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Abstract: Recent research has focused on assessing the effectiveness of response surface methodology
(RSM), a non-machine learning technique, and artificial neural networks (ANN), a machine learning
approach, for predicting concrete performance. This research aims to predict and simulate the
compressive strength of concrete that replaces cement and fine aggregate with waste materials such
as eggshell powder (ESP) and waste glass powder (WGP) for sustainable construction materials.
In order to ensure concrete’s durability and structural integrity, a compressive strength evaluation
is essential. Precise predictions maximize efficiency and advance sustainability, particularly when
dealing with waste materials like ESP and WGP. The response surface methodology (RSM) and
artificial neural network (ANN) techniques are used to accomplish this for practical applications in
the built environment. A dataset comprising previously published research was used to assess ANN
and RSM’s predictive and generalization abilities. To model and improve the model, ANN used seven
independent variables, while three variables, cement, waste glass powder, and eggshell powder,
improved the RSM. Both the ANN and RSM techniques are effective instruments for predicting
compressive strength, according to the statistical results, which include mean squared error (MSE),
determination coefficient (R2), and adjusted coefficient (R2 adj). RSM was able to achieve the R2 by
0.8729 and 0.7532 for compressive strength, while the accuracy of the results for ANN was 0.907
and 0.956 for compressive strength. Moreover, the correlation between ANN and RSM models and
experimental data is high. The artificial neural network model, however, exhibits superior accuracy.

Keywords: artificial neural networks; response surface methodology; waste materials in concrete;
eggshell powder; waste glass powder; compressive strength

1. Introduction

For a long time, there have been serious concerns regarding CO2 emissions [1]. Cement
is a fundamental building ingredient and its production can result in significant CO2
emissions [2]. Therefore, it is critical to look for innovative ways to fulfill the objective
of low-carbon development [3]. Prior research has indicated that mixing various waste
materials into construction materials might effectively lower CO2 emissions [4–6]. When
producing concrete mix, a variety of components are mixed with water and additives,
including cement, coarse aggregate, and fine aggregate [7]. The use of a lot of cement,
together with oxides of sulfur and nitrogen, significantly contributes to greenhouse gas
emissions (about 7% of global emissions). The production of 1000 g of cement releases
90 g of CO2 into the atmosphere [2,8]. In the modern day, researchers are becoming more
interested in recycling waste materials due to the increasing demand for aggregates and
cement in concrete and the need to preserve natural resources in an environmentally
responsible manner [9].
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Numerous trash dumps in open areas disperse infectious germs throughout our
atmosphere and pollute the ecology [10]. The organic component causes the eggshell to
become toxic. It is impacted by rats and worms, which become a public health hazard [11].
Eggshell trash is one type of solid waste that can be found in bakeries, factories, homes,
poultry farms, and egg-laying farms, among other places [12]. In place of limestone, an
eggshell has 94% calcium carbonate (CaCO3), 1% calcium phosphate (Ca3(PO4)2), 1%
magnesium carbonate (MgCO3), and 4% organic content [13–16]. Eggshell powder (ESP)
shares a chemical composition with limestone [17]. When ESP is used in place of cement,
the hydration process is accelerated and early compressive strength is provided in the form
of better mechanical properties. The hard outer shell of an egg, known as an eggshell, is
one kind of agricultural waste. Because egg production has been steadily rising globally, it
is anticipated that the annual production of eggshells will exceed 8 million tons [12]. The
chemical component calcium carbonate (CaCO3), which is essential to the composition
of eggshells, is needed for the development of calcium-silicate-hydrate (C-S-H) gel in
cementitious composites [18]. For this reason, part of the cement and fine aggregate in
building materials can be substituted using waste eggshell powder (WEP) [12].

