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Abstract: As a potential replacement for traditional con-
crete, which has cracking and poor durability issues, self-
healing concrete (SHC) has been the research subject.
However, conducting lab trials can be expensive and time-
consuming. Therefore, machine learning (ML)-based predic-
tions can aid improved formulations of self-healing concrete.
The aim of this work is to develop ML models that could
analyze and forecast the rate of healing of the cracked
area (CrA) of bacteria- and fiber-containing SHC. These
models were constructed using gene expression program-
ming (GEP) and multi-expression programming (MEP) tools.
The discrepancy between expected and desired results, sta-
tistical tests, Taylor’s diagram, and R2 values were additional
metrics used to assess the constructed models. A SHapley
Additive exPlanations (SHAP) approach was used to evaluate
which input attributes were highly relevant. With R2 = 0.93,
MAE = 0.047, MAPE = 12.60%, and RMSE = 0.062, the GEP
produced somewhat worse predictions than the MEP (R2 =
0.93, MAE = 0.033, MAPE = 9.60%, and RMSE = 0.044).
Bacteria had an indirect (negative) relationship with the
CrA of SHC, while fiber had a direct (positive) association,
according to the SHAP study. The SHAP study might help
researchers and companies figure out how much of each

raw material is needed for SHCs. Therefore, MEP and GEP
models can be used to generate and test SHC compositions
based on bacteria and polymeric fibers.

Keywords: machine learning, self-healing concrete, crack
repair

1 Introduction

For numerous reasons, including its low cost, superior
compressive strength, and excellent workability, concrete
is the most used building material on the planet [1–3].
Unfortunately, fractures can appear in concrete at any
time, which reduces its durability [3–5]. In addition, fixing
fractured concrete structures is an expensive and time-
consuming ordeal because of all the complicated opera-
tions involved [6]. In recent years, there has been a lot of
interest in creating concrete with a self-healing ability to
patch fractures; this is because discovering an effective
repair method might reduce maintenance costs, environ-
mental impact, and energy usage [7–10]. It is possible to
grade the severity of cracks in concrete. According to Bayar
and Bilir [11] and Rasol et al. [6], concrete’s durability and
resistance are significantly impacted by internal cracks
and cracks bigger than 0.2 mm, which are classified as
serious. In addition, concrete structures can lose stiffness
and have their service lives shortened due to cracks, which
can reduce their penetration resistance against chlorides
[12]. Engineers have been looking for ways to fix concrete
fractures and prevent them from occurring.

The most important component in crack mending is
the precipitation of calcium carbonate (CaCO3). Feng et al.
[13], Huang et al. [14], Jamshidi et al. [15], Rasol et al. [6],
and Su et al. [16] all found that by incorporating materials
for example organic and artificial fibers, mineral blends,
and micro-organisms into the concrete preparation pro-
cess, it becomes possible for the concrete to self-heal
through the precipitation of CaCO3. Microbes that can with-
stand acidic conditions help fill the micro-cracks and bind
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aggregates like sand and gravel to concrete by microbiolo-
gically precipitating calcium carbonate [13]. Due to the
irreversible nature of the hardening and hydration pro-
cesses, any dosage errors in the complicated blend of
cement, water, coarse aggregate, and fine aggregate, which
is typically enhanced with additives, can result in extre-
mely costly mistakes while making concrete. Furthermore,
these mistakes might reduce the structure’s durability,
which in turn reduces its future usability and significantly
impacts building costs. A simplified representation of self-
healing events in concrete is shown in Figure 1.

