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Abstract: This study presents a novel data-driven approach
to improving the compressive strength (C-S) of environ-
mentally friendly rubberized mortar that incorporates
ingredients that are in line with current sustainability
objectives in construction: glass powder, marble powder,
and silica fume. Our predictive models were built using
state-of-the-art machine learning (ML) approaches, specifi-
cally gene expression programming (GEP) and multi-
expression programming (MEP), employing a thorough
experimental dataset. Thorough evaluations of the models
were conducted using important statistical metrics, such as
the R? coefficient, root mean square error, and mean abso-
lute error. The use of individual conditional expectation
plots and partial dependence plots allowed for both indi-
vidual and average variable effect studies, which were
conducted to improve interpretability. Despite the good
performance of the GEP model (R? = 0.91), the MEP model
proved to be more effective in capturing complicated, non-
linear connections with its superior accuracy and general-
ization (R* = 0.95). ML has the ability to greatly improve
sustainable construction practices by reducing the need for
experiments, speeding up the process of mix optimization,
and encouraging the creation of cementitious composites
that are less harmful to the environment. The findings
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contribute to the construction sector by integrating digital
innovation with material sustainability.
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1 Introduction

The construction sector accounts for nearly 33% of the
global CO, emissions, with concrete being a major contri-
butor [1,2]. Reducing the carbon footprint of building
materials is vital for promoting sustainable construction,
especially in developing countries [3]. National and interna-
tional bodies are working to minimize the use of primary
resources and boost recycling as part of efforts to reduce
emissions and support a circular economy [4-6]. One such
initiative is the UN’s industrial symbiosis systems, which
encourage the reuse of industrial byproducts across sectors
[7]. The United Nations International System for Sustainable
Solid Waste also promotes recycling of commonly discarded
construction materials like rubber (Rb), plastic, glass powder
(Gp), silica fume (S-F), and marble powder (Mp) to curb landfill
overflow and resource depletion [8]. Among these, rubber
from used tires has gained attention due to the environmental
issues associated with burning or dumping them [9,10]. Repla-
cing natural aggregates or cement with recycled Rb has shown
promise in enhancing sustainability. Studies have evaluated
the effects of adding Rb to concrete and mortar on properties
such as toughness, compressive and tensile strength, energy
absorption, and cracking behavior [7,11-15]. Although rubber-
ized mortar has lower strength than conventional alternatives,
its benefits make it suitable for non-load-bearing elements like
precast blocks and partition walls [9,16-18].

Gp, S-F, Mp, and other supplemental cementitious
materials (SCMs) have recently been the subject of exten-
sive research as potential cement alternatives. Mp is
readily available in many countries and can serve as a
viable substitute for cement in both mortar and concrete
mixtures [19]. Due to its durability, marble is frequently
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utilized for a range of non-structural items, including archi-
tectural embellishment, cladding, sculpture, and flooring. In
the course of carving and cutting marble for various pur-
poses, a great deal of debris, mostly dust, is produced. Degra-
dation of natural habitats and ecosystems is accelerated by
these materials. The amount of cement or aggregate that Mp
can replace has been as high as 60%. The ferrosilicon industry
produces S-F, a highly pozzolanic by-product, which can
increase the strength and longevity of concrete [20]. Adding
small amounts of S-F to the concrete mix instead of cement
can result in high-performance concrete with remarkable
mechanical properties, according to studies by Zhao and
Zhang [21]. Murali et al. [22] studied how S-F and Gp-enhanced
ultra-high-performance  geopolymer concrete handled
impacts. Cementitious mixes that contain S-F as an SCM
undergo a chemical composition with calcium hydroxide as
a result of cement hydration. This chemical composition ulti-
mately results in the production of an additional gel made of
calcium silicate hydrate [23]. It is possible to improve the
material’s strength characteristics and loading performance
by adding S-F to a cementitious mixture. The remarkable
mechanical and physical properties of SF have prompted
extensive study of the material. Results demonstrated that,
particularly at higher strain rates, cementitious composites’
mechanical characteristics are significantly improved.
According to earlier research [23], the most effective SCM is
10% S-F. This mix exhibits a C-S of around 32.5 MPa and a
fracture tensile strength of approximately 3.45 MPa. After this
stage, adding additional S-F weakens the mixture.

