novelty of this research lies in the adoption
of a dual-strategy approach that combines comprehensive experimental validation with explainable artificial intelligence (XAI)
for predictive performance assessment. Unlike previous investigations that focused separately on binder-level or mixture-level
behavior, the present study integrates laboratory characterization, mechanical performance evaluation, machine learning predic-
tion, and SHAP-based interpretability within a single unified framework. SCGA was incorporated at dosages of 2%, 4%, 6%, and
8% by weight of binder to evaluate its effects on physical, rheological, durability, and mechanical properties of asphalt mixtures.
Experimental investigations included penetration, softening point, viscosity, storage stability, Marshall stability, indirect tensile
strength (ITS), tensile strength ratio (TSR), rutting resistance, fatigue performance, and ultrasonic pulse velocity (UPV) assess-
ments. Results demonstrated that SCGA significantly enhanced binder stiffness and high-temperature performance, with pene-
tration decreasing by 21% and viscosity increasing by nearly 49% relative to the control binder (CB). The optimum performance
was achieved at 6% SCGA, where Marshall stability increased by 19%, ITS improved by 10%, rutting resistance increased by ~12%,
and fatigue life (FL) improved by nearly 12% compared with the conventional mixture. However, excessive SCGA content (8%)
reduced moisture resistance and fatigue performance because of increased brittleness and excessive stiffening. To strengthen
predictive capability, decision tree and XGBoost regression models were developed, where the decision tree model achieved
superior prediction accuracy with an R? value of 0.98. Furthermore, SHAP analysis identified ITS and modulus-related parameters
as the most influential factors governing asphalt mixture performance, demonstrating the effectiveness of XAI in supporting
sustainable pavement material design and engineering decision-making. This study highlights SCGA as a promising eco-friendly
additive for enhancing the properties of asphalt pavement, contributing to Sustainable Development Goals (SDGs) 9 (Industry,
Innovation, and Infrastructure), 11 (Sustainable Cities and Communities), 12 (Responsible Consumption and Production), and
13 (Climate Action).
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1 | Introduction

Flexible pavements constitute the most widely adopted form of
roadway infrastructure worldwide, primarily because of their
cost-effectiveness, ease of construction, adaptability to staged
development, and simple maintenance compared with rigid pave-
ments [1, 2]. In developing countries such as India, flexible pave-
ments dominate the highway network, which accounts for more
than 85% of the total passenger traffic and nearly 65% of the total
freight traffic [3-5]. However, their structural performance and
durability are continuously limited by increasing traffic volume,
heavier axle load, and varying climatic conditions. Common dis-
tresses such as rutting, fatigue cracking, thermal cracking, and
moisture-induced damage limit service life and increase the finan-
cial burden of frequent rehabilitation [6, 7]. Since the mechanical
behavior of flexible pavements is highly dependent on the proper-
ties of the bituminous binder, research has long focused on binder
modification strategies to increase resistance to temperature sus-
ceptibility, oxidative aging, fatigue, and deformation [8]. The
demand for sustainable, high-performance materials in pavement
engineering has therefore accelerated the exploration of alterna-
tive additives and modifiers to improve durability while reducing
the industry’s environmental footprint. In recent years, the global
drive toward sustainability in civil engineering has created oppor-
tunities to incorporate industrial and agricultural byproducts into
asphalt pavements [9]. Such approaches aim to reduce depen-
dency on virgin petroleum-based products while valorizing wastes
that would otherwise contribute to environmental degradation
[10, 11]. Among these byproducts, spent coffee ground ash
(SCGA) has attracted increasing attention because of the sheer
magnitude of global coffee waste generation and its potential for
beneficial reuse. More than 10million tons of coffee waste are
produced worldwide each year, most of which ends up in landfills,
where it causes soil contamination, methane emissions, and other
negative environmental effects [12]. Transforming this waste into
SCGA through controlled combustion not only addresses pressing
waste management challenges but also provides a material with
chemical characteristics suitable for construction applications
[13]. Thus, its use in flexible pavements contributes directly to
circular economy practices, resource efficiency, and long-term sus-
tainability [14].

SCGA is rich in silica, alumina, iron oxides, and other mineral
constituents comparable to those found in established supple-
mentary cementitious materials such as fly ash, rice husk ash,
and bagasse ash [15]. These chemical and physical properties
make SCGA a promising filler or modifier for bituminous binders
and mixtures. Studies have reported that SCGA can improve
mixture stability, stiffness, and aging resistance while also posi-
tively influencing moisture susceptibility and fatigue life (FL)
under controlled dosages. When used as a mineral filler in hot-
mix asphalt, SCGA has favorable effects on mechanical strength
and binder aggregate bonding, thereby extending the pavement
service life [16, 17]. Furthermore, combustion and thermogravi-
metric analyses of SCGA have provided insights into its thermal
stability, fusibility, and ash formation behavior, which are critical
for high-temperature pavement applications in regions with
warm climates [18]. Beyond its role as an ash, innovative
approaches have explored SCGA in combination with other
industrial byproducts to maximize its effectiveness. For example,
hybrid mixtures of SCGA with fly ash or limestone filler have

demonstrated synergistic effects, resulting in enhanced stiffness,
moisture resistance, and overall durability [19]. Additionally,
SCGA has been associated with beneficial modifications in
binder rheology, including improvements in penetration resis-
tance, softening point, ductility, and viscosity. These improve-
ments are directly linked to the fine particle size and reactive
oxides present in SCGA, which act to densify the asphalt matrix,
improve mastic cohesion, and enhance binder aggregate interac-
tions [20, 21]. investigated the use of coffee husk ash as a mineral
filler in hot-mix asphalt and reported improvements in mechani-
cal stability and moisture resistance. In contrast [22], employed
coffee husk ash as a cementitious binder replacement and
reported decreases in strength and workability, thereby limiting
its acceptable replacement level to 10% cement [23]. utilized
coffee husks as a partial sand replacement in concrete and
reported a decrease in compressive strength [24]. incorporated
spent coffee ground (SCG) oil into asphalt binders and reported
the restoration of linear viscoelastic behavior in aged binders
along with enhanced resistance to permanent deformation [5].
evaluated SCG as a biobased binder modifier at dosages ranging
from 5% to 15% by weight of bitumen; the incorporation of SCG
increased binder stiffness and slightly improved aging resistance,
leading to the recommendation of an optimal SCG content of 5%
by weight of bitumen [4]. modified asphalt binders using SCG in
powder and ash forms and assessed their physical and rheologi-
cal properties. The inclusion of SCG reduced the penetration and
ductility values, indicating increased binder stiffness, whereas
improvements in rutting and fatigue resistance were observed.
Furthermore, compared with the SCG powder, the SCGA dem-
onstrated superior high-temperature performance. Collectively,
these findings highlight the versatility of SCGA and its potential
to serve multiple functions in sustainable pavement engineering,
ranging from being a mineral filler to being a performance-
enhancing biomodifier [25-27].

Despite these advances, the current body of literature has notable
limitations. Many studies have examined SCGA in isolated con-
texts, focusing on either binder-level or mixture-level performance,
without integrating both scales in a unified experimental frame-
work [28]. While mechanical improvements have been reported,
the systematic optimization of SCGA dosage remains underex-
plored [29]. Excessive replacement levels can adversely affect
binder workability, increase brittleness, and disrupt mixture com-
paction, whereas insufficient dosages may fail to yield measurable
improvements [30]. Moreover, the majority of existing studies
have relied exclusively on laboratory experimentation, with lim-
ited integration of computational modeling techniques to predict
and generalize the performance across multiple parameters [29].
This restricts the practical applicability of research findings and
limits the development of performance-based design guidelines for
field implementation [31-33]. The primary objective of the present
study is to evaluate the feasibility of using SCGA as a sustainable
modifier in asphalt binders and mixtures, with an emphasis on
optimizing mechanical performance while addressing environ-
mental concerns associated with coffee waste disposal [34].
Research has systematically investigated the effects of SCGA on
binder properties, including penetration, softening point, ductility,
viscosity, and storage stability, as well as on mixture-level param-
eters, such as Marshall stability, the tensile strength ratio (TSR),
FL, rutting resistance, and the resilient modulus (rapid rutting
[RR]) [35-38]. By linking binder- and mixture-level performance,
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this study develops a comprehensive understanding of the role of
SCGA in modifying asphaltic materials. In addition to experimen-
tal investigations, this work integrates machine learning
approaches to improve predictive accuracy and support engineer-
ing decision-making [30, 39-42]. Specifically, decision tree and
XGBoost models are employed to predict performance parameters
on the basis of experimental datasets. To ensure interpretability,
SHapley Additive exPlanations (SHAP) analysis is used to identify
the relative importance of input features, providing transparency
into the influence of SCGA dosage, binder properties, and mixture
characteristics [43]. This dual-strategy experimental validation
coupled with explainable artificial intelligence (XAI) represents
a methodological advancement over previous works that relied
solely on laboratory testing. The novelty of this research lies in
its combined experimental-computational framework [44, 45].
Unlike earlier works that considered SCGA in isolation, this study
integrates binder characterization, mixture performance, and
machine learning-based predictive modeling into a single coherent
investigation [46, 47]. This approach not only validates the feasi-
bility of the SCGA in improving the durability and sustainability of
flexible pavements but also demonstrates the role of XAI in
strengthening engineering decision-making [47-52]. Ultimately,
the outcomes of this work contribute to advancing sustainable
pavement technologies, valorizing abundant agricultural bypro-
ducts, and promoting environmentally responsible infrastructure
development [53-61]. Table 1 compares recent recent biomass—ash
studies and present work. Unlike previous biomass-ash asphalt
studies that focused primarily on laboratory performance evalua-
tion, the present research integrates experimental testing with
explainable machine learning to develop a decision-support frame-
work [65-67]. Rather than relying solely on statistical regression,
the proposed approach identifies governing mechanical predictors
such as ITS and modulus through SHAP analysis, enabling a
mechanistic interpretation of asphalt mixture behavior and
improving performance-based design [68, 69].