Therefore, to get around these mistakes, researchers are
always looking for newkinds of concrete tomeet the demanding
requirements of the construction business [15,18–20]. Fore-
casting models that can estimate the properties of concrete
are also being developed. Machine learning (ML) and artifi-
cial intelligence (AI) have emerged as popular techniques
for predictive model construction, joining computational
simulation and statistical estimation. MLmodeling is quickly
replacing traditional methods as the go-to for building pre-
dictive models in the age of big data and data-driven science
and engineering [21–24]. Commonly, ML is concerned with
training data samples that incorporate various techniques to
construct a learning model that can enhance itself when
presented with fresh data [25–27]. In this way, ML can be
of service to civil engineers in their estimation of concrete
and other material qualities. Concerning both time and
money, this is preferable. Civil engineers have begun to
focus on ML and AI methods for predicting concrete’s
mechanical properties [28–31]. These methods include deci-
sion trees, support vector machines, random forests, multi-
expression programming (MEP), and gene expression pro-
gramming (GEP) [32–36]. Furthermore, these methods can

produce accurate results. Additionally, civil engineers have
trained and utilized ML algorithms to create novel ultra-
high-performance concrete, utilize artificial neural networks
to forecast the strength of fiber-reinforced polymers, and
ascertain the ultimate buckling stress of composite cylinders
with varying stiffness [19,37–39]. Thus, self-healing concrete
(SHC) can likewise benefit from ML modeling in its design
and development processes. Huang et al. [40] and Zhuang
et al. [41] created and published ML models to predict how
bacteria affect the self-healing capacity of cementitious
materials, taking into account the substantial literature
on the subject. While these investigations did a good job
of identifying the types of bacteria involved, they failed
to consider how other aggregates, such as fibers and
polymers, would affect the cementitious materials’ self-
healing capacities.

Using ML algorithms, namely, MEP and GEP, this study
intended to predict how quickly cracked areas (CrAs) will
be repaired in SHC that has been altered with polymer
fibers (e.g., PVA and PP fibers) and two alkali-resistant
bacteria (Bacillus alcalophilus and Bacillus cereus). The
data used for this prediction come from the existing litera-
ture. To evaluate ML algorithms’ efficacy, many metrics
were used, including the R2 coefficient, statistical tests,
and the dispersion of anticipated results. The rationale
for this research was to find out how well ML methods
work for accurately predicting material properties. ML
methods necessitate a dataset, which can be generated
by exploratory experiments or by analyzing existing data-
bases. ML models could have a better idea of material
properties by analyzing this dataset. The capacity of ML tech-
niques to forecast CrA on SHC was evaluated using experi-
mental data and six input factors. Further investigation into

Figure 1: A graphic representation of a self-healing fracture [17].
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the significance of raw materials was carried out through the
use of SHapley Additive exPlanations (SHAP) analysis. Improving
the existing SHC database andmaybe guiding the formulation of
SHCmixes are two possible uses for the newly acquired features
and the built ML models.

2 Methods of research

2.1 Collecting and analyzing data

Predicting the CrA of the SHC was the goal of this research,
which employed MEP and GEP simulations to examine a
collection of 684 data points gathered from an experiment
[13,16,42]. This study predicted the CrA centered on six
input factors such as cement (OPC), sand (FA), Water (W),
time (T), bacteria (B), and fiber (F). Data preparation was
crucial in collecting and organizing the information. Data
preparation for data mining is a common tactic in the
famous knowledge discovery from data technique, which
helps to circumvent a major hurdle. Data preparation is to
remove unnecessary features and noise from the data to
make it more understandable and less complicated [43–45].
The automatic scaling and standardization of datasets can
significantly affect ML models if performed without proper
data preparation. Because the model overvalues factors
with greater numerical scales, it overestimates their impact
on prediction. Without sufficient normalization, the model
may struggle to weigh feature contributions, skewing learning,
and restricting generalization [46,47]. When analyzing the
model, regression and error-distribution techniques were
used. Several descriptive metrics were computed using
these data, and their findings are shown in Table 1. The
validity of the used models has also been evaluated for

their effectiveness. The frequency of different values is
shown by the histograms in Figure 2. A dataset’s total fre-
quency breakdown can be described by integrating its
component distributions. One way to see how common
certain values are in a set is to look at their relative fre-
quency distribution.

