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ABSTRACT

Ordinary Portland cement has high energy and CO, footprint, motivating the use of
geopolymer concrete as a lower-carbon structural binder. However, geopolymer mix design
still relies on slow trial-and-error that does not achieve target compressive and flexural
strengths. Prior studies used machine learning to predict geopolymer strength, but mostly
with few input variables, compressive-strength-only targets and limited algorithm
comparison. Hence, there is no clear evidence on which model best predicts strengths for
extended geopolymer mix designs. For this study, a database of 497 geopolymer mixes with
fourteen mix and curing variables was compiled from literature, and four supervised models’
artificial neural network (ANN), support vector machine (SVM), Gaussian process
regression (GPR) and classification and regression tree (CART) were trained on normalized
data with tuned hyper-parameters. Model performance was evaluated using correlation
coefficient, root mean square error and mean absolute error for separate compressive and
flexural targets. All four models achieved high predictive accuracy on test data, with ANN
giving the best compressive-strength performance. For flexural strength, SVM provided the
most accurate predictions. Different mechanical responses of geopolymer concrete are best
represented by different model structures and that multi-parameter machine-learning
frameworks can markedly reduce empirical trial batches. Overall, developed comparative
machine-learning framework directly addresses limitations of trial-and-error geopolymer
mix design by providing practical tool to predict compressive and flexural strengths from
mix parameters and to support performance-based, low-carbon mix design. Future work
should expand the database to other mechanical and durability properties and embed tools

in decision-support software.
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1. Introduction

The most popular artificial binding material is
conventional Portland cement because of its qualities such
as being affordable, dependable, and easily accessible
(Rashiddadash et al., 2014). As the need for construction
keeps increasing, it is becoming more well-known (de
Brito & Kurda, 2021). The cement business is strongly
related to the growth of a country’s infrastructure,
economy, and the improvement of people’s quality of life.
The two biggest cement manufacturers, China and India,
produced 2.4 billion tonnes and 290 million tonnes of
cement, respectively, in 2018 (“Mineral Commodity
Summaries 2019,” 2019). Demand increased by 12% in
2019, and as urbanization and population growth persist, it
is predicted to double by 2050 (N.d., 2022). However, the
main problems are the finite natural resources used in
production, the lengthy production process, and the high
carbon emissions. It consumes a tremendous amount of
energy, which is another significant problem. To produce
one ton of cement, over 4 GJ of energy is needed, and
almost one ton of carbon dioxide is released into the
atmosphere (Sivasundaram & Malhotra, 1988). A warning
sign for us is the fact that the manufacture of cement
accounts for about 5% of global carbon dioxide emissions
and 14% of global energy usage (Duxson et al., 2006). To
meet the escalating demand, the cement industry must
overcome numerous challenges under economic and
environmental constraints (Gunasekara et al., 2020). In
response to these environmental and energy concerns,
alternative binders such as geopolymer concrete have been
developed, which utilizes industrial by-products to reduce
emissions and resource depletion.

The concept of geopolymer concrete (GPC) was
pioneered by Joseph Davidovits in the late 1970s, who
proposed the use of inorganic aluminosilicate materials
activated by alkaline solutions as a substitute for ordinary
Portland cement (OPC). The central idea behind
geopolymers is the alkali activation of aluminosilicate
precursors such as fly ash, ground granulated blast furnace
slag (GGBS), rice husk ash (RHA), and metakaolin to
produce a binder with cement-like properties (Davidovits,
1994). In the geopolymerization process, silicon (Si) and
aluminum (Al) oxides react with alkali activators like
sodium hydroxide (NaOH) and sodium silicate
(Na, SiOs ) under controlled curing conditions to form a
rigid three-dimensional aluminosilicate network (Wagas,
Butt, Danish, et al., 2021). The resulting product exhibits
exceptional compressive and flexural strength, low
permeability, and high resistance to chemical attack,
positioning it as a sustainable alternative to conventional
cementitious systems (Liu et al., 2023). The precursor
materials—particularly fly ash and GGBS—are industrial
by-products with rich aluminosilicate content. Fly ash