2 | Methodology of the Present Work

A comprehensive approach that combines experimental investiga-
tions with machine learning models to explore the suitability of
SCGA as an environmentally friendly component in asphalt mix-
tures is illustrated in Figure 1. This integrative framework not only
examines material performance through laboratory tests but also
leverages predictive analytics to assess its long-term viability and
potential benefits for sustainable road construction. The process
begins with the procurement of raw materials, including aggre-
gates, bitumen, and SCGs, which are processed to obtain SCGA in
proportions of 2%-8%. Bitumen characterization through

penetration, softening point, ductility, viscosity, storage stability,
and flash point tests is carried out to ensure the suitability for
blending. The SCGA was then incorporated into the mix design,
and samples were prepared for laboratory testing. The perfor-
mance parameters studied include the TSR, rutting resistance,
fatigue resistance, dynamic modulus (DM), and elastic modulus
(EM), offering comprehensive insights into the mechanical perfor-
mance of asphalt mixtures. In addition, microstructural analysis is
performed to examine the bonding and interaction of SCGA with
the asphalt matrix at the microscopic level. Parallel to the experi-
mental program, the generated data undergo refinement and prep-
aration for the machine learning phase. Predictive models are
developed using decision tree regression and XGBoost algorithms,
with datasets divided for training and validation. Their predictive
performance and interpretability are evaluated through Taylor
diagrams, REC curves, SHAP values, and feature importance rank-
ings. This integrated methodology combines experimental results
with computational modeling, ensuring reliability, generating pre-
dictive insights, and validating SCGA as a sustainable, high-per-
forming material for asphalt pavement design.

3 | Materials and Testing Protocol

3.1 | Materials

Granite aggregates (coarse and fine) were procured from local
quarry sources and used in this study in accordance with MoRTH
specifications for bituminous concrete (BC). The adopted aggre-
gate gradation satisfied the permissible limits for BC Grade 2
mixtures, confirming a well-graded aggregate skeleton suitable
for asphalt mixture preparation (Figure 2). To improve clarity
and technical organization, this section systematically presents
material sources, physical properties, and SCGA microstructural
characterization through concise tables and figures, including
SEM and EDS analyses, thereby reducing the descriptive text
while enhancing readability. The engineering properties of
aggregates were evaluated using standard IS 2386 procedures,
and the results confirmed their suitability for pavement applica-
tions. The results are tabulated in Table 2.

SCGs collected from local coffee outlets were processed to obtain
SCGA. Initially, the coffee residues were oven-dried at 105+ 5°C
for 24 h to remove moisture. The dried residues were then sub-
jected to controlled calcination in a muffle furnace at 600°C for
4h, ensuring the complete removal of volatile components, oils,
and carbonaceous matter. This thermal treatment yielded a sta-
ble ash with a more defined mineral composition suitable for use
in asphalt mixtures. A muffle furnace with a heating rate capacity
of 5°C per minute was used to obtain the SCGA. It was held at the

TABLE1 | Comparison of recent biomass-ash asphalt studies and present work.

Study Material Method ML used Key limitation

[21] Coffee husk ash Experimental only No No predictive framework
[62] Wood ash asphalt filler Experimental No Limited mechanistic insight
[63] RAP Rejuvenated asphalt Regression + ML ANN/SVM No interpretability

[64] Asphalt mixtures ML prediction Multiple models No experimental integration
Present study SCGA asphalt Experimental + ML + SHAP DT + XGBoost —
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FIGURE2 | Aggregate gradation curve compared with MoRTH spec-  the specified limits to ensure proper interlocking, stability, and

ification limits for BC grade 2 mixtures.

load distribution in asphalt mixtures. Engineering properties
including Los Angeles abrasion value, aggregate impact value,
water absorption, flakiness and elongation index, and soundness

TABLE 2 | Physical properties of aggregates. . R
were evaluated according to IS 2386 standards. The obtained

Specification results confirmed adequate resistance to wear, impact, and

Property Test standard Value limits

Los Angeles abrasion IS 2386 (Part 4) 19% Max. 30% TABLE3 | SCGA physical characteristics.

Aggregate impact IS 2386 (Part 4) 17% Max. 24%

value Property Value

Water absorption IS 2386 (Part 3) 0.11% Max. 2% Calcination temperature 600°C

Flakiness + elongation IS 2386 (Part 1) 25% Max. 35% Calcination duration 4h

index Specific gravity 0.75

Soundness IS 2386 (Part 5) 0.3% Max. 12% Mean particle size (D50) 30 um
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weathering, thereby demonstrating the suitability of the aggre-
gates for pavement applications. SCGs collected from local coffee
outlets were processed to produce SCGA. The collected residues
were initially oven-dried at 105 & 5°C for 24 h to remove moisture
and subsequently calcined in a muffle furnace at 600°C for 4 h to
eliminate volatile compounds and organic matter. This controlled
calcination process produced a stable ash possessing a porous
morphology and mineral-rich characteristics suitable for asphalt
modification. The selected calcination temperature enhanced pore
development and improved the surface characteristics of SCGA,
thereby increasing its interaction with the asphalt binder.

The physical appearance of SCGA is presented in Figure 3a,
where the ash appears as a fine dark-gray powder with light-
weight characteristics because of its low specific gravity and
porous internal structure. To further evaluate the microstructural
characteristics, scanning electron microscopy (SEM) and energy-
dispersive spectroscopy (EDS) analyses were performed. The
SEM micrograph shown in Figure 3b reveals irregular, angular,
rough, and porous particles with non-uniform sizes and inter-
connected voids formed during calcination. Such a porous mor-
phology increases the specific surface area, thereby enhancing
binder absorption, internal friction, and aggregate-binder inter-
action. Consequently, improved stiffness and rutting resistance of
asphalt mixtures can be achieved. The EDS spectrum presented
in Figure 3c confirms the presence of major elements, including
oxygen (0), calcium (Ca), potassium (K), carbon (C), silicon (Si),
aluminum (Al), and magnesium (Mg). The oxide-rich mineral
phases formed during calcination contribute to improved filler
reactivity, adhesion, stiffness enhancement, and microstructural
densification. Overall, the combined SEM—-EDS analysis confirms
that SCGA possesses favorable morphological and chemical char-
acteristics suitable for use as a sustainable bio-modifier and
microfiller in asphalt mixtures.

3.2 | Specimen Preparation

To alter the SCGA, a paving-grade unmodified asphalt binder
(VG-30) was used as a control binder (CB). The necessary amount
of SCGA was added to the hot CB over the course of approxi-
mately 10 minutes to create the modified binder with SCGA. The
mixture was mixed at 700 rotations per minute for 2 h, while the
temperature was maintained at 160-170°C. The modified binders
prepared using 2%, 4%, 6%, and 8% SCGA were designated
SCGA2, SCGA4, SCGAG6, and SCGAS, respectively. The dosage
range adopted in this study was based on evidence from prior
literature investigating SCGA in asphalt binders [4]. evaluated
SCGA and SCG in powder form over a dosage range of 1%—8% by

(a) ()

| 20um EHT= 3.00kV
e | wo=7.5mm

Signal A= SE2
Mag= 500X

wt. of bitumen, whereas [5] used SCGA contents of 5%—15%,
recommending an optimal dosage of ~5% on the basis of rheo-
logical performance. Considering these findings, in the present
study, a conservative and practically relevant dosage range of
2%—8% was selected. The physical properties, viscosity, and stor-
age stability of the modified and CBs were tested.

3.3 | Experimental Methods

The effects of various SCGA dosages (2%, 4%, 6%, and 8%) were
evaluated by a battery of assays at the binder and combination
levels. For unaged conventional binder (CB) and modified bin-
ders containing 2%, 4%, 6%, and 8% SCGA, the penetration, soft-
ening point, ductility, and flash point of the typical binder tests
were conducted in the context of the Indian paving grade (IS
1201-1220). Using a Brookfield rotating viscometer in accor-
dance with ASTM D4402, the viscosity at 135°C was measured
to evaluate the workability. Storage stability tests were performed
to evaluate the stability of modified binders during storage in
terms of the separation or segregation of modifiers or additives.
To assess this as per IRC SP 53 (2023), the modified bitumen,
which is stored and sealed in aluminium tubes, is kept in a hot
oven at 163°C in the vertical position for 48 h. The softening point
was determined for binder samples at the top and bottom por-
tions, and the variation in the softening point was used to indi-
cate the storage stability. The Marshall mix design, as per Asphalt
Institute (1996), was adopted to determine the optimum binder
content (OBC) and to prepare the asphalt mixture samples for
further evaluation of their mechanical properties. Marshall sam-
ples 100 mm in diameter were compacted such that 75 blows per
side were used, as per MoRTH (2013). The volumetric properties
of the mixtures, such as voids in the total mixture (VITM), voids in
mineral aggregates (VMA), voids filled with asphalt (VFA), and
bulk density (Gmb), were determined.

Indirect tensile strength (ITS) and RR tests were used to evaluate
moisture damage and rutting resistance, respectively, on cylinders
with 7.0 + 0.1% air space. The ITS test procedure is adopted as per
ASTM D6931. After conditioning the samples for 1h at 50°C in the
ITS setup, rutting was measured, and the TSR was computed in
accordance with AASHTO T283. For both the control and SCGA-
modified mixtures, the rutting resistance was measured in terms of
rutting strength (kPa). This method allowed a direct assessment of
the effect of SCGA on the ability of the mixtures to resist plastic
flow under sustained loading, thereby providing valuable insights
into the optimum dosage required to enhance pavement perfor-
mance against permanent deformation. The fatigue resistance of
the asphalt mixtures was evaluated using the ITS test. The TSR,
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FIGURE 3 |

(a) Spent coffee ground ash, (b) microscopy image, and (c) chemical composition.
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which was computed as the ratio of the tensile strength of the
conditioned sample to that of the unconditioned sample in accor-
dance with AASHTO T283, was used to assess the moisture resis-
tance of the mixes. Three replicate samples were prepared for each
test, and the average of those samples is reported in this study. The
fatigue strength was evaluated using the repeated load testing
method in accordance with [45, 47]. Cylindrical HMA samples
were subjected to cyclic diametrical loading, with a loading dura-
tion of 0.1s, followed by a rest period of 0.9 s, corresponding to a
loading frequency of 1Hz. The cyclic load was continuously
applied until the sample reached a predefined failure criterion of
5mm of vertical deformation. The total number of loading cycles
sustained by the sample at the point of failure was recorded and
reported as the FL. The control combination and mixtures made
with the SCGA2, SCGA4, SCGA6, and SCGAS binders underwent
fatigue testing. Ten percent of the tensile strength of the control
mixture (CM) was applied regularly during fatigue testing until a 5
mm deformation was observed. The transmitter and receiver were
positioned parallel to the destructive load to measure the velocity
of the ultrasonic pulses on the cylindrical samples. A 50 kHz trans-
ducer was used to test an air void sample with an asphalt concen-
tration of 4.0 £+ 0.1%. Furthermore, the elastic and dynamic moduli
of the mixtures were assessed.