The use of Gp, Mp, and Rb in conventional concrete and
mortar has been the subject of numerous scholarly investiga-
tions. The effects of S-F on cementitious composites have also
been the subject of extensive research, and a recent review
article synthesized this literature [24]. However, no one has
ever looked at how all of these things work together to affect
the strength of cement mortar, particularly when it comes to
optimizing them using cutting-edge AI/ML methods [25]. The
emergence of soft computing has significantly improved the
ability to simulate and predict the technical behavior of var-
ious materials with greater precision. Machine learning (ML)
models, in particular, rely on input datasets to generate accu-
rate forecasts. However, construction materials present a
unique challenge due to their complex nature and inherent
variability, making precise evaluation difficult. Among the
many applications of ML in the construction sector, one of
the most prominent is the prediction and assessment of the
engineering properties of materials. Researchers have
applied these techniques to study both traditional and
modern types of concrete, achieving valuable insights into
their performance characteristics. Among these varieties of
concrete are those that use phase change materials,
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lightweight concrete, self-compacting concrete, fiber-rein-
forced concrete, and recycled aggregate concrete [26-30].
Multiple studies have demonstrated that when precisely eval-
uating certain engineering features, robust ML models out-
perform more conventional physical and empirical
approaches. In order to obtain reliable predictions about
the properties of concrete, specific computational obstacles
must be overcome. Problems arise because of the complex
processes involved in cement hydration and microstructure
creation, and the non-linear correlation among the tempera-
ture, time, and cement paste activity [31-33]. For accurate
attribute prediction, ML, models must be trained with a com-
bination of proportion and curing condition data. Predictions
made with ML models are accurate, reproducible, and gen-
eralizable, and they also require little processing power and
are easy to use [34].

In order to forecast the extent of concrete C-S using pre-
existing statistics, this research employs two ML algorithms:
gene expression programming (GEP) and multi-expression
programming (MEP). Several statistical measures, such as
the R? coefficient, the error distribution, and other quantita-
tive assessments, are used to evaluate the two models’ pre-
dictive accuracy. The main objective is to calculate the pre-
dictive power of ML for material properties, namely C-S, by
analyzing the experimental data for six critical input factors.
Sophisticated visualization techniques were employed, like
partial dependence plots (PDPs) and individual conditional
expectation (ICE) studies, to understand the model’s behavior
and determine how each variable affects it. Better material
performance prediction and informed decision-making in
concrete production can be achieved by using the insights
obtained from these models, which can improve existing
databases on supplementary cementitious materials (SCMs)
and direct the creation of optimum concrete mix designs.

2 ML framework

2.1 Overview of data and analytical strategy

The development of robust data-driven predictive models
critically depends on the availability of a reliable and com-
prehensive dataset [35]. In this study, a curated dataset
comprising 408 experimental records on rubberized
mortar has been compiled from a reputable, peer-
reviewed international publication [36]. The dataset
includes six key input variables identified as significant
predictors of C-S: cement (CM), sand (Sd), rubber (Rb), silica
fume (S-F), marble powder (Mp), and glass powder (Gp).
These input parameters, expressed in kilograms per cubic
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meter (kg'm™3), were systematically selected based on their
relevance and frequency of use in the literature. The target
output variable is the C-S, reported in megapascals (MPa).
These input features and the output variable are illustrated
schematically in Figure 1. This dataset serves as the foun-
dational input for training and evaluating the predictive
algorithms employed in this study.