contributes to the formation of NASH (sodium
aluminosilicate hydrate) gels, while GGBS introduces
calcium, which forms CASH (calcium aluminosilicate
hydrate) gels that enhance early strength development
(Ahmad et al., 2021). The synergy between these materials
allows tailoring of mechanical and durability properties by
adjusting proportions of the precursor and the activator.
One of the most significant advantages of GPC is its
potential to reduce CO, emissions. The production of
OPC is responsible for approximately 7-8% of global
CO, emissions, mainly due to the calcination of limestone
and the high-temperature processing involved (P. Zhang et
al., 2023). In contrast, the production of geopolymer
binders can reduce CO, emissions by 80-90% depending
on the source material and activator used (Oti et al., 2024).
Life-cycle assessment (LCA) studies have confirmed the
superior environmental performance of GPC. The
utilization of industrial by-products such as fly ash, GGBS,
and RHA minimizes waste disposal and reduces the
demand for virgin raw materials (Waqas, Butt, Danish, et
al., 2021). Garcés and colleagues demonstrated that the
embodied energy of GPC is five to six times lower than
OPC, particularly when waste-derived sodium silicate is
used (Garces et al., 2021). Furthermore, the enhanced
durability of GPC reduces the maintenance frequency and
extends structural lifespan, indirectly contributing to lower
environmental impact over time. The absence of
calcination and lower curing temperatures further reduce
the carbon footprint (P. Zhang et al., 2023). Moreover,
geopolymer  concretes generally  exhibit  superior
mechanical performance compared to OPC concretes,
especially in compressive and flexural strength. Studies by
(Liu et al., 2023) and (Ahmad et al., 2021) showed
compressive strengths ranging from 60-90 MPa after 28
days, outperforming conventional OPC systems of
equivalent grade. Flexural and tensile strengths in GPC
also show improvement, attributed to the dense matrix and
refined microstructure formed by the coexistence of N-A—
S-H and C-A-S-H gels (Ma et al., 2018). The elastic
modulus of GPC tends to be comparable to or slightly
lower than OPC, depending on the precursor and curing
regime (Venkatesh et al., 2024). Similar studies indicate
that GPC is a leading candidate for sustainable construction
(Figure 1). A. M. Mustafa Al Bakri investigated
geopolymer  concrete  and  discovered  through
experimentation that, when OPC was given better
circumstances, geopolymer concrete still obtained over
60% higher strength than OPC (Mustafa et al., 2019).
According to Pradip Nath’s research, geopolymer concrete
outperformed OPC concrete in terms of flexural strength
and had around 20%—-30% lower elastic modulus than OPC
concrete with the same strength (Nath & Sarker, 2017). In
addition to this (Garces et al., 2021) Garcés carried out a
life-cycle assessment that showed a minimized effect on
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global warming and aquatic plant growth as compared to
OPC.
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Figure 1. Benefits of using GPC over OPC

The compressive and flexural strength of GPC is
influenced by multiple interrelated factors including the
type and proportion of binder, activator concentration, and
aggregate properties. Fly ash, GGBS, silica fume, and rice
husk ash serve as major aluminosilicate sources. The
inclusion of GGBS improves early strength due to its
calcium content, while silica fume enhances matrix
densification (Ahmad et al., 2021). The molarity of NaOH
and the ratio of sodium silicate to sodium hydroxide
(Na, SiO5; /NaOH) significantly affect the polymerization
process (Ahmad et al.,, 2021). The activator modulus
(SiO, /Na, O) and water content influence workability
and strength development. Higher water content increases
workability but decreases compressive strength due to pore
formation (Oti et al., 2024). Superplasticizers help achieve
required flowability without excess water, while fine and
coarse aggregates determine density and modulus
(Venkatesh et al., 2024). Curing conditions have a
profound influence on GPC’s mechanical properties. Heat
curing accelerates geopolymerization, yielding higher
early-age strength, while ambient curing is slower but
advantageous for on-site applications (Pham et al., 2020).
Studies have shown that curing at 60-90 °C for 24 hours
produces compressive strengths exceeding 70 MPa for fly
ash—-GGBS blends (Ahmed et al., 2021).

However, extended curing times or excessive
temperature may cause microcracking due to rapid water
evaporation (Wagas, Butt, Danish, et al., 2021). The choice
between ambient and heat curing depends on precursor
reactivity and application environment. Recent work has
demonstrated that with optimized activator ratios and
GGBS content, ambient-cured GPC can achieve strengths
comparable to heat-cured systems (H. Zhang et al., 2020).

Despite a lot of research on geopolymer concrete, mix-
design procedure is still uncertain. Attaining specific
mechanical properties of geopolymer concrete requires a

suitable mix design. Many researchers attempted to
develop a mix design, but most of their work was based on
a trial-and-error approach, which is very time- and
resource-consuming (Albitar et al., 2017; Anuradha et al.,
2013; Ferdous et al., 2015; Ma et al., 2018; Naghizadeh &
Ekolu, 2019; Panda & Tan, 2018; Somna et al., 2011).
Given the number of interacting parameters, binder
composition, activator modulus, curing regime, and
admixtures, GPC mix design remains largely empirical
(Montes & Allouche, 2013). Traditional trial-and-error
methods are time-consuming, material-intensive, and lack
predictive precision (Rehman & Khokhar, 2022).
Empirical correlations often fail to capture nonlinear
relationships between inputs and strength outcomes.
Consequently, researchers have increasingly turned to
data-driven and machine learning approaches for mix
optimization.

