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Rapid urbanization has led to a high demand for concrete, causing a significant depletion of vital
natural resources, notably river sand, which is crucial in the manufacturing process of concrete. As
aresult, there is a growing need for environmentally sustainable alternatives to fine aggregate in
concrete. Quarry dust (QD) has evolved as a viable and ecologically friendly substitute in response

to this demand. In the past, limited experimental investigations and only conventional modeling
techniques were used to promote sustainable mineral fillers in concrete. This study proposed a robust
soft computing technique using gene-expression programming (GEP) to enhance the usability of
sustainable alternatives in concrete. Initially, an experimental study was carried out to examine the
feasibility and mechanical characteristics of concrete made from materials including quarry dust

and superplasticizer as a partial replacement for fine aggregate. Ten mixed proportions with various
proportions (0%, 20%, 40%, and 60%) of quarry dust were used to make M15 and M20 grades of
concrete. A series of experimental tests, such as workability, compressive strength (CS), and tensile
strength (TS), were conducted to examine the fresh and hardened properties of modified concrete.
The established database from the experimental investigations was then used to develop machine
learning (ML) models using GEP. The outcomes of the GEP models were validated by comparing them
with multi-linear regression (MLR) models and using various statistical metrics such as root mean
squared error (RMSE), performance index (PI), correlation coefficient (R), and external validation
methods. Finally, sensitivity analysis was performed to investigate the influence of ingredients such as
mineral fillers, superplasticizers, and others on the mechanical properties of concrete. To enhance the
practical usage of the study, a graphical user interface (GUI) was also created. The study revealed that
40% of the replacement of fine aggregates with mineral filler and superplasticizer shows the optimum
properties. GEP models outperformed MLR, achieving R2 values of 0.96 in CS and 0.92 in TS, compared
to MLR’s lower values of 0.85 in CS and 0.81in TS. The proposed GEP equations and user-friendly GUI
can be used to develop the pre-mix design of concrete using quarry dust and superplasticizers.
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ML Machine learning

FA Fine Aggregate

S Sand

GEP Gene expression programming
SSD Saturated surface dry

R Coefficient of correlation

PI Performance Index

RMSE Root means squared error

OF Objective function

ANN Artificial neural network

CS Compressive strength

TS Tensile strength

ANFIS  Adaptive neuro-fuzzy inference system
SVM Support vector machine

QD Quarry dust

Concrete is a durable building material made by combining aggregates, binders, and water. The water reacts
with the binder in a chemical process, creating a solid, cohesive structure. Concrete is experiencing an increase
in demand on a global scale due to its advantageous characteristics, such as its simplicity of manufacture,
adherence to common design criteria, and relatively affordable cost!2. Consequently, concrete has emerged as
the construction material with the highest degree of utilization. The combination of fine and coarse aggregate
comprises approximately 65-80% of the total quantity of traditional concrete. Fine aggregates make up about
20-30% of the total concrete volume, with river sand commonly used for this purpose. Globally, the construction
industry consumes approximately 5-7.5 billion tons of river sand each year?®. The extraction of sand occurs
through the process of mining from the bottoms of rivers, which can cause significant environmental issues,
including the depletion of riverbeds, harm to local flora and fauna, reduced stream water storage capacity,
lowered water table levels, destabilized river bridge foundations, and accelerated bedrock erosion. Thus, finding
alternative materials for fine aggregate is crucial for meeting construction needs efficiently and economically*°.

The primary objective of this study is to promote the use of quarry dust as a sustainable alternative to natural
sand by developing predictive mathematical models to estimate the strength properties of concrete modified
with mineral fillers and superplasticizers. Previously, various alternative materials, including recycled concrete
aggregate, foundry waste, bottom ash, and stone waste, have been employed successfully as a partial substitute
for natural aggregates in concrete®®. Recently, there has been a rising interest in utilizing quarry dust, a by-
product generated during the quarrying process, as a partial substitute for aggregates in concrete!®!!. On a
global scale, the rock industry generates a yearly productivity of 68 million tons of finished products. This
production level presents notable difficulties in waste disposal and imposes a substantial strain on transportation
systems and the natural environment, mostly due to the potentially hazardous materials'2. Moreover, it is worth
noting that the stone-crushing industry experiences a significant waste generation ranging from 15 to 25% of
the total quantity produced!?, which leads to tons of colloidal waste annually. The management of this fine waste
poses an enormous threat to the environment on a global scale, with the predominant method of disposal being
landfilling'. However, the use of quarry dust as a fine aggregate substitute can preserve natural resources and
also provide acceptable-strength concrete with lower environmental concerns.

For instance, N. Khan & Chandrakar et al.!® investigated the effects of substituting fine aggregates with quarry
dust in concrete, with varying proportions ranging from 0 to 100% at increments of 10%. The study employed
concrete grades M20 and M25, maintaining a uniform slump of 60 mm throughout the experimentation. CS
tests were conducted at both 7 and 28 days under ambient conditions. Additionally, the cubes were subjected to
a temperature of 100 °C to evaluate any potential reduction in strength. The results indicated that the highest CS
was attained when 50% of the sand was replaced. The concrete exhibited strength properties above the acceptable
values even when subjected to elevated temperatures, demonstrating that quarry dust holds potential as a viable
alternative to natural fine aggregates at a 50% substitution ratio.

Another study reported that incorporating 30% quarry dust improved both the durability and mechanical
properties of concrete!. Similarly, Kankam et al.'” investigated quarry dust as a sand replacement in proportions
of 0%, 25%, and 100%, targeting specific CS grades (C25, C30, C35, C40, C45). Their findings revealed that using
25% quarry dust improved strength by 7.10% and overall performance by 16.19%!8. Other studies using quarry
dust at substitution levels of 0-25% with various waste materials also reported enhancements in CS, flexural
strength (FS), and impact resistance!®. However, the introduction of quarry dust up to 30% led to a reduction in
slump value, suggesting potential workability challenges®.

Economically, quarry dust-based concrete was found to reduce costs while maintaining comparable strength
to conventional mixes?. Specifically, the CS, tensile strength (TS), and modulus of rupture of quarry dust-based
concrete were approximately 14% higher than conventional concrete*!. However, a critical gap remains in the
literature regarding the optimal replacement level of quarry dust, as existing studies often report conflicting
results or lack comprehensive analysis. Further research is needed to establish the ideal substitution ratio for
maximizing both strength and durability in concrete.