2.1.1 Data distribution and splitting

It has been proposed multiple times that the dataset for
model development can be split into two or even three parts;
one part of the dataset should be used for training the algo-
rithms, and the other part should be utilized for testing their
accuracy [37]. The collected dataset was divided into two
segments: a training set comprising 286 data points (70%)
and a testing set consisting of the remaining 122 data points
(30%). For GEP, the dataset was automatically split into 70%
training and 30% testing according to the software’s default
settings; for MEP, however, the data were manually separated
into the same 70-30 ratio before the model was built. To
ensure generalizability and avoid overfitting, ML models
were first trained on the training set before being evaluated
on the previously unseen testing data. An equally important
aspect when developing data-driven models is the distribu-
tion of the dataset itself, as it plays a vital role in the accuracy
and reliability of the model’s predictive performance. An ML
model’s efficacy is proportional to the dispersion of the
training data [38]. Marginal histograms in Figure 2(a)-(f)
are visualization tools in ML that provide simultaneous
insight into both the univariate distribution of individual
variables and their bivariate relationships. Positioned above
and to the right of a central scatter plot, these histograms help
identify skewness, modality, and outliers in each variable,
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Figure 1: Overview of the input features and target output.
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offering critical context for feature engineering and model
selection. For instance, in the plot comparing CM (x-axis)
and C-S (y-axis), the top histogram reveals that CM values
predominantly cluster around 60-70, with a leftward tail
indicating fewer low-value cases. The right histogram shows
that C-S is concentrated between 40 and 50, with a slight right
skew suggesting occasional higher values. The central scatter
plot indicates a moderate positive correlation between CM
and C-S, as higher CM values tend to correspond with higher
C-S values, though with notable variability. This positive trend
is reinforced by the lack of data points in the upper-left
region, implying that high C-S values rarely occur with low
CM. Such patterns suggest potential multicollinearity, which
may influence model performance depending on the algo-
rithm used. Overall, marginal histograms provide a compact
yet rich summary of feature behavior, guiding preprocessing
decisions such as normalization, transformation, and feature
selection in a data-driven modeling workflow.

2.1.2 Variable correlation assessment

Checking the interdependence of the selected variables is a
good first step before building the model. This is because
input variables that are significantly related to one another
might lead to multicollinearity, a problem that may emerge
while developing algorithms [39]. Statistical analysis tools like
correlation matrices allow researchers to verify the interde-
pendence of study variables. The coefficient of correlation (R)
measures the regression between several variables, making it
useful for checking the interdependence of explanatory fac-
tors. One can see how dependent one variable is on the other
by observing the R-value between them. When this R-value is
positive, it means that the two variables are positively corre-
lated; when it is negative, it indicates that the opposite is true.
In most cases, a high level of correlation between the two
variables is indicated by an R value higher than 0.8 [40]. In
most instances, the correlation values between different vari-
ables are less than 0.8, as can be seen from the correlation
matrix that was generated for the data utilized in this study
(Figure 3). This means that developing the model will not put
one at risk of multicollinearity.

2.2 ML modeling

The final output of a procedure requiring six inputs, the C-S of
rubberized mortar, was the subject of laboratory analysis. The
GEP and MEP models are examples of modern ML techniques
that could permit the correct prediction of the C-S of
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Figure 2: Input and output data distributions via marginal histograms: (a) CM, (b) Sd, (c) Rb, (d) S-F, (e) Mp, and (f) Gp.
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Figure 3: Correlation matrix of variables.

rubberized mortar. ML algorithms are typically evaluated by
observing the input data. Seventy percent of the data from this
investigation went toward training the models, while thirty
percent was utilized for testing. The level of agreement
between the predicted and actual results is strongly correlated
with the R* value; a low value suggests a substantial discre-
pancy [41], acknowledging the practicality of the models.
Additional approaches were utilized to check the model’s cor-
rectness, like statistical tests and error evaluations. Table 1
presents an overview of the key hyperparameters used in
configuring the GEP and MEP models. These parameters
were selected through a trial-and-error approach to achieve
the best model fit for the given dataset. Figure 4 illustrates a
simplified diagram of the event modeling process.

2.2.1 GEP model

Computer programs able to solve complicated issues can
be evolved using GEP, an evolutionary technique initially
presented by Ferreira [42,43]. Important components of the
GEP technique are as follows:

1) Preliminary population generation: The process origi-
nates with the creation of a random populace of chro-
mosomes. Each chromosome encodes a computer pro-
gram in the form of symbolic sequences, representing
mathematical models or algorithms.

2) Fitness assessment: A fitness score, which indicates
how well a chromosome solves the challenge at hand,
is computed for each one. Here, fitness is defined as a

Y

%

chromosome’s ability to predict the C-S of rubberized
mortar.

3) Evolutionary selection phase: Chromosomes that are
more suited for reproduction are chosen for reproduc-
tion if they provide fewer prediction mistakes. These
individuals embody the most qualified applicants from
the present crop.