Machine learning (ML) has emerged as a transformative
tool in civil materials engineering, enabling accurate
prediction of concrete mechanical properties from input
parameters. Studies like (Ben Chaabene et al., 2020) and
subsequent works established that algorithms such as
artificial neural networks (ANN), support vector machines
(SVM), Gaussian process regression (GPR), decision trees
(DT), and adaptive neuro-fuzzy inference systems
(ANFIS) are effective for predicting compressive strength.
Common inputs include mix proportions and curing
conditions, while compressive strength remains the most
frequent output. (Van Dao et al., 2019) employed ANFIS
and ANN to predict compressive strength of fly ash-based
GPC using inputs such as NaOH molarity, Na, SiO3
content, and curing time. Their ANN model achieved R2
values above 0.9, demonstrating strong predictive capacity
but limited input scope. Similarly, Topcu (2008)developed
literature-based datasets for GPC and employed fuzzy
logic and ANN for compressive strength prediction.
Despite high correlation, the models lacked consideration
of curing temperature and superplasticizer effects.

Recent advances include ensemble and deep learning
models. (Ahmad et al., 2021) compared ANN, AdaBoost,
and boosting techniques, finding ensemble methods (R? =
0.96) more accurate than standalone ANN. Amin (2022)
used 156 datasets and found that random forest and
bagging ensemble models yielded superior prediction
performance compared to SVM and DT. Yilmaz (2024)
employed XGBoost for both compressive and flexural
strength prediction, achieving Rz = 0.98 for compressive
and 0.90 for flexural strength, indicating the promise of
ensemble ML in modeling nonlinear relationships. By
capturing nonlinear relationships among variables,
machine learning techniques help transition from empirical
mix design toward predictive, performance-driven
formulations. Nevertheless, in most existing studies the
input features are limited to 4-8 variables, omitting critical
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factors such as activator modulus, curing regime,
aggregates, and superplasticizers (Rehman & Khokhar,
2022) and few studies systematically compare multiple
algorithms using the same GPC dataset (Amin et al.,
2022). This study therefore, aims, to develop machine
learning models that predict the compressive and flexural
strengths of geopolymer concrete using an extended set of
mix and curing parameters and to compare the predictive
performance of these machine learning models and identify
the most accurate model for supporting sustainable
geopolymer concrete mix design.

2. Materials and Methods

The methodological framework was designed to move
from empirical, trial-and-error mix design toward a
predictive, data-driven approach for geopolymer concrete.
Most existing machine learning models for GPC
compressive strength rely on fewer input variables. The
methodology begins with the construction of a
consolidated experimental database of geopolymer mixes,
in which fourteen mix and curing parameters are assembled
from published studies together with 28-day compressive
and flexural strengths. These variables capture binder
composition, activator chemistry, water and admixture
contents, aggregate skeleton and curing conditions,
reflecting the key strength-controlling factors highlighted
in previous work.

The compiled dataset is then preprocessed through
outlier screening and normalization, and partitioned into
training and testing subsets. Obvious data entry errors and
physically implausible values (e.g. negative strengths,
unrealistically high binder contents) were removed by
visual inspection; remaining points were retained to
preserve the full variability of published mixes. On this
common dataset, four supervised machine learning
families are trained separately for compressive and flexural
strength prediction. Model performance is quantified using
correlation coefficient, root mean square error and mean
absolute error, enabling a systematic comparison across
algorithms (Figure 2).

2.1. Data Collection

Several input parameters are required by machine-learning
algorithms to deliver precise results. A total of 497 data
points were gathered from previous publications, including
16 instances compiled from multiple studies (Abdelmonim
& Bompa, 2021; Ahmed et al., 2021; Asayesh et al., 2021;
Chen et al., 2021; Deb et al., 2014; Ding et al., 2018;
Esparham & Mohammadi, 2022; Fang et al.,, 2018;
Faridmehr et al., 2021; Gunasekara et al., 2020; Gupta et
al., 2021; Hadi et al., 2017; John et al., 2021; Kanagaraj et

al., 2022; Kishore et al., 2022; B. S. C. Kumar, 2019; Lee
t al., 2020; Lopes et al., 2020; Malayali et al., 2021;
Mohammed Hameed & Mohammed Ali, 2021; Nath &
Sarker, 2015, 2017; Padakanti et al., 2022; Pan et al., 2011;
Patel & Shah, 2018; Pham et al., 2020; Rahman & Al-
Ameri, 2021; Rahmawati et al., 2021; Reddy et al., 2018;
Simatupang et al., 2019; Sitarz et al., 2020, 2021; Sravanthi
et al., 2020; Subash et al., 2021; Verma et al., 2022; Q.
Wang et al., 2022; W.-C. Wang et al., 2015; Wagas, Buitt,
Danish, et al., 2021; Wagas, Butt, Zhu, et al., 2021;
Zaidahtulakmal et al., 2019; H. Zhang et al., 2020; Zhao et
al., 2021).

The dataset included Fly Ash, Silica Fume, Ground
Granulated Blast Furnace Slag (GGBS), Rice Husk Ash
(RHA), NaOH, NaOH molarity, Na, SiOs , SiO, /Na, O
ratio, water, superplasticizer, heat-curing [ambient-curing]
time and temperature, coarse aggregate, and fine aggregate
as input parameters, with two output variables,
compressive strength and flexural strength.

