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a b s t r a c t

Plastic sand paver blocks (PSPB) provide a sustainable alternative by reprocessing plastic

waste and decreasing reliance on environmentally hazardous materials such as concrete.

They promote waste management and environmentally favorable building practices. This

paper presents a novel method for estimating the compressive strength (CS) of plastic sand

paver blocks based on gene expression programming (GEP) techniques. The database

collected from the experimental work comprises 135 compressive strength results. Seven

input parameters were involved in predicting the CS of PSPB, namely, plastic, sand, sand

size, fiber percentage, fibre length, fibre diameter, and tensile strength of the fibre.

Simplified mathematical expressions were used to figure out the CS. The results of GEP

formulations showed that they were better in line with the experimental data, with R2

values for CS of 0.89 (training) and 0.88 (testing). The models' performance was evaluated

using sensitivity analysis and statistical checks. The statistical evaluations show that the

actual and predicted values are closer together, which lends credence to the GEP model's

capacity to forecast PSPB CS. The sensitivity analysis showed that sand size and fibre

percentage contribute more than 50% of the CS in PSPB. In addition, the results demon-

strate that the proposed models are accurate and have a robust capacity for generalization
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Fig.
and prediction. This research can improve environmental protection and economic benefit

by enhancing the reuse of PSPB in producing green ecosystems.

© 2023 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
about. Cement usage must be reduced to protect the envi-

1. Introduction

Plastic is an incredible man-made innovation; nevertheless,

its non-biodegradable nature has many negative environ-

mental consequences. Pollution from plastic has grown to be

the greatest challenge to contemporary civilization, resulting

in environmental degradation and economic damage [1]. The

enormous accumulation of plastic waste (PW) in the

ecosystem has presented a threat to multiple aquatic organ-

isms and the sustainability of the environment. Water pollu-

tion occurs when PW is dumped into bodies of water like

rivers and seas, where it is subjected to the sun's rays and the

forces of the water and the waves [2,3]. Microplastics formed

by plastic's weathering have been linked to health issues in

animals due to bioaccumulation and biomagnification [4,5].

Furthermore, PW can obstruct drains, which can lead to floods

[6] and the proliferation of parasitic insects [1] and water-

borne diseases. Some PW accumulates in aquatic habitats or

is released there [7], and the large amount of PW that is typi-

cally disposed of instead of recycled has grown into an

essential enthusiasm for creating effective PW management

practises [8e10]. It's difficult to fathom the whole scale of the

PW issue. Fig. 1 [11] from the research published in scientific

advances, cited in the Forbes article from 2020, identifies the

top 10 largest countries responsible for manufacturing more

PWper person per nation. Because of its poor biodegradability,

plastic has worsened a number of environmental difficulties

while also posing hazards to locals.

Consequently, the increasing manufacturing of cement

and the resulting emission of CO2 are another severe envi-

ronmental threat that environmentalists are concerned
1 e PW produced per p
ronment [12e14] since cement processing generates a com-

parable quantity of CO2 when cement-based products like

mortar, concrete, and PB. Reducing cement usage can

dramatically reduce CO2 productions, which accounts for

around 0.9 tonnes of CO2 for every 1.0 tonnes of cement [15].

About 8% of all manmade CO2 emissions come from the

cement industry [16]. The traditional paver block (PB) uses

210 kg/m3 of cement, contributing to considerable CO2 pro-

ductions [17]. But using cement in PB manufacture as a

bonding agent has resulted in global warming by releasing

greenhouse gases [18]. Several significant emissions from

cement facilities must be addressed [19]. These include dust,

nitrogen oxides, carbon dioxide, and sulphur dioxide. Calcium

oxide and lime also harm human tissue due to their cement

concentration [20]. Additionally, concrete includes trace levels

of crystalline silica, a substance that is abrasive to the skin and

can irritate the lungs [18] and pollute the environment.

Alternative materials should be sought in order to reduce

cementitious material use. It is feasible to employ PW rather

than cement as a bindingmedium, whichwill assist eliminate

the PW and minimise the carbon footprint [21] and related

health concerns.