Apart from ESP, the non-biodegradable nature of waste glass powder (WGP) also
leads to serious environmental issues [19]. The severity of the growing WGP pollution
in the ecosystem, including in the water and soil, is made worse by the lack of land-
fills for it. Recycling WGP is therefore an appropriate way to lessen the environmental
problem [20,21]. In our daily lives, WGP is quite prevalent. It is present in many different
products, including windows, bottles, and lightbulbs, all of which have a limited lifespan
and should be reused in order to prevent the environmental problems associated with
landfilling and stockpiling [22]. According to the standard ASTM C618-19, when waste
glass is finely ground into powder, it is considered a pozzolanic or cementitious material
since it contains a significant amount of silicon, calcium, and amorphous structure [23].
The mechanical impact of WGP as a cement substitute was examined in earlier research.
WGP was substituted for OPC as supplemental cementitious material (SCM) up to a weight
percentage of 25%, and its mechanical and physical characteristics were examined [24]. The
findings demonstrated that WGP enhanced the mortar’s absorption, tensile strength, and
compressive strength, and decreased the density and void ratio. As a result, it can be said
that WGP may be used to partially replace OPC.

Testing concrete in a lab to determine its strength requires a significant consumption
of time and money [25]. Several factors could impact the strength of concrete even when it
has ESP and WGP. Artificial neural networks (ANN), response surface methodology (RSM),
and other machine learning approaches are now frequently utilized for predicting various
scientific challenges [26]. For a long time, machine learning techniques have been used
to forecast the performance of different parameters. But in recent years, its application in
civil engineering has grown significantly [27]. Artificial neural networks (ANN) are one
of the most often used approaches among the several ML-based solution types. Without
taking into account explicit mathematical equations, the ANN can reliably find and learn
underlying correlations between input and output data [28]. Furthermore, regardless of
assumptions regarding mathematical models, ANN-based solutions are seen as a viable
substitute for conventional statistical analytic techniques for function approximation and
data fitting [29]. This kind of technique has also been used to determine the constituent
properties of concrete materials. For example, it has been used to determine the nanoscopic
elastic modulus of various cementitious matrix phases [30] and the abrasion performance
of a geopolymer based on fly ash [31]. Additionally, numerous researchers explored how
carbon nanotubes affect the mechanical characteristics of novel cement compositions using
the ANN approach [32]. An input layer, one or more hidden layers, and an output layer
make up an ANN [33]. Although ANNs may forecast more accurately than other statistical
models, they are susceptible to local optimization as opposed to global optimization, just
like other classical optimization techniques [34].
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A thorough mathematical and statistical technique for modeling and assessing ex-
perimental problems is the response surface method (RSM) [35]. Multiple simultaneously
varying factors are fitted to a quadratic function in RSM [36]. Compared to the laborious
one-element-at-a-time strategy, which also ignores the interactions between factors, RSM
provides a number of advantages for optimization [37]. RSM uses a mathematical model to
forecast the desired qualities by proportioning the constituent materials to create an ideal
blend [38]. This method is frequently used for experiment design and optimization, but
its application in the concrete industry is very limited [39]. Moreover, RSM has been used
in different studies on cement and concrete [40–42], but it has not been used much with
concrete that has WGP and ESP. Therefore, the primary focus of this study is on applying
RSM to forecast and optimize the compressive strength of ESP and WGP concrete. Lately,
there has been an increase in interest among researchers in investigating the suitability of
ANN machine learning modeling techniques and RSM (non-machine learning technique)
for identifying practical solutions to problems. In order to compare the impacts of eggshell
powder and recycled waste glass on concrete compressive strength, this study uses RSM
and ANN to substitute cement and fine aggregate partially. In this study, ANN and RSM
models were constructed using experimental data. The statistical measurements of mean
square error (MSE), coefficient of determination (R2), and correlation coefficient (R) were
used to assess and compare the accuracy of the created models. To the best of the authors’
knowledge, this is the first study to compare RSM with ANN for the purpose of forecast-
ing mechanical qualities, including waste materials like eggshell powder and recycled
waste glass.

