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ARTICLE INFO ABSTRACT

Keywords: Waste material, including glass, presents significant environmental challenges due to its non-biodegradable
Waste glass concrete nature and low global recycling rates. Incorporating waste glass into concrete offers a sustainable solution,
Machine learning but predicting its effects on mechanical properties, particularly flexural (f,) and split tensile (f,) strengths,
Qg;BoZ(::t remains complex. This study utilizes machine learning (ML) algorithms (decision tree (DT), extreme gradient
LightGBM boosting (XGBoost), adaptive boosting (AdaBoost), light gradient boosting machine (LightGBM), support vector

regression (SVR), and gaussian process (GP)) to predict f, and f, strengths based on compressive strength
(f.), concrete age, and glass replacement percentage of glass-concrete composites. Thirteen experimental
studies were utilized using secondary data. Results demonstrate that Pearson correlation analysis reveals
strong interdependence among mechanical properties (f.-f,: 0.809-0.876, f.-f,: 0.927-0.948, f,-f,: 0.943-
0.970), with negligible influence of glass type and moderate positive impact of replacement percentage. The
ML algorithms each offer unique predictive strengths—most notably, XGBoost training model achieves near-
perfect accuracy (with R? equal to 0.9991). However, k-fold cross-validation revealed overfitting concerns
limiting applicability to conventional concrete compositions. Non-parametric analyses reveal moderate f.-f,
correlations (Spearman’s p = 0.5879, p=0.0739) and statistically significant f,-f, relationships (p = 0.6364,
p=0.0479), while ML models achieve high predictive accuracy by exploiting multi-feature interactions
beyond simple pairwise correlations. These ML models enable optimized mix designs, advancing sustainable
construction through efficient waste glass utilization as a partial aggregate replacement.

Gaussian process

1. Introduction glass waste stands out because of its non-biodegradable nature and
extremely slow decomposition. It can take millennia to break down.

The management of waste materials has become a critical environ- The large volumes of glass discarded each year further intensify the
mental challenge in recent years [1-4]. This issue is driven by several problem. The production and use of glass have a rich history that
factors, including the growing scarcity of landfill space, the depletion dates back to ancient civilizations [6]. Glass has traditionally been
of raw materials, and the increasingly urgent need to reduce the carbon valued for its optical properties and durability. Today, it has become

footprint of the construction industry [5]. Among these waste materials,
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ubiquitous in modern society. Glass is widely used in packaging, ar-
chitecture, automotive components, high-tech devices, and renewable
energy systems [7].

This application diversification has come about mainly due to in-
novations in processing and manufacturing techniques. Specialized
varieties of glass have been developed with tailored properties. For
example, sodium-calcium, lead, barium, aluminosilicate, borosilicate,
and luminescent glasses all meet specific industrial and architectural
requirements [8]. Nonetheless, this production growth has a significant
downside. Large amounts of waste glass are generated during produc-
tion, use, and disposal. This waste adds to the growing problem of solid
waste management.

The manufacturing process for glass, from raw material extraction
to final product formation, is inherently energy-intensive and emits a
substantial amount of carbon dioxide. Furthermore, waste glass dis-
posal poses a serious environmental challenge [9]. This applies whether
the waste comes from industrial production or from post-consumption
sources. The non-biodegradable nature of this material means it ac-
cumulates in landfills, consuming valuable space and adding to the
growing waste crisis [10]. Recent data shows the scale of this problem.
In the United States alone, an estimated 10.4 million metric tons of
waste glass are generated annually. Of this amount, nearly 60% is
disposed of in landfills, while only 26% is recovered for recycling.
The rest was routed to combustion facilities [11]. Furthermore, global
annual waste glass production is approximately 100 million tons, yet
the recycling rate remains alarmingly low at around 26%. China, the
USA, and the European Union collectively account for nearly two-thirds
of this total, contributing about 33, 32, and 20 Mt, respectively [12].
This low rate reflects both the production scale and the persistent
challenge of effectively recycling this material.

Meanwhile, global glass production is expected to grow, reflecting
industrialization and population growth. The packaging industry, for
instance, dominates this expansion, consuming nearly 60% of total
production, while the architectural and automotive sectors collectively
account for about 30% [13]. Specialized and renewable sectors, which
employ advanced glasses for solar panels, smartphones, optical fibers,
and protective screens, form the rest [14]. Naturally, this upward trend
signals a growing need for innovative solutions to reduce waste and
find valuable applications for discarded glass. One promising approach
to addressing this challenge lies in the reuse of waste glass in the
production of cement and concrete [15]. Specifically, waste glass can
be ground into small particles and incorporated into a cement matrix
as a partial replacement for sand or gravel [16]. The addition of waste
glass reduces the consumption of virgin resources and energy. It can
also enhance specific mechanical properties of the composite, yielding
a more durable and environmentally friendly form of concrete.

Some specialized waste glasses, for example, liquid crystal display
(LCD) glass, waste window glass, and cathode ray tube (CRT) glass, pos-
sess unique physical, chemical, and pozzolanic properties [17]. These
properties can affect their behavior when incorporated into cement
and concrete [15]. The eventual performance of the composite is a
complex phenomenon governed by numerous factors, including the
type of waste glass, its particle size, its dosage, and its interaction
with the cement hydration products [18]. Furthermore, these properties
can affect not only the compressive strength (f.) but also the flexural
strength (f,) and split tensile strength (f,), which are crucial for
understanding a material’s ability to resist bending and tension and,
therefore, for its structural applications [19].

To maximize the benefits of adding waste glass to cement and
to control its effects on mechanical properties, a deep understanding
of these relationships is required. Traditionally, this understanding
has been developed through extensive trial-and-error methods [20].
This approach involves preparing numerous batches with different
proportions of waste glass, testing their mechanical properties, and
attempting to draw empirical relationships from the results. However,
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this approach is time-intensive, expensive, and often unreliable, par-
ticularly when attempting to extrapolate results to a wider range of
conditions [21].

Given these challenges and the limitations of conventional trial-and-
error approaches, more efficient methods are needed. This is where
machine learning (ML) algorithms become particularly powerful [22-
25]. ML algorithms, a branch of artificial intelligence (AI), can capture
complex and non-obvious relationships within multivariate data. This
ability allows for accurate predictions of material properties, such as
fe» [y, and f, [26]. The predictions are made using a set of easily
measurable variables. Furthermore, using conventional statistical tech-
niques, ML methods can quantify the relative influence of different
factors and uncover patterns that may be hard to observe. Recent inves-
tigations have demonstrated the potential of ML to successfully predict
the mechanical properties of concrete with reasonable accuracy [27].
Nevertheless, these studies predominantly focus on f,., underexploring
the ability to predict other key properties, such as f, and f,, based on
the f.. These properties govern a material’s resistance to bending and
tension, influencing its structural performance in many applications.

Despite extensive research into glass-concrete composites, a signifi-
cant gap exists in comparative analyses of mechanical properties among
varieties of waste glasses in concrete. With the rapid advance of Al, the
current literature lacks comprehensive studies that evaluate and com-
pare the cross mechanical properties prediction of these materials using
advanced ML and DL algorithms. Importantly, no comprehensive study
to date has addressed these issues by directly comparing multiple ML
algorithms [23]. Therefore, this study aims to conduct a comprehensive
review of the mechanical properties (compressive strength (f.), flexural
strength (f,), and split tensile (f,)) of various glass-concrete composites
by predicting the f, and f, strengths based on the percentage of waste
glass as a partial replacement of aggregate, the age of the concrete,
and f . strength. These algorithms include decision tree (DT), extreme
gradient boosting (XGBoost), adaptive boosting (AdaBoost), light gradi-
ent boosting machine (LightGBM), support vector regression (SVR), and
Gaussian process (GP). By predicting the mechanical properties of con-
crete made with glasses, this study will revolutionize the understanding
and application of glass in concrete technology, potentially leading to
more sustainable, cost-effective, time-efficient, and high-performance
concrete for structural applications.

2. Data and methods

Our comprehensive data collection strategy encompassed an ap-
proach that gathers relevant research on glasses in concrete appli-
cations across diverse scholarly repositories. Beyond Google Scholar
and ResearchGate, we expanded our search to include Web of Sci-
ence, Scopus, ScienceDirect, IEEE Xplore, ProQuest, JSTOR, Microsoft
Academic, and Semantic Scholar to ensure comprehensive coverage of
systematic literature. Based on our title, we employed a hierarchical
search strategy with increasing specificity across three levels. In Search
Level 1, we utilized the search query “glass” AND “concrete”; Level
2 narrowed the focus with “glass” AND “concrete” AND ‘“mechanical
properties”, while Level 3 further refined our search with “glass” AND
“concrete” AND “mechanical properties” AND “machine learning”.