Gathering information,
determining the input and
output variables.

Preprocess the data

Divide the data randomly

I'rain 80% of data

Train the Machine
Learning models
Test 20% data
;&
Choose the best model using
performance parameters

Finish

Figure 2. The proposed machine-learning workflow used in this
study.
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Figure 3 illustrates the distribution of the fourteen input
parameters used to develop the machine-learning models
and highlights how the compiled database spans a wide but
realistic range of geopolymer concrete mix designs. Coarse
aggregate content shows a distinctly bimodal pattern, with
one cluster of mixes containing little or no coarse
aggregate, representing mortar-type or paste-rich
geopolymer systems—and a second group centred around
conventional concrete aggregate contents of roughly 1200-
éSOO kg/m3. This confirms that the dataset captures both
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strength is driven more by binder chemistry, activator
composition, and curing than by extreme changes in fine
aggregate volume.
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The binder histograms emphasize the dominance of fly
ash—based systems. Fly ash content is heavily represented
between approximately 300 and 600 kg/m3, with a taper
towards very high dosages, showing that most mixtures
rely on fly ash as the primary aluminosilicate precursor.
Ground-granulated blast furnace slag (GGBS) exhibits a
right-skewed distribution, with many mixes using modest
slag contents around 100-300 kg/m? and relatively few
very high-slag formulations. This reflects the common
practice of incorporating slag as a partial replacement to
boost early-age strength and modify gel chemistry rather
than as the sole binder. Rice husk ash (RHA) and silica
fume appear in only a small fraction of the data; their
histograms are dominated by zero values with a limited
number of non-zero entries. This pattern indicates that
these finely divided pozzolanic materials are used as
supplementary components to refine the microstructure or
enhance specific durability aspects in selected studies,
while the bulk of mixes are formulated without them.

The activator-related variables also reveal important
trends. Sodium hydroxide (NaOH) content is concentrated
in a relatively narrow band, generally between about 100
and 200 kg/m3, indicating that most researchers work
within a constrained dosage window that is known to
provide sufficient alkalinity for geopolymerization without
causing excessive efflorescence or handling issues. NaOH
molarity displays an even tighter clustering, with most data
points between 8 and 14 M; this aligns with the commonly
recommended concentration range where dissolution of the
aluminosilicate precursors and subsequent gel formation
are most efficient. Sodium silicate (Na, SiO3z ) content
shows a right-skewed distribution with many mixes at
moderate dosages and progressively fewer at high values,
suggesting that the silicate component is varied within
practical limits to adjust the Si/Al ratio and viscosity of the
activator solution. The SiO, /Na, O ratio, which
represents the activator modulus, is concentrated mainly
between about 1.5 and 2.8. This compact distribution
around the optimum window reported in the literature
confirms that the compiled database is centred on
chemically efficient activator formulations rather than
experimental extremes, ensuring that the machines learn
from mixes that are both realistic and well-performing.

Workability-controlling parameters show similarly
characteristic behavior. Water content declines steeply
from low to high values, with most mixes lying in the lower
range that corresponds to the low water-to-binder ratios
typical of high-performance geopolymer systems. This
dominance of low-water mixtures indicates that the dataset
is biased towards dense, high-strength concretes rather than
very fluid, low-strength mortars, which is appropriate for a
study  focused on  mechanical performance.

Superplasticizer dosage is heavily right-skewed, most
mixtures contain zero or very small quantities of
superplasticizer, while only a few employs higher dosages.
This suggests that most formulations rely primarily on
adjustments in water content and activator proportions to
achieve workable mixes, using chemical admixtures only
in selected cases such as self-compacting or highly
flowable GPC.

The curing-related histograms underline the mixture of
laboratory and field-oriented conditions represented in the
database. Curing temperature distribution reveals two
dominant regimes, a large cluster at ambient temperatures
around 20-30 °C and a smaller but distinct population at
elevated temperatures between about 60 and 90 °C. This
reflects the combination of ambient-cured mixes, which are
more representative of in-situ applications, and heat-cured
mixes used in many experimental programmes to
accelerate  geopolymerization and study early-age
behavior. Curing time is strongly right-skewed, with a
pronounced peak at 24 hours and relatively few data points
at longer durations, confirming that one-day heat curing is
the de facto standard in most studies. Longer curing periods
appear less frequently, indicating that their influence on
model training will be modest and predictions for very long
heat-curing regimes should be interpreted with some
caution.

The compiled dataset spans a rich and diverse but still
realistic design space, it includes paste-rich and aggregate-
rich concretes, fly-ash-dominant and slag-modified
binders, mixes with and without supplementary materials
such as RHA and silica fume, a wide range of activator
dosages and moduli within practically optimal windows,
and both ambient- and heat-curing conditions. This
diversity is crucial for training robust machine-learning
models capable of capturing the complex, nonlinear
relationships between mix design parameters and both
compressive and flexural strengths, while the presence of
clear peaks and clusters ensures that the models are
grounded in the parameter ranges most encountered in
practice.