2. Methodology

The study incorporates key parameters, ANN and RSM models, and dataset selec-
tions from earlier studies. MATLAB’s Artificial Neural Fitting and Design Expert’s central
composite design were utilized to create input–target variable relationships in order to
generate the prediction model. To ensure the model’s reliability, datasets from the literature
were employed. Engineering judgment was utilized to eliminate jumbled entries brought
on by human error and improve dataset quality. Using R, R2, and MSE, the prediction
model’s performance was assessed. These metrics offer a comprehensive assessment of
the prediction ability and accuracy of the model. The impact of significant input elements
on the prediction of concrete compressive strength was examined using a thorough para-
metric analysis. The purpose of this approach is to clarify the relative importance of the
constituents of concrete strength.

2.1. Selection of Dataset

Creating accurate predictive models requires a dependable and complete dataset. This
study used a complete literature review to collect data from previous research. Dataset
acquisition was complicated by concrete compressive strength modeling. This analysis
included data from 225 concrete examples from previous research [43,44]. Cement (kg/m3),
fine aggregate (kg/m3), water (kg/m3), Silica fume (kg/m3), superplasticizer (kg/m3),
eggshell powder (kg/m3), waste glass powder (kg/m3), and compressive strength (MPa)
are the inputs and outputs of this model.

2.2. Artificial Neural Network (ANN)

ANNs are built upon the concept of biological neural networks. Artificial neural
networks (ANNs) are highly efficient methods for forecasting, grouping, identifying, and
organizing data [44,45]. Their learning capabilities from training data are excellent and
serve as “black boxes.” As shown in Figure 1, a basic neural network is composed of an
input layer that takes in input variables and an output layer that produces output signals.
Hidden layers are sometimes defined as the layers that sit between the input and output
layers. Selecting the right hidden layer is essential because too many hidden layers cause
the model to overfit, while too few hidden layers cause the model to underfit [46]. In
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addition, the presence of additional hidden layers in the model leads to an increase in the
estimation time [47]. The intermediate computations that determine the neural network’s
output value are carried out by the hidden neurons that make up the hidden layers. Table 1
describes the statistical features of the data. The synaptic weight (wi) is multiplied by
each input (xi). During the learning process, the weights are adjusted to obtain a certain
level of accuracy. Applying bias, hidden layer neurons compute the weighted sum of the
incoming signals (b). Bias is eliminated when there is insufficient meaningful input data,
enabling the neuron to modify output independent of input values. Y is output following
the transmission of the total through the activation function (f):

Y = f (∑ wi ∗ xi + bni) (1)
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Table 1. Statistical summary of input and output parameters.

Input Parameters Output Parameter

ESP WGP Compressive Strength

Statistical indicators kg/m3 kg/m3 MPa
Minimum value 0.00 0.00 29.70

Mean value 32.06 32.06 44.65
Maximum value 121.50 121.50 64.98

Standard Deviation 40.46 40.46 6.77

Since the learning algorithm is the quickest method for training small feedforward
neural networks, it was incorporated into the ANN model [49,50]. Additionally, in super-
vised learning scenarios, such as the ones in our study, it is the main response. The sigmoid
activation function is often used in research [51]. The algorithm computes the variance
between the expected and actual values. Adjusting weights and bias using the learning
process sends the error back to the network [52].

2.3. Response Surface Methodology (RSM)

In RSM, independent variables (input parameters) interact with one or more responses
(output parameters). It may estimate output parameters and produce a precise model
with less experimental data [53]. This strategy is used when multiple variables affect the
response. For each response, this study generated a central composite design (CCD) model,
an RSM experimental design for second-order (quadratic) model prediction. The complete
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methodology employed in this investigation is visually depicted in Figure 2. Furthermore,
Table 2 presents the factors and their respective ranges of variation.
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The DESIGN EXPERT software (v11) was utilized to perform CCD data analysis and
accomplish multi-variable optimization. The number of experiments is determined using
Equation (2).

N = 2K + 2K + C (2)

where k, 2 k, and C were explained [53]. The center, axial, and factorial points are shown
by CCD in Figure 3. Based on Equation (2), a total of 13 experimental points were recom-
mended for the study. These points consisted of 5 factorial points without replication (2k),
4 axial points without replication (2k), and 1 center point with 4 replications (c).
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The best response was ascertained by applying the quadratic model or second-order
polynomial in Equation (3).

y = β0 + ∑ βixi + ∑ βiixi
2 + ∑ βiixixj (3)

where y is the anticipated response value, β0 is the intercept of the model, βi represents the
linear coefficients, βii refers to quadratic coefficients, and βii are coefficients of the variables’
interaction. xi and xj are the independent variables [35].