2.2 ML modeling

CrA of SHC was examined in the laboratory. The produc-
tion of CrA, the end product, required six inputs. To fore-
cast the CrA of concrete, sophisticated ML methods like
GEP and MEP were employed. Results are often evaluated
using ML algorithms concerning input data. 70% of the
data were used for training the ML models, while only
30% were used for testing. The R2 value of the predicted
result proved that themodel was accurate. A small R2 number
specifies a large disparity [48,49], while a large value indicates
a high degree of agreement between the expected and actual
results. Regularization techniques such as dropout or L1/L2
regularization were probably employed to handle over-fitting
in the suggested model. It is likely that generalizability across
different data subsets was evaluated by cross-validation
[50,51]. Reliability in real-world applications was ensured
through careful hyper-parameter tweaking and validation
set monitoring, which helped strike a compromise between
model complexity and robustness. Improving performance
outside of the training datasets requires this focus on over-
fitting [52,53]. The accuracy of the model was confirmed by
several means, including statistical tests and evaluations of
errors. The hyper-parameters for the MEP model are dis-
played in Table 2. Figure 3 shows a flow diagram of the
research strategy. The initial phase of this procedure entailed

Table 1: Data analysis of a collection of variables

Parameters Cement (kg·m−3) Sand (kg·m−3) Water (kg·m−3) Time (h) Bacteria Fiber CrA (mm)

Mean value 600.00 1200.00 220.00 336.00 0.83 1.17 0.39
Standard error 0.00 0.00 1.91 7.55 0.03 0.04 0.01
Median 600.00 1200.00 220.00 336.00 0.50 1.00 0.36
Mode 600.00 1200.00 270.00 0.00 0.00 0.00 0.44
Standard deviation 0.00 0.00 50.04 197.57 0.90 1.07 0.22
Sample variance 0.00 0.00 2503.66 39033.07 0.81 1.14 0.05
Range 0.00 0.00 100.00 672.00 2.00 3.00 0.96
Minimum 600.00 1200.00 170.00 0.00 0.00 0.00 0.00
Maximum 600.00 1200.00 270.00 672.00 2.00 3.00 0.96
Sum 410400 820800 150480 229824 570 798 269
Count 684.00 684.00 684.00 684.00 684.00 684.00 684.00
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generating a sample dataset. This pivotal preliminary stage
established the groundwork for subsequent stages through
the provision of essential data required for model training
and evaluation. Subsequently, the models were constructed
utilizing ML techniques, i.e., MEP and GEP. These techniques

enhanced the resilience and precision of the models, guar-
anteeing a holistic strategy for managing varied datasets.
Afterward, model validation was carried out through the
utilization of Taylor’s diagram and statistical parameters.
This stage is of utmost importance in evaluating the efficacy
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and dependability of the models. Statistical parameters pro-
vide numerical assessments of the accuracy of a model,
whereas Taylor’s diagram illustrates the model’s visual cap-
ability of detecting patterns and fluctuations within the data
[54,55]. Finally, SHAP analysis was performed in order to

ascertain and comprehend the influence that input variables
have on the outputs of the developed models. By revealing
the extent to which each input variable influences the model’s
predictions, SHAP values facilitated the explanation and inter-
pretation of the model’s decision-making procedure.

Table 2: Set of parameters for the MEP and GEP techniques

MEP GEP

Factors Settings Factors Settings

Operators/variables 0.5 Genes 4
Cross over probability 0.9 Data type Floating number
Function set +, −, x, ÷, square root Function set +, −, x, ÷, square root
Sub-population size 100 General CrA
Replication number 15 Random chromosomes 0.0026
Problem type Regression Head size 8
Mutation probability 0.01 Gene recombination rate 0.00277
Code length 40 IS transposition rate 0.00546
Error MSE, MAE Lower bound −10
Terminal set Problem input Upper bound 10
Number of generations 500 One-point recombination rate 0.00277
Number of runs 15 RIS transposition rate 0.00546
Number of treads 2 Leaf mutation 0.00546
Number of sub-populations 50 Stumbling mutation 0.00141

Linking function Addition
Inversion rate 0.00546
Mutation rate 0.00138
Two-point recombination rate 0.00277
Constant per gene 10
Gene transposition rate 0.00277
Chromosomes 200

Dataset sample 
development

Data sample 
development from the 

literature.