4) Genetic operations: Mutations, which change gene
sequences, and crossovers, which involve the exchange
of segments between chromosomes, are examples of

Table 1: MEP/GEP method parameters

Groups Descriptions Settings
GEP/MEP sampling  Training records 286

Validation/test records 122
GEP parameters Error measure MSE

Number of sub- 100

populations

Sub-population size 250

Code length 50

Cross-over probability 0.9

Number of generations 250

Mutation probability 0.1

Functions +, =+ %V, A e
MEP parameters Number of chromosomes 75

Head size 10

Number of genes 6

Linking function Addition

Functions + -, 5 % VA e
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Figure 4: Step-by-step workflow of the adopted methodology.

genetic operators that modify some chromosomes.
These processes produce new generations, which may
have enhanced capabilities.

5) Progression through generations: Over the course of
many generations, the population is able to evolve and
become better at addressing problems because of the
iterative cycle of fitness assessment, selection, and
genetic processes.

6) Final model output: Mathematical expressions opti-
mized from the training data are produced by GEP after

2.2.2 MEP model
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Figure 5: Process flow of the GEP-based model development [44].
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qualities with precision is made possible by these for-
mulas. Figure 5 shows a schematic of the GEP procedure.

A complex evolutionary algorithm, MEP, expands upon
genetic programming principles, including those outlined
in GEP [45]. Phases that make up the MEP process are as
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1

2)

3)

4)

5)

6)

Preliminary population generation: As with GEP, MEP
originates by generating a random population of chro-
mosomes. However, a distinctive feature of MEP is that
each chromosome encodes several potential mathema-
tical expressions simultaneously.

Fitness evaluation: Every expression within a chromo-
some is individually assessed for its fitness, which
reflects how accurately it addresses the prediction task.
Selection of best performers: The most effective
expressions — those with the highest fitness — are
selected as parents to form the next generation,
ensuring the continued propagation of strong solutions.
Genetic modification: Selected expressions undergo
genetic operations such as mutation and crossover.
These modifications result in new offspring that may
offer enhanced predictive capabilities.

Evolution over generations: Over the course of several
generations, the population’s performance is fine-tuned
through this iterative cycle of fitness evaluation, selec-
tion, and genetic alteration.

Evolved solutions: Optimal expression generation is
the last step in MEP, which leads to precise forecasts
of target qualities like rubberized mortar’s C-S. Figure 6
shows the MEP workflow graphically.

ML for sustainable mortar development = 7

2.3 Model validation

The models developed through GEP and MEP were assessed
statistically using a designated test dataset. To determine the
performance of each model, seven distinct statistical metrics
were calculated [46-50], such as the root mean square error
(RMSE), mean absolute error (MAE), mean absolute percen-
tage error (MAPE), Pearson’s correlation coefficient (R),
Nash-Sutcliffe efficiency (NSE), performance index (PD), and
objective function (OF). The mathematical formulations for
these metrics are presented in Eqs. (1)—(7):
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Figure 6: Flowchart of the MEP method [44].
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where a; are the observed values, p; are the estimated
values, n is the total data points, R, short for the correlation
coefficient, is a commonly used metric to assess the pre-
dictive capability of a model by quantifying the association
between test values (a;) and estimated values (p;). A higher
R value indicates a stronger correlation between the pre-
dicted outputs and observed data, signifying better model
performance [51]. The correlation coefficient (R) is unaf-
fected by operations such as multiplication or division,
making it a stable indicator of linear relationships. How-
ever, the coefficient of determination (R? was also com-
puted by comparing predicted values to actual outcomes.
This is because R* provides a more accurate measure of
how well the model captures the variance in the data. An
R? value close to 1 signifies a highly effective and reliable
model [52,53]. Likewise, both MAE and RMSE showed
strong performance, particularly when evaluated under
conditions involving larger errors. Lower values of MAE
and RMSE indicate fewer substantial deviations between
predicted and actual values, with values nearing zero
reflecting improved model accuracy [54,55]. Upon closer
examination, it was observed that MAE performs particu-
larly well with datasets that exhibit continuity and smooth
variation, making it a reliable metric under such condi-
tions [56]. The model generally demonstrates better perfor-
mance when the magnitude and frequency of prior predic-
tion errors are low.