Table 2. Compressive strength factor levels for RSM.

Factors Response Code
Factors Level of Code

Intermediate Level 0 High Level +1 Low Level −1

Cement (kg/m3) 1 A 749.25 810 688.5
w/c 1 B 0.2727 0.2948 0.2506

Cement (kg/m3) 2 A 728 810 646
ESP (kg/m3) 2 B 50.75 121.5 0

Cement (kg/m3) 3 A 686 760 612
ESP (kg/m3) 3 B 54 108 0

Cement (kg/m3) 4 A 728 810 646
WGP (kg/m3) 4 B 70.25 121.5 19

3. Results and Discussion
3.1. Predicting Compressive Strength Using RSM

The CCD model was used in this study for analyzing six responses in compressive
strength, which included cement, water/cement, ESP, and WGP as a variable. In Table 3
you can see the responses for 225 different mix designs. The regression coefficient, which
indicates the direction of the association between a predictor and the response variable,
and the p-value were two statistical criteria that were examined in an analysis of variance
(ANOVA) [27]. ANOVA is a suitable statistical method for investigating the relationship
between responses and changes, much like regression. The results indicate that the correla-
tion coefficient values for some responses are above 90%, which is deemed satisfactory. As
a 3D view, response 1’s compressive strength, contour graph, predicted vs. actual results,
and perturbation are shown in Figure 4.

The equations generated from Equation (4) were used to calculate the mathematical
prediction of compressive strength for response 1.

C.S for response 1 = 47.07 + 2.99 A − 2.06 B − 0.3475 AB − 8.58 A2 − 0.3607 B2 (4)

where A and B represent the variables (cement and water/cement).
The model’s F-value of 105.03 indicates that the model is statistically significant. The

probability of an F-value of this magnitude occurring solely due to noise is only 0.01%. The
p-value was 0.0001 less than 0.0500 indicates the model’s terms are significant [55]. It is
noteworthy that A, B, and A2 hold considerable importance as model terms. Values beyond
0.1000 suggest that the model’s terms lack significance. As shown in Figure 4a, the highest
compressive strength predicted was 49.08 MPa at a cement content of 761 kg/m3 and w/c
0.25, while the lowest compressive strength predicted was 33.72 MPa at a cement content
of 689 kg/m3 and w/c 0.29. The distribution of predicted and actual values (predictions
vs. actual values) for compressive strength is displayed in Figure 4b, where the data once
more follows a straight line. The predicted R2 of 0.8729 is in reasonable agreement with
the adjusted R2 of 0.9775; i.e., the difference is less than 0.2. Adeq precision measures the
signal-to-noise ratio. A ratio greater than four is desirable. Hence, a ratio of 28.688 indicates
an adequate signal. This model can be used to navigate the design space. As shown in
Figure 4c, the process order was quadratic. The perturbation plot for response 1 presented
in Figure 4d revealed that all two factors have a significant influence on compressive
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strength. Figure 5 displays the compressive strength of response 2 in several formats,
including a 3D view, contour graph, predicted vs. actual results, and perturbation.

The equations generated from Equation (5) were used to calculate the mathematical
prediction of compressive strength for response 2.

C.S for response 2 = 51.12 + 7.49 A − 1.10 B + 3.03 AB − 2.18 A2 − 6.55 B2 (5)

where A and B represent the variables (Cement and ESP).
The predicted compressive strength was 43.09, 45.93, 46.84, 45.75, 42.58, and 37.85 MPa

at ESP contents of 0, 24.3, 48.6, 72.9, 97.2, and 121.5 kg/m3, respectively, as shown in
Figure 5a.