Descriptive statistic 
analysis of input and 
output parameters.

Application of machine 
learning methods

Gene Expression 
Programming (GEP)

Multi-Expression 
Programming (MEP)

Model’s validation

Difference between 
actual and predicted 
results (errors) and 

coefficient of 
determination (R2)

Statistical checks: 
MAE, MAPE, and 

RMSE

Taylor’s Diagram

SHAP analysis

Impact of input 
parameters

Interaction between 
input parameters

Figure 3: An overview of the ML methodology.
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2.2.1 GEP model

Originating from Darwin’s theory of evolution, the genetic
algorithm (GA) was developed by Holland [56]. Chromosomes
that are continuously longer indicate that the genomic pro-
cess has been completed, which is signified by a succession of
GAs. “Gene programming” is the name that Koza gave to a
creative GA technique [57]. Generalized problem-solving (GP)
uses GAs to generate an evolutionary model [58]. The flex-
ibility of GP comes from its ability to utilize nonlinear struc-
tures like parse trees rather than constant-length binary
strings. In agreement with Darwin’s concept, well-recognized
AI software solves reproduction-connected challenges using
naturally occurring genomic components, such as reproduc-
tion, crossover, and change [59–61]. In GP, a plan is made to
eliminate wasteful programs from the next iteration. Like in
the prior example, replanting the area using the chosen tech-
nique involves cutting down the unwanted trees. Evolution,
in contrast, safeguards early convergence [59,62]. Five crucial
parameters need to be defined before the GP method can be
applied. Essential tasks within the area, evaluation of fitness,
main functional operators (such as populace size and verge),
and outcomes generated by technique-particular endpoints
[59,63]. A crossover genetic processor is responsible for
most of the parse tree development, even if GP’s model
construction happens repeatedly [64]. Due to their dual
role as genotype and phenotype, nonlinear GP forms com-
plicate the manifestation of desired traits [62].

GEP is a variation in GP that Ferreira initially proposed
[62]. The GEP model incorporates static-length lined chromo-
somes into parse trees in accordance with the population-
generation theory. The original GP uses simple, fixed-length
chromosomes to encrypt medium-sized software; GEP is a
better form of that. A potential benefit of GEP is its ability
to be used to develop arithmetical expressions that can accu-
rately forecast multifaceted and nonlinear hitches [65,66].
Like GP, it has a fitness function, parameters, and a final
set of conditions for termination. Although the GEP tech-
nique generates chromosomes with seemingly random
numbers, they are recognized as such before production
employing the “Karva” dialectal. A line of constant length
is necessary for GEP to function. On the other hand, GP’s
code processing of data displays parse trees of varying
lengths. The individual cords are defined as genomes of
static length and then portray chromosomes using nonlinear
appearance/construe trees with branched morphologies of
different sizes [59]. There is distinct genetic information for
each of these genotypes and a small number of additional
phenol strains [62]. Expensive structural mutations or dupli-
cations are unnecessary, even if GEP can maintain genomic
integrity from one generation to the next.

In a typical chromosome, the “head” and the “tail” are
the two complementary regions. Amazingly, creatures with
several genes can develop from a single chromosome [59].
Logic, mathematics, arithmetic, and Boolean processes are
prearranged in these genetic factors. A genomic code
operator assigns a cell a specific function. The development
of empirical formulas is made possible by the fact that one
newly discovered language, Karva, can deduce the con-
tents of these chromosomes. Following the expression trees
(ET), a leadership revolution occurs, and travel begins in
Karva. Following the steps outlined in Eq. (1), ET positions
the nodes in the underlying layer [65]. Even though GEP
preserves genomic integrity, expensive structural muta-
tions or duplications are unnecessary.