Therefore, one alternative to using PWas a bindingmaterial

is in manufacturing of paver blocks (PB)s [22]. PB is one of the

most common solutions for flexible surface treatment appli-

cations. These blocks are comfortable to walk on, highly du-

rable, easy to maintain, and aesthetically beautiful. PB in

various forms and colours are available, which makes them

immensely adaptable. Both residential and commercial pre-

mises can be used for these blocks. These PB are extremely

easy to fit, and no extra installation equipment is required.
erson, per nation [11].

http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jmrt.2023.07.034
https://doi.org/10.1016/j.jmrt.2023.07.034


Fig. 2 e Importance of PSPB.
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Besides, special care is not needed compared to concrete or

asphalt surfaces. The blocks are clean and shiny with water

washing. The most crucial feature of PB is their easy replace-

ment, i.e., if one block is damaged, it can easily be replaced

with another. Moreover, these PB can be used for pedestrians

and traffic [23]. Also, having the property to absorb low water,

these can be used in waterlogged areas [24]. Similarly, cement

is the major component and is widely used in concrete PB;

nevertheless, it is essential to reduce cement usage to reduce

CO2 emissions [17]. Concrete PB has been widely utilized in

pedestrian pathways, parking lots, container yards, and road-

ways for decades [25,26]. It takes time for cement to cure and

reach its full strength, therefore using it is equally time-

consuming [27]. Also, PB consumes a great deal of cement

[17], thus minimising cement consumption is important.

Cement in PB can be reduced by using PW as a replacement

[28,29]. In 2006, Pierre Kamsouloum of Cameroon made PB

from sand and using recycled PW for the first time. Recycled

PW can be utilized in place of cement as a binder in PB syn-

thesis, according to Agyeman et al. [24]. Using PW in building

projects is beneficial to environmental sustainability [7].

Similarly, the PW in the PB makes it 15% lighter than a con-

crete block [30]. The economic analysis shows that the unit

cost of the cement-less plastic PB is 35.39% lesser compared to

that of a typical concrete block [17]. Because of its lower

weight and ability to prevent harmful impacts on the envi-

ronment, a plastic paver is also more cost-effective. The

importance of PSPB in the construction sector has been shown

in Fig. 2.

The compressive strength (CS) of plastic concrete PB varies

primarily based on the w/c ratio, the time the mixture is

allowed to cure, and the type of plastic material utilized [31].

To deal with this scenario, removing the cement from plastic

PB will also remove the w/c ratio and curing time. Also, con-

crete pavement blocks are prone to fracturewhen subjected to

traffic loads (bending failure) [23]. The mechanical properties

must be increased. As previously documented by researchers,

incorporating fibres increases mechanical properties [32,33].

When deciding on a fibre, it's important to consider the needs

for its final use [34]. Based on the availability and excellent

mechanical properties of basalt fibre [35,36] and coconut fibres

[37,38] have been studied in this research.

Before plastic sand blocks can be widely utilized in the

construction sector, it is crucial to understand the link be-

tween the amounts of a mixture and its mechanical charac-

teristics. Soft computing approaches have grown in favour of

constructing factual models to boost the widespread usage of

harmful materials in the construction sector. The latest de-

velopments in artificial intelligence (AI) have made it feasible

to design precise and accurate models to resolve issues

encountered in structural engineering [39e41]. The use of AI

approaches is based on the use of natural tools such as fuzzy

logic [42], support vector regression (SVR) [43], artificial neural

networks (ANN) [44], genetic programming (GP) [45] and ge-

netic algorithms (GA) [46]. These solutions handle the problem

by training on the available data. The AI approaches can be

used in engineering because they simplify complex patterns.