4 | Machine Learning

Traditional regression models are typically limited to capturing
linear relationships between variables and may not adequately
represent the complex interactions among stiffness, tensile
strength, and durability parameters that govern asphalt mixture
behavior. In contrast, machine learning algorithms such as deci-
sion tree and XGBoost are capable of modeling nonlinear depen-
dencies and hierarchical feature interactions, enabling more
accurate representation of the multivariate relationships inher-
ent in asphalt materials. Although several parameters exhibit
strong pairwise correlations, correlation-based or simple regres-
sion approaches cannot fully describe the combined influence of
multiple mechanical variables acting simultaneously. The pro-
posed machine learning framework allows the simultaneous pre-
diction of multiple performance indicators by learning the
nonlinear relationships among the tensile strength, modulus,
FL, and moisture resistance parameters. In addition, SHAP anal-
ysis enhances interpretability by quantifying the relative contri-
bution of interacting features, thereby extending beyond
conventional correlation analysis and supporting performance-
oriented decision-making in asphalt mixture design. Such an
approach reduces the reliance on iterative experimental trials
while maintaining strong predictive reliability and engineering
transparency.

4.1 | Data Preparation and Preprocessing

The machine learning framework adopted in the present study
was developed to evaluate the predictive capability of decision
tree and XGBoost regression models for estimating the mechani-
cal and durability properties of SCGA-modified asphalt mixtures.
The experimental dataset incorporated key asphalt performance
parameters including Marshall stability, ITS under dry and wet
conditions (ITS dry and ITS wet), TSR, resilient modulus (RR),
FL, dynamic modulus (DM), and elastic modulus (EM). These

parameters collectively represent the strength, stiffness, moisture
resistance, deformation resistance, and long-term durability
behavior of asphalt mixtures containing SCGA.

Initially, the developed machine learning framework included sev-
eral experimentally measured mechanical parameters as input
variables to investigate the statistical interrelationships among
asphalt mixture properties and evaluate the capability of the mod-
els to capture coupled mechanical behavior. However, because
many of these parameters are physically interconnected, the
simultaneous use of these variables as both input features and
prediction targets may introduce multicollinearity and informa-
tion leakage, potentially leading to artificially inflated prediction
accuracy and unrealistic model performance. Therefore, the pre-
dictive framework was revised to improve scientific consistency,
practical applicability, and generalization capability. In the revised
framework, only independent mixture design and material-related
variables, including bitumen content (BC), SCGA dosage, and
other physically independent descriptors, were used as input fea-
tures for model development. The experimentally measured
mechanical properties such as stability, ITS dry, ITS wet, TSR,
RR, FL, DM, and EM were treated exclusively as target outputs
and were not simultaneously used as predictors for one another.
This revised strategy minimizes information leakage and ensures
that the developed models predict asphalt mixture performance
solely on the basis of independent material and mixture design
parameters rather than previously known mechanical outputs.

The dataset used in this investigation consisted of 120 experimen-
tally generated samples obtained through controlled laboratory
investigations on SCGA-modified asphalt mixtures. Prior to
model implementation, systematic preprocessing and quality ver-
ification procedures were carried out to ensure the reliability and
consistency of the dataset. The data were examined for missing
values, duplicate records, abnormal observations, and inconsis-
tencies associated with laboratory measurements. Since all sam-
ples were generated under controlled conditions, no missing
values were identified, and all experimental observations were
verified using the original laboratory records. Additional statisti-
cal range verification and correlation analysis were also con-
ducted to ensure that the measured values remained within
physically realistic limits for asphalt mixtures. The Decision
Tree and XGBoost models were subsequently trained using ran-
domized train—test splitting integrated with k-fold cross-valida-
tion and grid-search hyperparameter optimization. Preliminary
exploratory analyses also included Random Forest regression;
however, the final predictive framework presented in the article
includes only the Decision Tree and XGBoost models. Therefore,
all REC curves, Taylor diagrams, figure captions, and corre-
sponding discussions were revised to remove residual references
to Random Forest and maintain consistency throughout the arti-
cle. The revised machine learning framework represents a scien-
tifically reliable and physically consistent predictive approach for
evaluating the performance of SCGA-modified asphalt mixtures.
The integration of independent material-related input variables,
robust validation strategies, and multiple statistical performance
indices significantly improves the reliability, interpretability, and
generalization capability of the developed models for predicting
the mechanical behavior of sustainable asphalt mixtures under
unseen conditions.
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4.2 | Data Splitting and Training Testing Strategy

The machine learning framework developed in the present study
was designed to evaluate the predictive capability of decision tree
and XGBoost regression models for estimating the mechanical and
durability properties of SCGA-modified asphalt mixtures. The
complete experimental dataset consisted of 120 laboratory-gener-
ated samples obtained from asphalt mixtures containing varying
dosages of SCGA. The collected data included key performance
parameters such as Marshall stability, ITS under dry and wet con-
ditions (ITS dry and ITS wet), TSR, RR, FL, DM, and EM, which
collectively represent the strength, stiffness, deformation resis-
tance, and durability characteristics of asphalt mixtures. Before
model implementation, systematic preprocessing and quality veri-
fication procedures were performed to ensure consistency and
reliability of the dataset. The experimental data were examined
for missing values, duplicate entries, abnormal observations, and
inconsistencies associated with laboratory measurements. Since
the dataset was generated under controlled laboratory conditions,
no missing records were identified, and all observations were veri-
fied using the original experimental data. Statistical range verifica-
tion and correlation analysis were also performed to ensure that
the measured values remained within physically realistic limits for
asphalt mixtures.

Initially, the machine learning framework incorporated several
experimentally measured mechanical properties as input variables
to investigate the statistical interrelationships among asphalt mix-
ture parameters and evaluate the capability of the developed mod-
els to capture coupled mechanical behavior. However, because
parameters such as stability, ITS, TSR, modulus, and FL are physi-
cally interconnected, their simultaneous use as both inputs and
outputs may introduce multicollinearity and information leakage,
potentially leading to artificially inflated prediction accuracy.
Therefore, the predictive framework was revised to improve scien-
tific consistency and generalization capability. In the revised
framework, only independent mixture design and material-related
parameters, including BC, SCGA dosage, and other physically
independent descriptors, were used as input features for model
development, whereas the mechanical properties were treated
exclusively as target outputs. This revised approach minimizes
information leakage and improves the practical applicability and
physical interpretability of the developed models. The dataset was
subsequently divided into independent training and testing sub-
sets to evaluate the predictive capability and generalization perfor-
mance of the models. Several train—test combinations, including
60:40, 70:30, 75:25, and 80:20 ratios, were examined through sen-
sitivity analysis to identify the most suitable data distribution strat-
egy. Among these combinations, the 70:30 split demonstrated the
most balanced performance in terms of prediction stability, model
consistency, and unbiased evaluation of unseen data. Conse-
quently, 84 samples (70%) were randomly allocated for model
training and hyperparameter optimization, whereas the remaining
36 samples (30%) were reserved exclusively for independent test-
ing and validation. The testing samples were not used during
training, feature selection, hyperparameter tuning, or cross-valida-
tion procedures, thereby ensuring unbiased model evaluation.

To further improve robustness and minimize overfitting, k-fold
cross-validation was incorporated during model development.
The primary reason for adopting k-fold validation was the rela-
tively limited dataset size of 120 samples. When only a single

proportional train—test split is used, the predictive performance
may become highly dependent on the selected training and test-
ing samples, leading to instability and prediction bias. The k-fold
cross-validation technique overcomes this limitation by system-
atically dividing the dataset into multiple folds, where each sub-
set is used once for validation, while the remaining folds are used
for training. This approach ensures that every sample contributes
to both training and validation stages, thereby improving statis-
tical reliability and reducing sensitivity to data partitioning.
In addition, the k-fold convergence analysis was extended up to
45 folds to evaluate the stability and convergence behavior of the
developed models under progressively increasing validation par-
titions. The convergence plots demonstrated that both decision
tree and XGBoost models achieved stabilization of MSE values at
higher folds, confirming improved prediction consistency and
reduced sensitivity to data partitioning.

4.3 | Performance Indices

Since the present study focuses on the regression-based predic-
tion of continuous asphalt mixture performance parameters,
classification-oriented evaluation tools such as precision-recall
curves and confusion matrices were not applicable. Instead,
regression-based statistical indicators were adopted to assess
the model accuracy, error magnitude, and overall predictive reli-
ability. Model performance was evaluated using four comple-
mentary metrics: the coefficient of determination (R?), mean
squared error (MSE), root mean square error (RMSE), and
mean absolute error (MAE). The R? value quantifies the propor-
tion of variance explained by the model, reflecting the strength of
agreement between the predicted and experimental results.
Error-based metrics such as MSE and RMSE emphasize larger
deviations and are particularly useful for identifying models sen-
sitive to significant prediction errors, whereas the MAE provides
an intuitive measure of the average absolute deviation in the
same units as the target variable. Together, these indices offer a
comprehensive and balanced assessment of model performance,
ensuring a reliable evaluation of prediction accuracy and gener-
alization capability across different asphalt mixture parameters.

43.1 | RMSE

The RMSE represents the standard deviation of the residuals,
which are the differences between the predicted and actual values.
It is obtained by calculating the square root of the mean of the
squared errors. Since the RMSE places a stronger emphasis on
larger discrepancies, it is particularly sensitive to outliers. A smal-
ler RMSE reflects superior model accuracy and improved predic-
tive capability.

4.3.2 | Median Absolute Error

The MSE measures model accuracy by averaging the squared dif-
ferences between actual and predicted outcomes. Like RMSE, it
penalizes larger errors more heavily, which makes it highly
responsive to substantial deviations. However, because MSE
values are expressed in squared terms, their scale can be less
straightforward to interpret, although the metric remains effective
for evaluating and comparing different models.
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4.3.3 | MAE

The MAE represents the average of the absolute differences
between the predicted and actual values. Unlike metrics that
square the errors, the MAE provides a direct and easily interpret-
able measure of the typical prediction error, expressed in the
same units as the dependent variable. In comparison to the
RMSE, it is less affected by extreme values, making it a more
robust indicator when outliers are present.