In addition, the PI from Gandomi and Roke [57] was
proposed, which can take values between zero and infinity.
If the PI were to be smaller, it would mean that the model
was more efficient. If the PI of a model is 0.2 or below, the
author claims that it is satisfactory. To be considered ade-
quate, a model’s PI value must be less than 0.3. More often
than not, ML models experience overfitting when they do
exceptionally well on training data but fail miserably when
presented with novel data. The study’s solution to this pro-
blem is shown in Eq. (5), which makes use of the OF. To
avoid overfitting, OF helps strike a compromise between
minimizing errors in the training data and guaranteeing
that the model can be applied to new data.

The Taylor diagram is not only used for statistical vali-
dation but also for visually evaluating the accuracy of
models’ predictions. By showing important performance
measures like correlation, standard deviation, and RMSE
all at once, it shows how well various models match the
observed data that is used as a reference point. To find the
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most accurate and trustworthy models, this integrated
visualization allows the comparison of precision and
dependability in a straightforward and thorough way
[58,59]. The Taylor diagram is a graphical tool used to eval-
uate model performance by incorporating three statistical
measures: standard deviation represented by radial lines,
correlation coefficient shown along the horizontal and ver-
tical axes, and RMSE depicted as concentric circles cen-
tered on the reference point, which corresponds to the
observed data. This diagram allows for a comprehensive
comparison of different models. A model positioned closest
to the reference point demonstrates the highest prediction
accuracy, as it reflects a strong correlation, minimal devia-
tion from the observed values, and a low RMSE [58].

3 Comparative analysis and results

3.1 C-S GEP model

The expression trees (ETs) in Figure 7(a)-(f) generated
through the GEP model for predicting C-S represent a struc-
tured and interpretable formulation of how input vari-
ables influence the output. These ETs were constructed
using a defined set of mathematical functions, including
addition (+), subtraction (=), multiplication (x), division
(+), square root (V), exponentiation (), and exponential
(e®), allowing the model to capture complex non-linear
interactions among six input parameters: CM, Sd, Rb, S-F,
Gp, and Mp. Through evolutionary optimization, the model
selected and combined these variables to produce an accu-
rate and generalized mathematical expression. The final
equation derived from these ETs, presented as Eq. (8),
incorporates nested and compound operations, effectively
modeling the interdependencies between materials. In
addition to providing precise predictions, this equation
sheds light on material behavior, which is crucial for
making educated choices on sustainable material design
and optimizing mix formulations.

Figure 8(a) presents a scatter plot comparing the pre-
dicted C-S values against experimental results, showing an
excellent linear alignment around the ideal y = x line. This
strong correlation is quantified by an R? (coefficient of deter-
mination) value of 0.9, indicating that 91% of the variability
in the experimental data is captured by the GEP model. The
near-unity slope (0.93) and a modest intercept (4.37) further
affirm the model’s reliability and minimal bias, reflecting its
high prediction accuracy. As shown in Figure 8(b), the left
sub-figure combines line and symbol plots for both experi-
mental and predicted compressive strengths, with a third
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trace illustrating the absolute error. The visual overlap
between the predicted and experimental trends suggests
strong agreement throughout the dataset. Moreover, the
right-side plot in Figure 8(b) shows the absolute error across
samples, which, although varying, generally remains within
an acceptable range, signifying that the GEP model is not only
accurate on average but also consistent across diverse mix
compositions. The maximum absolute error was 4.535 MPa,
while the minimum error was a negligible 0.007 MPa, with an
overall average of 1435MPa. Out of all data points, 48
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Sub-ET §

(e)
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samples exhibited errors less than 1MPa, 50 samples had
errors between 1 and 2 MPa, and only 38 samples exceeded
the 2MPa error threshold. These numbers highlight the
model’s accuracy, where the majority of predictions
lie within a low error margin. Collectively, this comprehen-
sive assessment establishes the high predictive capability
and generalization power of the GEP model, making it a
valuable and interpretable tool for estimating C-S in com-
plex cementitious systems involving recycled and industrial
by-products:

Sub-ET 2

(b)

Sub-ET 4

el
- .
o ~.
- .
- .
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Figure 7: GEP model tree for C-S prediction: (a) Sub-ET 1, (b) Sub-ET 2, (c) Sub-ET 3, (d) Sub-ET 4, (e) Sub-ET 5, and (f) Sub-ET 6.
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C-S(MPa) = 3.380 + Gp + /~/CM
. Gp? + 6.757-Mp
5.302% - CM +(-0.516)
+ /Sd-(Mp - 49.678 + 1.863 - Rb),

(8

where CM represents cement, Sd represents sand, Rb
represents rubber, S-F represents silica fume, Gp repre-
sents glass powder, Mp represents marble powder, and
C-S represents compressive strength.