Nonetheless, most of these solutions necessitate a pre-

determined foundation form, which requires substantial

memory. Additionally, when these approaches are applied,
the hidden neurons, which are found in vast numbers,

hamper the formation of a real correlation between inputs

and outputs. The ANN approach was used to forecast the

concrete strength integrating rice husk ash (RHA) and

reclaimed asphalt pavement (RAP) as partial replacements for

OPC and sand, respectively [47]. ANN's predictive strength

model demonstrated excellent unity with experimental data

from 66 datasets. Another investigation on using ANN in self-

compacting concrete (SCC) mix proportioning was examined

[48]. While these models generated an excellent correlation,

no empirical formulation was provided for practical use. This

is due to the ANN model's complicated architecture, which is

usually mentioned as a primary hurdle to the technique's
widespread adoption [49]. The accuracy of ANN and GP

modeling strategies for forecasting the punched shear

strength of slabs of concrete was evaluated in this study [50].

Due to the intricacy of ANN models, it was established that

they are prone to be overfitted when linked to the model

values. Additionally, in these models, multicollinearity was

reported. Further, it has been possible to forecast the me-

chanical properties of concrete using modified ANN methods

when additional materials, such as silica fume and recycled

aggregate been added to the mix. The properties forecasted

were the CS (f'c) and the elastic modulus (Ec), respectively [51].

As a result, a complex relationship was developed, therefore.

A specialized graphical user interface (GUI) was developed to

facilitate the practical deployment of the concept [52].

Genetic programming (GP) is an effective soft computing

technique that avoids assuming the past shape of an existing

connection while creating a new modeling model [53]. Gene

expression programming (GEP), a subset of genetic program-

ming (GP), entails using linear chromosomes of a defined

length to encode an elementary programme. GEP has the

advantage of describing its results in simplified mathematical

https://doi.org/10.1016/j.jmrt.2023.07.034
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equations that are easier to use in the real world while

providing a more accurate forecast. It has lately been adopted

instead of more conventional prediction approaches, most

notably in civil engineering [54e56].

Earlier researchers have focused on the experimental

method for determining the optimal amount of plastic to

utilize in PSPB to reach the desired standard strength [24,57].

Mechanical properties are critical when a material is

employed in the construction industry. The availability of

trustworthy equations to link the mixed proportion and me-

chanical properties of PSPB can help save money and time

while promoting its use in the building sector. Literature re-

veals no GEP model has yet been identified for predicting the

CS of PSPB composed of plastic, sand, and fibres. As a result,

this work aims to close this research gap by utilizing the GEP

approach to develop simplified empirical relationships

capable of adequately predicting the CS of PSPB. Creating a

precise model that correlates to the PSPB mixture proportion

is crucial for saving time, money, and significantly reducing

environmental impact. Consequently, the experimental data

was compiled and utilized based on previously published

work [22,58]. To evaluate the CS of PSPB, the GEP method was

utilized. Based on the R2 value, the difference between

experimental and predicted CS, and errors assessment (MAE,

MAPE, RMSLE, and RMSE), the results of the GEP model were

evaluated. The GEP technique is more precise than ML algo-

rithms for estimating the CS, according to prior studies

[59e61]. Nevertheless, identifying and recommending the

optimal ML strategy for predicting outcomes in various

research fields is challenging due to the fact that the efficacy

of anML approach is highly dependent on the number of input

parameters and datasets used to execute algorithms. The

application of such algorithms will benefit the construction

industry by fostering the development of rapid and cost-

effective methods for testing material properties.
2. Research methodology

In the following part, we will examine the methodologies

utilized in constructing empirical models of PSPB's mechani-

cal features. After the brief explanation of GP and GEP, the

research approach will be discussed in this investigation.

2.1. Overview of GP and GEP

Koza (1992) [62] explained how genetic and natural selection

concepts might be used for GP [39,63]. It introduces non-linear

structures (parse trees) instead of fixed-length binary strings

to make GP a more versatile programming tool. The evolution

of problem-solving computer programmes utilizes Darwinian

reproduction and artificial analogues of natural genetic oper-

ators, including reproduction, crossover, and mutation, to

tackle ill-defined challenges across several domains [62,64]. A

strategy is developed at the reproduction stage to determine

which programmes should be terminated. During the imple-

mentation phase, a predetermined proportion of the least

suitable trees are removed, while the leftover trees are added

to the population using the selected mechanism [65,66]. Sar-

demir (2010) [66] explains how the mutation approach
restricts the model from premature convergence. Fig. 3 illus-

trates how a computer programme evolves to use the GP

technique to resolve a problem.