For instance, Fig. 1 presents a citation map by country for Search
Level 1 search results from 2016 to 2025, extracted from DimensionsAl
and visualized using VOSviewer. The data reveal a precise global dis-
tribution of research activity and impact in the field of glass-enhanced
concrete and related topics. Furthermore, Fig. 2 illustrates the network
of countries based on the number of documents published. China leads
by a significant margin, with 724 documents and 7189 citations, indi-
cating both a high volume of research output and substantial influence
within the academic community. The United States, while producing
fewer documents (207), demonstrates a high citation count (4881),
suggesting that its publications are highly impactful. Other notable
contributors include Saudi Arabia (197 documents, 3638 citations),
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Fig. 1. Citation map by country of the Search Level 1 from 2016-2025 - extracted from DimensionsAl with VOSviewer.
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Fig. 2. Network of countries of the Search Level 1 from 2016-2025 - extracted from DimensionsAl with VOSviewer.

Iceland (161 documents, 4203 citations), and Poland (207 documents, Design (138), Building (135), Chemical Sciences (97), Macromolecular
2117 citations). Countries such as Egypt, South Korea, and Tiirkiye also and Materials Chemistry (72), and Materials Engineering (57). This pat-
make meaningful contributions, although their overall document and tern highlights the central role of Engineering and Civil Engineering in

citation counts are lower. advancing glass-enhanced concrete research while also demonstrating
Fig. 3 displays the publication trends from 2022 to 2025 for the top the interdisciplinary nature of the topic, as evidenced by sustained

seven research fields associated with glass-enhanced concrete (Search contributions from fields such as Chemical Sciences and Materials

level 1), as determined by the total number of publications over this Engineering.

period. Indeed, Engineering leads all fields with a total of 439 pub- Furthermore, the network map in Fig. 3 highlights the centrality and

lications, followed by Civil Engineering (372), Built Environment and interconnectedness of leading institutions in this field. Prince Sattam
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Publication Trends of Top 7 Research Fields (2022-2025)

Research Field (ID)
Engineering (40)
Civil Engineering (4005)
Built Environment and Design (33)
Building (3302)
Chemical Sciences (34)
Macromolecular and Materials Cemistry (3403)
Materials Engineering (4016)
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Fig. 3. Timeline of Publications of the Search Level 1 from 2014-2024 in 5 research fields - extracted from Dimensions with VOSviewer.
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Fig. 4. Network for institutions for the Search Level 1 from 2016-2025 - extracted from Dimensions with VOSviewer.

bin Abdulaziz University emerges as the most prominent institution,
with the highest number of documents (38), citations (1688), and
total link strength (171), reflecting its important role in both research
output and collaborative influence. Other major hubs include Cracow
University of Technology, King Khalid University, Tongji University,
and King Saud University, each contributing substantial publication
counts and forming strong collaborative ties. The clusters indicate
regional and thematic collaboration patterns, with institutions from
China, Saudi Arabia, Poland, and Malaysia forming distinct but inter-
connected groups. Notably, the network demonstrates a high degree
of international collaboration, as evidenced by the dense web of links
between institutions across Asia, Europe, and the Middle East (see Fig.
4.

Fig. 5 presents the author collaboration network for the same pe-
riod, revealing the key individual contributors and their collaborative

dynamics. The network is characterized by several prominent clusters,
each centered around highly productive and influential authors. Yasin
Onuralp Ozcelik, Qudeer Hussain, Sergey A. Stel’'makh, and Jawad
Ahmad stand out as leading figures, each with a substantial number
of publications and citations. Ozcelik and Ahmad, in particular, are at
the core of dense clusters, indicating frequent co-authorship and strong
collaborative ties with a wide array of researchers. Authors such as
Kennedy C. Onyelowe and Evgenii M. Shcherban further contribute
to the network’s connectivity, linking different research groups and
facilitating the exchange of ideas. The diversity of author affiliations
and the presence of both established and emerging scholars reflect a
vibrant and evolving research community.

Fig. 6 depicts the journal publication network for research on glass-
enhanced concrete from 2016 to 2025. The journal Materials stands
out as the central publication hub, with the highest metrics: 845
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documents and 10,674 citations. This dominance shows Materials as the
primary journal publication for both the volume and impact of research
in glass-enhanced concrete, reflecting its broad scope and appeal to
materials science researchers. Other significant journals include Scien-
tific Reports and Polymers, with 281 and 245 documents, respectively,
and substantial citation counts (2079 and 3996). The network further
reveals important clusters around environmental and sustainability-
focused journals such as Environmental Science and Pollution Research,
Journal of Environmental Management, and Waste Management. These
journals, while publishing fewer total documents, contribute significant
citation influence and serve as bridges between materials science and
environmental research communities. The presence of multidisciplinary
and open-access journals such as Heliyon and PLOS ONE facilitates
broader dissemination and cross-disciplinary collaboration.

3. Glass characteristics

Waste glass (WG) demonstrates significant potential as a fine aggre-
gate substitute in concrete applications, particularly when processed to
smaller particle sizes such as 75 pm, as illustrated in Fig. 7(a) [28].
The chemical composition analysis presented in Table 1 reveals that
glass contains high silica content (72.86% SiO,) along with substantial
calcium oxide (11.58% CaO) and sodium oxide (10.10% Na,O) [28].
These properties indicate favorable pozzolanic properties for concrete
applications [29].

However, microscopic examination of glass particles reveals critical
structural limitations, as shown in Fig. 8, where larger glass particles
exhibit significant micro-cracks that can compromise concrete perfor-
mance [28]. These inherent defects create pores and provide pathways
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Fig. 7. (a) Physical appearance of glass sand and glass powder, (b) Grain size distribution of fine aggregate [28], (c) recycled glass in concrete [31].
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Fig. 8. Microscopic characteristics of glass: (a) glass sand and (b) glass powder [28].

Table 1

Chemical composition of waste glass [28].
Material Sio, CaO Al,O4 Fe,04 MgO SO, Na,O0 K,0
Glass 72.86 11.58 1.84 0.84 1.92  0.34 1010 0.45

for deleterious reactions, potentially increasing alkali-silica reaction
(ASR) susceptibility [29]. To mitigate these concerns, the glass sand
particle size range can be strategically reduced to 0-2.36 mm, as
illustrated in Fig. 7 (b) [28], as research demonstrates that finer glass
particles below certain thresholds significantly reduce ASR risk while
enhancing pozzolanic activity [29,30].

Additionally, as depicted in Fig. 9, we have classified glass materials
based on their characteristics in six groups as follows:

I. Barium-based glasses are characterized by high density, approx-
imately ranging between 4.492 and 4.942 g/cm® for a glass
chemical composition of 65Bi,03;-xBa0-(35-x)B,03, where the
ratio composition may vary between bismuth oxide (Bi,O3)
(65%), barium oxide (BaO) (2% to 10%) and boron oxide
(B,03) (25% to 35%) [32]. With the glass composition of xBaO—
5Zn0-5Mg0-14Na,0-1Li,0-(75-x)B,05 (namely; barium ox-
ide (BaO), zinc oxide (Zn0O), magnesium oxide (MgO), sodium
oxide (Na,0), lithium oxide (Li,O), boron oxide (B,03)), the
refractive index can rise with increasing BaO content, with
values ranging approximately from about 2.20 to 2.45 as BaO
concentration increases from 0 to 50 mol% [33]. The melting
point of borosilicate glass generally falls between 820 °C and
1,100 °C [34]. Recent findings show that increasing Ba2" ion
concentration leads to a decrease in polaron radius and inter-
ionic distance, while the oxygen packing density increases with

1I.

III.

higher BaO content, indicating a more compact glass struc-
ture [33]. Indeed, the addition of BaO also enhances the forma-
tion of non-bridging oxygens, which improves the glass’s ability
to absorb gamma and X-rays, making these glasses suitable
for use as transparent protective materials against X-ray and
gamma radiation. These properties are promising for optical,
optoelectronic, and radiation shielding applications.
Sodium-calcium glasses, or soda-lime glasses, are the most widely
used glass type due to their cost-effectiveness and versatile prop-
erties. Generally, their composition which can vary, primarily
consists of silica (SiO,), sodium oxide (Na,O), and calcium
oxide (CaO), ranging between 50% and 70%, 15% and 22.5%,
and 15% and 22.5%, respectively [35]. Physical properties of
soda-lime glass include a density of approximately 2.5 g/cm?, a
Mohs hardness of 5-6, a thermal conductivity of approximately
1.0 W/m K, a thermal expansion coefficient reaching almost
9 x 107%/K, and a softening point around 720 °C. The density
and mass of glass significantly influence its stress distribution
and structural suitability [36].