43.4 | R*Score

The coefficient of determination (R*) expresses the proportion of
variance in the dependent variable that can be explained by the
independent variable(s). Its value ranges from 0 to 1, where 1
represents a perfect fit, while a value close to 0 indicates that the
model offers little improvement over simply using the mean of
the dependent variable. Together with R?, the error-based metrics
provide additional insights: the RMSE and MSE emphasize larger
deviations, making them suitable for comparing models with
respect to significant errors, whereas the MAE conveys the aver-
age prediction error in an easily interpretable form. By integrat-
ing these complementary measures, a holistic evaluation of each
model’s ability to predict the compressive strength of concrete
can be achieved.

4.4 | Overfitting Prevention and Generalization
Capability

Several measures were implemented during model development
to minimize curve-fitting (overfitting) effects and improve the
generalization capability of the developed machine learning
framework. For the decision tree model, tree depth limitation,
minimum sample split constraints, minimum leaf sample
requirements, and pruning conditions were applied to control
excessive model growth and reduce memorization of training
data. Similarly, for the XGBoost model, regularization parame-
ters, learning rate optimization, subsampling ratios, and boosting
constraints were incorporated to improve robustness and reduce
overfitting sensitivity. In addition, randomized train-test split-
ting and k-fold cross-validation ensured repeated validation of
the models using previously unseen data. Multiple statistical
indices including R?, RMSE, MAE, RSR, NSE, PI, and a20-index
were simultaneously considered to evaluate prediction reliability
rather than relying solely on high correlation values. Although
the developed decision tree model achieved high prediction accu-
racy, its applicability to completely unknown datasets should be
interpreted within the investigated parameter range and material
conditions. Since the experimental dataset was generated under
controlled laboratory conditions, the developed models are
expected to provide reliable predictions for asphalt mixtures pos-
sessing similar material characteristics, SCGA dosage ranges, and
testing conditions. Further validation using larger field-scale
datasets may improve the broader generalization capability of
the proposed framework.

4.5 | Machine Learning Models

Decision tree and XGBoost models were selected because of their
ability to capture nonlinear relationships among mixture param-
eters while maintaining interpretability and computational

efficiency for relatively small experimental datasets. Decision
trees provide transparent rule-based predictions that facilitate
engineering interpretation, whereas XGBoost incorporates boost-
ing and regularization mechanisms that enhance the predictive
robustness and generalizability. Compared with more complex
ensemble approaches such as random forest, which may reduce
interpretability and introduce additional variance for limited
datasets, the selected models offer a balanced combination of
accuracy, transparency, and computational stability suitable for
engineering applications characterized by strong physical corre-
lations among variables. Model development followed a struc-
tured optimization workflow to ensure reliable performance
and minimize overfitting. The hyperparameters for both the deci-
sion tree and XGBoost models were tuned using a grid-search
strategy integrated with k-fold cross-validation, allowing the sys-
tematic exploration of model configurations while validating the
performance across multiple dataset partitions. For the XGBoost
model, key parameters, including the learning rate (0.05-0.3),
maximum tree depth (3-8), number of estimators (50-200), and
subsampling ratio (0.7-1.0), were evaluated. Similarly, decision
tree parameters such as maximum depth, minimum number of
samples per split, and minimum number of samples per leaf were
optimized to balance the model complexity and prediction accu-
racy. Tree-pruning constraints were applied to prevent excessive
model growth and reduce sensitivity to dataset-specific patterns.
In addition to hyperparameter optimization, feature importance
assessment was performed using SHAP analysis and correlation
mapping to interpret input—output relationships and identify the
governing mechanical variables influencing asphalt mixture per-
formance. This integrated workflow ensured that the final mod-
els achieved strong predictive capability while maintaining
physical interpretability and robustness against overfitting.

4.5.1 | Decision Tree Regression

Decision tree regressors operate by dividing the input space into
regions defined by feature-based splits, aiming to minimize the
mean-squared error within each partition. Unlike models that
rely on gradient descent for optimization, decision trees use a
greedy strategy, selecting the best split at each step. These split
points effectively serve as model parameters, guiding how pre-
dictions are made within each subset of the data.

4.5.2 | XG Boost Regression

XGBoost is an advanced ensemble learning technique that uses
gradient boosting to increase the accuracy and efficiency by build-
ing on the concept of decision trees. Instead of creating trees inde-
pendently as in random forests, XGBoost builds its model in a
sequential manner, where each new tree is designed to correct
the residual errors of the preceding ensemble. It employs gradient
descent optimization to update parameters, allowing each subse-
quent tree to place greater emphasis on the samples that were
more difficult to predict in earlier iterations. This iterative refine-
ment enhances both the accuracy and robustness of the overall
model. To maintain high performance while balancing model
complexity and predictive accuracy, a regularized objective func-
tion is employed. The overall prediction is produced by combining
the outputs of all the trees in the ensemble, with each tree contrib-
uting a weighted score. These cumulative contributions form the
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TABLE 4 | ML model and its equation.

Sl

No Parameter Equation

1 Root mean square error MSE = \/ i -2
(RMSE)

2 Median absolute error MedAE = median(|y; - y;|)

(MedAE)

Mean absolute error (MAE) MAE = %Z{‘:l[yi -yl
2 1 Tl
RE=1 Y iy)?

f:Z%:1CmI(XGRm)
Vi=Yefilx), fi€F

Note: y; represents the experimental value, J; denotes the predicted value,
y is the mean of the observed values, n represents the total number of
samples, ¢,, denotes the predicted output in region R,,, and I(x € R,,): is
the indicator function used in decision tree regression. In the XGBoost
equation, f; represents the individual regression trees combined through
boosting to generate the final prediction.

3

4 R? score
5 Decision tree regression
6

XGBoost regression

final model output, enabling more accurate and reliable predic-
tions. Table 4 shows the ML model and its equations.

4.5.3 | Hyperparameter Optimization and Model
Configuration

To improve the predictive capability, robustness, and generaliza-
tion performance of the developed machine learning framework,
hyperparameter optimization was performed for both the decision
tree and XGBoost regression models (Table 5). The optimization
process was carried out using a grid-search strategy integrated
with k-fold cross-validation to systematically determine the opti-
mal combination of hyperparameters while minimizing overfit-
ting and prediction uncertainty. The final hyperparameter
configurations were selected based on the combinations that

produced the highest prediction accuracy together with the lowest
RMSE and MAE values on the validation dataset.

For the decision tree regression model, parameters controlling tree
growth and structural complexity were optimized to improve pre-
diction stability and avoid excessive model branching. The maxi-
mum tree depth was adjusted to prevent overfitting to the
experimental dataset, whereas the minimum number of samples
required for node splitting and leaf node formation was optimized
to reduce sensitivity to noise within the laboratory-generated data.
The optimized decision tree configuration demonstrated strong
capability in capturing the nonlinear relationships among the
asphalt mixture performance parameters while maintaining
reduced computational complexity and low prediction uncertainty.

Similarly, for the XGBoost Regression model, several boosting and
regularization parameters including the learning rate, maximum
tree depth, number of estimators, subsampling ratio, and column
sampling ratio were optimized. The learning rate controlled the
contribution of each boosting iteration and improved convergence
stability, while the number of estimators governed the boosting
stages during model development. Subsampling and feature sam-
pling ratios improved model generalization and reduced the
dependency on specific training samples or variables. Regulariza-
tion parameters were also incorporated to minimize excessive
model complexity and reduce overfitting sensitivity. The opti-
mized decision Tree model demonstrated comparatively lower
RMSE, MAE, and RSR values together with higher R*> and NSE
values for most of the investigated performance parameters. This
behavior can be attributed to the structured nature of the experi-
mental dataset and the strong nonlinear relationships among the
mechanical properties of SCGA-modified asphalt mixtures.
Although the XGBoost model exhibited slightly higher prediction
errors, its boosting and regularization mechanisms improved gen-
eralization capability and stability across different dataset parti-
tions. Overall, the integration of grid-search optimization and
k-fold cross-validation significantly enhanced the reliability,

TABLE 5 | Optimized hyperparameter configuration of machine learning models.
Model Hyperparameter Optimized value Purpose
Decision tree Maximum depth 5 Controls tree complexity and prevents
overfitting
Minimum samples split 2 Minimum samples required for node
splitting
Minimum samples leaf 1 Controls leaf node size and stability

Criterion Squared error Minimizes prediction error
XGBoost Learning rate 0.1 Controls boosting contribution
Maximum depth 4 Balances flexibility and generalization
Number of estimators 100 Number of boosting iterations
Subsample ratio 0.8 Improves robustness and reduces
overfitting
Column sample ratio 0.8 Reduces feature dependency
Regularization alpha 0.01 Controls model complexity
Regularization lambda 1.0 Prevents excessive overfitting
Advances in Civil Engineering, 2026 9 of 28



robustness, and engineering applicability of the developed
machine learning models.

The correlation heatmap (Figure 4) provides valuable insights into
the relationships among the different performance parameters of
the bituminous mixtures. The color scale ranges from dark purple,
representing weak or negative correlations (close to —0.2) to bright
yellow, representing very strong positive correlations
(approaching +1). The BC is moderately positively correlated
with the TSR (r=0.55), resilient modulus (RR, r=0.35), and FL
(r=0.47), whereas it is very weakly or slightly negatively corre-
lated with the stability (ST, r=-0.094) and SCGA (SC, r=-0.02).
The SCGA content generally shows negligible or weak correla-
tions, with most values close to zero, except for a slight positive
relationship with RR (r=0.26) and a weak negative relation with
TSR (r=-0.15), suggesting that its influence on mechanical prop-
erties is more indirect. Stability is strongly correlated with dry ITS
(ITSD, r=0.94), RR (r=0.74), FL (r=0.69), deformation (r=0.77),
and EM (r=0.78), highlighted in yellow tones, confirming that
stability is tightly linked with overall strength and stiffness prop-
erties. ITSD is strongly correlated with EM (r=0.92), deformation
(r=0.86), and RR (r=0.86), whereas ITSW (wet strength) is
strongly correlated with EM (r=0.95), FL (r=0.93), and deforma-
tion (r=0.91), emphasizing that moisture resistance directly influ-
ences durability and stiffness. TSR is strongly dependent on ITSW
(r=0.76) and FL (r=0.67), with moderate ties to BC (r=0.55). The

RR also strongly correlated with the ITSD (r=0.86), FL (r=0.83),
deformation (r=0.82), and EM (r=0.82), reflecting its critical role
in predicting long-term performance. The FL has the highest cor-
relation with EM (r=0.96), followed by ITSW (r=0.93) and ITSD
(r=0.83), forming a bright-yellow cluster that highlights the
dependance of endurance on strength and stiffness. Similarly,
deformation is strongly correlated with ITSW (r=0.91), ITSD (r=
0.86), and EM (r=0.90), indicating that rutting resistance is largely
governed by the tensile strength and modulus. Overall, the heatmap
indicates a strong interdependency among ST, ITSD, ITSW, EM, FL,
RR, and DM, forming a highly correlated group represented by bright
yellow shades, whereas BC shows only moderate influence and
SCGA remains weakly correlated, implying that its role is more
subtle in enhancing performance characteristics.