The GP approach requires the specification of five signifi-

cant parameters: a set of terminals, fitness measures, primi-

tive functions, run controlling parameters, and a method for

defining results and termination criteria [62,66]. Although GP

represents three genetic operators, practically only tree

crossover is used, resulting in a massive population of parse

trees [62]. The other disadvantage of GP is the absence of an

autonomous genome. GP cannot create basic and rudimentary

expressions because its non-linear structures must serve as

both genotype and phenotype [63].

GEP is a variant of GP suggested by Ferreira [63] and is

established on the evolutionary population theory. It mixes

essential linear chromosomes (GA) with parse trees. The

required parameters correspond to those specified in the GP,

namely the (a) fitness function, (b) terminal set, (c) terminal

conditions, (d) function set, and (e) control parameters. Dur-

ing computer programme processing, this technique com-

pares a character string having a fixed length to a parse tree

of changing size in the GP. Individuals are recorded as fixed-

length linear strings (genomes) that are then expressed as

non-linear entities called expression trees (ETs). These ETs

are tree-like structures resembling chromosomes in various

sizes and forms [66]. This is analogous to claiming that GEP

separates genotype and phenotype and that programming

can use all evolutionary benefits [63]. A unique feature found

in GEP is that, to the next generation, it transfers only the

genome, eliminating the need to replicate and change the

general structure, as all mutations occur inside a basic linear

structure. Additionally, by a single chromosome, individuals

are generated that contain many genes classed as head or tail

[66]. Each GEP gene consists of a single variable of a defined

length, terminal sets of constants, and functions for per-

forming arithmetic operations. In the genetic code operator,

each chromosome symbol corresponds precisely to the cor-

responding function or terminal, having a one-to-one link.

The genetic process enables the evolution of chromosomal

diversity in the GEP [39]. To deduce this information, a new

language called Karva has been developed. The data required

to create empirical relationships are encoded in the chro-

mosomes. If the sequence of a gene is known, it is possible to

deduce the exact phenotype and vice versa. This is referred

to as Karva expression (K-expression) [63]. Karva's meta-

morphosis into the ET begins at the ET's leading position and

continues throughout the string. ET may be translated to the

K-expression by capturing nodes extending from the root to

the deepest layer [53]. Because the range of ETs changes in

the GEP algorithm, a precise amount of duplicated elements

are present that are not used for genome mapping. As a

result, the lengths of the GEP and K genes may or may not be

equal.

The algorithm of GEP is depicted in Fig. 4. The procedure

starts with producing random chromosomes of a set length

for all individuals. After that, ETs express these chromosomes,

and each fitness is determined. Physically acceptable in-

dividuals are picked to undergo the reproduction process.

Several generations of iterations with new individuals are

performed until the optimal solution is found. Genetic

https://doi.org/10.1016/j.jmrt.2023.07.034
https://doi.org/10.1016/j.jmrt.2023.07.034


Fig. 3 e Flow chart of GP [67].
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mechanisms such as reproduction, hybridization, and muta-

tion are employed for population change.

2.2. Data sample

In our investigation, data collection was based on laboratory-

based, genuine experimental testing. The PSPB was produced

with a variety of plastic-to-sand ratios and sand diameters, as

well as a variety of fibre percentages and lengths, including

coconut and basalt fibres. Previously, experimental testing

was performed to produce the dataset for modeling [22,58]. A

total of 135 specimens have been tested in the laboratory to

determine the CS. The frequency distribution and general data

descriptions utilized to create the model are depicted in Fig. 5

and Table 1. The data collected from these results contain

information about the amount of plastic (P), amount of sand

(S), sand size (SS), percentage of fibre (F), fibre length (Fl), fibre

diameter (Fd), the tensile strength of the fibre (Ft) and CS. Any

model's performance is influenced by its distribution [50]. The

parameters involved in this study, both input and output, are

shown in Table 2. The trials which have given the best result

are taken are processed further. In this research, efforts are

made to test and trainmodels utilizing the GEP technique. 70%
Fig. 4 e Flow cha
of the dataset was used in the training of the models, and 30%

of the data was used to test the models. The testing findings

complement the experimental testing results for various

models with excellent precision. Thus, the accuracy of the

model is already validated and tested using testing data for

different models utilized in the research. Moreover, re-

searchers from a wide variety of fields have hypothesised that

the success of the proposedmodel is heavily dependent on the

proportion of data points to the total number of inputs [50,69].