⎜ ⎟= ⎛
⎝

− ⎞
⎠

ET i
j

GEP log
3

. (1)

The fact that GEP’s findings are not dependent on any
previous relationships makes it a sophisticated ML method.
Figure 4 depicts the steps that are used to create a GEP
arithmetical expression. The number of chromosomes in a
human being is fixed at birth. After confirming that these
chromosomes are ETs, comprehensive health examinations
can be carried out. Those who are physically and mentally
fit have the upper hand when it comes to having children.
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An iterative procedure with the top experts yields the best
answer. The numerical expression comes from mutation,
crossing, and breeding over three generations.

2.2.2 MEP model

Considering it employs linear chromosomes, the MEP is a
state-of-the-art, model linear-based GP method. The MEP
and GEP are functionally identical with respect to their
central software. Something that sets MEP apart from its
forerunner, the GP approach, is its capacity to encode
many software components (alternatives) into a single
chromosome. Using fitness analysis to choose the optimal
chromosome yields the desired result [68,69]. Oltean and
Grosan [70] define this phenomenon as the process bywhich
a bipolar scheme recombines to produce two diverse off-
spring [71]. Figure 5 demonstrates that the process will
keep running until the termination form is met or until
the best program is found. Here are themutations that affect
newborns. Similar to the GEP paradigm, the MEP model
allows for the integration of several elements. Criteria that
are important in MEP include the number of functions, the
number of subpopulations, the length of the algorithm or
code, and the possibility of crossover [72–74]. When there
are as many packages as there are people in the population,
evaluating them becomes more tedious and difficult. The
size of the created mathematical expressions is affected by
the code length, which is another crucial component. A
comprehensive set of MEP parameters is required to accu-
rately represent rheological properties, as shown in Table 2.

Both approaches rely heavily on literature datasets
during the modeling and evaluation stages [75,76]. Popular
linear GP methodologies like the MEP and GEP are deemed
by some scholars to be superior for predicting the proper-
ties of viable concrete. Linguistic programming, in con-
junction with maximum likelihood estimation (MEP), was
determined by Grosan and Abraham to be the most effec-
tive neural network-based strategy [71,77]. The GEP’s
method of operation is marginally more intricate than
that of the MEP [72]. Regardless of GEP having a higher
density thanMEP [78], dissimilarities encompass the capacity
to reuse code in MEP, (i) the explicit encoding of function
argument references in the MEP and (ii) the requirement
that non-coding components not be shown at a static
point inside the genes. Many people think the GEP chro-
mosome is more powerful because of the symbols at its
“head” and “tail” that make it easier to write software
with the correct syntax [70]. This necessitates a more
thorough evaluation of each of these genetic approaches
to engineering challenges.

2.3 Models validation

A test set was used for statistical testing of models that were
constructed using GEP andMEP. Each createdmodel had seven
different statisticalmetrics computed [76,79–82]: Nash–Sutcliffe
efficiency (NSE), Pearson’s correlation coefficient (R), mean
absolute error (MAE), relative squared error (RSE), mean abso-
lute percentage error (MAPE), root mean square error (RMSE),
and relative root mean square error (RRMSE). All these statis-
tical measures have their formulations in Eqs (2)–(8).
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Figure 5: Flowchart of the MEP procedure [67].
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where n is the total data points number, ai and p
i

are the
ith experimental and projected values, correspondingly;
ai also represents the mean experimental and projected
values. The relationship coefficient, abbreviated as R, is a
common way to measure a model’s projection power (ai
and pi). A high value of R indicates a robust relationship
between the predicted and actual output amounts [83].
However, division and multiplication do not affect com-
ponent R. R2 was calculated using actual and projected
outcomes since it better estimates the real value. R2

values near 1 indicate a more effective model develop-
ment process [84,85]. Similarly, when confronted with
progressively more severe errors, both MAE and RMSE
performed quite well. Less significant errors result in
higher performance from the generated model and MAE
and RMSE that are closer to zero [86,87]. However, upon
closer inspection, it became apparent that continuous and
smooth databases are where MAE truly excels [88]. When
the values of the errors computed above are smaller, the
model often performs better.