Lead-infused glasses, specifically pseudo-binary (100—x)Li,B,0,
—-xPb;0, chemical composition (with lithium tetraborate
(Li,B405) and lead tetroxide (Pb3;0,4)) where PbO content rang-
ing from 0 to 70 mol%, exhibit increasing density and decreasing
molar volume as Pb;O, content rises [37]. The density increases
linearly with PbO content, while the glass transition temperature
(Tg) and molar volume decrease non-linearly. These glasses are
valued for their high density and refractive index, making them
suitable for optical and radiation shielding applications [38].
PbO acts as both a network modifier at low concentrations
and a network former at higher concentrations, influencing the
glass structure and properties. The addition of Pb;0,4 leads to
the formation of strong B-O-Pb linkages, resulting in a more
compact glass structure [39,40].
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Fig. 9. Glass classification based on their characteristics (own elaboration).

IV. Aluminum-silicate glasses are engineered for enhanced mechan-
ical strength, thermal resistance, and chemical durability. In
the PbO-Al,03-Si0,:Yb,03 glass composition (namely; lead ox-
ide (PbO), aluminum oxide (Al,03), silica (SiO,), and ytter-
bium oxide (Yb,03)), SiO, acts as the primary glass former,
resulting in the formation of metasilicates, pyrosilicates, and
orthosilicates [41], while Al,0j5 is incorporated in both tetrahe-
dral (AlO,4) and octahedral (AlOg) coordination [42]. Increasing
Al,O5 content leads to structural depolymerization of the glass
network, as indicated by infrared spectral analysis, with alu-
minum ions (Al3+) cross-linking with Si—O-Si units to form Al-
0O-Si linkages. This modification results in changes to the vibra-
tional bands and a decrease in the optical band gap with higher
Al, 05 concentration, confirming network disruption. The pres-
ence of AlOg units at higher Al,05 concentrations also causes
local structural distortions, affecting the optical properties and
Stark splitting of Yb3+ ions. These structural features contribute
to the glass’s suitability for high-performance applications re-
quiring thermal and chemical stability [43].

V. Boron-silicate glasses are notable for their excellent thermal
and chemical stability. In the context of quantum dot (QD)
fabrication, boron-silicate glasses are typically prepared using
a Na,0-ZnO-Al,03-B,03-Si0, system (namely; sodium oxide
(Na,0), zinc oxide (ZnO), aluminum oxide (Al,0O3), boron ox-
ide (B,03)-silica (SiO5)), with PbO and S added to produce
PbS nanocrystals within the glass composition [44]. Indeed,
these glasses are synthesized at high temperatures (up to 1350
+50 °C) and subsequently annealed, which allows precise con-
trol over the nanocrystal size and distribution through post-
synthesis thermal treatment. The resulting materials exhibit high
optical and thermal stability, and their optical properties can be
finely tuned by adjusting the heat treatment regime. This tun-
ability, combined with the inherent durability of boron-silicate

glasses, makes them promising for optoelectronic devices, in-
cluding saturable absorbers for near-infrared solid-state lasers
and other photonic applications.

VI. Luminescent glasses are materials that incorporate rare-earth
(lanthanide) ions or other luminescent centers into a glass ma-
trix, enabling a wide range of photoluminescent properties. The
base composition of these glasses can vary, commonly including
borate, phosphate, silicate, or tellurite systems, with the addition
of rare-earth ions such as Dy3+ (dysprosium), ce¥t (cerium),

(europium), Sm3* (samarium), Tm?" (thulium), or Tb3"

(terbium), among others [45]. These rare-earth ions enable emis-
sions spanning from the ultraviolet (UV) to the near-infrared
(NIR) and even far-infrared regions, depending on the dopant
and excitation source.
The photoluminescence mechanisms in these materials include
downshifting, down-conversion (quantum cutting), and up-
conversion, allowing for tailored emission characteristics for
applications such as solid-state lighting and white light-emitting
diodes (WLEDs). Energy transfer processes are important in co-
doped systems (e.g., Dy*>' /Eu?", Tm*"/Dy3"), enabling efficient
photon conversion and color tuning. For example, trivalent Eu®"
ions are widely used for red emission in red, green, and blue
(RGB)-based wLEDs [46-48], while co-doping with Dy3+ or
Tm3" can produce white light through controlled energy transfer
and emission balancing [45].

4. Machine learning algorithms

ML algorithms have undergone significant transformation since
their foundational establishment in 1950, particularly in materials
science and engineering applications (Fig. 10) [49,50]. Indeed, the
emergence of fuzzy logic and neural networks in 1980 marked an im-
portant transition from traditional rule-based systems to more adaptive
learning mechanisms. These early neural network architectures laid
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Fig. 10. Historical development of AI, ML, and DL in materials engineering.

the groundwork for contemporary deep learning applications, enabling
computers to process complex, non-linear relationships in material
properties and behaviors. The integration of Al in building materials
during the 1990s illustrates the practical application of supervised
learning algorithms, where labeled datasets of material properties
were used to train models for predicting structural performance and
durability characteristics [51,52].

In addition, the achievement of predictive modeling using ML al-
gorithms in 2010 represented a paradigm shift toward data-driven
material design. This period marked the adoption of various algorithms,
such as the support vector machine (SVM) and decision tree (DT)
methods, for analyzing material composition properties. These algo-
rithms enabled researchers to model complex dependencies between
chemical composition, processing parameters, and resulting material
characteristics with unprecedented accuracy.

Also, the introduction of DL algorithms in material science in 2014
revolutionized the field by enabling the processing of vast datasets
containing structural, compositional, and performance data. Advanced
neural network architectures, including convolutional neural network
(CNN) and recurrent neural network (RNN) algorithms, facilitated
the analysis of complex material microstructures and time-dependent
behaviors. The subsequent development of generative artificial intelli-
gence (GenAl) [53] for material innovation in 2020 demonstrated the
capability of algorithms to not only predict material properties but also
design novel compositions with desired characteristics.

4.1. Pearson correlation coefficient

The Pearson correlation coefficient (r) algorithm, also known as the
Pearson product-moment correlation coefficient (PPMCC), measures
the strength and direction of a linear relationship between two contin-
uous variables (e.g., f._treatment and f,_control). Its value ranges from

—1 to +1 [54,55], and it is calculated using the following formula:

N
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Alternatively, it can also be expressed as:
S
[ A— 3)

where n is the number of data points or observations, x; is the value of
the first variable for the i-th observation, y; is the value of the second
variable for the i-th observation, x’ is the mean of the first variable,
¥’ is the mean of the second variable, S, is the sum of the products
of the deviations from the means (covariance), S,, is the sum of the
squared deviations from the mean for variable X, and Sy, is the sum of

y
the squared deviations from the mean for variable Y.

4.2. Decision tree

Decision tree (DT) is a supervised learning algorithm that models’
relationships between input features (f,) and target variables (f, and
f;) through hierarchical, interpretable splits [56-58]. For regression
tasks, the algorithm partitions the feature space into regions R,, to
minimize prediction error, where each leaf node represents a constant
value c,,:

M

y'=2cm-l(xfCeRm) @
m=1

DTs are supervised learning algorithms that model relationships through

recursive binary splits of the feature space. For predicting concrete me-

chanical properties (f, and f, from f,.), the regression tree minimizes



D. Mirindi, D. Sinkhonde, T. Bezabih et al.

the variance at each split using the mean squared error (MSE), the mean
absolute error (MAE), and the root mean squared error (RMSE) criteria
following Egs. (5), (6), and (7), respectively:

N
1
MSE=—= ) (y,—-y) 5
N i=1
MAE = (6)
RMSE = @

where n is the total number of data points, y; is the actual (observed)
value, and y;’ is the predicted value.

For classification tasks, Gini Impurity (G) or Entropy (H) guides
splits:

C
G=1-2p ®
i=1
C
H ==Y plog,p, )]
i=1

where p; is the proportion of class i in a node. Information Gain (IG)
quantifies purity improvement:

N ;.
child Hchila’ (10)

children NPWE”T

IG=H

parent

The DT models for predicting f, and f, from ¢, were configured
with three key hyperparameters, namely a maximum tree depth of
3 (max_depth=3) to capture non-linear relationships while preventing
overfitting, a minimum sample split threshold of 2 (min_samples_split=
2) to enable granular partitioning of the limited dataset (n.f, = 8,
nf, =7), and random state equal to 42 to ensure reproducible splits.