2.2. Hyper-Parameter Tuning

One of the most important stages in machine learning is
hyper-parameter tuning, which helps determine the optimal
parameters of a model to produce the most precise results.
For every algorithm, the key control parameters were
adjusted separately for compressive strength and flexural
strength until a good balance between accuracy and
generalization was achieved. For the ANN, the parameter
that needs to be tuned is the number of neurons, and similar
adjustments are required for the other models’ parameters.
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To determine the optimal parameters that prevent
overfitting and underfitting while improving the model’s
accuracy, a trial-and-error method was used. The ideal
parameters for the different machine-learning models are
shown in Table 1 below.

Table 1.

Tuned hyperparameters of the GPR, SVM, CART and ANN models
used to predict compressive and flexural strengths of geopolymer
concrete.

=D Compressive Strength s el

Parameter Strength
GPR
Sigma 88.567 0.0002
Basis Function zero zero

Non-isotropic

Kernel Function Isotropic Matern 3/2

Squared
Kernel Scale 192.1645 Auto
Standardize TRUE TRUE
SVM
Box Constraint 126.4457 0.0299
Kernel Scale 78.7904 -
Epsilon 0.1159 0.0443
Kernel Function Gaussian Cubic
Standardize FALSE TRUE
CART
Maximum Depth 12 13
Minimum Leaf Size 2 3
ANN
Neuroana[))leerrSHidden 12 7.8

2.3. Normalization

The ranges of the data obtained from earlier literature
were in raw form and frequently varied, which may affect
the model’s performance. Therefore, normalizing the data
to a range from 0 to 1 was required to reduce the model’s
bias toward parameters with larger magnitudes. The data
were normalized using the formula shown below:

U = Vmin

(vmax - 17min)

*

v

where v is the value of any parameter, and v_minand
v_maxare the minimum and maximum values of that
parameter. The equation gives v~*, which is the
normalized value of v. For each input variable, the
parameters v_min and v_max were computed from the
training data only, and the same scaling factors were then
applied to transform the held-out testing samples, so that
no information from the test set leaked into the
normalization step.

2.4. Machine learning Models

The word “ANN” refers to a computational model that
was inspired by biological processes and operates similarly
to human neurons. Three fundamental factors make up this
model: an input layer, an output layer, and a hidden layer.
However, there are some other factors as well, but these
three factors are considered standard. The layers are
interconnected to enable data transfer and learning. In this
study, the input and output parameters were fixed. The
hidden layer is a data-dependent parameter that specifies
the model’s complexity. The model may match the data
better if there are more hidden layers present, but this can
lead to a problem known as overfitting. Overfitting occurs
when the model fits the training dataset perfectly but
performs poorly on unseen testing data (Khokhar et al.,
2021). Only neurons in the hidden layers exchange
information. They are the components of the internal
pattern that defines the problem’s solution. Most functions,
according to theory, can be approximated by a single
hidden layer (Agatonovic-Kustrin & Beresford, 2000).
Therefore, in this study, the ANN model was trained using
multiple hidden layers, and the most appropriate number of
layers was selected by comparing the RMSE values for
training and validation datasets. The typical structure of the
ANN model is shown in Figure 4

—— Input Layers
(Total 15 parameters)

—Hidden Layers

—— Output Layers

28 day (Total 2 parameters)

Flexural
[

‘Compressive
Strength

Figure 4. ANN Model framework used for this study

A popular supervised learning method is the Support
Vector Machine (SVM) algorithm, which is based on
principles of statistics. Support vectors can be used for both
classification and regression. An algorithm for maximizing
a specific mathematical function with respect to a given
dataset is known as SVM. The essence of SVM can be
understood by assimilating the concepts of the maximum-
margin function, separating hyperplane, soft margin, and
kernel function. The maximum-margin hyperplane treats
the objects that are to be classified in a multidimensional
space as points and then finds a line (or hyperplane) that
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separates the points (Figure 5). The separating hyperplane
is considered a fundamental part of the success of SVM.
SVM does not assume any specific probability distribution
or functional form for the data; it only assumes that the
training and testing samples are drawn from the same
underlying distribution.

-
o T
=N

Support Vectors

Figure 5. Schematic diagram of the support vector machine (SVM).