- =a
m

M
20 index

20
. (9)

An experimental value or anticipated value between
0.80 and 1.20 is taken into account, where M is the number
of dataset samples and m20 is the number of samples. [89].
An ideal predictive model would anticipate that the a20-
index values will be one hundredth of a percent. The sug-
gested 20-index has the benefit of a physical engineering
method, showing what proportion of samples match antici-
pated values within a ±20% margin of error from experi-
mental data.

In conjunction with statistical validation, the Taylor
diagram is among the most useful tools for determining
a model’s predictive power. In order to determine which
models are more credible and accurate, this figure plots
their divergence from the truth, which serves as the refer-
ence point [90,91]. Standard deviation (x- and y-axes), cor-
relation coefficient (radial lines), and RMSE indicate model
placement. The model with the highest accuracy rate is the
most reliable [90].

3 Results and discussion

3.1 CrA-GEP model

The GEP method yielded ETs-based models that calculated
the CrA by deducing mathematical correlations from the
chromosomal number and head size (Figure 6). The widely
held sub-ETs in the SHC’s CrA are built using the five arith-
metical operations: ÷, x, −, +, and square root. An equation
is the result of encrypting the GEP model’s sub-ETs. It is
possible to forecast the future CrA of SHC using the input
data and the output value of these equations (Eqs (10)–(14)).
With sufficient data, the produced model surpasses an ideal
model operating under perfect circumstances. In Figure 7(a),
the correlation between experimental and anticipated CrA is
illustrated visually. A perfect match to the data is depicted
by the solid black line, and the dotted lines reflect the
percentage deviation (20%) from the perfect fit. The GEP
model’s predictions for CrA were quite similar to the mea-
sured values. The CrA of SHC was effectively determined
using the GEP method, with an R2 of 0.91 and 83% of its
predictions within the 20% threshold, suggesting consid-
erably higher accuracy. Figuring out how far the GEP
model could be from reality is done by plotting the abso-
lute error vs experimental data in Figure 7(b). The results
showed that the GEP equation’s predictions are quite close to
the experimental results, with an absolute error that ranges
from 0.00 to 0.182mm and averages out to 0.047mm. Figure 8
shows that the error values followed a bell-shaped spreading;
44 readingswere less than 0.01mm, 93 readingswere between
0.01 and 0.05mm, and 91 readings were greater than 0.05mm.
Importantly, maximal error frequencies really do not happen
very often.
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where OPC is the ordinary Portland cement, FA is the sand,
W is the water, T is the time, B is the bacteria, F is the fiber,
and CrA is the cracked area.

3.2 CrA-MEP model

After analyzing the MEP results to account for the impact
of the six independent components, an empirical formula
was derived to determine the CrA of SHC. Eq. (15) displays
the final set of mathematical equations that were modeled.
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Figure 6: Expression tree diagram of the CrA-GEP model.
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where OPC is the ordinary Portland cement, FA is the sand,
W is the water, T is the time, B is the bacteria, F is the fiber,
and CrA is the cracked area.

As demonstrated in Figure 9(a) by an R2 of 0.93, the
MEP model is both well-trained and capable of handling
oversimplification. Additionally, it exhibits satisfactory per-
formance on novel, untested data. The CrA-MEP model out-
performs the CrA-GEPmodel in terms of accuracy, as shown
by its higher R2 value. Whereas, in Figure 9(a), the solid
black line represents a perfect fit to the data, and the dotted
lines represent the percent deviation (20%) from the perfect
fit. The MEP model’s predictions for CrA were quite similar
to the measured values. The CrA of SHC was effectively
determined using the GEP method, with 95% of its predic-
tions within the 20% threshold, suggesting exceptionally
higher accuracy. Figure 9(b) displays the results of an ana-
lysis of absolute differences between the goal and observed
values performed in MEP simulations. Rendering to the
provided evidence, the MEP forecast brim of error was
an average of 0.033mm and varied between 0.00 and
0.147.60mm. A total of 71 error values were less than
0.01mm, 90 were between 0.01 and 0.05mm, and 67 were
greater than 0.05mm, bringing the overall error values
below 0.150mm. The MEP model outperforms the GEP
model in terms of extreme value prediction. As shown in
the violin plot in Figure 10, the MEP model reduces both the
correlation coefficient and the standard deviations of the
errors. The MEP equation is often used since it is both gen-
eralizable and concise. In comparison to the GEP model, the
MEP model seems to be better because of its greater correla-
tion coefficient and lower error levels.