4.3. Extreme Gradient Boosting

The Extreme Gradient Boosting (XGBoost) algorithm operates
through an ensemble of regression trees (f,) that sequentially correct
residual errors in predictions [59-61]. For the concrete-glass composite
strength prediction task (f, and f, from f,), the model at iteration t can
be computed as:

/1)
Vi

t
=Y Al an
k=1 e
where each tree f, belongs to the space of regression trees f. The opti-
mization objective combines prediction accuracy and model complexity
as follows:

n T
&0 = ’Z‘(y[ —y b FG) 4T + %A; w? (12
where £(y;, y;?) is the squared error loss (y,—y,’)* for regression,
Q(f) is the regularization term controlling model complexity, T is the
number of leaves in tree, w; is the weight scores on leaves, y is the
minimum loss reduction for partition (complexity control), and A is L2
regularization on leaf weights.

The sequential tree-building process specifically optimizes for resid-
ual errors in strength predictions, where each new tree f, learns as
follows:

-1

L) Ry =Y filxy) 13)
k=1

This iterative refinement enables precise modeling of complex rela-
tionships between compressive strength and other mechanical proper-
ties while maintaining computational efficiency through parallel tree
construction.
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The XGBoost model was configured with a learning rate (n =
0.1) to balance individual tree contributions and prevent overfitting
while maintaining stable convergence for modeling mechanical prop-
erty relationships. A total of 100 regression trees (n_estimators) provided
an optimal trade-off between computational efficiency and predictive
capacity for the moderate-sized dataset (nf, = 8, nf, = 7). Tree
complexity was constrained to a maximum depth of 3 to capture non-
linear interactions between f, strength and other properties without
overfitting. Full dataset sampling (subsample = 1.0) preserved data
patterns given limited samples, while a minimum child weight of 1
enabled detection of subtle strength relationships through leaf node
splitting. The quadratic loss function (objective = ‘reg:squarederror’)
optimized continuous strength predictions, with random state equal to
42, ensuring reproducible tree structures.

4.4. Adaptive boosting

Adaptive boosting (AdaBoost) is an ensemble algorithm that sequen-
tially combines weak regression models (maximum depth 3 decision
trees in this study) and can be used to predict concrete [62,63]. Indeed,
for regression, the algorithm minimizes the linear loss function L (y, y”)
= |y - y’|, updating sample weights iteratively to focus on residuals from
prior models. The AdaBoost algorithm consists of the initialization (by
assigning equal weights to all N training samples), the weak learner
training, the weak learner weight (the weight or “amount of say” (a,)
of the weak learner A, in the final prediction is calculated based on
its error rate ¢,), the weight update (by increasing weights for samples
with larger residuals), and the final prediction (by combining all T
weak learners).

yi— W)+ < e+ &/e a

Wo =~ fori=1,...N as)

where W, is the initial weight of the ith training sample, and N is the
total number of training samples.

N
6=y W,(i)xTI(y; #h, (X (16)
=S woni(nen(s,)

where I (y; # h, (x;)) is an indicator function that is 1 if the prediction

of the weak learner #,(x;) is incorrect for the ith sample xi with true
label y;, and 0 otherwise.

1-—
o = L log —& a7
2 t
W1 (i) = W, (i) x e, if the i-th sample is misclassified by h, (18)

W1 (i) = W, (i) x e, if the i-th sample is correctly classified by ,
(19)

1 (x,.) =sign < S an (s, )) 0
t=1

where H(xf,) is the final prediction for input x, T is the total number
of iterations, «, is the weight of weak learner A, and h(x.) is the
prediction of weak learner A, for input x.

The AdaBoost models were configured with a base estimator of De-
cisionTreeRegressor (max_depth=3) to capture non-linear relationships
between f, and target properties f, and f, while preventing overfitting.
A total of 50 sequential weak learners (n_estimators=50) were combined
to balance computational efficiency and predictive refinement. The
learning rate was set to 1.0 to fully integrate each learner’s corrections
without dampening which is critical given the limited sample sizes
(nf, = 8, nf, = 7). The linear loss function prioritized minimization
of absolute prediction errors (L= |y - y’|), aligning with material engi-
neering requirements for strength estimation accuracy. Reproducibility
was ensured through random state equal to 42, fixing the initialization
of sample weights and tree structures across training runs.
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4.5. Light Gradient Boosting Machine

Light Gradient Boosting Machine (LightGBM) is an open-source
gradient boosting framework developed by Microsoft that focuses on
speed and efficiency, especially for large datasets and high-dimensional
data [64,65]. It is widely used in supervised learning tasks such as
classification, regression, and ranking. It can optimize predictive per-
formance through leaf-wise tree growth and histogram-based splitting,
which is particularly efficient for modeling relationships between f,,
fp, and f,. The algorithm minimizes an objective function combining
prediction errors and regularization and can be expressed mathemati-
cally as follows:

N T

Fis . 1
& = E(y,- =T = P T+ 54 21 w?
i= j=

(2D

: _ !(1—1)
with L2loos = (y; — v,

i

- f,(x} ))> where f, is the new tree, T the

number of leaves, w; leaf weights, and y /4 regularization terms.
Unlike XGBoost, which uses a level-wise tree growth strategy, Light-

GBM employs leaf-wise expansion, splitting the node with maximum

gain:

Z xfCELgi)z 0 xfCERgi)z 0 xfcePgi)z

+ +

Zx/-ceLh,-+A foceRhi"'A fo‘yeph,-+/1

where g; and h; are first- and second-order gradients of the loss, and L,

R, and P denote left, right, and parent nodes.

Gain = (22)

4.6. Gaussian Process

A Gaussian Process (GP) algorithm is a probabilistic model that
defines a distribution over functions [66]. Instead of predicting a
single function, a GP provides a probability distribution over possible
functions that could fit the observed data [67,68]. This is particularly
useful for quantifying uncertainty in predictions. GP regression models
the relationship between f, and mechanical properties (f;, and f,) as a
probabilistic distribution over functions, characterized by a mean func-
tion m(x) and a covariance kernel k(x, x’). For this study, the Radial
Basis Function (RBF) kernel with additive noise governed predictions:

llx; = x;]l
2
T +O-n5ij

where c;; (signal variance) scales function variability, | (length scale)

k(x;,x;) = G}exp — (23)

controls input correlation smoothness, and 03 (noise variance) captures
observational uncertainty. The posterior predictive distribution for a
new f, strength value x, is Gaussian:

Py | %, D) ~ NKT(K + 62 D)7y, ky, — kT (K +62D)7'k,) 24

GP hyperparameter consists of n restarts optimizer equal to 15 to mit-
igate the local minima risks during kernel parameter tuning, alpha
equal to le-2 to regularize the matrix inversion to stabilize numerical
computations, normalizey equal to True to standardized the target
variables (y 7bs and y ;) t0 zero mean and unit variance for improved
kernel scaling, and random_state equal to 42 to ensure the reproducible
initialization of hyperparameter optimization.

4.7. Support vector regression

Support vector regression (SVR) is a regression algorithm based
on the principles of support vector machine (SVM), which were origi-
nally designed for classification [69,70]. While SVM algorithm aims to
find a hyperplane that separates different classes with the maximum
margin [71], SVR algorithm seeks to find a function that best fits
the data points within a specified margin of tolerance [72]. Instead
of minimizing the squared error like traditional regression methods,
SVR minimizes the error within a predefined e-insensitive tube. This
means that errors that fall within the tube are ignored, and only

10
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errors that fall outside the tube are penalized. The goal is to find a
function (represented by a hyperplane in a potentially high-dimensional
feature space) that has the largest possible margin and keeps as many
training points as possible within the e-tube. SVR aims to minimize the
following objective function:

N
1 .
mtn§||w||2+C; (&+¢&) (25)
Y- WX +b) <e+g
WTHXD) +b0) -y, <e+& (26)

&.& 20
where ¢(x;) is a kernel function that maps the input x; to a higher-
dimensional feature space, w is the weight vector, b the bias term, & /£*
slack variables for excess positive/negative errors, ¢ is the width of the
e-insensitive tube, defining the tolerance for errors, and C is a regular-
ization parameter that controls the trade-off between maximizing the
margin and minimizing the error. The RBF kernel:

BCx;. x;) = exp(=yllx; — x;1*) (27)

with y='scale’ (automatically set to 1 /(1 soquyes -V ar(xy,))) adapts to the
input variance, while ¢ equal to 0.1 defines the error tolerance margin.
For the limited dataset, this configuration prioritizes generalization
over strict fitting, leveraging support vectors at the e-tube boundaries
to capture nonlinear relationships between f, strength and mechanical
properties. The regularization parameter C, which equals 100, balances
margin width and error penalization, accommodating sparse data while
mitigating overfitting.

The ML algorithms used in this study and their corresponding
hyperparameters and descriptions are depicted in Table 2.

4.8. Non-parametric correlation coefficients of Spearman and Kendall

Non-parametric correlation methods evaluate monotonic relation-
ships between variables without assuming linearity or normality, in-
cluding Spearman’s rank correlation coefficient (p) and Kendall’s tau
(7). These techniques are ideal for non-Gaussian data or ordinal mea-
surements, relying on rank transformations to assess associations [73].