The soft margin allows certain points in the dataset to pass
through the separating hyperplane’s margin without
significantly affecting the outcome (Noble, 2006). The
kernel function is used in SVM when there is a need for
nonlinear modeling in higher dimensions because the SVM
algorithm was originally proposed for constructing a linear
model. A kernel function in nonlinear modeling can add
extra dimensions to the actual data and transform it into a
linear model in the resultant higher-dimensional space, as
shown in Figure 5. Mathematically, it can be expressed as:

fe,y)=90) g®)

where f is the kernel function, x and y are input parameters
in an n-dimensional space. The function f converts the
input from n to m dimensions using the dot product of g(x)
and g(y) (Topgu & Saridemir, 2008).
The Bayesian probability theory-based technique known as
Gaussian Process Regression (GPR) has been successful in
estimating points in dispersed data.
It is a nonlinear, probabilistic, and non-parametric method
that is utilized across a variety of domains to identify
patterns in complex datasets (Cheng et al., 2014; Omran et
al., 2016).
GPR is represented by the equation:

D = {(ai, bl)},l = 1,2, ,N

where a; is the input factor and b; is the corresponding target
factor. As a Gaussian process of its mean function and
covariance function, Gaussian Process Regression can be
defined as (Banerjee et al., 2008):

f(a) = GP[m(a), k(a,a’)]

where k(a, a') describes the use of data at one location
to forecast data at another. The mean function, denoted by
m(a), describes the complete set of data by identifying its
centre.

The following equation represents the relationship
between the input and output variables:

y =f(a)

However, there is usually some data noise in real-world
problems; therefore, an epsilon (¢) factor must be
considered. Consequently, the relationship becomes:

y=fla)+e

Classification and Regression Tree (CART) divides the
input data into two mutually exclusive groups using a
heuristic technique. It is an inverted tree structure
consisting of nodes. CART can be trained for either
classification or regression, depending on the type of input
data. It starts with the initial root node, which is then
divided into two sub-nodes, each representing a separate
category. After further dividing these sub-nodes, the
process is repeated until the leaf nodes are reached. A
variable is chosen at each node to partition the data. Figure
7 shows the typical CART model. Depending on the
dataset, different impurity metrics can be used to determine
data splits; however, the Gini index is most used to measure
the impurity of sub-nodes that contain the data subsets (Put
et al., 2003).

Mapping
EE——
Kernel Trick
Input Space High Dimensional
Space
N
et
‘.f ‘
- | =
] \.\‘\ 7 (]
-

Input Space

Figure 6. Representation of the kernel function used for nonlinear
mapping in SVM.

2.5. Training

The machine-learning models were trained using all
hyper-parameters listed in Table 1. Special consideration
was given to ensuring that the models were neither under-
fitted nor over-fitted. After the training phase was
complete, the performance of each model for both the
training and testing sets was calculated individually using
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the performance parameters defined in this section. Figure
2 depicts the method used to train the model.

2.6. Performance Parameters

The performance of the models was assessed using three
commonly used performance parameters namely
Correlation coefficient (R), Root Mean Square Error
(RMSE), Mean Absolute Error (MAE). The parameters are
defined using the equations below:

Yo, (e — a)aj - @)
[Zi @y T @ -y

R =

where a'is the predicted value, a is the actual value aand
a’'are the mean actual and mean predicted values,
respectively, and N is the number of data samples. R is
optimal when it approaches 1, but values exceeding 0.80
indicate a significant relationship. RMSE is the most
frequently employed loss function, while MAE measures
the absolute deviation between predicted and actual values.
Lower RMSE and MAE values indicate better model
performance, as they represent smaller prediction errors.

2.7. Experimental validation mixes

To provide an independent check on the predictive

capability of the trained machine-learning models, an
additional set of geopolymer concrete mixes was prepared
and tested in the laboratory. Three mix designs, denoted as
Mix A, Mix B and Mix C, were proportioned within the
bounds of the compiled database to represent typical
structural geopolymer concretes with varying binder
composition and activator content. Each mix employed a
binary fly ash-GGBS binder system with total binder
content in the range usually adopted for high-performance
geopolymer concrete, natural river sand as fine aggregate,
and crushed coarse aggregate with a maximum size of 19
mm. The sodium hydroxide solution and sodium silicate
solution were dosed to achieve target molarity and
SiO, /Na, O ratios consistent with the central range of the
training data.
Standard cylindrical and prismatic specimens were cast
from each mix to determine 28-day compressive and
flexural strengths. For compressive strength, concrete
cylinders with a diameter of 100 mm and height of 200 mm
were cast, compacted in two layers on a vibrating table,
demoulded after 24 hours and then cured at ambient
laboratory conditions until testing. Compressive strength
tests were carried out at 28 days in a servo-controlled
compression testing machine in accordance with ASTM
C39/C39M (or equivalent EN 12390-3), using a controlled
loading rate and recording the maximum load at
failure.Flexural strength was determined on prismatic
beams with nominal dimensions of 100 x 100 x 500 mm,
prepared from the same batches as the compressive
specimens.
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Figure 7. Typical structure of the Classification and Regression Tree (CART) model.

2026-v0l8(3)-p 39-54



48 Journal of Civil Engineering Researchers

The beams were demoulded after 24 hours and cured
under the same conditions as the cylinders. At 28 days,
third-point loading tests were performed following ASTM
C78/C78M (or equivalent EN 12390-5). The flexural
strength (modulus of rupture) was calculated from the
maximum load at failure and the specimen geometry. For
each mix, at least three replicate specimens were tested in
compression and flexure, and the average values were used
as the reference “actual” strengths.