The points were far from a straight line, which indicates that the R2 decreased signifi-
cantly as shown in Figure 5b. The perturbation diagram is shown in Figure 5d to better
understand the effect of cement and ESP on the compressive strength at a given point.
A steep slope with an increasing trend was observed for both cement and ESP, which
means that the compressive strength increased with an increase in cement and ESP. The
model’s F-value of 4.89 implies the model is significant. There is only a 3.04% chance that
an F-value this large could occur due to noise. The p-values were 0.0304 less than 0.0500,
which indicates that the model’s terms are significant. In this case, A is a significant model
term. The predicted R2 of 0.6083 is in reasonable agreement with the adjusted R2 of 0.6183;
i.e., the difference is less than 0.1. Adeq precision measures the signal-to-noise ratio. A ratio
greater than four is desirable. Our ratio of 7.823 indicates an adequate signal. This model
can be used to navigate the design space.

Figure 6 shows, as a 3D view, response 3’s compressive strength, a contour graph,
predicted vs. actual results, and perturbation. The mathematical estimate of compressive
strength for response 3 was computed using the equations derived from Equation (6).

C.S for response 3 = 44.33 + 7.94 A + 0.1233 B − 0.5375 AB +1.07 A2 − 6.95 B2 (6)

where A and B represent the variables (cement and ESP).
The equation, in terms of coded factors, can be used to make predictions about the

response for given levels of each factor. By default, the high levels of the factors are coded
as +1 and the low levels are coded as −1. The coded equation is useful for identifying the
relative impact of the factors by comparing the factor coefficients [36]. The compressive
strength significantly increased at a cement content of 723 kg/m3, with increases of 12%,
16.31%, 12.71%, and 0.72% seen for 27, 54, 81, and 108 kg/m3 of ESP, respectively, compared
to 0 ESP, as shown in Figure 6a. The model is deemed significant based on its F-value
of 5.16. The probability that an F-value this great may be the result of noise is merely
2.66%. The model’s terms are significant when the p-values are less than 0.0500, which
is 0.0266 in this case. The predicted R2 of 0.6533 is in reasonable agreement with the
adjusted R2 of 0.7035; i.e., the difference is less than 0.1, as shown in Figure 6b. As shown
in Figures 6 and 7c, the process order was quadratic. As shown in Figure 6c, the highest
predicted compressive strength was 59.6 MPa, and the lowest predicted compressive
strength was 29.7 MPa. Figures 6 and 7d are perturbation plots, which illustrates the effect
of all the design parameters at a center point in the design space.

Figure 7 displays the compressive strength for response 4 as a contour graph, a 3D view,
predicted results compared to real results, and perturbation. With the equations obtained
from Equation (7), the compressive strength for response 4 was mathematically estimated.

C.S for response 4 = 42.97 + 1.77 A + 3.10 B + 4.31 AB +1.42 A2 − 1.13 B2 (7)

where A and B represent the variables (cement and WGP).
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The model’s F-value of 3.74 implies there is a 5.73% chance that an F-value this large
could occur due to noise. The model’s terms are considered significant when the p-values
are less than 0.0500, and in this case, the p-value is 0.0473. The contour lines that followed
the axes of WGP and cement were denser, as seen in Figure 7a, suggesting that the WGP
and cement content have a bigger impact on compressive strength. The p-values are less
than 0.05 when the mechanical properties are assessed using ANOVA, as demonstrated in
Table 3, suggesting that the model is very significant [35,39].

Table 3. ANOVA results for the parameters of the quadratic model for the compressive strength.

Response 1 Response 2

Source Sum of
Squares

Mean
Square F-Value p-Value Source Sum of

Squares
Mean

Square F-Value p-Value

Model 325.62 65.12 105.03 <0.0001 significant Model 569.92 113.98 4.89 0.0304 significant
A-A 53.76 53.76 86.71 <0.0001 A-A 337.05 337.05 14.45 0.0067
B-B 25.46 25.46 41.07 0.0004 B-B 7.22 7.22 0.3095 0.5953
AB 0.483 0.483 0.779 0.4067 AB 36.66 36.66 1.57 0.2501
A2 203.35 203.35 327.97 <0.0001 A2 13.07 13.07 0.5605 0.4785
B2 0.3593 0.3593 0.5795 0.4714 B2 118.51 118.51 5.08 0.0588