Spearman’s p quantifies the strength and direction of monotonic
relationships by applying Pearson’s formula to rank-transformed data.
For paired observations (X;, Y;), ranks R[X;] and R[Y;] replace raw
values. The coefficient is computed as:

p= cov(R[X], R[Y]) (28)
oR[X]oR[Y]

where R[X] and R[Y] represent the ranks of variables X and Y, re-

spectively. The coefficient ranges from —1 (perfect negative monotonic

association) to +1 (perfect positive monotonic association), with 0

indicating no association.

Furthermore, Kendall’s r measures association by comparing con-
cordant and discordant observation pairs. For any two pairs (X;, Y;)
and X;, Y)), the concordant pair is (X;> X;) and (Y;> Y)), or (X;< X;)
and (¥;< Yj); while the discordant pair is (X;,> X j) and (Y;< Yj), or
(X;< X;) and (Yi>Y)). The z-b variant (adjusted for ties) is defined as:

_ P-0
T =
VP+Q+T)P+0+U)

where P is the number of concordant pairs, Q the discordant pairs, T
ties in X, and U ties in Y. 7 ranges from —1 (all pairs discordant) to +1
(all pairs concordant), with 0 implying independence.

(29)

4.9. k-fold cross-validation

Cross-validation is widely used to estimate prediction error and
model generalization capability [74]. Therefore, we can assume that 5-
fold or 10-fold cross-validation can provide an optimal balance between
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Table 2
Hyperparameters and description of machine learning algorithms.
Algorithm Hyperparameter Value Description
max_depth 3 Limits tree depth to capture non-linear relationships while preventing overfitting
Decision Tree min_samples_split 2 Allows node splitting with >2 samples
random_state 42 Ensures reproducible splits
learning_rate 0.1 Controls the contribution of individual trees
n_estimators 100 Number of gradient-boosted trees
max_depth 3 Tree depth limit for non-linear interactions
XGBoost subsample 1.0 Uses 100% of the data for each tree
min_child_weight 1 Allows splits with minimal Hessian sum
objective reg:squarederror Quadratic loss function for regression
random_state 42 Seed for reproducible tree structures
estimator DT (max_depth=3) Base learner with constrained complexity
n_estimators 50 Number of sequentially boosted weak learners
AdaBoost learning_rate 1.0 Full weighting of learner contributions
loss linear Absolute error minimization (L1 loss)
random_state 42 Controls weight initialization
boosting_type gbdt Traditional gradient boosting framework
num_leaves 31 Maximum leaves per tree (constrained by max_depth=3)
max_depth 3 Depth limit for computational efficiency
learning_rate 0.1 Step size shrinkage during boosting
n_estimators 100 Total number of boosting iterations
LightGBM min_child_samples 1 Minimum samples required in leaf nodes
subsample 1.0 Uses the full dataset for each iteration
colsample_bytree 1.0 Uses 100% of features per tree
reg_alpha 0.0 L1 regularization term (disabled)
reg_lambda 0.0 L2 regularization term (disabled)
random_state 42 Seed for histogram binning and splitting
kernel 1.13°XRBF + WhiteKernel RBF for smooth trends + WhiteKernel for noise
n_restarts_optimizer 15 Optimization attempts to avoid local minima
Gaussian Process alpha le-2 Added to kernel matrix diagonal for numerical stability
normalize_y True Standardizes target variables
random_state 42 Controls kernel parameter initialization
kernel rbf Radial basis function for non-linear mapping
SVR C 100 Regularization strength (balances margin vs. error)
gamma scale Auto-set to 1/(npeyyres X Var(x))
epsilon 0.1 Width of e-insensitive tube (ignores errors <0.1 MPa)

computational efficiency and performance assessment for any dataset.
Additionally, k-fold cross-validation methodology partitions the dataset
into k equally-sized folds. It can be computed mathematically as illus-
trated in Eq. (30) as follows:

c Vcrrar = E i (30)

1

i=1
where E, represents the error metric (R%, MSE, or MAE) for the ith fold.
Each fold is the test set once, while the remaining k-1 folds form the
training set.

The k-fold cross-validation is set up with 5-fold cross-validation with
stratified sampling across available data points. Also, we set the random
state to a value equal to 42 for reproducibility. This validation strategy
ensures each sample appears in the test set exactly once during cross-
validation. Also, it is helpful to note that for each fold is calculated
based on R? as follows:

Z(yrrue - Ypred)2
Z(ytrue - yl)Z

where (¥, = ¥preq)? is the sum of squared residuals that measures the
prediction error, (y,,,, —»')* measures the total variance in actual data,
and )/ is the mean of true values.

R? 1-

fold = (31)

5. Results and discussion

The incorporation of various types of waste glasses, such as liquid
crystal display glass (LCD) or cathode ray tube glass (CRT) as a partial
replacement for fine aggregate in concrete has been widely studied for
its effects on mechanical properties such as compressive (f,), flexural
(f»), and split tensile (f,) strengths. As shown in Figs. 11 and 12,
the use of WG, particularly window glass, often results in notable

11

improvements in f, and f, strengths. For instance, as depicted in Fig.
11, Debska et al. [75] obtained control and treatment f,. strengths of
94.73-96.65 MPa and f, strengths of 24.3-27.73 MPa at 28 days by
mixing 14.64% waste glass as sand replacement. In their conclusion,
they highlighted that mortars with waste glass can increase perfor-
mance, with minimal absorbability and no significant density change,
and that optimized mixes can simultaneously maximize strength and
minimize absorption. Ismail et al. [76] recycled waste glass obtained
from containers (bottles, jars) and flat glass (windows), while CRT
(cathode ray tube) glass was excluded due to hazardous metals, as a
partial sand replacement ranging from 10 to 20%. At 28 days, the 20%
recycled glass mix achieved the highest strengths. Indeed, fc and fb
strengths increase from 44.0 to 45.9 MPa and from 5.89 to 6.55 MPa,
respectively. Abdallah et al. [77] used waste glass as a partial fine-
aggregate replacement in concrete at 5%, 15%, and 20%. Similarly, at
28 days, the 20% mix showed f, strength 32.49 to 34.22 MPa, and
[, strength 4.9 to 5.3 MPa, indicating beneficial late-age effects likely
linked to pozzolanic reactions.

When examining f, strength in Fig. 12, the trends are more nu-
anced. Indeed, researchers such as Wang et al. [78] mixed ultrahigh-
performance shotcrete (UHPS) using recycled waste flat glass sand
(100% replacement) and found, at 28 days, peak f, strengths around
135.2 MPa, and f, strengths about 19.75 MPa. On the other hand, Tong
et al. [30] obtained 28-day control-treatment ranges of 39.8-53.99
MPa f, and 2.99-364 MPa f,, respectively, by incorporating up to
20% waste glass in concrete. Similarly, Batayneh et al. [79] obtained
control f, and f, strengths of approximately 31 MPa and 5 MPa, respec-
tively, while treatments with up to 20% crushed waste glass achieved
higher values across both properties. They concluded that replacing fine
aggregate with crushed glass (0%-20%) increases mechanical proper-
ties compared with normal concrete. In contrast, Wang [80] obtained
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Compressive vs Flexural strengths
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control strength values slightly higher than treatment values. Indeed,
using 20% LCD glass replacement at 90 days reduced f, strength
from approximately 50 to 49 MPa while also lowering f, strength
from almost 2.98 to 2.83 MPa. In line with the article’s findings, he
highlighted that the concrete performance generally decreases as glass
sand replacement increases.

Therefore, most of the literature suggests that waste glass can be
beneficial for concrete performance. However, optimal replacement
levels and particle sizes are critical for maximizing mechanical prop-
erties, as excessive glass content may introduce negative effects such
as alkali-silica reaction or reduced bond strength. Therefore, predicting
the strength of one property based on the other using ML algorithms
can provide valuable insights for optimizing mix designs, enabling more
precise control over concrete performance when incorporating waste
glass.

For instance, the Pearson correlation matrix reveals strong posi-
tive relationships between all mechanical strength properties of glass
concrete compared to other variables such as the type of glass, the
age of the concrete, or the size of glass replacement in concrete. Fig.
13 reveals that the choice of glass type does not significantly affect
concrete strength. All correlations with f,, f,, and f, are near zero
or weakly negative. However, the glass replacement percentage in
concrete presents significantly different results. It shows a moderate
positive correlation to concrete performance. For instance, the corre-
lation with f, strength is much stronger (0.932 and 925 for control
and treatment, respectively), with higher replacement levels improving
f, strength significantly. Concrete age shows weak correlations with
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strength properties. Most values range from —0.022 to —0.290. There-
fore, older age, ranging from 28 days, does not substantially impact
glass concrete performance.