The corresponding input parameters for Mix A, Mix B
and Mix C (binder components, activator contents and
ratios, aggregate contents, water and admixture dosages,
and curing regime) were then fed to the best-performing
models. The predicted 28-day compressive and flexural
strengths were compared directly with the measured
values. This experimental verification step provides a
practical assessment of the models’ generalization
capability for previously unseen geopolymer mixtures
within the design space covered by the training data.

3. Analysis and Results

The predictive performance of the developed models for
estimating compressive and flexural strength was
evaluated using key statistical indicators: RMSE and MAE
to measure prediction error, and the correlation coefficient
(R) to assess how closely the model outputs matched the
actual values. A higher R value, closer to 1, indicates a
stronger predictive relationship, while lower RMSE and
MAE values reflect reduced error and greater accuracy.

For compressive strength, the training RMSE values
obtained from the ANN, CART, GPR, and SVM models

were 3.90, 4.85, 4.65, and 5.60, respectively, indicating
that ANN produced the lowest training error among the
four techniques. During testing, the RMSE values
increased slightly, with ANN, CART, GPR, and SVM
recording 4.50, 5.86, 7.19, and 6.88, respectively. The
corresponding RRR values for training compressive
strength were 0.9494 (ANN), 0.9202 (CART), 0.9643
(GPR), and 0.9486 (SVM), indicating a high level of
agreement between predicted and observed values. In the
testing stage, the RRR values remained strong, at 0.9202,
0.9219, 0.8831, and 0.8944 for ANN, CART, GPR, and
SVM, respectively. Overall, ANN provided the best
balance of low error and high correlation for compressive
strength prediction.

A similar trend was observed for flexural strength
prediction. The RMSE values for the training datasets were
0.6711,0.4415,0.9746, and 0.5078 for ANN, CART, GPR,
and SVM, respectively, while for the testing datasets the
RMSE values increased slightly to 1.06, 0.6077, 0.7052,
and 0.7293. The corresponding RRR values for training
were 0.9647 (ANN), 0.9643 (CART), 0.9746 (GPR), and
0.9539 (SVM), demonstrating strong predictive capability
for all four models. Testing RRR values were 0.9353,
0.9327, 0.9746, and 0.9000, respectively, with GPR
achieving the highest correlation on both training and
testing sets, while CART yielded the lowest RMSE values.
Taken together, these metrics indicate that GPR is slightly
superior for flexural strength prediction, with CART as a
close alternative in terms of error magnitude. Figure 8
presents a comparative visualization of these performance
parameters, providing a graphical summary of how each
modeling technique performed in predicting both
compressive and flexural strength.
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Figure 8. Performance evaluation of all machine-learning models for predicting the compressive and flexural strength of
geopolymer concrete using RMSE, R, and MAE for both training and testing datasets.
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To further illustrate the predictive capability of each
algorithm, scatterplots comparing actual and predicted
values for both training and testing datasets were generated
for all models. These plots provide a direct visual
assessment of how closely the model outputs align with
experimental data. In each scatterplot, the black diagonal
line represents the ideal fit (Actual = Predicted). Points
clustered closely around this line indicate high predictive
accuracy.

As observed, ANN and GPR produce tighter clusters for
compressive strength, whereas SVM shows better
alignment for flexural strength. The CART model exhibits
comparatively greater dispersion, particularly in the testing
dataset, indicating slightly lower generalization
performance.

3.1. Validation of Predictive Models

It is obvious that contrasted with alternative models, the
ANN has the highest level of accuracy for compressive
strength and SVM for flexural strength. As a result,
respective models were utilized to forecast the compressive
and flexural strengths of samples that weren't included in
any dataset. To validate the model, published experiment
results were used in practice.

The input parameters of these samples were provided to
the model and the outputs were collected. These output
results are compared to the actual results. In addition to
validation through published datasets, experimental
verification was also performed using geopolymer concrete
samples prepared in the laboratory. Three mixes (Mix A,
Mix B, and Mix C) were cast and tested for 28-day
compressive and flexural strength using standard
procedures.

The same input proportions for each mix were then fed
into the best-performing models (ANN for compressive
strength and SVM for flexural strength) to obtain predicted
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Figure 10. Experimental validation of the predictive models using laboratory-prepared geopolymer concrete samples. (a) Comparison of actual and
predicted compressive strength for Mix A, Mix B, and Mix C using the ANN model. (b) Comparison of actual and predicted flexural strength for Mix A,

Mix B, and Mix C using the SVM model.
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Table 2.
Summary of Comparative Insights
Model Strength Type Typical R / R? RMSE (MPa) Supporting Studies
ANN Compressive 0.94-0.99 3-5 (Kurhade S., 2024)
SVM Flexural 0.95-0.99 0.5-1.0 (Philip et al., 2024)
GPR Compressive/Flexural 0.95-0.97 2-4 (Haruna H.; Umar, I.; Shao, J.;
Adamu, M.; Ibrahim, Y., 2022)
CART Compressive 0.85-0.90 5-7 (Ren et al., 2021)

The comparison indicates that both models predict the
laboratory strengths with reasonable accuracy, showing
deviations within acceptable engineering limits. The trends
demonstrate that the models capture the combined
influence of mix constituents and curing conditions
effectively, even for previously unseen compositions. This
practical validation confirms the reliability and
applicability of the developed models for real-world
geopolymer concrete strength estimation.