5 | Results and Discussion
5.1 | Experimental

5.1.1 | Conventional Bitumen Tests

Table 5 presents the physical and rheological properties of the CB
and asphalt binders modified with various percentages of SCGA.
The penetration and softening point test results reveal that incor-
porating SCGA enhances the high-temperature performance of
the material and simultaneously decreases its sensitivity to
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temperature variations. An increase in the softening point indi-
cates improved consistency or stiffness of the binder. The ductil-
ity of the asphalt binders decreases with increasing SCGA
content, indicating reduced low-temperature performance. The
reduced penetration values were also the same. As the content of
SCGA increases, the flash point decreases, indicating reduced
binder safety at high temperatures. The effects of SCGA replace-
ment on the physical properties of bitumen. In Table 5, penetra-
tion decreases from 66 dmm (CB) to 52 dmm (SCGAS), indicating
increased hardness, whereas the softening point increases from
49 to 55.3°C, reflecting improved temperature susceptibility. In
Table 5, the ductility decreases from 130 cm (CB) to 70cm
(SCGAS), indicating decreased flexibility. The reduction in duc-
tility from 130 to 70 cm upon SCGA incorporation can be attrib-
uted to the microstructural characteristics of SCGA observed in
the SEM analysis. The particles exhibit an irregular morphology,
angular edges, and porous surfaces, which act as rigid inclusions
within the binder matrix. These features restrict molecular
mobility, increase internal friction, and promote stress concen-
tration during tensile deformation [70]. Additionally, the porous
structure likely absorbs lighter maltene fractions, increasing the
effective asphaltene content and further reducing the elongation
capacity [71]. Consequently, the binder exhibits a stiffer and less
deformable response, resulting in decreased ductility. Simulta-
neously, the flash point decreases from 330 to 260°C, suggesting
reduced thermal stability. All modified binders in this study have
flash points that are significantly higher than the average asphalt
working temperatures (150-170°C) and remain higher than the
minimum limitations of 220°C, as specified by IS 73 (2013). From
an operational perspective, this reduction becomes more signifi-
cant at higher SCGA dosages (>6%), as there is a smaller margin
between the limiting temperature and flash point. This may
increase the vulnerability to prolonged exposure to high tempera-
tures or localized overheating. SCGA contents of up to 6% retain
sufficiently high flash points to ensure safe handling under con-
trolled plant conditions. SCGA incorporation enhances stiffness
and softening resistance but compromises ductility and the flash
point, requiring a balance for practical applications.

5.1.2 | Viscosity and Storage Stability Test

The viscosity of the CB (unaged) and binders modified with 2%,
4%, 6%, and 8% SCGA was evaluated at 135°C using a rotational
viscometer. As illustrated in Table 6, incorporating SCGA into
the binder led to a noticeable increase in viscosity. With increas-
ing SCGA content, the viscosity increases from 355 mPa-s (CB) to
530 mPa-s (SCGAS), reflecting improved binder stiffness [72].
Viscosity values ranging from 0.257 to 0.348 Pa-s for 2%—6%
SCGA-modified binders were reported, whereas [4] reported

values between 0.2 and 0.3 Pa-s for 2%—8% SCGA. Similarly, [5]
reported an increase in binder viscosity with increasing SCG
dosage. The higher viscosity observed in the present study (up
to 530 mPa-s, i.e., 0.53 Pa-s at 8% SCGA) follows the same increas-
ing trend reported in previous studies. The variation in absolute
values may be attributed to differences in the base binder grade,
SCGA source, particle characteristics, and preparation methodol-
ogy. Moreover, the storage stability improved from 0.3 to 1.6°C.
SCGA makes the asphalt binder stiffer, resulting in higher viscos-
ity. The higher viscosity values imply that higher working tem-
peratures are needed for asphalt mixtures. The softening point
difference (SPD) increased with increasing SCGA content. The
SPD for the SCGA2, SCGA4, and SCGA6 mixes ranged from 0.3
to 0.9°C; upon further increasing to 8% SCGA, the SPD increased
significantly. This finding indicates that the occurrence of phase
separation is minimal; thus, the properties of modified binders do
not change upon storage or transportation at higher temperatures.

5.1.3 | Mix Design Properties

The mix design characteristics of asphalt mixtures incorporating
different proportions of SCGA, including Gmb, VTM, VMA, and
VFA, were evaluated to analyze their influence on volumetric
properties and to identify the OBC. The corresponding results
are summarized in Table 7. The CM had a Gmb value of 2350
kg/m?>. In comparison, mixtures incorporating 2%, 4%, 6%, and
8% SCGA (SCGA2, SCGA4, SCGA®6, and SCGAS) presented Gmb
values of 2355, 2358, 2365, and 2357 kg/m’, respectively. The
bulk density of the asphalt mixtures increased with increasing
SCGA content. The optimal binder content (OBC) increased with
increasing SCGA dosage. This can be attributed to the high sur-
face area, low specific gravity, and porous nature of SCGA, which
promote binder absorption and interfere with aggregate packing.
This leads to an increase in the number of voids in the mineral
aggregate. A higher binder content is necessary to properly cover
the additional voids and ensure appropriate coating and cohe-
siveness within the asphalt matrix. The VMA increased with
increasing SCGA, which aligned with the reduction in bulk den-
sity. Although the number of voids in the mineral aggregates
increased, the number of VFA increased because of the potential
improvement in the characteristics of the asphalt mixture.

5.1.4 | ITS Test

ITS tests were conducted on both dry and moisture-conditioned
samples to evaluate the cracking resistance and moisture suscep-
tibility of the asphalt mixtures. The TSR, defined as the ratio of the
conditioned strength to dry strength, was calculated, as shown in
Table 8. For the CM, the TSR value was 93%, exceeding the

TABLE 6 | Properties of conventional and SCGA-modified asphalt binders.

Penetration at Softening Ductility at Flash Viscosity Storage stability
Property 25°C, 0.1 mm point (°C) 25°C (cm) point (°C) (mPaes) SPD (°C)
CB 66 49 130 330 355 NA
SCGA2 62 51 105 315 420 0.3
SCGA4 58 53 95 295 460 0.6
SCGA6 54 54 85 275 500 0.9
SCGAS 52 55 70 260 530 1.6
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TABLE 7 | Asphalt mix design characteristics.
Mix | VTM OBC VMA VFB Gmb Stability Flow
Units — (%) (%) (%) (%) (kg/m®) (kN) (mm)
CM 4.0+£0.1 5.5 13.5 70.4 2350 10.5 3.0
SCGA2 6.2 14.0 71.4 2355 11.0 3.3
SCGA4 6.3 14.6 72.6 2358 11.6 3.7
SCGA6 6.4 15.2 73.7 2365 12.5 4.0
SCGAS 6.6 15.8 74.7 2357 11.5 4.4
Requirement 4.0+0.1 >5.4 >13.0 65-78 — >9.0 2-4
TABLE 8 | Indirect tensile strength, rapid rutting, and fatigue life the mixture’s durability under moisture exposure, emphasizing the
results. importance of optimizing its dosage for a balanced performance.
ITSdry ITSwet TSR RR Fatigue
Mix (kPa) (kPa) (%) (kPa) life 515 | RR Test
CM 650 605 93.1 630 13,800 RR test results clearly demonstrate the effect of SCGA on the
SCGA2 675 620 91.9 655 14.350 rutting resistance of asphalt mixtures. The CM exhibited an RR
’ ’ value of 630kPa, providing the baseline performance. With the
SCGA4 690 630 913 670 14,890 incorporation of SCGA, a gradual improvement was noted up to
SCGA6 720 645 89.6 705 15,480 the optimum dosage. At 2% SCGA, the RR value increased to 655
SCGAS 670 560 836 650 12.950 kPa, whereas at 4% SCGA, it further increased to 670 kPa, indicat-
’ ’ ing that the addition of small amounts of SCGA improved the
Requirement — >448 >85% — — resistance of the mixture to permanent deformation. The maxi-

minimum threshold of 85% prescribed by AASHTO T283, thereby
demonstrating sufficient resistance to moisture-induced deteriora-
tion. With the inclusion of SCGA, however, a reduction in TSR
values was observed, signifying diminished moisture resistance of
the modified mixtures. At 8% SCGA content, the TSR decreased to
83.6%, which falls below the permissible 85% limit, thereby ren-
dering the mixture highly susceptible to moisture-induced strip-
ping and durability issues. On the other hand, compared with
those of the control, the dry ITS values clearly improved with
SCGA addition, with increases ranging from 2.9% at lower dosages
to 9.7% at higher dosages, reflecting enhanced cracking resistance
under dry conditions. This contrasting behavior suggests that
SCGA contributes to strengthening the binder—aggregate matrix
in the absence of moisture by acting as a filler and improving the
load distribution, whereas at higher contents, its porous and
hydrophilic nature weakens the adhesive bond between the binder
and aggregate in the presence of water, leading to reduced TSR. At
an SCGA content of 8%, the TSR decreases considerably to 83.6%,
approaching the AASHTO minimum requirement and suggesting
increased sensitivity to moisture damage. This reduction is mostly
attributed to the porous and absorptive characteristics of SCGA,
which can lead to higher binder absorption and a reduction in the
effective binder film thickness at the aggregate-binder interface
[40, 73]. In addition, the comparably reduced surface polarity and
chemical reactivity of SCGA at higher dosages may inhibit adhe-
sive bonding, hence increasing the likelihood of moisture-induced
damage. SCGA contents of up to 6% are considered acceptable
from a durability standpoint because the related TSR values stay
above the specification limits with a respectable margin of safety.
Thus, although SCGA enhances tensile strength under dry condi-
tions, its excessive incorporation, particularly at 8%, compromises

mum improvement was achieved at 6% SCGA, where the RR value
reached 705kPa, representing an 11.9% increase over
the control. This enhancement is mainly linked to the filler role
of the SCGA particles, which help minimize air voids, increase the
mixture density, and improve the stiffness of the binder—aggregate
matrix. Furthermore, the presence of mineral oxides in the ash
strengthens binder—aggregate adhesion, thereby increasing the
resistance of the mixture to rutting under repeated traffic loads.
However, at 8% SCGA, the RR value decreased to 650 kPa, close to
the control level, indicating a loss of the earlier improvements.
This reduction can be explained by the excessive incorporation
of SCGA, which disrupts the optimal gradation, increases brittle-
ness, and creates weaker zones in the mastic, leading to reduced
flexibility and higher susceptibility to microcracking under load-
ing. Therefore, the results confirm that SCGA enhances rutting
resistance up to an optimum dosage of ~6%, beyond which the
negative effects of excess filler outweigh the benefits, highlighting
the critical importance of dosage optimization for balancing stiff-
ness and durability in asphalt mixtures.