Results also indicate coherent behavior across f,, f,, and f,
strengths under control and treatment conditions. The most remarkable
finding is the near-perfect correlation between control and treatment
conditions within each strength property, with f,, f, and f, strength
showing a correlation of 0.983, 0.987, and 0.990, respectively. These
results suggest that the incorporation of waste glass maintains consis-
tent relative mechanical performance patterns across different concrete
mixes, regardless of treatment application. Furthermore, cross-property
correlations demonstrate significant interdependence among mechani-
cal characteristics. For example, f, strength shows strong correlations
with f, strength, ranging from 0.809 to 0.876, indicating that improve-
ments in one property generally correspond to enhancements in the
other. Similarly, the relationship between f, and f, strengths is notably
higher, with correlations ranging from 0.943 to 0.970, with f} .ouror
and f, ..., showing the highest cross-property correlation at 0.970.
Also, the correlations between f, and f,, while still substantial at 0.927
to 0.948, are relatively higher than those between f. and f, property
pairs.

Using the same analysis approach, the DT models accurately pre-
dict f, and f, strengths of glass concrete using f,. strength, age, and
replacement percentage. Fig. 14 shows the f, model reaches R? equal
to 0.9911, while Fig. 15 depicts the f, model gives R? equal to 0.9523.
Indeed, the DT splits first at f, < 80.925 MPa, separating 13 samples
with a mean f, of 9.55 MPa (Fig. 14). In the next stage, the DT model
divides the tree into two with 11 samples by further splitting at an age
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Correlation Matrix: Glass Concrete Strength Properties
Glass Type, Age, Particle Size Distribution, and Mechanical Properties
(fc=Compressive, fb=Flexural, ft=Tensile; Ctrl=Control, Treat=Treatment)
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Fig. 13. Pearson correlation matrix of glass-concrete mechanical properties.

of concrete less than or equal to 59.0 days, leading to an average f, of
6.76 MPa. This results in two branches at f,. equal to 38.11 MPa and
54.0 MPa, narrowing the f, prediction value between 3.8 and 8.092
MPa.

Similarly, Fig. 15 illustrates the DT for f, strength, using f, strength,
age, and replacement percentage. Our model achieves a high R? of
0.9523. This result shows strong model prediction accuracy, but less
compared to the f, model. Indeed, the first split comprises 62.5% of
glass replacement in concrete mix across 13 samples, with a mean f, at
5.39 MPa. One sample above 62.5% predicts a high f, value of 19.53
MPa, while for most cases when the percentage of glass replacement
is < 62.5%, the tree splits at f, equal to or less than 23.5 MPa. Two
samples with lower f, predict f, strength at 1.4 MPa. Furthermore,
when the percentage of glass as a partial replacement in concrete is <
12.5%, the model predicts the f, strength value ranging between 4.263
and 6.8 MPa, respectively.

Additionally, the performance indicators illustrated in Table 3 re-
veal that both models exhibit minimal prediction errors, with the f,
strength model showing an MSE and MAE of 0.9476 and 0.5922,
respectively. In contrast, the f, strength model demonstrates even lower
error rates with MSE and MAE of 0.4092 and 0.4283, respectively.
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Table 3
Comparative performance metrics of machine learning algorithms for flexural
and split tensile strength prediction.

Algorithm f» R? f, R? f» MAE  f, MAE [, MSE  f, MSE
DT 0.9911  0.9523  0.4283 0.5922 0.4092 0.9476
XGBoost 0.9993  0.9991  0.1401 0.0998 0.0308 0.0180
AdaBoost 0.9976  0.9958  0.2473 0.1952 0.1357 0.1013
LightGBM 0.9821  0.9831  0.6261 0.4013 1.0122 0.4045
Gaussian Process 0.9868 0.9439 0.6731 0.9253 0.7456 1.3420
SVR 0.9837  0.9665  0.3265 0.3773 0.9251 0.8028

Utilizing the XGBoost algorithm, Fig. 16 reveals the XGBoost model
for f, strength prediction based on f, strength. Indeed, results show
that the model achieves a strong predictive accuracy with an R? of
0.9993, MSE of 0.0308, and MAE of 0.1401. The model employs a
hierarchical tree structure beginning with a primary decision node at
f. treatment less than 96.65 MPa. For samples with f, > 96.65 MPa,
the model assigns a leaf value of 1.022, while for lower compressive
strengths (f, < 96.65 MPa), the tree further splits at f, treatment
less than 53.99 MPa. Samples with f, less than 53.99 MPa receive a
leaf value of —0.292, representing lower f, strength predictions. The
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Fig. 14. Decision Tree model of the flexural strength prediction based on compressive strength.

intermediate range (53.99 < fc < 96.65 MPa) undergoes additional
splitting at f, treatment less than 59 MPa, creating two refined predic-
tion pathways with leaf values of —0.022 and —0.171, respectively. This
multi-level decision structure enables precise strength classification
across different f, strength ranges. For instance, for an f, strength
equal to 30 MPa with typical conditions (with an age of concrete
equal to 28 days, and 20% replacement of glass), the model predicts
[, strength equal to 6.33 MPa. At f, strength equal to 50 MPa under
similar conditions, f, strength increases to 6.76 MPa. For higher f,
strength equal to 100 MPa (with an age of concrete equal to 90 days,
and 20% replacement), the predicted f, strength reaches 27.54 MPa,
while at f, strength equal to 150 MPa with 100% replacement, f,
strength decreases slightly to 21.95 MPa, indicating the influence of
replacement percentage on flexural performance.

On the other hand, Fig. 17 presents the f, strength prediction
model demonstrating comparable performance with an R? of 0.9991,
MSE of 0.0180, and MAE of 0.0998. This model exhibits a multi-
branched decision structure optimized for f, strength prediction across
various input parameter combinations. The hierarchical tree creates
multiple decision pathways that account for the interactions between f,
strength, age, and replacement percentage in determining tensile capac-
ity. The model’s prediction accuracy is exemplified through specific test
cases: for f, strength equal to 30 MPa (at a concrete age of 28 days with
20% replacement of glass), the predicted f; is equal to 3.76 MPa. While
at f, strength equal to 70 MPa under similar conditions, f, significantly
increases to 6.72 MPa, indicating a strength transition threshold. This
prediction pattern reveals that while f; strength generally increases
with f, strength, the replacement percentage of glass into concrete
becomes a critical factor in f, prediction.

The scatter plot in Fig. 18(a) illustrates the relationship between
f. strength and f, strengths across training and testing datasets using
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XGBoost algorithm. Indeed, the training data points show a clear trend
where f, strength increases with f, strength up to approximately 100
MPa. However, the test predictions demonstrate excellent alignment
with actual test values, particularly in the lower f, strength range
between 20 MPa and 60 MPa. Fig. 18(b) reinforces this accuracy
through the predicted versus actual f, strength comparison, where data
points cluster tightly around the perfect prediction line. The strong
linear correlation observed in this plot validates the model’s predictive
capability, with minimal deviation from the ideal 1:1 relationship. This
performance indicates that the XGBoost approach successfully captures
the underlying material behavior, providing reliable f;, strength predic-
tions that can be confidently applied in practical glass concrete design
scenarios.

Conversely, Fig. 19 extends this analysis to f, predictions, revealing
both similarities and distinct differences in the f,-f, relationship. Fig.
19(a) demonstrates that the ft strength exhibits considerable variation
across the fc strength range, with most training and test data clustered
between 2 and 7 MPa for moderate f, strengths ranging between 20
and 70 MPa. Additionally, the test predictions show reasonable align-
ment with actual values in the moderate strength range. The predicted
versus actual representation in Fig. 19(b) demonstrates acceptable
model performance within the primary data range of 3.1 and 4.6 MPa
f, strength. The test points generally follow the perfect prediction
line. Although the model presents some outliers due to ultrahigh-
performance concrete, the model shows good predictive capability for
f; strength ranges of conventional concrete.

Figs. 20 and 21 provide a comprehensive k-fold cross-validation
analysis based on the XGBoost models, where each fold serves as a test
set while the remaining 4 folds serve as training. They expose funda-
mental limitations of XGBoost performance metrics through validation
methodology. Fig. 20 presents the R? performance variability across all
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Fig. 15. Decision Tree model of the split tensile strength prediction based on compressive strength.