The ratio should be greater than 5 for the optimalmodel [69] in

order to test the efficacy of data points for determining the

relationship between selected variables. In the present study,

seven inputs were used to predict the CS of the PSPB, and the

resulting ratio of 19.2 satisfies the criteria established by the

researchers. The model was trained by training data through

genetic evolution, and the built-in model was validated

through test data or a validation set [54,70].

2.3. Development of model and evaluation measures

Before developing the model, selecting input factors is the

initial step that can affect the attributes of PSPB. Each

parameter in the dataset was thoroughly analyzed, and the
t of GEP [68].

https://doi.org/10.1016/j.jmrt.2023.07.034
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Fig. 5 e Frequency distribution of the data employed in model development.
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effectiveness of many preliminary trials was evaluated to

figure out which parameters have the greatest impact on the

PSPB properties to develop a generalized link. As a result, it is

assumed that the CS of PSPB is a function of the following

factors, as shown in equation (1). It should be mentioned that

multiple trials were conducted to determine the database's
authenticity and consistency, as shown in Table 3.

f 0c¼ fðP; S;SS; F; Fl; Fd; FtÞ (1)

It is essential to recognize that fitting parameters signifi-

cantly influence the robustness and generalizability of the

produced model. Using literature recommendations and
multiple initial trials, the GEP algorithm's suitable parameters

were determined [39]. The length of the programme is gov-

erned by the number of chromosomes in the population.

Based on the extensiveness and variety of the prediction

models available, the population size was determined to be

100. Based on the model's head size and gene count, the

software's architecture calculates the difficulty of each term

and the total number of sub-ETs. This research looked at

eight-sided head sizes and a three-sided gene count. Listed in

Table 4 are the model's GEP algorithm parameters.

The coefficient of correlation (R2) is one of the most often

used performance indicators. However, because R2 is

https://doi.org/10.1016/j.jmrt.2023.07.034
https://doi.org/10.1016/j.jmrt.2023.07.034


Table 1 e Aspects of descriptive statistics for variables used in modeling.

Statistical details Savnd Plastic Sand size Fibres F. Length F. dia fibre tensile

Mean 1343.28 550.91 0.16 12.81 2.07 0.01 220.74

Standard Error 8.89 8.49 0.03 1.70 0.20 0.00 44.29

Median 1330.90 572.10 0.08 0.00 0.00 0.00 0.00

Mode 1430.25 572.10 0.08 0.00 0.00 0.00 0.00

Standard Deviation 103.25 98.61 0.31 19.72 2.35 0.01 514.62

Sample Variance 10660.58 9724.87 0.10 389.01 5.52 0.00 264835.27

Kurtosis �0.17 0.52 18.66 0.50 �1.89 �1.73 2.04

Skewness �0.09 0.46 4.36 1.35 0.28 0.39 2.00

Range 381.40 381.40 1.62 66.75 5.00 0.02 1450.00

Minimum 1144.20 381.40 0.08 0.00 0.00 0.00 0.00

Maximum 1525.60 762.80 1.69 66.75 5.00 0.02 1450.00

Sum 181343.30 74373.00 22.15 1728.70 280.00 1.06 29800.00

Count 135.00 135.00 135.00 135.00 135.00 135.00 135.00
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unaffected by multiplying or dividing output values by a

constant, it cannot be used only tomeasure themodel's ability
to anticipate outcomes [53,71]. As a result, this study also

calculates mean absolute error (MAE), root mean square error

(RMSE), represent absolute percent error (MAPE), and root

mean square logarithmic error (RMSLE). Eqs. (2)e(6) provide

the mathematical formulations for these error functions and

Table 5 shows the range of these statistical parameters,

respectively.