Therefore, it is imperative to construct robust models to create a mixed design of concrete containing
sustainable additive materials. Recently, machine learning (ML) models have been extensively used to address
issues related to structural materials. Various ML techniques, including adaptive neuro-fuzzy inference system
(ANFIS), GEP, support vector machine (SVM), artificial neural network (ANN), deep learning (DL), and random
forest (RF) have been employed to develop reliable and robust models to anticipate the properties of concrete
incorporating additive materials®*~?’. All of the above ML methods involve the process of “training” the solution
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by utilizing pre-existing data. Among these techniques, neural network-based models (such as ANN, ANFIS)
and SVM are widely used due to their capability to identify complex arrangements and yield a comprehensive
pattern as an outcome?®. However, these models do not provide the empirical formulation for outputs. The
complicated architecture of the neural network-based model limits its widespread practical application®. For
instance, Ebid & Deifalla et al.** developed an ANN model for forecasting the punching shear strength of
concrete. Overfitting was observed when the anticipated values of ANN were compared to the design codes.
Due to their complex composition, they pose challenges in terms of manipulation. Moreover, multicollinearity
is another major concern that is often seen in these models.

In recent times, genetic programming (GP) has been distinguished from other ML models by addressing the
abovementioned issues due to its independence from pre-existing relationships®!. In the more comprehensive
variant known as GEP, a concise program is created utilizing chromosomes of a particular length. The GEP
methodology extends its use by generating mathematical formulations that possess practical applications across
many domains. It functions as a viable substitute for conventional ML forecasting methods and demonstrates
usefulness across several areas within the field of civil engineering®>3. Therefore, considering the widespread
use of GEP-based models and their undeniable benefits, this study also used genetic-based models to predict the
mechanical properties of concrete modified with mineral filler and superplasticizer. Successful implementation
of GEP in the literature can be observed in areas such as the evaluation of properties of concrete incorporating
materials like silica fume, fly ash, recycled aggregates, rice husk ash, and other mineral additives****. For
instance, Iftikhar et al.® used GEP as a computational technique to predict the CS of paver blocks made with
plastic. Likewise, Nazari & Torgal®> employed GEP to estimate the CS of geopolymer concrete. The efficacy of
the models was assessed by using various statistical conditions. The findings of the study indicated that GEP
methods provide a robust and reliable predictive model that can be used to enhance the use of mineral additives
in concrete. Therefore, considering the widespread use of GEP-based models and their undeniable benefits, this
study also used genetic-based models to predict the mechanical properties of concrete modified with mineral
filler and superplasticizer.

Considering the above discussion, the provision of reliable equations that establish a connection between
the mixed proportion and mechanical qualities of modified concrete with quarry dust has the potential to yield
cost and time savings, as well as simplify its sustainable adoption within the construction industry. Although
previously various studies have investigated the partial replacement of natural sand with quarry dust, they often
lack a holistic approach. For instance, some studies have focused solely on experimental investigations without
leveraging advanced modeling techniques to generalize findings beyond specific conditions'®*%. Others have
used machine learning models to predict the mechanical properties of concrete with mineral fillers but have
not integrated these predictions with comprehensive experimental data®®. Furthermore, to date, no study has
combined experimental results with machine learning-based predictive models while offering a user-friendly
GUI for practical applications, limiting the accessibility and implementation of such research in real-world
scenarios.

To address this critical research gap, this study employs GEP to develop reliable and straightforward predictive
mathematical formulas and a GUT based on an experimental database for anticipating the strength properties
of concrete containing mineral fillers and superplasticizers. The primary objective of this research is to preserve
natural sand resources by promoting the use of quarry dust as a sustainable alternative. First, an experimental
study was conducted using varying replacement levels of quarry dust (0%, 20%, 40%, and 60%) to assess the
workability and mechanical properties of modified concrete. The experimental database was then employed to
train the GEP model, and its predictive capability was evaluated using several validation principles. Finally, a
sensitivity analysis was performed to examine the effect of input ingredients on the mechanical characteristics of
the concrete, providing insights for optimizing mix designs for future applications.

Experimental analysis

Materials

In this study, six main ingredients, such as superplasticizer, water, cement, coarse aggregates, sand, and quarry
dust, were used in the production of concrete. A detailed description of the material used is described below.

Binding material

Lucky cement was used as a binding material, which is very popular in Pakistan. The chemical composition of
the cement is shown in Table 1. The other basic properties of the cement, such as fineness modulus, standard
consistency, and setting time, were determined in the lab using ASTM standards, as shown in Table 2. The
standard consistency of Lucy cement was achieved by 32%, which is in the acceptable range. The initial and final
setting was found to be 1 h and 5 h, respectively.

Superplasticizer

Superplasticizers are the ingredients used to alter the qualities of concrete, such as workability, flow, and
setting time. Sika-ViscoCrete was used in this study, which is a high-range water-reducing and decelerating
superplasticizer®.

S0, | Tio, [ a0 |si0, | Mg0 | K,0 | ALO, |Fe,0, |Na,0 | LOI

2.52 | 1.35 |58.66 |21.27 |1.94 |0 8.79 3.56 0 1.48

Table 1. Chemical composition of cement.
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Cement

Type of Test Result | Specification Standard
Fineness modulus 5% <10% ASTM C786
Initial Setting Time 60 min >30 min ASTM C 191-08
Normal Consistency | 32% 26-33% ASTM C 191-08
Final Setting Time 300 min | <600 min ASTM C 191-08
Coarse Aggregate

Type of Test Result | Specification Standard

Impact Value 11.01% | 10-20% (Strong) | ASTM D-5874
Elongated particles | 11.50% | <15% ASTM D 4791-99
Flaky particles 14.50% | <15% ASTM D 4791-99
Fineness modulus 5.85 5.5-8 ASTM C-316-05
Water Absorption 1% 0.1t02% ASTM C-127-04
Specific Gravity 2.52 2.5-3 ASTM C-127-04
Sand

Type of Test Result | Specification Standard
Fineness modulus 25 2.3-3.1 ASTM C-117-05
Water Absorption 1.01% <2% ASTM C-127/128
Specific Gravity 2.67 2t03 ASTM C-127/128
Quarry Dust

Type of Test Result | Specification Standard
Fineness modulus 2.83 2.3-3.1 ASTM C-117-05
Water Absorption 2.81 <2% ASTM C-127/128
Specific Gravity 1.41% 2to3 ASTM C-127/128

Table 2. Summary of test results of materials.