3.3 Validation of the models

Findings of the efficacy and error metrics (RRMSE, NSE,
MAE, RSE, RMSE, and R) are presented in Table 3, which is
based on the calculations done using the aforementioned Eqs
(2)–(9). The lower the error values of the models, the more
accurate the predictions. It was discovered that the MAE value
for the CrA-GEP model was 0.047mm, which significantly
reduced to 0.033mm, for the corresponding CrA-MEP model.
Whereas, the 12.6% MAPE value for the CrA-GEP model con-
siderably dropped to 9.60% in the analogous CrA-MEP model.
Further, additional error-based statistical metrics, such as
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RMSE, RSE, and RRMSE, showed a comparable pattern. Two
measures, NSE and R, were used to assess the efficiency of the
production alongside validation depending on errors. The accu-
racy of a model’s predictions is directly proportional to its effi-
ciency rating. In the CrA-GEP model, the NSE value was 0.916,
while in the comparable CrA-MEP model, it increased to 0.921.
When looking at the produced models with Pearson’s coeffi-
cient (R), the results were similar. Moreover, the a20-index for
the MEP model was 0.95 as compared to GEP’s 0.83, validating
the higher precision of the MEP model. The constructed fore-
casting models GEP and MEP are compared in Figure 11, which
is a Taylor diagram. In the forecasting of CrA of SHC, the MEP
model can be seen much closer to the experimental line as
compared to the GEP model. So, as previously pointed out,
the MEP approach has the best ML-grounded strategy for pre-
dicting the CrA of SHC because of its high efficiency, minimal
standard deviation, low error, and high R2.

3.4 SHAP analysis outcomes

The effect of different raw materials on the CrA of SHC
was explored. From one dataset to another, the SHAP

tree interpreter is employed to provide further details
regarding the local SHAP explanations and the overall fea-
ture effects. Figure 12 shows the violin SHAP graph findings
for all raw materials and how they affect the CrA of SHC.
This graph uses different shades to represent the different
variables, and the x-axis SHAP value represents the rela-
tive contribution of each raw ingredient. A negative asso-
ciation between input bacteria and output CrA of SHC was
observed as per the SHAP analysis plot in Figure 12, evident
by the more high-intensity red dots on the negative side of
the plot as compared to the lesser low-intensity blue dots
on the positive side of the plot. It clearly illustrates that
increasing the bacteria after a certain limit will result in
the decrease in CrA in the SHC. Figure 13 exhibits the
interdependencies of bacteria and fiber. According to
Figure 13(a), up to the bacteria value 1, the CrA increases,
but it drops significantly afterward. The SHAP study con-
firms the same relationship between bacteria and CrA as
previous research in the same field [92,93]. Additionally,
the SHAP analysis plot in Figure 13(b) shows that the fiber
and CrA of SHC had a stronger positive (direct) link,
as indicated by the higher intensity of the red dots on
the positive side of the plot compared to the lower inten-
sity of the blue dots on the negative side. These data
strongly imply that CrA values decrease with the increase
in the fiber content at the beginning, but then rise with
further enhancements. The SHAP analysis for the rest of
the inputs is not provided as their impact on the CrA of
SHC was not obvious since there was not enough input
value variation in the used dataset. Remember that the
ingredients and sample size used in this research might
affect the outcomes [94,95]. A wide range of outcomes
could be achieved by varying the input parameters and
sample size.
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Figure 10: Violin plot for the MEP model’s error distribution.