R2 ¼
Pn
i¼1

ðMi �MiÞðPi � Pi

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

ðMi �MiÞ2
Pn
i¼1

ðPi � PiÞ2
s (2)

MAE¼ 1
n

Xn

i¼1
jPi �Mij (3)

RMSLE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ðlogðyiþ 1Þ � logðby þ 1ÞÞ2
vuut (4)

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1ðPi �MiÞ2
N

s
(5)

MAPE¼ 1
n

Xn

i¼1

����Pi �Mi

Pi

���� (6)

where Pi ¼ ith experimental output, Mi ¼ with model outputs,

n ¼ the total number of samples, Mi ¼ average values of the

experimental, and Pi ¼ average value of the model outputs.
Table 2 e Input and output parameters of PSPB.

Parameters Abbreviation

Input variables

Plastic (kg/m3) P

Sand (kg/m3)

Sand size (mm)

S

SS

Fibre percentage (kg/m3) F

Fibre length (mm)

Fibre diameter (mm)

Fibre tensile strength (MPa)

Fl

Fd

Ft

Output variable

CS (MPa) fc'
3. Results and discussion

Fig. 6 depicts the GeneXproTool-provided expression trees

(ETs), which are decoded to yield an empirical expression for

predicting the CS of PSPB. It employs only the four elementary

arithmetic operators, namely, addition, division, subtraction,

and multiplication. The basic expression that may be derived

from these expression trees is represented by equation (7).

Which is made up of separate variables, A (taken from Sub-ET

1), B (taken from Sub-ET 2), and C (taken from Sub-ET 3).
3.1. GEP formulation of PSPB for f'c

The f'c is formed using a model based on several genes and a

head size of 3 and 8, respectively. The simplified equation

used to estimate the CS, f0c, of PSPB in MPa is Equation (7). It

consists of three variables, A, B, and C, represented by Equa-

tions (8)e(10).

f 0c ðMPaÞ¼AþBþ C (7)

A¼ Ln

�
P�ð8:40�FtþFÞ� S

7:25

�
(8)

B¼
�
SSþ FL�ð294:62�FtÞ� fdþ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:37� F3

p �
(9)

C¼ð5:63�ðLnðSSÞ� Lnð6:93ÞÞþ LnðSSÞþ 6:33Þ (10)

Using the dataset, the GEP CSmodelwas used to predict CS.

The efficacy of the model was assessed on both the training

and testing datasets. Fig. 7a displays that the coefficient of

determination (R2) for the training model is 0.89. This in-

dicates that the model can account for 89% of the variance in

CS values among training data. The error distribution between

the actual values and the model's predicted values for the

training set is depicted in Fig. 7b. The mean error value of

0.762 MPa indicates a deviation of 0.762 MPa on average be-

tween the predicted and actual CS values in the training set. It

is reported that the maximum and minimum discrepancies

were 3.587MPa and 0.001MPa, respectively. Fig. 7c displays an
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Parameters Settings

General f'c
Chromosome

Genes

100

3

Head size 8

Linking function

Function set

Addition

þ, x, ÷, �
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R2 value of 0.88 for the testing model, indicating that the

model can explain 88% of the variance in CSwithin the testing

data. The error distribution for the testing set is illustrated in

Fig. 7d. The testing model is reported to have an average error

of 0.76 MPa, with a maximum error of 3.152 MPa and a mini-

mum error of 0.002 MPa. The average error found between

both the training and testing models was just 0.76 Mpa, indi-

cating their success. The constructed model appropriately

accounts for the effect of each of the seven input factors when

predicting f'c for PSPB. The findings in Fig. 7 show a strong

correlation, having the R2 values of 0.89 and 0.88 for the

training and test sets, respectively, indicating the model's
superior performance. These high R2 values indicate that the

model adequately explains the variability in PSPB CS, sug-

gesting that it can accurately predict the CS of plastic sand

paver blocks. This information is useful for evaluating the

structural integrity and durability of these blocks in various

applications. The number of datasets used to develop the

proposedmodels substantially affects their reliability [39]. The

maximum number of specimens (i.e., 135 for f'c) was obtained

from the experimental study, resulting in higher accuracy.