Aggregates

Quarry dust and river sand were used as fine aggregates in this study. When mountains are broken down, all
sizes of rocks are crushed into little stones, and the dust created during this process is known as quarry dust. It
may be utilized as a cost-effective building material as well as a sand substitute. Quarry dust was gathered from
Pakistan’s Sargodha Crush Plant. Similarly, locally available gravel sizes ranging from 9.5 to 37.5 mm were used
as coarse aggregates. The physical properties of quarry dust, sand, and coarse aggregates, including particle size
distribution, impact value, and water absorption, were examined in the laboratory by following ASTM standards
as presented in Table 1. The sieve analysis was also performed on these materials, and results are shown in Fig. 1.
The Fineness modulus was calculated as 2.5, 2.83, and 5.85 for sand, quarry dust, and gravel, respectively. The
proportion of flaky particles in the mixes is 27.5%, which is below the established threshold of 30% for flaky
particles. If the proportion of flaky particles exceeds 30%, the aggregate is considered unsuitable for the intended
use. In the same way, the proportion of elongated particles is recorded at 24%, while the prescribed threshold
for elongated particles in the mixtures stands at 45%. Therefore, if the elongated particles exceed a threshold of
45%, the aggregate is deemed unsuitable for its intended application. The determined aggregate impact value was
observed to be 11.01%, which falls within the acceptable range. According to ASTM standards, the impact value
for aggregates utilized in concrete, excluding the wearing surface, should not exceed 45%. However, for concrete
employed on the wearing surface, the impact value shouldn't exceed 30%. Therefore, the qualities of aggregate
materials are within the permissible range.

Mix design and specimen preparation

This study used two different grades of concrete, namely M15 (1:2:4) and M20 (1:1.5:3), with different proportions
of quarry dust replacement (0%, 20%, 40%, and 60%) to determine the workability, CS, and TS of concrete. A
control mix was designed without replacing sand with quarry dust, and a total of 90 specimens were prepared for
each case. A detailed description of the experimental mix design is presented in Table 3. The cube sample sized
150150 X 150 mm was utilized for conducting the CS testing. Likewise, cylindrical moulds with a diameter of
150 mm and a height of 300 mm were utilized to determine the TS testing. The specimens were extracted from
the moulds after 24 h and subsequently immersed in water till the time of testing.

Testing

Workability

The purpose of this test has been to determine the consistency and workability of newly prepared concrete
using ASTM C143%, First, the moulds inside the surface were cleaned, greased, and put on a smooth, non-
porous horizontal base plate. After that, three equal layers of concrete were poured into the mould. The tamping
method was used to compress each layer with the use of a tamping rod, which was used to provide 25 strokes in
a regular pattern over the mold’s cross-sectional area. Following that, the additional concrete was removed, and
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Fig. 1. Sieve analysis for aggregate materials.
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Grade 15

Design Cement (kg/m?) | Water (kg/m?) | Coarse aggregates (kg/m®) | Quarry dust (kg/m?) | Sand (kg/m?) | Superplasticizer (kg/m>)
M15-CM 293 137 1181 0 713 0

M15-QDO | 293 137 1181 0 713 5.86

M15-QD20 | 293 137 1181 143 570 5.86

M15-QD40 | 293 137 1181 285 428 5.86

M15-QD60 | 293 137 1181 428 285 5.86

Grade 20

Design Cement (kg/m®) | Water (kg/m?) | Coarse aggregates (kg/m®) | Quarry dust (kg/m®) | Sand (kg/m?) | Superplasticizer (kg/m?)
M20-CM 316 142 1276 0 690 0

M20-QDO | 316 142 1276 0 690 5.86

M20-QD20 | 316 142 1276 138 575 5.86

M20-QD40 | 316 142 1276 276 437 5.86

M20-QD60 | 316 142 1276 414 299 5.86

Table 3. Mix design for M15 and M20 concrete.
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the surface was made uniform with a trowel. The water which has infiltrated the interface between the mould
and the base plate or the mortar was remediated. Finally, immediately raise the concrete and drag it vertically
out of the mold. In addition, the slump value was calculated as a decline in concrete height relative to the mold
height. M15 had a W/C ratio of 0.47, whereas M20 had a W/C ratio of 0.45.

Compressive strength

To determine the performance of different specimens under compression forces, a compression testing machine
(CTM) was employed in accordance with the guidelines outlined in ASTM C192%. The three lifts with freshly
mixed concrete cylinders were filled, and the cylinders were tamped about 25 times in each lift using a tamping
rod. Each lift was also softly tapped about 10-15 times with a hammer. Finally, the tamping rod was used to
conclude the preparation of cylindrical specimens. The surplus concrete was knocked off, and the surface was
smoothed with a steel trowel. A total of 90 samples were prepared for the purpose of conducting CS tests at
three different curing durations: 7 days, 14 days, and 28 days. The concrete specimens were initially subjected to
ambient temperature conditions and left undisturbed for 24 h to reach a state of stability. Additionally, measures
were taken to cover the upper surface of the specimens in order to avoid any loss of moisture. Afterward, the
moulds were extracted from the specimens and then placed in the curing chamber for storage until the time of
testing. The specimen was securely covered and positioned within the central testing apparatus, where it was
subjected to incremental loading until the point of failure was reached. The most common kind of compression
failure found in the specimen was characterized by shearing along a singular plane, as depicted in Fig. 2(a).

Split tensile strength

The split tensile test is commonly known as the “Brazilian Test” in literature. ASTM C39/C39M*® was used to
prepare cylindrical shape specimens. A total of 90 cylinders were prepared for TS testing at 7, 14, and 28 days
of curing. The test method involved positioning a cylindrical specimen in a horizontal orientation between the
loading plates of a CTM. Subsequently, a load was imposed on the specimen until it experienced failure along its
vertical dimension (diameter). The most commonly noted failure was axial splitting, as shown in Fig. 2(b). The
TS of the specimens was calculated using the following formula.

TS5 = 2

T wLD W

Where P=Load (MPa), L=Specimen Length, and D = Diameter.

-

Fig. 2. Laboratory testing (a) CS testing and failure plan, and (b) TS testing and failure plan.
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Machine learning analysis
The present study employed GEP to anticipate the CS and TS of concrete modified with mineral filler. The
process of development of ML models is depicted in Fig. 3.