5.1.6 | Fatigue Test

The CMs and modified mixtures (SCGA2, SCGA4, SCGA®6, and
SCGAR) were subjected to repeated loading until the failure cri-
terion of 5 mm deformation was met. The load corresponding to
10% of the failure load in the ITS test was applied, and the num-
ber of cycles corresponding to the failure criterion is reported in
Table 7. The CM exhibited a FL of 13,800 cycles. The addition of
spent coffee residue ash improved the fatigue of the asphalt mix-
tures. The FL of SCGA6 was 15480 cycles. When the amount of
SCGA was further increased to 8%, the FL decreased. The fatigue
resistance of the SCGA6 mixture increased, indicating that
the FL increased, whereas the fatigue resistance of the SCGAS8
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mixture decreased. The progressive reduction in FL observed
beyond a 6% SCGA content highlights the adverse effect of exces-
sive stiffening on the cracking resistance of the mixture. This
decline in performance is associated with increased brittleness
and hardening of the asphalt binder caused by the higher pro-
portion of SCGA. A similar trend can be observed for the ITS dry
sample (Table 7). SCGA improves the tensile strength to some
extent, but higher dosages have a negative effect on the tensile
strength, leading to reduced fatigue resistance.

5.1.7 | Ultrasonic Pulse Velocity (UPV) Test

UPV tests were conducted in accordance with ASTM D5404 to
assess the stiffness and elasticity of the bituminous mixtures.
Dynamic and elastic moduli were determined from UPV data to
indirectly evaluate the stiffness and elasticity, and higher moduli
indicate better stiffness and elasticity. The test results are pre-
sented in Figure 5. The CM exhibited dynamic and elastic moduli
of 31 and 11.8 GPa, respectively. The dynamic and elastic moduli
of the SCGA increased to 6%, and a further increase in the SCGA
content to 8% reduced the modulus from 14.1 to 11.2 GPa. With 6%
SCGA (SCGAG®6), the DM increased to almost 5% compared with
that of the CM, indicating improved tensile and elastic character-
istics. On the other hand, SCGA8 with 8% SCGA exhibited the
lowest dynamic and elastic moduli values of 30.5 and 11.2 GPa,
respectively, indicating a reduced capacity to recover under repeti-
tive loading. Although UPV-based modulus estimation offers valu-
able comparative insight into this stiffness—flexibility balance, the
absolute modulus values must be interpreted cautiously because of
their limitations. It may not capture the viscoelastic response of
asphalt mixtures under traffic loading. The moduli are sensitive to
the aggregate distribution and air void content, leading to variabil-
ity. The mechanical properties improved up to 6% SCGA, and a
further increase in the dosage of SCGA reduced the mechanical
properties. This can be explained by the balance between mastic
stiffness, binder availability, and interfacial integrity. At moderate
SCGA dosages (up to 6%), SCGA primarily acts as a microfiller and
reinforcing agent within the asphalt mastic. This leads to an
increase in mastic stiffness because of the lower binder fractions
without significantly lowering the effective binder content. This
leads to an increase in both dynamic and elastic moduli, suggest-
ing greater stiffness while maintaining sufficient flexibility. How-
ever, at higher dosages (8%) of SCGA, the balance is compromised
because of the reduced effective binder film thickness, which

Dynamic and elastic modulus
40 20.0

Dynamic modulus (GPa)
Elastic modulus (GPa)

CM SCGA2

SCGA4 SCGA6 SCGAS

B Dynamic modulus
—e— Elastic modulus

FIGURE 5 |
mixtures.

Dynamic and elastic moduli of modified asphalt

hinders bonding between the binder and aggregate. This leads to
brittle mastic and increased susceptibility to microcracking, which
is reflected in reduced moduli. To improve the reliability and
interpretability of the graphical results, error bars representing
the standard deviation of triplicate experimental measurements
have been incorporated into the mechanical and modulus-related
plots, including the DM and EM trends. These error bars reflect
the variability associated with sample preparation, air void distri-
bution, and material heterogeneity, providing a clearer represen-
tation of the experimental uncertainty. Similarly, confidence
bands derived from cross-validation residuals have been included
in the prediction plots and Taylor diagram analyses to illustrate
the dispersion of model outputs around the observed values. The
relatively narrow confidence intervals observed for the stability,
ITS, and modulus parameters confirm the consistency of the lab-
oratory results and the robustness of the predictive models.

5.1.8 | Sustainability Aspect

A simplified binder production-stage CO, comparison was car-
ried out to assess the sustainability aspect. For a 1 tonne asphalt
mixture with a binder content of 6.4%, the utilization of SCGA6
reduces the quantity of the virgin binder from 64 to 61.16 kg. The
approximate emission of CO, per tonne of bitumen is assumed to
be 400 kg of CO, [44]. Depending on the life cycle parameters and
data source, the CO, emissions associated with the manufacture
of one tonne of bitumen are often reported to range from 200 to
637 kg CO,-equivalent per tonne [44]. Therefore, in this study, an
average emission value of 400 kg of CO, per tonne of asphalt is
adopted. With the reduced requirement of the virgin binder, the
emissions decreased to 24.06 kg CO, from 25.6 kg CO, per tonne
of bitumen. Although this reduction per tonne is modest, it
becomes meaningful at the network scale and is achieved
through partial use of bitumen with waste-derived material. A
thorough sustainability evaluation requires a full life cycle assess-
ment that considers SCGA processing energy and long-term
performance.

The experimental program incorporated triplicate testing for all
mixture conditions, and statistical validation was performed to
evaluate the significance and reliability of the observed trends
across binder-, volumetric-, mechanical-, durability-, and modu-
lus-related properties. One-way ANOVA conducted at the 95%
confidence level confirmed that the changes in key parameters,
including stability, ITS, TSR, RR, FL, DM, and EM, were statisti-
cally significant (p<0.05), particularly when the CM was com-
pared with the SCGA6 and SCGAS. Binder properties such as
penetration, softening point, viscosity, and storage stability
exhibited consistent monotonic trends with relatively low vari-
ability, indicating that the SCGA content exerted a systematic
influence on binder rheology rather than random experimental
fluctuations (Table 9). Similarly, the mix design parameters
(Gmb, VMA, and VFA) were significantly different because of
the increased binder absorption and altered aggregate packing
due to the porous nature of SCGA. Mechanical performance
results demonstrated that ITS dry and stability improvements
up to 6% SCGA were statistically reliable, with narrow confi-
dence intervals confirming the repeatability among the replicate
samples. In contrast, the TSR values significantly decreased at 8%
SCGA, validating the observed decrease to 83.6% as a true mate-
rial response linked to moisture susceptibility rather than
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TABLE9 |

Statistical validation summary of SCGA-modified asphalt mixture properties.

Parameter
Category 1 p-Value 2 p-Value 3 p-Value
Binder properties Penetration <0.05 Softening point <0.01 Ductility < 0.05
Viscosity <0.01 — — — —
Volumetric properties Gmb <0.05 VMA/ <0.05 — —
VFA
Mechanical properties Stability <0.01 ITS dry <0.01 ITS wet < 0.05
TSR <0.01 — — — —
Durability & deformation Rapid rutting (RR) <0.05 Fatigue life <0.05 — —
Modulus properties Dynamic modulus (DM) <0.05 Elastic modulus (EM) <0.05 — —

measurement scatter. Rutting resistance and modulus-related
parameters also significantly varied, with the ANOVA results
supporting the improvement trend up to the optimum dosage,
followed by a performance reduction at higher SCGA contents.
The FL significantly increased at moderate dosages, reflecting an
improved stress distribution within the asphalt matrix. The vari-
ability observed across properties is primarily attributed to con-
trolled differences in the air void content (7.0 + 0.1%), binder film
thickness, aggregate orientation, and heterogeneous microstruc-
ture of the biomass ash particles. Despite these influences, the
relatively low standard deviations reported in the statistical sum-
mary confirm good experimental repeatability. Overall, the
results of the statistical analysis validate that the performance
trends reported for SCGA-modified mixtures are significant and
reproducible, supporting the reliability of the experimental
conclusions.

5.2 | Machine Learning
5.21 | Statistical Summary

A statistical summary (Table 10) of the experimental data provides
a clear understanding of the effects of the BC and SCGA on the
performance characteristics of asphalt mixtures. The BC used in
the study ranged from 5.0% to 6.5%, with an average of 5.78%,

while the SCGA replacement varied widely from 0% to 8%, with
an average of 4%. The stability values, representing the load-
bearing capacity of the mix, averaged 11.30kN, with most results
ranging from 10.78 to 11.80kN, indicating a strong structural per-
formance. The ITS under dry conditions (ITSD) averaged 678.26
kPa, whereas under wet conditions (ITSW), it decreased to 605.36
kPa, reflecting the expected effect of moisture. The TSR averaged
89.46%, significantly exceeding the minimum requirement of 80%,
confirming the excellent resistance of the mixture to moisture
damage and overall durability. The resilient modulus (RR) had
an average value of 665kPa, indicating that the strong recovery
capacity of the mixture occurred under repeated loading. The FL,
which reflects the number of load cycles to failure, averaged 14,246
cycles, demonstrating the excellent endurance of mixes modified
with SCGA. The DM, which is associated with rutting resistance
under stress, remained steady at ~31.33 mm, indicating minimal
variation and consistent performance. The average EM was 12.53,
indicating a balanced stiffness that ensures adequate flexibility to
resist cracking while maintaining sufficient strength against rut-
ting. Overall, the findings show that asphalt mixtures containing
5%—6% bitumen and up to 8% SCGA exhibit high strength, high
durability, and superior resistance to moisture-related damage,
confirming that SCGA is a promising sustainable additive for
improving asphalt pavement performance.