3.2. Model validation

According to the research findings, the quantity of data in the

database should be no less than 3, the amount of data input,

and ideally larger than 5, for effectivemodels [50,69]. The ratio

is much greater than 19 for f'c in this investigation. No GEP

model estimating the CS of PSPB composed of plastic, sand,

and fibres have been identified in the literature. As a result of

this research, non-linear regressionmodels for estimating the

CS of PSPB were developed, and their findings were compared

to those obtained using the GEP model. Therefore, R2 was

utilized for improved efficacy. If R2 values are closer to one and

add up to one, this indicates that the model applied maximal

variability between input parameters. In RMSE, larger errors

are professionally resolved as opposed to smaller ones. If the

RMSE value is close to or equal to 0, it indicates that the pre-

diction error is negligible [73]. However, optimal efficacy is not
Table 5 e Statistical parameter ranges and their
associated error values [72].

Assessment Criteria Range Accurate model

MAE [0, ∞) smaller value, the better

RMSE [0, ∞) smaller value, the better

MAPE [0, 0.5] smaller value, the better

RMSLE [0, ∞) smaller value, the better

R2 value (0,1] bigger value, the better

https://doi.org/10.1016/j.jmrt.2023.07.034
https://doi.org/10.1016/j.jmrt.2023.07.034


j o u r n a l o f ma t e r i a l s r e s e a r c h a nd t e c hno l o g y 2 0 2 3 ; 2 5 : 5 7 0 5e5 7 1 95714
guaranteed in specific circumstances. Consequently, the MAE

was also calculated. MAE is extraordinarily valuable if

continuous and steady data are available [74]. The statistical

deviations between the predicted values and the actual ones

are laid out in Table 6. The results indicated that the MAE for

GEP was 0.76 MPa, and the MAPE was 4.50%, while the RMSE,

RMSLE, and R2 were 1.10, 0.002, and 0.89, respectively. Ac-

cording to the statistical measurements, the GEP model's
ability to predict PSPB CS is supported by the fact that the
Fig. 6 e Expression tree with constants and v
actual and projected values are closer together. The GEP

model beats other machine learning (ML) methods in terms of

its capacity to determine a strong correlation between non-

linear input and output variables [59,64].

3.3. Sensitivity analysis

The GEP model is subjected to a sensitivity analysis (SA). The

SA establishes the relative contribution of each input
ariables for the GEP model of fꞌc for PSPB.

https://doi.org/10.1016/j.jmrt.2023.07.034
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Fig. 7 e (a) GEP CS training model. (b) GEP CS error distribution of the training model. (c) GEP CS testing model. (d) GEP CS

error distribution of the testing model.
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parameter to the outcome. SA is technically implemented

using equations (11) and (12).

Ni ¼ fmaxðxiÞ � fminðxiÞ (11)

SA¼ NiPj¼1

n
Nj

(12)

where,
Table 6 e The GEP model's statistical error during the
validation stage.

Models CS

MAE 0.76

RMSE 1.10

RMSLE 0.002

MAPE 0.045

R2 Value 0.89
fminðxiÞ ¼ predicted model (minimum output).

fmaxðxiÞ ¼ predicted model (maximum output).
Fig. 8 e Input parameters contribution to CS.

https://doi.org/10.1016/j.jmrt.2023.07.034
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Fig. 9 e K-fold cross-validation statistical checks applied for CS for PSPB.
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i ¼ expressing the domain of the input variables while

holding other variables constant.

As illustrated in Fig. 8, each parameter is critical in fore-

casting the CS of PSPB. Sensitivity analysis reveals that sand

size and fibre percentage significantly impact the actual

contribution of CS, which is greater than 50%. Previous re-

searchers have indicated the same result, and it was revealed

that increasing the size of the sand particle lowered the CS as

porosity increased [57]. In contrast, finer sand and adding fi-

bres enhanced the CS of PSPB [22]. This is why the sand size

accounts for around 32.22% of the total, whereas fibre ac-

counts for approximately 23.09%. The remaining five param-

eters' contributions are as follows: i.e., fibre tensile strength,

fibre diameter, fibre length, plastic, and sand contribute about

7.78%,15.07%,4.03%,7.78%, and 10.02%, respectively.