GEP

GEP is a form of evolutionary programming technique that utilizes genetic algorithms. It was first proposed
by Candida Ferreira®. The software is specifically developed for the purpose of symbolic regression, wherein it
facilitates the automated evolution of computer programs capable of predicting or modeling correlations within
a certain dataset. The concept of GEP draws inspiration from the mechanisms by which genetic information
is manifested in live creatures, wherein genes undergo transcription and translation processes to generate
functional proteins. The Genetic Programming (GP) theory implies the iterative evolution of a population of
computer programs, which are encoded (trained) as genes. This process aims to find the most favorable program
that efficiently addresses a specific problem and precisely matches a given database.

The predictive procedure of GEP includes multiple essential phases, which are executed sequentially, as
shown in Fig. 4*L. Initially, a population of expression trees (ETs) is produced by an arbitrary (random) process.
Following that, the evaluation of these trees is performed based on their capability to accurately anticipate the
target variable within the given database. The selection procedure implies identifying the most proficient gene
(parent cell) to form the succeeding generation. Unique programs are developed, and the selection method
is conducted using several methodologies, including crossover, mutation, recombination, and transposition.
During the crossover stage of the GEP algorithm, the genetic statistics of two parental solutions are linked to
produce one or more offspring responses. This process helps in the identification of the most optimal solutions, as
represented in Fig. 5(a). The mutation is a biological trend described by the occurrence of small and spontaneous
changes in an organism’s genetic genome (chromosome), as depicted in Fig. 5(b). This method promotes the
advancement of diversity within a population, hence enabling the algorithm to explore unique and inventive
solutions (responses) within the designated search space area. The iterative method is continued until the desired
fitness level is reached, resulting in the maximum possible accuracy for predicting the target (desired) variable
using the provided database. Genetic programming is widely acknowledged for its effectiveness in symbolic
regression, data analysis, and function optimization, making it a valuable asset in diverse domains such as ML
and data processing.

Database
Before developing the model, a comprehensive database was constructed using experimental results for the
CS and TS of concrete modified with quarry dust. Seven key input parameters were identified as significant
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Fig. 3. The sequential process ML analysis used in this study.
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Fig. 4. The process of development of the GEP model used in this study*.

contributors, including cement (C), coarse aggregates (CA), quarry dust (QD), superplasticizer (SP), sand (S),
water (W), and age (A). These parameters were analyzed to model the CS and TS of the concrete using Gene
Expression Programming (GEP). The statistical characteristics of the dataset, such as mean, standard deviation
(SD), skewness, and range, are summarized in Table 4. The skewness and kurtosis values help describe the shape
of the dataset’s distribution skewness, indicating asymmetry, while kurtosis measures the data’s “tailedness”
These factors are critical, as they can influence the model’s performance by highlighting potential biases or
outliers in the data®?.
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Fig. 5. The demonstration of ETs in LISP representation for (a) crossover and (b) mutation in GEP.

The distribution of the data plays a critical role in model performance. Contour plots were generated using
Python libraries to explore the relationships between the variables, illustrating the interaction between the input
parameters and the output (CS and TS), as shown in Figs. 6 and 7. These plots show a well-distributed data
pattern across the specified range, further validating the dataset’s reliability for model development.

For data preparation, the dataset was randomly divided into training and testing subsets, with 70% of the
data allocated for training and 30% reserved for testing. The data was randomized using the built-in function in
the GEP to ensure an unbiased and representative split. The pre-processing of the data was also performed using
the default settings of the GEP software to bring all variables to a consistent scale (standardization), thereby
enhancing model accuracy®.

GEP model development

In order to create the model, the initial phase involves the identification and development of fundamental
equations considering the most important input and output parameters. In this study, the CS and TS of quarry
dust concrete are considered as the function of the variable described in Eq. 2.

CSorTS (MPa) = f(C,S,QD,CA, SP,W, A) @)
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Mean 304.63 140.02 1229.03 170.29 538.06 4.74 16.44 14.04 2.60
Mode 316.00 142.00 1276.00 0.00 690.00 5.86 14.00 9.69 2.18
SD 11.56 2.01 47.77 164.54 159.86 2.32 8.77 3.81 0.58
Skewness -0.02 -0.02 -0.02 0.35 -0.38 -1.60 0.37 0.77 0.55
Minimum 293.00 138.00 1181.00 0.00 285.00 0.00 7.00 9.09 1.50
Kurtosis -2.05 -2.05 -2.05 -1.39 -1.35 0.57 -1.53 -0.38 -0.47
Median 316.00 142.00 1276.00 143.00 570.00 5.86 14.00 13.44 2.43
Maximum 316.00 142.00 1276.00 428.00 713.00 5.86 28.00 22.67 3.90

Table 4. Statistical summary of the database.
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Fig. 6. Contour plots representing the relative distribution of (a) quarry dust (kg/m?) and (b) sand (kg/m?) in
the CS (MPa) database.

For the GEP model development, optimizing hyperparameters is critical to achieving efficient and accurate
results. The model’s behavior and its ability to find optimal solutions are influenced by key hyperparameters
such as mutation rate, number of chromosomes, genes, head size, linking function, and termination criteria.
Previous studies often use a trial-and-error approach to fine-tune these parameters, where different values are
systematically tested, and performance is assessed to find the best configuration.

In this study, hyperparameter optimization followed a trial-and-error method, as recommended in the
literature?, to identify the best combination of settings. Parameters such as mutation rates (ranging from
0.01 to 0.1), and head sizes (ranging from 8 to 16) were tested, among others. Lower mutation rates provided
stability but slowed convergence, while higher rates improved exploration but increased the risk of premature
convergence. Similarly, larger head sizes enhanced the model’s complexity and accuracy but at the expense of
increased computational demand.

Considering the balance between accuracy and model complexity, the optimal settings were identified and
are presented in Fig. 8. Tables 5 and 6 further summarize the various combinations of hyperparameter settings
tested. A total of 20 GEP models were executed to meet the termination criteria, which was based on minimizing
the root mean square error (RMSE). This process ensured that the final configuration produced the best balance
between accuracy and computational efficiency.

GEP model assessment

The correlation coefficient (R) is mainly used to assess the efficiency of a model. However, it is important to note
that this measure cannot be primarily relied upon as an indicator of model capacity for prediction, as it does not
consider the effects of dividing or multiplying results by a constant. Hence, this study also incorporates other
measures such as mean absolute error (MAE), performance index (PI), and RMSE. The mathematical equations
for these metrics are presented below*>°.
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In the equations mentioned above, the variable “exp” represents the target value, the variable “mo” denotes the
model anticipated value, and the variable “n” represents the total number of assembled data points. Likewise,
exp; and mo; Indicates the mean values of the data record.