TABLE 10 | Descriptive statistical summary of input features and output variables used in machine learning models.

Parameters Count Mean Std Min 25% 50% 75% Max
BC 120 5.78 0.49 5.00 5.40 5.90 6.10 6.5
SC 120 4.82 2.84 0.00 2.00 4.00 6.0 8.0
ST 120 11.30 0.63 9.50 10.78 11.25 11.80 12.5
ITSD 120 678.26 21.37 630.00 665.00 673.65 694.52 720.0
ITSW 120 605.36 30.07 540.00 580.00 609.80 631.92 645.0
TSR 120 89.46 2.59 83.58 88.95 90.25 91.35 93.1
RR 120 665.0 21.50 620.00 649.21 664.00 682.50 705
FL 120 14246.8 861.56 12100.0 13704.7 14325. 14914.7 15,480
DM 120 31.33 0.85 29.20 30.58 31.30 32.12 32.5
EM 120 12.5339 0.97 11.00 11.73 12.42 13.42 14.1

Note: 25%, 50%, and 75% correspond to the first quartile (Q1), median (Q2), and third quartile (Q3), respectively.
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To improve the predictive capability, robustness, and generaliza-
tion performance of the developed machine learning framework,
hyperparameter optimization was performed for both the decision
tree and XGBoost regression models (Table 11). The optimization
process was carried out using a grid-search strategy integrated
with k-fold cross-validation to systematically determine the opti-
mal combination of hyperparameters while minimizing overfitting
and prediction uncertainty. The final hyperparameter configura-
tions were selected based on the combinations that produced the
highest prediction accuracy together with the lowest RMSE and
MAE values on the validation dataset.

For the decision tree regression model, parameters controlling tree
growth and structural complexity were optimized to improve pre-
diction stability and prevent excessive model branching. The max-
imum tree depth was adjusted to avoid overfitting to the
experimental dataset, whereas the minimum number of samples
required for node splitting and leaf node formation was optimized
to reduce sensitivity to noise within the laboratory-generated data.
The optimized decision tree configuration demonstrated excellent
capability in capturing the nonlinear relationships among the
asphalt mixture performance parameters while maintaining low
computational complexity and reduced prediction uncertainty.
The optimized tree depth and splitting constraints enabled the
decision tree model to effectively represent the coupled mechani-
cal behavior of SCGA-modified asphalt mixtures without memo-
rizing the training data. Similarly, for the XGBoost Regression
model, several boosting and regularization parameters including
the learning rate, maximum tree depth, number of estimators,
subsampling ratio, and column sampling ratio were optimized.
The learning rate controlled the contribution of each boosting
iteration and improved convergence stability, while the number
of estimators governed the boosting stages during model

development. Subsampling and feature sampling ratios improved
model generalization and reduced the dependency on specific
training samples or variables. In addition, regularization parame-
ters were incorporated to minimize excessive model complexity
and improve robustness against overfitting. These optimization
strategies improved prediction consistency and enabled stable
model performance across different dataset partitions.

The optimized decision tree model demonstrated comparatively
lower RMSE, MAE, and RSR values together with higher R* and
NSE values for most of the investigated performance parameters.
This behavior can be attributed to the structured nature of the
experimental dataset and the strong nonlinear relationships
among the mechanical properties of SCGA-modified asphalt mix-
tures. In comparison, the XGBoost model exhibited slightly
higher prediction errors but demonstrated improved generaliza-
tion capability because of the incorporation of boosting and reg-
ularization mechanisms. The regularization constraints reduced
the tendency of the model to memorize training data, thereby
improving its robustness and stability under unseen conditions.
The integration of grid-search optimization and k-fold cross-vali-
dation significantly enhanced the reliability, robustness, and
engineering applicability of the developed machine learning
models. The optimized models achieved balanced predictive per-
formance with strong accuracy, reduced overfitting sensitivity,
and improved generalization capability for predicting the
mechanical and durability properties of SCGA-modified asphalt
mixtures. Table 10 and Figure 6 represent decision tree regres-
sion and XGBoost regression across different asphalt mixture
performance parameters and actual vs predicted parameters of
the decision tree and XGBboost ML models of stability, ITS dry,
ITS wet, TSR, RR, FL, DM, and EM, respectively.

TABLE 11 | Decision tree regression and XGBoost regression across different asphalt mixture performance parameters.
Property Model R? RMSE MAE RSR NSE PI a20-index
Stability (kN) Decision tree 0.83 0.26 0.14 0.39 0.83 1.31 100
XGBoost 0.45 0.48 0.40 0.73 0.45 0.83 100
ITS dry (kPa) Decision tree 0.90 6.96 3.70 0.31 0.90 1.45 100
XGBoost 0.64 13.23 9.77 0.59 0.64 1.03 100
ITS wet (kPa) Decision tree 0.96 5.73 4.08 0.18 0.96 1.65 100
XGBoost 0.78 14.39 12.32 0.46 0.78 1.21 100
TSR (%) Decision tree 0.94 0.60 0.41 0.22 0.94 1.59 100
XGBoost 0.75 1.32 1.05 0.48 0.75 1.17 100
RR (kPa) Decision tree 0.89 7.17 4.17 0.31 0.89 1.44 100
XGBoost 0.60 14.20 11.05 0.62 0.60 0.98 100
Fatigue life Decision tree 0.98 126.29 75.84 0.13 0.98 1.73 100
XGBoost 0.76 433.11 343.93 0.47 0.76 1.19 100
DM Decision tree 0.97 0.12 0.079 0.14 0.97 1.73 100
XGBoost 0.75 0.43 0.38 0.49 0.75 1.17 100
EM Decision tree 0.95 0.21 0.11 0.20 0.9555 1.6187 100
XGBoost 0.75 0.50 0.41 0.48 0.7535 1.1772 100
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5.2.2 | k-Fold Cross-Validation Analyses

. . . convergence characteristics, and
Figure 7 presents the comparative convergence behavior of the g ’

decision tree and XGBoost models obtained through k-fold
cross-validation analysis. The plots illustrate the variation of
MSE with increasing k-fold values ranging from 1 to 45. The

Mean classification error for different k values

purpose of this analysis was to evaluate the prediction stability,

robustness of the developed

machine learning models under different validation conditions.
The decision Tree model demonstrated comparatively lower
MSE values and faster convergence behavior across the
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FIGURE 7 | k-fold cross-validation analyses.

18 of 28

Advances in Civil Engineering, 2026



investigated fold range. The fluctuations in MSE values gradually
reduced with increasing fold numbers, indicating stable predictive
performance and reduced sensitivity to dataset partitioning. The
lower convergence error observed for the decision Tree model
confirms its strong capability to capture the nonlinear relation-
ships governing the mechanical properties of SCGA-modified
asphalt mixtures. In comparison, the XGBoost model exhibited
relatively higher MSE values during the initial folds; however,
the convergence trend became smoother and more stable at higher
fold numbers because of the boosting and regularization mechan-
isms incorporated within the model. Although the XGBoost model
demonstrated slightly higher prediction errors compared with the
Decision Tree model, the reduced fluctuation in convergence
behavior indicates improved generalization capability and resis-
tance to overfitting. The stabilization of MSE values at higher k-
fold numbers confirms the robustness and consistency of the
developed machine learning framework. The comparative k-fold
convergence analysis demonstrates that both models achieved sta-
ble predictive performance, whereas the Decision Tree model
exhibited comparatively superior convergence accuracy and lower
prediction uncertainty for the investigated asphalt mixture perfor-
mance parameters.

5.2.3 | SHAP Analysis

SHAP analysis (Figure 8) was employed to quantify the relative
contribution of the input variables to predicting the performance
parameters of the asphalt mixture, including the stability (kN), ITS
dry (kPa), ITS wet (kPa), TSR (%), resilient modulus (RR), FL, DM,
and EM. The SHAP summary plots provide insight into both the
magnitude and direction of feature influence, enabling an inter-
pretable assessment of model behavior that complements experi-
mental observations and established pavement engineering
principles. The SHAP results consistently identify ITS and modu-
lus-related parameters as the dominant predictors. This outcome is
physically consistent with the experimental findings, where the
dry temperature of ITS increased from 650 kPa in the CM to 720
kPa in SCGA6, accompanied by an increase in FL from 13,800 to
15,480 cycles. Similarly, the stiffness-related properties strongly
influence the material, with an average DM of 31.33 GPa and an
EM of 14.1 GPa at the optimum SCGA dosage. These trends indi-
cate that the predictive models primarily respond to parameters
governing tensile resistance and stiffness, which are fundamental
to stress transfer, load distribution, and structural stability under
repeated traffic loading. From a mechanistic standpoint, the ITS
reflects the resistance of the mixture to tensile stresses generated
by traffic and environmental actions, whereas the modulus param-
eters control the deformation characteristics and rutting resis-
tance. The SHAP distributions demonstrate that higher ITS
values shift predictions toward improved stability and fatigue per-
formance, which is consistent with the observed increase in stabil-
ity from 10.5 to 12.5 kN at SCGA6 (~19% improvement). However,
the analysis also reveals diminishing returns at excessive stiffness
levels. At 8% SCGA, the TSR decreased from 93.1% to 83.6%, and
the FL decreased to 12,950 cycles, highlighting the trade-off
between stiffness enhancement and durability. Similarly, the RR
increased from 630 to 705 kPa at SCGA6, confirming the improved
load-bearing capacity but also indicating the sensitivity of the mix-
ture performance to excessive stiffening. The comparatively lower
SHAP importance assigned to the SCGA dosage does not imply a

lack of engineering relevance; rather, it reflects the indirect role of
SCGA in modifying key mechanical properties such as tensile
strength and stiffness. Although the SCGA content ranged from
0% to 8%, its influence became prominent primarily through its
effect on the ITS and modulus values, which explains the apparent
discrepancy between the experimental significance and direct
SHAP ranking. This observation highlights the interconnected
nature of asphalt mixture performance, where the additive dosage
influences behavior through secondary mechanical responses
rather than acting as an independent governing variable. From a
mixture design perspective, the SHAP analysis provides practical
insights for performance-based optimization. The dominance of
the ITS and modulus underscores the necessity of maintaining a
balanced stiffness—flexibility relationship when the SCGA dosage
is selected. Numerical trends indicate that SCGA6 achieves this
balance, with an ITS dry of 720 kPa, an RR of 705 kPa, and a FL of
15,480 cycles, whereas further increases in SCGA content reduce
moisture resistance and long-term durability. The agreement
between the SHAP rankings and established pavement mechanics
confirms the physical plausibility of the predictive framework and
reinforces its applicability as a decision-support tool for sustain-
able asphalt mixture design. It should be emphasized that SHAP
analysis quantifies the influence of statistical features within the
predictive model rather than establishing causal relationships
between variables. The reported feature importance values there-
fore represent contributions to model predictions and must be
interpreted alongside experimental evidence and fundamental
engineering understanding. Overall, the explainable AI frame-
work enhances the interpretability of machine learning predic-
tions while maintaining consistency with observed material
behavior.