Residual 4.34 0.62 Residual 163.23 23.32
Lack of Fit 4.34 1.45 Lack of Fit 163.23 54.41
Std. Dev. 0.7874 Adjusted R2 0.9775 Std. Dev. 4.83 Adjusted R2 0.7183

Mean 42.95 Predicted R2 0.8729 Mean 47.09 Predicted R2 0.7045

C.V. % 1.83 Adeq
Precision 28.688 C.V. % 10.25 Adeq

Precision 7.823

Response 3 Response 4

Source Sum of
Squares

Mean
Square F-Value p-Value Source Sum of

Squares
Mean

Square F-Value p-Value

Model 520.93 104.19 5.16 0.0266 significant Model 157.44 31.49 3.74 0.0473 significant
A-Cement 378.1 378.1 18.71 0.0035 A-Cement 18.76 18.76 2.23 0.1791

B-ESP 0.0913 0.0913 0.0045 0.9483 B-WGP 57.6 57.6 6.84 0.0346
AB 1.16 1.16 0.0572 0.8178 AB 74.39 74.39 8.84 0.0207
A2 3.17 3.17 0.1569 0.7038 A2 5.58 5.58 0.6632 0.4423
B2 133.54 133.54 6.61 0.037 B2 3.52 3.52 0.4179 0.5386

Residual 141.45 20.21 Residual 58.91 8.42
Lack of Fit 141.45 47.15 Lack of Fit 58.91 19.64
Std. Dev. 4.5 R2 0.7864 Std. Dev. 2.9 R2 0.7277

Mean 41.62 Adjusted R2 0.7339 Mean 43.11 Adjusted R2 0.6756
C.V. % 10.8 Predicted R2 0.6954 C.V. % 6.26 Predicted R2 0.6512

Adeq
Precision 7.692 Adeq

Precision 9.8965

3.2. Predicting Compressive Strength Using ANN

Using this accessible test data, a neural network model was created, trained, and
evaluated. A desired artificial neural network (ANN) was constructed using a data set that
included 225 data samples collected from the experimental experiments. The ANN models
for compressive strength in this study were developed using a feedforward backpropaga-
tion algorithm. The modeling process utilized 70% of the 157 samples, while the testing
and validation set each consisted of 15% (34 samples) of the total dataset. Feedforward
backpropagation included a training function (TRAINLM), an adaptation learning function
(LEARNGDM), the number of layers was 2, the number of neurons was 10, and a trans-
fer function (TANSIG). The study allayed concerns about overfitting by proving that the
accuracy gains shown in the training dataset carried over into the validation dataset [56].
Table S1 displays the MSE values for the compressive strength.

Figure 8a displays the ANN model’s training state and shows that errors are repeated
six times after epoch 0 and that the test ended at epoch 21. The weights from the first
epoch, 0, are taken as the final weights and considered the reference point. Hence, the
validation check is six since the faults occur six times before the procedure is terminated.
Epoch 15 outperformed the others in the validation of the artificial neural network model,
as shown by Figure 8b, with a mean squared error of 5.8901. The ability of the model to
predict compressive strength with an R2 value of 0.907 is demonstrated by the non-linear
correlation between the input variables in Figure 8c. To further illustrate the difference
between the real and anticipated values, Figure 8d shows the distribution of error bins.
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The high proportion of the dataset falling into smaller error bins suggests that the model’s
predictions for concrete’s compressive strength are likely quite accurate.
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compressive strength.