Overfitting poses a possible concern in numerous ML-based models. Therefore, in order to address this
problem, this study incorporated an objective function as presented in Eq. (8). The incorporation of an OF
makes it possible to establish an appropriate balance between the complexity of the model and its capacity to
effectively extrapolate unfamiliar data.

OF = (M) PLiz+2 ("—V) PlLiv 8)
n n

Here,
OF =objective function.
nrt and ny = number of training and validation dataset

Results and discussion

Experimental results

Workability

The workability of the concrete was evaluated using the slump test, as illustrated in Fig. 9. The concrete grades
in this study are categorized as M15 (15 MPa CS) and M20 (20 MPa CS), with QD representing the quarry
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dust content in the mix. The results demonstrate that as the proportion of quarry dust increases, the slump
values for both M15 and M20 concretes decrease significantly. For example, the slump value for M15-QD20
decreased by approximately 10%, while M20-QD60 showed a slump reduction of nearly 35%. This reduction
in workability can be attributed to the increased surface area of the quarry dust particles, which requires more
water to maintain the same consistency®’. Quarry dust’s finer particles reduce the amount of free water available,
thus lowering the concrete’s overall fluidity.
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Models | No. of chr Variable used | Head size | Number of genes | Linking function | Function set Duration (minutes) Ilélhll’liE
CS1 30 7 8 3 Addition (£ %+, -) 20 1.047
CS2 50 7 10 4 23 1.079
CS3 80 6 12 5 25 1.060
CS4 100 7 14 6 30 0.934
CS5 150 7 16 7 40 0.959
CS6 30 7 8 3 Division (5%, +,-) 23 1.069
CS7 50 6 10 4 26 1.087
CS8 80 5 12 5 29 0.871
CS9 100 6 14 6 35 1.046
CS10 150 7 16 7 45 1.002
CS11 30 6 8 3 Multiplication (+, %+, -) 18 0.998
CS12 30 7 10 4 22 0.84
CS13 80 7 12 5 24 0.92
CS14 100 7 14 6 27 1.094
CS15 150 5 16 7 35 0.859
Csl16 30 6 8 3 Multiplication (2, % +» - Pow, V) | 30 0.912
CS17 50 7 10 4 34 0.875
CS18 80 7 12 5 38 0.881
CS19 100 6 14 6 42 0.991
CS20 150 6 16 7 50 0.951
Table 5. Descriptive summary of parametric settings of GEP models used for CS.
RMSE

Models | No. of chromosomes | Variable used | Head size | Number of genes | Linking function | Function set Duration (minutes) | MPa
TS1 30 5 8 3 Addition (£, %+, -) 22 0.165
TS2 50 6 10 4 24 0.179
TS3 80 7 12 5 26 0.196
TS4 100 7 14 6 32 0.153
TS5 150 7 16 7 40 0.176
TS6 30 6 8 3 Division (5%, +,-) 24 0.169
TS7 50 6 10 4 26 0.127
TS8 80 7 12 5 28 0.176
TS9 100 6 14 6 33 0.188
TS10 150 7 16 7 45 0.167
TS11 30 9 8 3 Multiplication (= %, +,-) 20 0.145
TS12 |30 7 10 4 22 0.142
TS13 80 7 12 5 26 0.152
TS14 100 6 14 6 27 0.191
TS15 150 6 16 7 37 0.187
TS16 |30 7 8 3 Multiplication (+, %, 4, - Pow, V) | 31 0.191
TS17 50 7 10 4 37 0.181
TS18 80 6 12 5 38 0.191
TS19 100 5 14 6 44 0.156
TS20 150 7 16 7 54 0.213

Table 6. Descriptive summary of parametric settings of GEP models used for TS.

In the control mixes (M15-CM and M20-CM) without superplasticizers, slump values of 85 mm and 81 mm
were recorded, respectively. The addition of a 2% superplasticizer significantly improved the slump, resulting
in values of 92 mm for M15 and 88 mm for M20 concretes without quarry dust. Superplasticizers enhance
workability by reducing the water demand for the same fluidity, which is particularly beneficial in compensating
for the loss of workability caused by quarry dust. Specifically, superplasticizers improve the dispersion of cement
particles, reducing agglomeration and increasing fluidity, which is crucial in mixes with higher quarry dust
content*®4°. However, the minimum slump value recorded was 54 mm for the M20-QD60 mix, indicating that
excessive quarry dust content, even with superplasticizers, can significantly impact workability.
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Fig. 9. Slump test laboratory results for M15 and M20 grade concrete.

Compressive strength

The CS results for all mix designs of M15 and M20 at 7, 14, and 28 days of curing are illustrated in Fig. 10(a, b).
The CS shows a linear increase as the curing time extends from 7 to 28 days, confirming the beneficial effects of
prolonged curing on concrete strength. Additionally, the CS increases with the replacement level of sand with
quarry dust up to 40%, after which it begins to decrease. The observed decline in CS for mixtures with a 60%
substitution ratio of quarry dust can be attributed to insufficient workability in these concrete mixes, which
hinders proper hydration and strength development.

The maximum CS achieved was 17.2 MPa for M15 and 22.23 MPa for M20 at 28 days, with 40% incorporation
of quarry dust and 2% superplasticizer. This represents enhancements of 15% and 13% in CS for M15-QD40 and
M20-QD40 compared to their respective control mixes. Such increments in CS can be attributed to the effective
filling of voids between sand particles with quarry dust, resulting in a denser and more cohesive concrete matrix,
as supported by previous studies?. For instance, Bahoria et al.>® observed similar improvements in CS with
quarry dust incorporation, noting that up to 30-35%, replacement led to optimal strength gains due to enhanced
particle packing and reduced void content.

Moreover, the addition of superplasticizer contributes significantly to early strength development, enhancing
the CS of M15 by 5% and M20 by 6% compared to conventional concrete mixes. This aligns with findings
by Pereira et al.*%, who highlighted that superplasticizer not only improve workability but also promote better
cement particle dispersion, leading to increased hydration and strength gains in concrete. Overall, these results
emphasize the importance of optimal quarry dust replacement levels and the use of superplasticizers in achieving
desirable concrete performance.

Split tensile strength

Figure 11(a, b) presents the laboratory results for the TS of M15 and M20 concrete grades at 7, 14, and 28 days.
The data indicate a clear linear trend in TS corresponding to the increasing age of the specimens, reflecting
the typical hydration process of concrete. As expected, TS generally improves with curing time as the cement
continues to hydrate and gain strength'>.