Table 3: Results acquired by statistical examination

Property CrA-GEP CrA-MEP

MAE (mm) 0.047 0.033
MAPE (%) 12.6 9.60
RMSE (mm) 0.062 0.044
R 0.957 0.967
RSE (mm) 0.262 0.234
NSE 0.916 0.921
RRMSE (mm) 0.556 0.442
a20 index 0.830 0.950
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Figure 11: Taylor diagram for the models’ validation.
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4 Discussions

The GEP and MEP models used in this work guarantee
that the predictions will be exclusive to SHC because
they can only take values from a narrow set of six input
parameters. Since all of the models employ the same unit
measurements and testing procedure, their CrA predic-
tions are reliable. The models employ mathematical equa-
tions to gain a deeper understanding of the mix design and
the impact of each input parameter. The projected models
might not operate if the composite analysis contains more
than six parameters. These models might not work as
expected if the data used to train them are drastically
different from what they are supposed to do. The models’
accuracy in predicting results is dependent on how consis-
tent or altered the units of the input parameters are. It is
critical to maintain consistent unit sizes for the models to

function. Predicting material strength, assuring quality,
assessing risk, performing predictive maintenance, and
improving energy efficiency are just a few of the many
applications of ML models in the construction sector.
Nevertheless, these models have a number of issues; for
example, they rely on human input, employ erroneous
data, and are not necessarily correct. To address these
restrictions and improve ML-grounded solutions, future
research could look into integrating IoT devices, creating
hybrid models, using explainable AI techniques, consid-
ering sustainability, and customizing data generation and
distribution for specific industries, among other things.
Thanks to improvements in efficiency, interpretability,
transparency, and informed decision-making, as well as
increased levels of safety and fewer project delays, the
construction sector stands to gain substantially from these
technological breakthroughs. This study’s results have the

Figure 12: The significance and impact of input elements are suggested by the SHAP plot.

Figure 13: Input factors relationships for the CrA of SHC: (a) bacteria and (b) fiber.
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potential to encourage more sustainable building practices
by increasing the use of SHC in the building sector. Figure 14
displays the applications of ML in the field of engineering.

5 Conclusion

The goal of this study is to employ MEP and GEP to analyze
and predict the CrA of SHC. Training, testing, and valida-
tion of the developed models were carried out using 684
sets of SHC’s CrA data acquired via laboratory tests. Here
are the key findings of the study:
1) The MEP method provided more accurate results (R2 =

0.93) for the CrA estimation of SHC, whereas the GEP
approach was sufficiently accurate (R2 = 0.91).

2) For both the GEP and MEP methods, the average dis-
crepancy between experimental and projected CrA
(errors) was 0.047 and 0.033mm, respectively. These
error rates further demonstrated the accuracy of the
GEP model, while the MEP method provided a more pre-
cise prediction of SHC’s CrA.

3) The models’ efficacy has been validated statistically. The
R2 and error rates of ML models have been enhanced.
The MAPE for the GEP model was 12.6%, whereas that for
theMEPmodel was 9.60%.With an RMSE of 0.062mm, the
MEP model outperformed the GEP model by a narrow
margin. Other areas of validating the model’s perfor-
mance were bolstered by these decisions.

4) SHAP analysis showed that the relation between bac-
teria and CrA of SHC is in-direct (negative), which
means that increasing the bacteria (above value 1)
would result in the decrease in CrA of SHC. Whereas,
the relation of fiber and CrA as per the SHAP analysis
was more direct.

The unique mathematical formula provided by GEP
and MEP is what makes it so important for feature predic-
tion in other databases. Scientists and engineers can use
the mathematical models that come out of this study to
quickly evaluate, improve, and rationalize the propor-
tioning of SHC mixtures. Each of the 684 datasets had six
parameters. Researchers may add new experiment data to
improve models. This research used GEP and MEP models.
However, hybrid ML methods like GA-PSO and RF-ANN, as
well as individual/standalone and ensemble algorithms
like SVM, DT, and boosting, could be studied further.
These hybrid approaches may improve model function-
ality and prediction, making them realistic to adopt.
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