XGBoost Tree for Flexural Strength
(R2=10.9993)
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Fig. 16. XGBoost model of the flexural strength prediction based on compressive strength.
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Fig. 17. XGBoost model of the split tensile strength prediction based on compressive strength.
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Fig. 20. K-Fold cross-validation performance based on R? analysis.

five cross-validation folds. This analysis reveals the behavior with R?
values ranging from positive (0.7823 for flexural Fold 1, and 0.9929
for tensile Fold 3, respectively) to severely negative values (—7.8544 for
flexural Fold 2, —40.4799 for tensile Fold 4, respectively). This fold-by-
fold analysis demonstrates that model performance is highly dependent
on specific data compositions within each validation subset. Addi-
tionally, Fig. 21(a) reveals an evident disparity between training and
cross-validation performance. Both f, and f, strength models achieve
near-perfect training R? scores of 0.9993 and 0.9991, respectively,
yet demonstrate a weak generalization failure with cross-validation R?
values of —1.7231 for fb and —8.3634 for ft predictions.

These results are coupled with substantial error metrics indicat-
ing extreme performance variability across different data folds. The
most problematic folds identified through detailed analysis include
Fold 2 for f, strength (R?2 = —7.8544, MSE = 11.1909) and Fold
4 for f, strength (R%Z = —40.4799, MSE = 5.0813). This overfitting
phenomenon also appears in Fig. 21(b). Indeed, it stems primarily from
ultrahigh-performance concrete (UHPC) with a 28-day age and 100%
replacement in the dataset [78]. This type of concrete is known to use,
for instance, P.II 52.5 ordinary Portland cement that meets GB175-
2020. Furthermore, UHPC, compared to conventional concrete, is also
known to have a very low water-binder ratio, high reactivity binders
(silica fume, fly ash, metakaolin), optimized particle packing, and fiber
reinforcement (steel/carbon), yielding very high strength, toughness,
and durability [78].

This analysis demonstrates that while the training performance
has high predictive capability, the cross-validation results reveal the
model’s limitations. This analysis demonstrates that overfitting should
be removed for model acceptance. Therefore, the XGBoost models for
f, and f, prediction become acceptable only for conventional con-
crete mixes with waste glass, while they should not be applied to
ultra-performance concrete applications.

AdaBoost ensemble models also demonstrate high performance in
predicting both f, and f, strengths of glass concrete based on f,
strength values, age of concrete, and percentage of glass partial replace-
ment. For example, Fig. 22 illustrates the estimator weight distribution
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for f, strength prediction, where approximately 50 weak learners
contribute with weights spanning from 0.3 to 2.8, achieving an R?
value of 0.9976. The average estimator weight of 1.4544 indicates
strong individual learner contributions. This heterogeneous weighting
pattern demonstrates that the algorithm strategically emphasizes the
most informative base estimators while diminishing the influence of
less effective components. On the other hand, the f, strength model’s
error characteristics, illustrated in Fig. 23, demonstrate consistent per-
formance with error values typically ranging between 0.05 and 0.30,
occasionally reaching 0.43. Therefore, this controlled error distribution
reflects the ensemble’s ability to maintain predictive stability through-
out the iterative learning process. For practical applications, when f,
reaches 30 MPa at 28 days with 20% of glass partial replacement, the
model predicts f, of 5.70 MPa, progressively increasing to 8.22 MPa at
f. of 50 MPa, and substantially rising to 8.30 MPa when f, reaches 70
MPa.

However, f, strength prediction (Fig. 24) exhibits superior per-
formance with an R? of 0.9958, utilizing estimator weights between
0.1 and 2.5. It is essential to mention that the average estimator
weight of 1.3555 is slightly lower than the flexural model. The more
balanced weight distribution suggests that ft strength modeling requires
more uniform contributions from individual learners than f, strength
prediction. Fig. 25 reveals greater error variability for f, strength, with
values fluctuating between 0.08 and 0.47, yet the model maintains high
accuracy with an MSE of 0.1013 and an MAE of 0.1952, significantly
outperforming the f, model’s MSE of 0.1357 and MAE of 0.2473. The
predictive capabilities reveal material behavior patterns, with predic-
tions showing that with an fc of 30 MPa at 28 days with a 20% glass
partial replacement, yielding a f, of 3.24 MPa, then increases to 5.94
MPa at an f, of 70 MPa.

Equally important, the prediction models using LightGBM also effec-
tively establish relationships between f, strength and other mechanical
properties of glass concrete, with distinct performance characteris-
tics of the models’ predictions. Fig. 26 illustrates the LightGBM tree
structure for f, prediction, with the R2 model of 0.9821, an MSE of
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Fig. 22. AdaBoost Estimator of the flexural strength based on compressive strength.

1.0122, and an MAE of 0.6261. DT exhibits a hierarchical structure
with multiple splitting thresholds, beginning with a primary threshold
of f, strength at 56.495 MPa. The tree structure, featuring multiple
subsequent branches at varying strength levels, including the age of
the concrete, the percentage of glass replacement, and the f,_treatment
less than or equal to 59 days, 12.32%, and 43.950 MPa. This struc-
ture configuration creates diverse prediction pathways with terminal
values spanning from 9.706 to 12.099 MPa. The intricate branch-
ing pattern suggests that flexural behavior in glass concrete exhibits
distinct regime-dependent characteristics, requiring multiple decision
boundaries to capture material response accurately.

Fig. 27 presents the f, strength prediction model, which demon-
strates moderate performance with an R? of 0.9831. However, the f,
strength model exhibits higher absolute errors with an MSE of 0.4045
and an MAE of 0.4013. The tree architecture utilizes primary splits
at f,_treatment < 100.180 MPa and subsequent divisions at f ._treatment
< 35.110 MPa at 17.5% and 59-day values of the quantity of glass
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replacement and the age of concrete, respectively. This tree structure
configuration produces predictions ranging between 5.255 and 7.068
MPa.

LightGBM models reveal significantly different material behavior.
Practical predictions demonstrate that at fc equals 30 MPa with con-
crete age at 28 days and glass replacement of 20%, f; reaches 7.15
MPa, and f, strength achieves 3.32 MPa. At f, equal to 50 MPa, f,
strength increases to 7.83 MPa while f, strength reaches 3.92 MPa.
Notably, at f. equal to 70 MPa, f, strength increases to 27.73 MPa
while f, strength remains at 3.92 MPa.

It should be noted that the f, strength LightGBM model (Fig. 28
(a)) demonstrates rapid convergence from an initial L2 loss of approxi-
mately 47 to near-zero within 20 boosting rounds, maintaining stability
thereafter. Similarly, the f, strength model (Fig. 28 (b)) shows efficient
convergence from an initial L2 loss of about 20 to minimal values
within 25 rounds. This analysis indicates robust training dynamics
without overfitting concerns. The stable convergence of the f, model
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Fig. 24. AdaBoost estimator of the split tensile strength based on compressive strength.

suggests greater reliability for practical applications, as Fig. 28 (b)
highlights its consistent predictive behavior even when compared to
the high R? value achieved by the f, model compared to the f, model.

Besides, Fig. 28 illustrates the GP model for f, strength prediction,
achieving high performance with an R? of 0.9868, indicating near-
perfect prediction accuracy. The model exhibits a non-linear pattern
that effectively captures the intricate behavior of f, strength across
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the entire f, strength range from 20 MPa to approximately 140 MPa.
The prediction demonstrates remarkable flexibility, following the ac-
tual data points closely, while the confidence intervals of 95% and
68% provide essential uncertainty bounds that widen appropriately in
regions with sparse data or higher variability. A detailed comparison
of the GP behavior in flexural modeling, as illustrated in Fig. 30,
confirms that the training predictions fit the observed values well,
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Fig. 26. LightGBM model of the flexural strength prediction based on compressive strength.

especially at intermediate strengths, while the smooth curve highlights
the model’s capacity to generalize; larger prediction deviations and
increased uncertainty are visible at the extremes of the f, strength
range. This analysis demonstrates the sensitivity of the GP algorithm
(see Fig. 29).

Conversely, Fig. 31 presents the f, strength prediction model, show-
ing moderate performance with an R? of 0.9439. In this analysis, the
prediction curve reveals a more gradual, approximately linear rela-
tionship between f, and f, strengths, with the model capturing the

20

general trend despite higher prediction uncertainty compared to the f,
strength model. The confidence intervals are notably wider, reflecting
the inherent variability in f, strength measurements and the more
challenging nature of this prediction task. For the tensile GP model,
Fig. 32 demonstrates that predictions closely track actual data for most
strength levels. In addition, the smooth curve effectively captures the
gradual increase; however, the broader uncertainty intervals at higher
f, strengths also emphasize the model’s limitations when forecasting
outside the core data region.
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Fig. 27. LightGBM model of the flexural strength prediction based on compressive strength.
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Overall, for lower f, strengths of 20-50 MPa, f, strength predic-
tions range approximately from 6 to 8 MPa, while f, strength shows
3 to 6 MPa. At higher f. strengths between 70 and 140 MPa, f,
strength exhibits dramatic increases with predictions of approximately
15 to 27 MPa, while f, strength ranges around 7-20 MPa. Therefore,
the uncertainty quantification provided by the GP models offers an
important insight for engineering applications, enabling risk-informed
decision-making in concrete mix design.