The results also show that TS increases with the substitution of sand with quarry dust up to a replacement
level of 40%. Beyond this threshold, a decline in TS is observed, indicating an optimal proportion for quarry dust
use. The peak TS values of 3.74 MPa for M15 and 3.83 MPa for M20 at 28 days demonstrate the effective role of
quarry dust, particularly in conjunction with a 2% superplasticizer. This enhancement in TS can be attributed to
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Fig. 11. TS test laboratory results for (a) M15 and (b) M20 grade concrete.

the improved particle packing and increased surface area provided by quarry dust, which leads to better bonding
and strength development!°.

The observed improvements in TS with the use of superplasticizers further highlight their role in optimizing
concrete properties. Specifically, the superplasticizer contributed to an 11% and 6% increase in TS for M15 and
M20 grades, respectively, when compared to control mixes.

Machine learning results

GEP models predictive performance

The statistical analysis outcomes of the best GEP models for CS and TS are depicted in Fig. 12(a, b). When the
R? values exceed 0.7, it indicates that the anticipated outcomes are in closer alignment with the experimental
findings. Furthermore, as the R? value approaches 1, the degree of agreement between actual and model outcomes
increases. The R? provides an indicator of the fitness efficiency of a specific function on the database being
used’!. Specifically, a higher R? value during the training stage is indicative of a highly favorable fitness of the
resultant function. Nevertheless, this phenomenon can result in the model deviating from its original purpose,
making it incapable of accurately predicting unseen data. Consequently, a substantial difference between errors
observed during the training and evaluation (testing) stages appears, ultimately leading to higher regression
values in both the training and evaluation datasets being examined. In the proposed models, it was observed that
the R? value exhibited greater values during the training stage compared to the evaluation stage in most cases,
and also, minimal difference was observed between the two stages. The R? values associated with estimating CS
exhibit a value equal to 0.96 and 0.94, whereas for TS models, they are equal to 0.92 and 0.91 in the training
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and testing stages, respectively. These high R* values strongly support the acceptance of the proposed models, as
they align with benchmarks found in similar studies. For instance, Ullah et al.® reported R® values in the range
0f 0.85 to 0.95 for concrete strength predictions using ML techniques, underscoring the robustness of proposed
models. While high R? values are indicative of model performance, it is important to also consider the RMSE and
MAE, which provide additional insights into model efficiency. A lower RMSE and MAE signify better predictive
performance of the proposed GEP models in estimating CS and TS in concrete mixes. It can be noted that the
least RMSE for CS-GEP are (0.787 Mpa and 0.905 MPa) and MAE (0.65 Mpa and 0.703 MPa). Likewise, these
errors for TS-GEP are (0.144 Mpa and 0.137 MPa) and (0.115 MPa and 0.102 MPa) in the training and testing
stages, respectively. In addition, comprehensive information regarding further statistical errors (including RSE,
RRMSE, R) can be found in Table 6 for CS-GEP and TS-GEP models. On a statistical basis, it can be stated that
there were minimal discrepancies between the actual and projected results. Hence, it is evident that the proposed
models possess the potential to be utilized in the prediction of the CS and TS of concrete incorporating mineral
filler.

Furthermore, Figs. 13 and 14 illustrate the range of absolute errors for CS and TS GEP models with a mean
error of 0.65 MPa and 0.115, respectively. The smallest error values in the case of CS-GEP and TS-GEP are
recorded as 0.03 MPa and 0.003 MPa, while the greatest error values can be identified as 1.71 MPa and 0.34 MPa,
respectively. Additionally, the analysis of the projected error results indicates that most of the data points,
approximately 95%, fall under 2 MPa and 0.3 MPa for both cases. This observation can be seen as evidence
of the model’s excellent performance in forecasting the CS and TS of concrete incorporating mineral fillers.
While the GEP demonstrated excellent results, it has limitations such as sensitivity to input parameters, potential
overfitting, and complex evolutionary trees (ETs). In this study, regression models were also utilized for cross-
validation to compare the GEP results more effectively.

GEP-based formulations

Following the statistical analysis of various GEP trials, the trial that yielded the highest value of R? and the
smallest value of RMSE was selected for further analysis. This selected optimum trial was then utilized to extract
ETs, as depicted in Figs. 15 and 16 for CS and TS models, respectively. The (ETs) consist of ‘ds’ and ‘Cs, which
indicate ingredients of concrete (inputs) and constants. These variables are connected by a linkage function, as
“multiplication” is used in this study. The other settings used to develop these ETs are already discussed in the
methodology section. The exact formula to estimate the CS of modified concrete was derived from decoding
given ETs, which are expressed in Egs. (9)-(13).

CS (MPa)=Ax Bx Cx D 9)
A= ! (10)
| -1899+ A(C - SP)— A.SP
B (—A - 1.67TC)W
C= [3.16 + CA] (12)
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Similar to CS, the GEP-based mathematical expression for TS is decoded from ETs given in Fig. 2 and is presented
in the form of Egs. (14)-(18).

TS (MPa)=Ex Fx Gx H (14)
B _ 7.793(22.022726006712 + C)

F= [1‘23 CA(C— QD — 0.125) ] (13
F= [11.78+0.11(2A—@)} (16)

W

5.47C

“= {5'37_ (9.11+QD+SP)(CW)} 47
_[87+C -2+ 5P (8)

T | A+8.44(1.16 +CA)

The proposed formulations can be utilized for the predesign of concrete containing quarry dust by simply
providing the relevant input parameters and solving the equations. It is important to note that these equations
are applicable only within the range of values used in the database. For instance, to determine the CS and TS of
concrete with quarry dust, practitioners can input the necessary data into Eqs. 9 and 14, to get the values of CS
and TS, respectively.

External validation of GEP-based formulations

Various statistical analysis (described by the equations in Table 7) were performed as independent external
validation checks on these proposed models for CS and TS of modified concrete with mineral filler. In addition,
the acceptable limits of each check are outlined in Table 7. The equations used to determine whether or not a
model is correct depend on the conditions of each validation check. The values of k or kK’ denote the slopes of
the regression plots that pass within the point of origin (0, 0) and are required to be nearly equal to one. The
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Fig. 14. Error distribution in GEP-anticipated TS outcomes.

verification index Ro2 and R/ ,?was proposed by*® means to assess the external dependability and predicted
efficacy of the model. If these values are closer to 1, then the specified condition is satisfied. It can be observed
that all equations fall within the acceptable range; hence, it can be concluded that both models are correct and
have a good level of prediction.