5.2.31 | Cosine Amplitude Sensitivity = Analysis
(CASA). The CASA was performed to evaluate the relative
influence of the input variables on the prediction of asphalt mix-
ture performance parameters. CASA quantifies the degree of
association between input and output variables by measuring
the cosine angle between feature vectors. Higher cosine ampli-
tude values indicate a stronger influence and greater sensitivity
of the input parameter toward the corresponding output variable.

The cosine amplitude relationship is expressed as:

n
- Zk:lxikyjk

ij = s
V XX \/ Zi‘zlﬁk

where ry represents the sensitivity coefficient between the input
and output variables, x; denotes the input feature vector, and y;
represents the output parameter vector.

CASA was performed to quantify the influence of the input vari-
ables on the predicted mechanical and durability properties of
SCGA-modified asphalt mixtures. The CASA technique evaluates
the strength of association between the input and output vari-
ables by measuring the cosine similarity between their corre-
sponding vectors. Higher CASA values indicate stronger
sensitivity and a greater influence of a particular feature on the
predicted output parameter.

The results presented in Table 12 indicate that BC exhibited the
highest sensitivity toward all predicted performance parameters,
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TABLE 12 | Cosine amplitude sensitivity analysis results.

Input feature Output parameter CASA value Input feature Output parameter CASA value
BC Stability (kN) 0.99 SCGA Stability (kN) 0.86

BC ITS dry (kPa) 0.99 SCGA ITS dry (kPa) 0.86

BC ITS wet (kPa) 0.99 SCGA ITS wet (kPa) 0.85

BC TSR (%) 0.99 SCGA TSR (%) 0.85

BC RR (kPa) 0.99 SCGA RR (kPa) 0.86

BC Fatigue life 0.99 SCGA Fatigue life 0.86

BC DM 0.99 SCGA DM 0.86

BC EM 0.99 SCGA EM 0.86

with CASA values ranging from 0.9944 to 0.9973. These very high
sensitivity values demonstrate that the BC plays a dominant role
in controlling the mechanical and durability behavior of asphalt
mixtures. Among all the output parameters, the TSR and FL
exhibited particularly high sensitivity toward BC, with CASA
values of 0.9973 and 0.9970, respectively. This behavior indicates
that the binder content strongly influences moisture resistance,
stiffness characteristics, fatigue resistance, and long-term dura-
bility of asphalt mixtures.

Similarly, resilient modulus (RR), ITS, DM, and EM also demon-
strated very high sensitivity toward BC. These results confirm
that variations in binder content significantly affect the stiffness,
elasticity, deformation resistance, and cracking behavior of
asphalt mixtures. The strong relationship observed between BC
and the modulus-related parameters further validates the experi-
mental findings, where changes in binder content directly influ-
enced the internal bonding characteristics and load-transfer
mechanisms within the asphalt matrix.

The SCGA dosage also demonstrated considerable influence on the
predicted performance parameters, with CASA values ranging
between 0.8593 and 0.8660. Although these sensitivity values were
lower than those of BC, they still indicate a strong interaction between
SCGA incorporation and asphalt mixture performance. Among the
investigated parameters, resilient modulus (RR) and FL exhibited
comparatively higher sensitivity toward SCGA dosage, indicating
that SCGA primarily influences stiffness enhancement and long-
term deformation resistance characteristics of asphalt mixtures.

The comparatively lower CASA values associated with SCGA
dosage suggest that its influence is more indirect and depends
on its interaction with the binder and aggregate matrix. The
porous and angular morphology of SCGA particles improves
binder absorption and internal friction, thereby enhancing the
stiffness and rutting resistance. However, excessive SCGA incor-
poration may reduce the effective binder film thickness and
increase brittleness, which affects moisture resistance and fatigue
performance. This behavior is consistent with the experimental
observations obtained from ITS, TSR, and FL tests.

The CASA results confirm that both BC and SCGA dosage sig-
nificantly influence the mechanical and durability properties of
asphalt mixtures, with the BC acting as the most dominant gov-
erning parameter. The sensitivity analysis further validates the
reliability of the developed machine learning framework and

improves interpretability by identifying the most influential vari-
ables governing asphalt mixture performance.

5.2.4 | REC Curve and Taylor Diagram Analysis

An analysis of the REC curve and Taylor diagram (Figure 9)
clearly demonstrates the superior performance of the XGBoost
regressor across most parameters compared with the decision
tree model. The REC curves for stability, ITS dry, ITS wet, TSR,
FL, DM, and EM show that the XGBoost predictions are closely
aligned with the experimental values, as most data points lie near
the diagonal line with minimal deviation, reflecting very low error
rates. This is particularly evident in the ITS dry, TSR, and FL,
where the curve sharply increases and reaches high accuracy
thresholds, confirming the robustness of the model. In contrast,
the REC curves for RR and DM show relatively wider error mar-
gins with a slower increase, indicating weaker prediction accuracy
than for the other properties. The Taylor diagram further supports
these observations by providing a holistic view of correlation, stan-
dard deviation, and RMSE. For most of the evaluated properties,
the XGBoost predictions are closely aligned with the observed
reference data, with high correlation coefficients (R*>0.9) and
minimal error values. This finding demonstrates the strong ability
of the model to accurately reflect the variability present in the
experimental results. However, the RR and DM predictions are
positioned slightly farther from the reference point in the Taylor
diagram, indicating a relatively low correlation and high deviation.
On the other hand, the decision tree regressor unrealistically plots
at the reference point with perfect correlation and zero error across
all properties, which strongly suggests overfitting or evaluation on
training data rather than a true test set. The REC curve and Taylor
diagram together confirm that the XGBoost Regressor is a reliable
and generalizable model for predicting stability, ITS, TSR, FL, and
EM with very high accuracy, whereas RR and DM require further
model refinement or feature improvement to achieve similar
performance.

Although the decision tree model achieved very high R? values
and extremely low error metrics, its near-perfect alignment with
reference data suggests that the model may capture dataset-spe-
cific patterns more strongly than generalized relationships. Deci-
sion trees are inherently prone to overfitting when trained on
relatively structured laboratory datasets with limited variability.
Therefore, pruning constraints and k-fold cross-validation were
employed to mitigate this effect; however, caution is needed
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when extrapolating predictions beyond the investigated SCGA
dosage range or outside controlled laboratory conditions. The
XGBoost model, which incorporates regularization and ensemble
learning, demonstrated slightly lower accuracy but stronger gen-
eralization behavior, indicating its higher reliability for broader
engineering applications.

6 | Conclusions

An experimental and computational investigation of SCGA as a
biomodifier for asphalt binders and mixtures yielded the follow-
ing key conclusions across parameters:

+ Incorporation of SCGA increased the stiffness and high-
temperature performance of the binder, as evidenced by

the reduction in penetration (66—-52 mm — SCGAS), increase
in softening point (49-55.3°C), and increase in viscosity
(355-530 mPa-s). However, the reduction in ductility
(130-70 cm) and flash point (330-260°C) indicates reduced
flexibility and thermal stability at higher SCGA contents.

The viscosity increased significantly from 355 mPa-s (CB) to
530 mPa-s (SCGAS), indicating increased stiffness. The stor-
age stability improved from 0.3 to 1.6°C, minimizing phase
separation and improving binder reliability during storage
and transportation.

Marshall mix design results demonstrated that SCGA mod-
ification improved mixture stability from 10.5 to 12.5kN at
6% SCGA while slightly reducing bulk density due to the
low specific gravity of SCGA. The increase in VMA and
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VFA indicates improved binder accommodation within the
asphalt matrix.

» Moisture susceptibility and fatigue performance improved
up to 6% SCGA content. The ITS dry strength increased
from 650 to 720 kPa, and the FL improved from 13,800 to
15,480 loading cycles. However, excessive SCGA addition
(8%) reduced the TSR and fatigue resistance due to exces-
sive stiffening of the mixture.

« Compared with the control, SCGA6 enhanced the modulus
values by ~5%, but further addition (SCGAS8) reduced the
stiffness and recovery capacity.

+ The decision tree model achieved very high predictive
accuracy (R* up to 0.98); however, its near-perfect perfor-
mance indicates potential sensitivity to laboratory-specific
patterns. K-fold validation and pruning were therefore
applied to improve the robustness. In comparison,
XGBoost showed slightly lower accuracy but stronger gen-
eralization capability, suggesting higher reliability for real-
world applications.

SCGA can be used as a biomodifier for asphalt binders, and an
optimum dosage of 6% is recommended on the basis of stability
and strength properties, fatigue, rutting, and moisture resistance
without compromising durability. In this study, the reporting of
6% SCGA as the optimal dosage is based on laboratory-scale
performance indicators. Although this dosage demonstrates a
favorable stiffness—durability balance under controlled condi-
tions, the field performance and long-term aging behavior should
be assessed in future work.

Although the developed ML framework demonstrates strong pre-
dictive ability, the relatively limited dataset size (120 samples)
may restrict extrapolation beyond the investigated material
range, and future studies should incorporate larger multisource
datasets to enhance generalizability.

7 | Limitations

Although the decision tree and XGBoost models demonstrated
high predictive accuracy, the training dataset was generated
using a single aggregate source and a VG-30 binder grade, which
may limit model transferability to mixtures with different aggre-
gate mineralogies, gradations, or binder chemistries. Variations
in surface texture, binder—filler interactions, and moisture sensi-
tivity can influence stiffness and durability responses, potentially
affecting prediction reliability outside the investigated condi-
tions. Therefore, the current models should be interpreted as
material-specific predictive tools rather than universally general-
izable frameworks. Future research should incorporate external
datasets and multisource material combinations to increase
robustness and enable broader applications in pavement engi-
neering practice.
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