Moreover, SVR models demonstrate effective non-linear prediction
capabilities by utilizing radial basis function kernels to capture material
mechanical property relationships. Fig. 33 illustrates the SVR model
for f, strength prediction, achieving high performance with an R? of
0.9837. The prediction curve exhibits a distinctive non-linear pattern,
starting with gradual increases at lower f, strengths before showing
dramatic escalation in prediction around 80 MPa to approximately
130 MPa, followed by a decline at higher f, strengths. It is important
to note that the squares representing support vectors are strategically
positioned across the f, strength range, which indicates the algorithm’s
identification of critical data points that define the decision boundary.

By contrast, Fig. 34 presents the f, strength prediction model,
demonstrating also a high performance with an R? of 0.9665. How-
ever, the prediction curve reveals a more complex U-shaped pattern,
initially declining from approximately 60 MPa to 80 MPa f, strength
range before rising sharply beyond 80 MPa. The support vectors are
distributed throughout the dataset, capturing the non-linear behavior
effectively with lower prediction errors (MSE of 0.8028 and MAE of
0.3773) compared to the flexural model.
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As a result, the specific predictions reveal distinct behavioral pat-
terns across f, strength ranges. For lower values of 30-50 MPa, f,
strength predictions increase from 5.38 to 7.77 MPa while f, strength
rises from 3.82 to 3.98 MPa. At higher f, strengths of 100-150 MPa,
[, strength peaks at 27.81 MPa before declining to 20.65 MPa, while
f; strength increases from 6.64 to 10.32 MPa. These results demon-
strate that the SVR algorithm can capture complex, non-monotonic
relationships between concrete glass mechanical properties.

6. Non-parametric correlation coefficients of Spearman and
Kendall

The non-parametric correlation analyses reveal important insights
regarding the relationships between mechanical properties in glass
concrete. The findings highlight moderate monotonic associations de-
pendent on the strength parameter. To illustrate f, strength versus
f. strength, both Spearman’s and Kendall’s coefficients indicate high
and statistically significant correlations, with Spearman’s p at 0.5879
(p=0.0739) and Kendall’s = at 0.4222 (p=0.1083), suggesting a mod-
erate but not significant relationship. These results imply that, as f,
strength increases, f, strength also tends to increase in a predictable
manner, validating the practical use of f, strength as a reliable in-
dicator for f, behavior in glass concrete systems. By contrast, the
correlation between f, strength and f, is moderate but statistically
significant, with Spearman’s p at 0.6364 (p=0.0479) and Kendall’s =
at 0.5111 (p=0.0466).

Therefore, it should be noted that non-parametric coefficients only
measure monotonic rank associations and do not capture multi-feature,
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Fig. 29. Gaussian Process model of the flexural strength prediction based on compressive strength.
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Fig. 30. Gaussian Process model behavior comparison of flexural strength.
non-linear, or interaction effects exploited by ML models. This explains with high R2. ML models derive their accuracy from learning complex
why, despite these moderate or non-significant pairwise correlations, patterns and leveraging the dominant role of f, strength as seen in

models such as SVR and XGBoost still predict fb and ft strengths feature importance analysis, especially when the dataset may include
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Fig. 31. Gaussian Process model of the split tensile strength prediction based on compressive strength.
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Fig. 32. Gaussian Process model behavior comparison of split tensile strength.
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Fig. 33. Support vector regression model of the flexural strength prediction based on compressive strength.
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Fig. 34. Support vector regression model of the split tensile strength prediction based on compressive strength.
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Table 4

Non-parametric correlation coefficients of mechanical strength relationships.

Green Technologies and Sustainability 4 (2026) 100275

Strength comparison Spearman’s p p-value (Spearman) Kendall’s = p-value (Kendall) Correlation strength
Flexural strength vs. compressive strength 0.5879 0.0739 0.4222 0.1083 Moderate, not significant
Split tensile strength vs. compressive strength 0.6364 0.0479 0.5111 0.0466 Moderate, statistically significant

Table A.1
Type of glass Age (day) % Replacement Compressive strength (MPa) Spit tensile strength (MPa) Flexural strength (MPa) Reference
Control Treatment Control Treatment Control Treatment
Waste glass 28 100 132.51 135.16 19.75 19.53 21.38 22.03 [78]
Waste glass 28 20 39.8 53.99 2.99 3.64 6.6 9.11 [30]
LCD glass 90 20 50 49 2.98 2.83 3.85 3.8 [80]
Waste glass 28 14.64 94.73 96.65 - - 24.3 27.73 [75]
Waste glass 360 5 45 59 - - - 6 [81]
Waste glass & CRT 28 20 44 45.9 - - 5.89 6.55 [76]
Waste glass 28 20 31 42 5 7 6 9 [79]
CRT 28 20 39 36 4.4 4.3 - - [83]
Waste glass 90 25 22 26 4.2 3.61 - - [84]
Waste glass 28 15 45 48 4.5 4.6 - - [85]
Waste glass 28 10 67.7 65.2 7.1 6.8 8.2 7.6 [82]
Waste glass 28 20 32.49 34.22 2.5 3.122 4.9 5.3 [771]
Waste glass 28 10 18.9 21 1.3 1.4 6.3 6.5 [31]

outliers such as ultrahigh-performance concrete or is unevenly dis-
tributed across the mechanical properties, such as the f, strength range
(See Table 4).

7. Conclusions

The Pearson’s correlation coefficient, DT, XGBoost, AdaBoost, Light-
GBM, SVR, and GP algorithms for predicting the flexural (f,) and split
tensile (f,) strengths based on the compressive (f,) strength of concrete
containing glass are investigated in this paper. The main conclusions of
this study are as follows:

Pearson’s correlation revealed strong interdependence among me-
chanical properties (f,-f,: 0.809-0.876, f.-f,: 0.927-0.948, f,-f,:
0.943-0.970), negligible influence of glass type (near-zero cor-
relations), moderate positive impact of replacement percentage
(e.g., 0.925-0.932 for f,), and weak age correlations (—0.022 to
—0.290).

DT models demonstrated high interpretability, achieving R*> =
0.9911 for f, and R> = 0.9523 for f,, with clear hierarchi-
cal splitting based on f. strength thresholds and replacement
percentages.

XGBoost delivered exceptional training performance (R? = 0.9993
for f,, R? = 0.9991 for f,, MAE<0.1401) but revealed severe over-
fitting in k-fold cross-validation with negative R? values, limiting
applicability to conventional concrete mixes. However, analysis
shows that the model can be applied effectively to conventional
glass concrete systems while avoiding ultra-high-performance
concrete applications due to the domination of outlier effects.
AdaBoost excelled in both predictions (R? = 0.9976 for f,, R*> =
0.9958 for f,) through strategic ensemble weighting, with superior
ft performance (MAE=0.1952 vs MAE=0.2473 for f}).
LightGBM also exhibited a robust performance for both f, and f,
(R2>0.9821) with complex tree structures and stable convergence
characteristics.

SVR captured non-monotonic relationships effectively (R> =
0.9837 for f,, R* = 0.9665 for f,) utilizing all training points as
support vectors.

GP provided uncertainty quantification with superior f, perfor-
mance (R? = 0.9868) compared to f, performance (R> = 0.9439)
and essential confidence intervals for risk-informed design.
Non-parametric analyses confirmed moderate fc-fb associations
(not significant, p = 0.0739) and significant fc-ft relationships
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(p=0.0479), while ML models achieved high accuracy by exploit-
ing multi-feature interactions beyond simple correlations.

For future research, we recommend:

» To incorporate microstructural descriptors as input variables (e.g.,
glass particle aspect ratio, Interfacial Transition Zone (ITZ) thick-
ness) to enhance f, prediction accuracy. Indeed, the absence of
microstructural features may contribute to the moderate non-
parametric correlations observed between f,. and f, strengths, as
tensile failure mechanisms are heavily influenced by interfacial
bonding and microscale discontinuities not captured by bulk
mechanical properties.

To expand ML algorithms, such as gradient boosting machine
(GBM), Random Forests, and Neural Networks, would enable
more robust property predictions across diverse material compo-
sitions.

To explore hybrid approaches combining non-destructive testing
with Al, similar to recent advances in ultrasonic-Al methods for
defect prediction in construction materials, which could provide
real-time monitoring capabilities for glass concrete performance
assessment.

To develop transfer learning frameworks that can adapt models
trained on conventional concrete to specialized applications like
ultra-high-performance concrete, addressing the current limita-
tion where models fail on outlier compositions.
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Appendix

See Table A.1.
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