3.4. Cross-validation

Evaluation of the actual efficacy of ML models is accom-

plished through the utilisation of a statistical method known

as cross-validation. It is crucial to have a solid understanding

of how well the models work. Because of this, a validation

process needs to be carried out to determine the precision of

the model's data. The database is shuffled arbitrarily and

then divided into k subgroups for the k-fold validation test.

The experimental results from the given study are evenly

split into k10 data subsets. It employs nine of ten subsets,

with the remaining one serving as a validation set. After that,

ten repeats of the identical procedure are performed to

obtain the mean accuracy of these ten repetitions. The

tenfold cross-validation method is commonly considered as

adequately representing the conclusion and validity of the

model [72,75].

K-fold cross-validation is a method that may be utilized

to investigate the test set for bias and variance reduction,
namely (a) root mean square error (RMSE), (b) correlation

coefficients (R2), (c) root mean square logarithmic error

(RMSLE) and (d) mean absolute error (MAE) are used to

assess the cross-validation results for CS, as illustrated in

Fig. 9. The CS model's k-fold cross-validation results

revealed encouraging performance metrics. The average

value of the coefficient of determination (R2) was 0.84, with

a maximum of 0.96 and a minimum of 0.72. This indicates

that the model is able to account for a significant percentage

of the variability that is present in the target variable. In

addition, the mean absolute error (MAE) ranged from 0.41 to

0.58, with an average value of 0.48. The average value of the

root mean square error (RMSE) was 0.61, with a maximum of

0.66 and a minimum of 0.58. These values represent the

standard deviation of the model's prediction errors. The root

mean square logarithmic error (RMSLE) yielded favorable

results, averaging 0.032, with a maximum of 0.039 and a

minimum of 0.027. Overall, these metrics indicate that the

CS model accurately predicts the objective variable, thereby

providing valuable insights into the field of the construction

sector.
4. Conclusions

The GEP technique is used in this paper to offer formulations

for predicting f'c from many essential parameters of PSPB.

This is a novel approach for such situations. As CS is the pri-

mary characteristic of PB, no GEPmodel has been developed to

evaluate the CS of PSPB. A significant and reliable database

was built following a thorough experimental examination.

Statistical indices such as R2, RMSLE, RMSE, MAPE, and MAE

were employed to evaluate the models. Based on the statisti-

cal parameter values, each model can correctly calculate the

CS of PSPB. The GEP model's outcomes are explored. External

https://doi.org/10.1016/j.jmrt.2023.07.034
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validation and parametric analyses were also performed to

ensure the results' accuracy.
The following are the specific outcomes of this study.

1. These results show that GEP models have higher accuracy

in terms of forecasting.

2. GEP formulations produce findings more consistent with

experimental data with R2 values of 0.89 (training) and 0.88

(testing) for CS, respectively.

3. A CS equation for PSPB is obtained using the GEP model,

which can be used to calculate the CS of PSPB.

4. To validate the k-fold validation findings, statistical mea-

sures such as R2, MAE, RMSE, and RMSLE were employed.

These parameters indicated that all of the models pro-

duced good outcomes.

5. The sensitivity analysis reveals that the model adequately

predicts CS when the input parameters are used, with sand

size and fibre percentage being the primary impacts in this

study.
5. Future recommendation

This study proposed using GEP to predict the strength prop-

erty of PSPB. The models created in this work are used to

forecast the CS of PSPB. These models predicted PSPB

strengths with high accuracy and reliability, as evidenced by

statistical characteristics. A similar approach can be used to

determine the PSPB's split tensile and flexural strengths. By

utilizing machine learning techniques, it is possible to antic-

ipate the strength properties of PSPB without casting them in

the laboratory. However, the adoption of additional super-

vised machine learning algorithms would provide a more ac-

curate estimate of the accuracy of the machine learning

techniques used. Other ensemble machine learning tech-

niques (for example, bagging, boosting, and Adaboost) may be

more successful in predicting the CS of PSPB.
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