4. Discussion

The dominance of ANN in compressive strength
prediction in this study mirrors findings of (Awoyera et
al., 2020) reporting strong correlations (R2 > 0.95) between
predicted and actual strengths. The ANN’s nonlinear
adaptability and capacity to learn hidden patterns in mix
proportions, especially NaOH molarity, GGBS, and curing
temperature, make it particularly effective. GPR results (R
~ 0.96) are consistent with studies where GPR achieved
similar or superior accuracy to ANN (Haruna H.; Umar,
I.; Shao, J.; Adamu, M.; Ibrahim, Y., 2022; A. Kumar et
al., 2022). GPR’s probabilistic approach and kernel
flexibility make it robust in small-sample environments
SVM performed best for flexural strength is reinforced by
(Philip et al., 2024), both identifying SVM’s superior
performance in flexural strength (R? = 0.99). Its margin-
based optimization allows precise mapping of multivariate
nonlinearities, explaining your high R-values. Conversely,
several studies noted its limitations in compressive strength
tasks (da Paixdo et al., 2022), due to kernel sensitivity.
CART’s underperformance in this study (RMSE = 5.86
MPa, R = 0.89) matches prior reports (Ahmad et al., 2022;
Ren et al., 2021). CART’s simplicity makes it prone to
overfitting when not used in ensemble form.

The close agreement between your predicted and
experimentally validated strengths (deviation < 5%)
supports the reliability of the developed models. The
experimental validation phase strengthens robustness
compared to others relying solely on computational
datasets. Validation through physical testing is essential to
prevent model overfitting—a limitation observed in (da

Paixdo et al., 2022) and (Ahmad et al., 2022), where
accuracy dropped on external validation sets.

5. Conclusion and Recommendations

This study developed a data-driven framework to
predict the compressive and flexural strengths of
geopolymer concrete using machine learning. A
consolidated database of 497 mixes with fourteen mix and
curing parameters was used to train and test four
supervised models: artificial neural network (ANN),
support vector machine (SVM), Gaussian process
regression (GPR), and classification and regression tree
(CART). The input space covered binder composition,
activator chemistry, water and superplasticizer contents,
aggregates, and curing regime, while the outputs were 28-
day compressive and flexural strengths.

All four algorithms were able to capture the nonlinear
relationships between geopolymer mix parameters and
strength with good accuracy, clearly outperforming simple
empirical approaches. For compressive strength, the ANN
model achieved the best balance of accuracy and
generalization, with high correlation coefficients (R >
0.92) and low RMSE and MAE on both training and testing
sets. For flexural strength, the SVM model provided the
most accurate predictions, again achieving high R values
and low error metrics on unseen data. These results show
that different mechanical responses of geopolymer
concrete may be best represented by different model
structures, with ANN particularly suitable for highly
nonlinear compressive behavior and SVM better capturing
the flexural response.

The best-performing models were further validated
using independent literature data and laboratory-cast
geopolymer mixes. Predicted strengths were in close
agreement with measured values, with deviations
remaining within acceptable engineering limits. This
confirms that the proposed framework is not only
statistically sound but also practically applicable for real-
world mixtures within the parameter ranges covered by the
database.

From a practical viewpoint, the developed models can
be used as predictive tools to support mix design and
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material selection for geopolymer concrete. By estimating
compressive and flexural strengths from input parameters
before casting, they can reduce the number of trial batches,
save time and material costs, and facilitate the efficient use
of industrial by-products such as fly ash, GGBS, RHA, and
silica fume. In doing so, they contribute to more
sustainable  construction  practices by  lowering
experimental effort and supporting the wider adoption of
low-carbon binders.
Although the proposed models perform well within the
investigated range, several extensions are recommended.
First, future work should extend the framework to other
key properties of geopolymer concrete, such as modulus of
elasticity or splitting tensile strength. Second, hybrid and
ensemble learning strategies, such as stacking, boosting, or
combinations of ANN, SVM, and tree-based models, could
be explored to further reduce prediction errors and provide
uncertainty estimates alongside point predictions. Such
probabilistic outputs would be valuable for reliability-
based design and risk-informed decision-making. Finally,
the validated models can be embedded into user-friendly
tools or decision-support platforms for designers and
practitioners. Linking these tools with optimization
routines and with environmental assessment models would
help translate the present methodological advances into
practical guidelines for sustainable geopolymer concrete
production and use.
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