Sensitivity analysis (SA)

It is important to perform several experiments on ML-based models to ascertain the dependability and efficacy
of the proposed models across different datasets. In this study, sensitivity analysis (SA) was carried out to
quantitatively assess the impact of input parameters on the CS and TS of concrete containing mineral fillers. The
SA of the prediction model on the complete database provides an indication of the degree to which a created
model responds to changes in a specific input ingredient of concrete. Equations (19) and (20) were utilized to
determine the impact of each input ingredient on the intended objective.

Zi = fmaw (Zz) - f'min (Zz) (19)

Z;
SA= 5= (20)

3077

The highest and lowest model projected values are denoted as fmax (zi) and fimin (2i), respectively. The results
of SA are depicted in Fig. 17(a, b) for CS and TS GEP-based models. It can be observed that among the seven
inputs considered in this study, the content of cement (C) has the most significant impact on the CS and TS of
the concrete, accounting for 49.5% and 25% of the predicted values, respectively. This high influence can be
attributed to cement’s critical role in the hydration process, which directly affects the formation of the concrete
matrix and its overall strength. Previous studies have shown that an increase in cement content enhances the
bonding properties and density of the concrete, thereby improving its mechanical performance®*. In contrast, the
quantity of superplasticizer (SP) is the least influential input, contributing only 20.61% and 4% to the predicted
CS and TS. This limited impact can be explained by the fact that while superplasticizers enhance workability, their
effect on strength is more indirect, often depending on the overall mix design and the hydration characteristics
of the cement used™.

Moreover, the analysis reveals that age (A) also contributes significantly to the strength of concrete. Age plays
a crucial role as the hydration process continues over time, allowing for increased strength development. These
findings are well-supported by laboratory testing, which confirms the efficacy of the GEP models in predicting
the mechanical properties of concrete!®. For a clearer understanding of these trends, Fig. 17(a, b) presents
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Fig. 15. Expression tree (ETs) of the CS-GEP model.

the SA results. The figure effectively illustrates the varying degrees of influence each input has on CS and TS,
providing a visual representation of the data.

GEP model comparison with multi-linear regression
In order to further validate the predictive capacity of the GEP models, a comparative analysis was performed
between the effectiveness of the suggested GEP model and that of the conventional Multi-Linear Regression
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Fig. 16. Expression tree (ETs) of the TS-GEP model.

(MLR). Equations (21) and (22) present the MLR empirical formulations for CS and TS of concrete, respectively,
that have been developed using an identical dataset.

CS (MPa) =0.019C + 0.045.CA 4+ 0.061QD + 0.0625 + 0.0199SP + 0.294A — 92 (21)
TS (MPa) = 0.013C + 0.0012.CA — 0.0016.QD — 0.002S + 0.07SP + 0.041A + 1.92 (22)
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S.No. | Equation Acceptable range Model
Cs TS
1 R R > 0.8 0971 |0.983
n 2
) Y (mo;—exp;®) N
S R %Hm—m> ,exp®=kx mo; | R,2> 1 0.989 | 0.980
i=1 ! !

n
. (exp;—mo;©)?
3 R/ 02 -1 E i=1 ! !

Zn (exp; —exp;©)2 ’ moio =ks/ x exp; | Rs o2 =1 0.981 1 0.991
i=1 ! !
_ n (exp; X moj)
+ | k=Yp (emxpe) 0.85 < k < 1.15 | 0981 |0.973
r n (exp; X mo;)
5| K =y, mxpe) 0.85 < kr < 1.15 | 1012 | 1021
2 5 2
6 m=& RZRO ) m<1 0.0541 | 0.054
(RZ-R/,2)
7 n= TO n<l1 0.0035 | 0.004

Table 7. External validation of the GEP models.
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Fig. 17. Sensitivity analysis outcomes (a) CS-GEP and (b) TS-GEP model.

Table 8 illustrates the values of the various statistical indices (R, RMSE, RRMSE, OF, PI, MAE, and RSE) for
the developed MLR models of CS and TS. The GEP-based model demonstrates superior efficacy than that of
the MLR model, with an increase in the overall R? value of 13% and 11.7% in the case of CS and TS models,
respectively. Similar to the GEP model, the PI readings in all cases of the MLR models are likewise below 0.2,
which is an indication of the better validity of the model. The average PI values of the CS-GEP and TS-GEP
models are seen to be 27% and 25% lower, respectively, compared to the CS-MLR and TS-MLR. Based on
the OF values, the CS-GEP and TS-GEP models demonstrate a 26% and 23.5% improvement compared to the
MLR models, respectively. Overall, GEP shows lesser mean error by 18.7% and 29.6% as compared to CS-MLR
and TS-MLR models, respectively. Additionally, Fig. 18 visually compares the actual results versus the GEP
and MLR predicted outcomes for both the training and evaluation sets. The scatter plots clearly show that the
GEP-predicted values align much more closely with the actual values than those predicted by MLR models.
Therefore, the suggested GEP models show enhanced and stable predictive capability when evaluating CS and
TS of concrete using data that has not been previously seen.

The results of this study show that the GEP-predicted model exhibits superior performance compared
to standard MLR models while utilizing the same dataset. The aforementioned limitations of traditional
regression techniques arise from the requirement for prediction models to be connected to certain pre-specified
declarations, which can be potentially linear or non-linear, as well as the assumption of residue normalization®’.
On the other hand, the outcomes of the GEP methods demonstrate that the developed model has been effectively
trained and gained knowledge of the non-linear correlation between the inputs and output variables®. This has
resulted in a significant reduction in error statistical analysis and an improved capacity to generalize, surpassing
the performance of MLR models.
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Model Phase R? R RMSE | RRMSE | RSE | MAE | PI OF
MLR-CS | Training | 0.851 | 0.922 | 0.949 | 0.076 0.15 |0.801 | 0.039 | 0.037
Testing | 0.877 | 0.936 | 1.318 | 0.074 0.126 | 1.2 0.038
GEP-CS | Training | 0.96 | 0.979 | 0.787 | 0.056 0.042 | 0.65 |0.028 | 0.027
Testing | 0.941 | 0.97 |0.905 | 0.064 0.06 |0.703 |0.032
MLR-TS | Training | 0.817 | 0.904 | 0.205 | 0.078 0.183 | 0.164 | 0.041 | 0.04
Testing | 0.776 | 0.881 | 0.191 | 0.062 0.227 | 0.124 | 0.033
GEP-TS | Training | 0.913 | 0.955 | 0.144 | 0.053 0.087 | 0.115 | 0.027 | 0.026
Testing | 0.923 | 0.96 |0.137 |0.046 |0.084 |0.102 |0.023
Table 8. Statistical summary of MLR and GEP models.
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Fig. 18. Comparison between actual, MLR, and GEP-anticipated outcomes for (a) CS and (b) TS models.