DE GRUYTER

3.2 C-S MEP model

Eq. (9), generated using the MEP model, predicts the C-S of
rubberized mortar based on six key inputs: CM, Sd, Rb, S-F,
Gp, and Mp. Constructed using mathematical operators (+,
-, %, +, v, A, %), the equation captures nonlinear relationships
among the inputs. The first term reflects the interaction of SF
with Sd and Rb, showing the pozzolanic contribution of SF in
the presence of fine aggregates and recycled rubber. The

nested square root term models the densification effect of
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Figure 8: C-S GEP model: (a) correlation of predicted and observed C-S,
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and (b) predicted vs observed values and error distribution.
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CM, Sd, and Rb. This equation offers a compact, interpretable,
and accurate representation of how waste and supplemen-
tary materials influence the mortar strength:

ML for sustainable mortar development —=—— 11

represents glass powder, Mp represents marble powder,
and C-S represents compressive strength.

Figure 9(a) presents a scatter plot comparing the
experimental and MEP-predicted C-S values, showing a
strong correlation with a coefficient of determination R*

SF
C-S(MPa) = » ++CM + Sd-3-Rb of 0.95. The regression line closely follows the ideal 1:1 line,
[m + SF] with a slope of 0.98 and an intercept of 0.63, indicating
(9 minimal deviation and high predictive accuracy. This per-
2-5d . .
[m] formance 2surpasses that of the GEP rpodel, wh1.ch achieved
- m , a lower R® value of 0.91 under similar conditions. Figure
9(b) further supports the accuracy of the MEP model,
showing a line plot of experimental and predicted values,
where CM represents cement, Sd represents sand, Rb along with the absolute error. The close overlap between
represents rubber, S-F represents silica fume, Gp estimated and test values across all data points and the
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Figure 9: C-S MEP model: (a) correlation of predicted and observed C-S and (b) predicted vs observed values and error distribution.
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relatively small and consistent absolute error demonstrate
the model’s robustness. The error distribution reveals that
nearly 48% of the predictions have an error below 1 MPa,
40% fall within 1-2 MPa, and only 12% exceed 2 MPa, with
an overall average error of just 1.069 MPa. These results
collectively highlight the MEP model’s superior predictive
performance and generalization ability over the GEP
model, confirming its reliability for estimating rubberized
mortar compressive strength.

3.3 Statistical assessment of model accuracy

The results of the performance and error evaluations that
were carried out utilizing the previously defined Eqgs.
(D—(7) are displayed in Table 2. A variety of statistical indi-
cators are used in these evaluations to thoroughly analyze
the prediction capabilities of the models that were con-
structed. These indicators include RMSE, MAPE, NSE, R,
MAE, PI, and OF. In every metric that was tested, the
MEP model proved to be more effective than the GEP
model. In comparison to GEP, which produced RMSE and
MAE values of 2.066 and 1.666 MPa, respectively, the MEP
model demonstrated superior numerical accuracy with
values of 1.588 and 1.203 MPa, respectively. With a coeffi-
cient of determination (R) of 0.982 compared to 0.900 for
the GEP model, the MEP model shows a far greater correla-
tion between the experimental and projected values. The
lower MAPE (3.026 vs 4.119%) of the MEP model further
demonstrates its improved predictive dependability com-
pared to the GEP model. The NSE value provided further
evidence of this tendency; MEP achieved 0.961 compared to
GEP’s 0.796, indicating that MEP explained a larger amount
of the observed data variance. The MEP model outper-
formed GEP in terms of optimization and generalizability,
as evidenced by its higher PI value of 1.786 and lower OF
value of 2.522 compared to 4.269, respectively. Figure 10 pre-
sents the Taylor’s diagram, which visually summarizes the

Table 2: Findings obtained by statistical analysis

Metric Unit C-S GEP C-S MEP
RMSE MPa 2.066 1.588
MAE MPa 1.666 1.203
R MPa 0.900 0.982
MAPE % 4119 3.026
NSE MPa 0.796 0.961
PI — 1.355 1.786
OF — 4.269 2.522

DE GRUYTER

statistical performance of the developed models by com-
paring correlation, standard deviation, and centered RMSE.
The MEP model exhibits a closer alignment with the refer-
ence point, indicating superior accuracy and predictive per-
formance compared to the GEP model. This highlights MEP’s
enhanced capability in capturing the data trend more effec-
tively. These findings collectively demonstrate that the MEP
model offers a more accurate and robust framework for pre-
dicting the C-S of rubberized mortar, making it a promising
tool for practical engineering applications and sustainable
material design.

3.4 PDPs

PDPs offer critical insights into how individual input vari-
ables influence the predicted C-S of rubberized mortar, while
averaging out the effects of all other features. These plots are
essential for understanding the model behavior and guiding
mix design optimization. Figure 11(a) shows that increasing
cement (CM) content generally enhances strength, aligning
with its role as a primary binder. Figure 11(b) indicates that
moderate sand (Sd) content supports strength gain, though
excessive amounts may lead to a plateau or decline. Figure
11(c) reveals a negative impact of rubber (Rb) content on
strength, reflecting the poor bonding characteristics of rubber
particles. Figure 11(d) shows a nonlinear yet overall positive
effect of silica fume (S-F), which improves the microstructure
and strength up to an optimal dosage. Figure 11(e) demon-
strates that marble powder (Mp) initially boosts strength, but
further addition yields diminishing returns. Finally, Figure
11(f) highlights that glass powder (Gp) enhances strength mod-
erately, contributing as a SCM, though its benefits saturate at
higher dosages. Collectively, these 1D PDPs provide an

0 C-S experimental
67 C-S MEP
C-S GEP

=]
S5
k=
5 )
S
g
A3

Standard Deviation

Figure 10: Taylor plot of model validation.
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interpretable, data-driven foundation for optimizing mortar
composition.

3.5 ICE

The ICE plots (Figure 12(a)—(f)) provide a detailed, instance-
level view of how changes in each input feature influence the
predicted C-S for individual samples. Unlike PDPs, which
average the effects, ICE plots show a collection of curves,
each representing a different data instance, allowing detec-
tion of heterogeneous behaviors and feature interactions.
Figure 12(a) shows consistent upward trends in strength
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with increasing cement (CM), whereas Figure 12(b) reveals
mixed responses to sand (Sd), suggesting that its role may
vary depending on other mix components. Figure 12(c) con-
firms a generally declining strength with more rubber (Rb),
though a few instances show resilience. Figure 12(d) illus-
trates that silica fume (S-F) boosts the strength in most cases,
but some curves flatten, indicating a limit to its contribution.
Figure 12(e) and (f) illustrates that the inclusion of glass
powder (Gp) and marble powder (Mp), respectively, generally
contributes to strength enhancement in the majority of cases.
However, a few individual data patterns diverge from this
trend, indicating the presence of complex and potentially
non-linear interactions between these materials and other
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Figure 11: PDPs for rubberized mortar: (a) CM, (b) Sd, (c) Rb, (d) S-F, (e) Mp, and (f) Gp.
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influencing variables. Overall, ICE plots complement PDPs by
uncovering hidden variability and supporting more nuanced
material design decisions.

4 Discussion

This study used two state-of-the-art ML methods, GEP and
MEP, to forecast and optimize the C-S of rubberized mortar
containing silica fume (S-F), marble powder (Mp), and glass
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powder (Gp). A robust dataset consisting of 408 data points,
sourced from the existing literature and comprising six
input variables and one output (compressive strength),
was utilized to develop and train the models. The model’s
performance was validated using statistical metrics,
Taylor’s diagram, and R* values. The MEP model was
clearly superior to the GEP model in terms of statistical
performance, with a higher R value (0.982 vs 0.900), lower
RMSE (1.588 vs 2.066 MPa), lower MAE (1.203 vs 1.666 MPa),
and reduced MAPE (3.026 vs 4.119%). Additionally, the MEP
model had a considerably higher NSE value (0.961 vs 0.796).
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The MEP model was further validated as superior by
the PI and OF, which had values of 1.786 and 2.522, respec-
tively, compared to 1.355 and 4.269 for GEP. To enhance
interpretability, PDPs were employed, which revealed
clear trends such as the strength-enhancing role of cement
and silica fume, and the detrimental impact of rubber con-
tent. Meanwhile, ICE plots complemented the PDPs by
exposing instance-level variations and feature interac-
tions, offering deeper insights into the mix behavior and
model predictions. These findings are consistent with prior
literature emphasizing the higher robustness and adapt-
ability of MEP over traditional modeling techniques.
In conclusion, the MEP model demonstrates a significant
promise for application in complex material optimization
studies, offering reliable, accurate, and interpretable pre-
dictions crucial for advancing sustainable construction
practices. Figure 13 depicts the shift from traditional
cement-based materials to sustainable green concrete/
mortar using waste like rubber, glass, marble, and silica
fume. This promotes a circular economy, reduces environ-
mental impact, and leverages ML for optimized, efficient
mix designs.