Graphical user interface (GUI)

To enhance the practical application of this study, a GUI was developed in MATLAB, as shown in Fig. 19,
specifically designed for handling concrete compositions that include quarry dust. The interface is divided
into two sections: an input parameter section and an output result section, ensuring clear and user-friendly
navigation. Users can input key parameters such as cement, quarry dust, water, age, plasticizer, and gravel and
quickly obtain predictions by pressing the calculate button.

The prediction model integrated into the GUI is based on the XGBoost algorithm, chosen for its higher
efficiency and accuracy in regression tasks, especially when dealing with complex, non-linear relationships like
those found in concrete properties. XGBoost, a gradient boosting algorithm, builds multiple decision trees in
sequence, where each tree corrects the errors of the previous one, leading to improved model performance. This
iterative approach makes XGBoost highly effective in handling structured data, managing missing values, and
preventing overfitting critical challenges in predicting concrete performance based on a wide range of input
parameters.

MATLAB’s Python integration was used to implement the XGBoost model within the GUI. This allows
the trained model, developed in Python, to process the user-provided inputs and deliver accurate predictions
displayed in the output section of the GUI. This integration enables users to interact with the machine learning
model without needing advanced programming skills.

While initially developed for the dataset used in this study, the GUI framework can be further enhanced
by incorporating additional data points and parameters. This will improve the accuracy and reliability of the
model’s predictions, making the GUI adaptable to a broader range of concrete mix design applications.

Comparison with literature

As mentioned earlier, this study utilizes a database for model creation based on laboratory testing. Hence, there
are no models available on the same database to compare the efficacy of the suggested models. For example,
Ray et al.”® studied the combined effects of stone dust (SD) and nylon fiber (NF) on concrete’s compressive
and splitting tensile strength, along with varying water-cement (WC) ratios, using ANN-based models. Their
study provides accurate models for predicting concrete strength with R? values of greater than 0.8. Similarly,
K. Khan et al.% investigated the use of manufactured sand (MSC) in concrete to address river sand depletion.
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Quarry Dust (kg/m*3):
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Sand (kg/m”3):

Age (Days):

Fig. 19. GUI for estimating CS and TS of concrete.

Proposed models | Technique | Material used R? R MAE | References

CS GEP 0.961 | 0.979 | 0.654 | This study
Quarry dust and SP

TS GEP 0.912 | 0.951 | 0.115

CS ANN 0.848 | 0.921 |0.203 | [60]
Stone dust and fiber

TS ANN 0.852 |0.923 | 0.116

CS GEP Manufactured sand | 0.906 | 0.951 |3.211 | [61]

Table 9. Comparison of present models with literature.

Using GEP models based on 275 experimental results, they predicted MSC’s compressive strength. The best-
performing model (M5) achieved R* values of 0.919 and 0.906 in training and testing, respectively. Key factors
influencing strength were the water-cement ratio, curing period, and stone powder content, with the water-
cement ratio being the most significant. The summary of the results of current and existing studies is shown
in Table 9. The results produced by the suggested model exhibit a strong resemblance to those obtained from
the literature for other materials. The alignment seen in this study indicates that equations based on the GEP
hold affirmed as effective pre-design indicators for sustainable concrete design in the construction sector. The
potential application of this innovation can bring about considerable reductions in time, cost, and resource
allocation, representing a noteworthy progression for the respective field.
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Conclusion

The current study addresses the increasing demand for sustainable alternatives to river sand in concrete
production by examining the potential of quarry dust as a feasible and eco-friendly replacement. Through a
combination of experimental evaluation and robust predictive modeling using GEP, this research highlights the
suitability of quarry dust in concrete applications and presents GEP as a practical tool for future design. Several
key findings from this study can be drawn as follows;

1. The optimal replacement of fine aggregates with 40% quarry dust and 2% superplasticizer exhibited superior
properties to conventional mixes.

2. Maximum CS of 17.2 MPa (M15) and 22.3 MPa (M20) was achieved at 28 days, with enhancements of 15%
and 13% over control mixes.

3. TS peaked at 3.74 MPa (M15) and 3.83 MPa (M20), demonstrating the beneficial effect of quarry dust and
superplasticizer.

4. The addition of superplasticizer accelerated early strength gain and boosted the overall strength by 5-6%.

5. GEP models demonstrated excellent predictive capabilities, achieving R* values of 0.96 and 0.94 (CS) and
0.92 and 0.91 (TS) during training and testing, respectively.

6. RMSE and MAE for CS and TS predictions were notably low, underscoring the accuracy of the models.

7. Comparative analysis revealed that GEP models outperformed MLR models, with improvements of 5% (CS)
and 6% (TS) in predictive accuracy.

8. Sensitivity analysis (SA) showed that cement content had the greatest influence on CS and TS predictions,
while superplasticizers had the least impact.

The findings of this study demonstrate that quarry dust can be effectively used as a replacement for river sand in
concrete, addressing environmental concerns related to resource depletion. The validated GEP-based predictive
equations and GUI serve as valuable tools for future concrete mix designs, facilitating the incorporation of
quarry dust and promoting more sustainable construction practices. To improve the usage of quarry dust in
concrete, a few recommendations for future research are discussed in the following section.

Recommendations for future work

Future studies should expand the experimental scope by incorporating higher-grade concrete mixes beyond
M20 and conducting more comprehensive testing on the long-term durability of quarry dust-modified concrete,
such as resistance to chemical attacks and freeze-thaw cycles. The existing database should be enhanced with
additional data points, including different types of supplementary materials, to improve the robustness and
generalizability of the models. Advanced machine learning techniques, such as ANN, MEP, and SVM, could
be explored to compare performance and accuracy with GEP models. Furthermore, future research should
investigate the practical implementation of these models in concrete mix design, ensuring optimization for
specific environmental and material conditions.

Data availability
The datasets used during the current study are available from the corresponding author upon reasonable request.
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