A distinctive strength of both MEP and GEP lies in their
ability to handle complex, nonlinear datasets without over-
simplifying relationships, making them particularly well-
suited for modeling intricate behaviors in heterogeneous
materials like rubberized mortar. Unlike many black-box
ML models, these evolutionary algorithms not only deliver
high prediction accuracy but also generate explicit mathe-
matical expressions that describe the relationship between
input features and output, offering transparency, inter-
pretability, and practical applicability in engineering
design. However, despite these advantages, there are
notable limitations. First, consistency in input units is

essential, as variations can significantly affect model per-
formance. Second, the models can be sensitive to changes
in the data set. Introducing new data or rebalancing
existing points may alter developed equations and predic-
tions. Third, these models still require domain expertise
and manual oversight in setting parameters, interpreting
results, and refining model structures. Additionally, over-
fitting can occur if model complexity is not properly
regulated, and the derived equations, while interpretable,
may become excessively large or nonlinear, reducing
usability. As a way forward, future studies may benefit
from incorporating more modern Al or hybrid ML techni-
ques, such as ensemble learning or deep learning, to
improve performance and generalization. Expanding the
dataset by including more diverse mix designs or addi-
tional input variables, such as curing conditions, tempera-
ture effects, or water absorption, could further enhance
the robustness of predictions. Moreover, investigating
other critical properties of rubberized mortar, such as dur-
ability, workability, shrinkage, or thermal resistance,
would provide a more holistic understanding of its perfor-
mance and broaden the practical scope of these predictive
models.

5 Conclusions

This study successfully applied GEP and MEP to predict the
C-S of rubberized mortar incorporating silica fume, marble
powder, and glass powder. The modeling process was sup-
ported by an extensive dataset and validated using various
performance metrics and interpretability tools. The results
not only demonstrated the superiority of the MEP model
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but also offered deep insights into the influence of key

input variables. Based on the findings, the following con-

clusions can be drawn:

» The MEP model demonstrated superior predictive accu-
racy for C-S with an R® value of 0.95, significantly out-
performing the GEP model (R* = 0.91), confirming its
reliability in modeling complex mortar systems.

* The MEP model was better at forecasting the C-S of rub-
berized mortar than the GEP model, according to perfor-
mance criteria that compare the two models. It achieved
higher accuracy (R = 0.982 vs 0.900), better efficiency
(NSE = 0.961 vs 0.796), and lower errors (RMSE =
1.588 MPa vs 2.066 MPa; MAE = 1.203 MPa vs 1.666 MPa).
Additionally, the MEP model demonstrated superior opti-
mization capability with a higher PI and lower OF, con-
firming its robustness and suitability for sustainable
material modeling.
PDPs plots revealed that cement and silica fume posi-
tively influence C-S, while increasing rubber content
shows a detrimental effect, offering interpretable
insights into the role of each component.
Complex feature interactions and the necessity for tai-
lored mix designs are highlighted by ICE plot analysis,
which shows that cement, silica fume, marble powder,
and glass powder typically increase C-S, but their effects
vary across instances, with diminishing or deviating
trends in some cases. In contrast, rubber consistently
reduces strength, and sand shows mixed influence.

The study’s limitations include its reliance on a specific
dataset, sensitivity to input unit consistency, and focus
solely on C-S. Future work should expand datasets, inves-
tigate other mechanical and durability properties, and
explore modern or hybrid Al techniques to improve model
generalizability and practical applicability.
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