The absolute error distribution between the expected and experimental results is
shown in Figure 9. Figure 10 shows the inputs of ANN and outputs of ANN as a Parallel
Coordinates plot. An outline of the biggest inaccuracy in the ANN model may be found
in this figure. The analysis of the absolute errors for CS showed that the maximum error
observed was 5.97 MPa, while the lowest error seen was 5.24 MPa. According to this result,
there may not be much of a difference between the targets and the predictions made using
the ANN equations. Understanding that events with higher mistake frequencies are less
prevalent is important.
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3.3. Validation of RSM and ANN in Mechanical Properties

The RSM and ANN approaches were used in this study to forecast compressive
strength. ANN-based degrees of experimentation and RSM have emerged as the most
widely used model and process optimization techniques in recent years [57]. We looked at
the correlation between the projected and observed numbers to determine how accurate
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the mathematical models were. The significant correlation confirmed that the mathematical
models accurately predicted the outcomes. Table S1 displays the statistical evaluation and
performance of the response surface methodology (RSM) and artificial neural network
(ANN) models that were constructed. The results showed that, for both methods, the
projected values of the compressive strength model agreed well with corresponding experi-
mental values. Nevertheless, it has been observed that the RSM models for pre-designed
mixes have limitations in their ability to accurately anticipate reactions when compared
to artificial neural networks (ANN). The link between the expected and actual results
of the RSM and ANN models was assessed using the determination coefficient (R2) in
order to verify the suitability of the finished models. Using the statistical characteristics
shown in Tables 3 and S1, the created response surface method (RSM) and artificial neural
network (ANN) models were assessed for correctness. Compared to the RSM techniques,
the precision of the ANN-estimated R2 was higher, and the results were significantly closer
to one. As a result, the ANN-generated models demonstrated increased predictive power
and accuracy. As indicated via lower MSE values which the ANN obtained in contrast to
the RSM, the ANN performs better than the RSM.

4. Discussion

The current study investigated the efficacy of the ML and non-ML prediction models
for assessing the compressive strength of cement concrete when ESP and WGP were used
in place of some the sand and cement. There is a significant amount of waste eggshell
production worldwide, most of which is dumped in landfills, endangering both human
health and the environment [58]. Furthermore, the most widely used building material
is cementitious composite [59–61], but its widespread use depletes natural resources and
produces CO2 [62,63]. An environmentally responsible way to replace some of the sand
and cement in building materials is to use eggshell waste. Therefore, by lowering waste,
preserving natural raw materials, and lowering CO2 emissions, the use of eggshell waste in
building materials will lessen its negative effects on the environment. In the same manner,
the research revealed that glass has a phase and chemical composition consistent with
conventional SCMs [64]. It might be of little economic worth, is plentiful, and frequently
buried in land [65]. The attributes of fineness, chemical composition, and the presence
of pore solution for reaction all affect the pozzolanic behavior of waste glass and the
majority of pozzolans in concrete [66]. The benefits of using ESP and GWP in concrete are
summarized in Figure 11.

The results mentioned above show the ability of artificial neural networks (ANN) to
predict actual results, and the accuracy of the predicted results was higher than the ability
of response surface methodology (RSM) to predict actual results [9]. The R2 coefficient
was the statistical measure to ensure the accuracy of the results. From the above results, it
became clear that the R2 coefficient from ANN for compressive strength exceeded 0.9, which
is accurate, as shown in many previous literature [47,50,52,67], while the R2 coefficient
from RSM for compressive strength exceeded 0.8. Given the input data, the Levenberg–
Marquardt (ANN) algorithm model may effectively and accurately predict the mechanical
properties of concrete. The actual method is not necessary for the users to understand,
which simplifies and facilitates the application [68]. Sometimes the RSM model is unable
to achieve high accuracy in the predication, and this is due to the failure of the values
of the variables to match the values of the RSM model, which results in low accuracy
in prediction [35]. This decrease in prediction accuracy was observed. For example, the
accuracy of response 1 for compressive strength was higher than the other responses, which
proves that the mismatch of values between laboratory variables and model variables
resulted in a decrease in prediction accuracy. To verify the efficiency of the ANN model, the
model of this study was compared with the previous literature. The ANN model for this
study achieved higher prediction accuracy than the ANN model for this literature [69,70].
To verify the validity of the RSM results, R2 and p-values are looked at. If R2 is greater than
0.8 and the p-value is less than 0.05, this proves the accuracy of the model in prediction.
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The greater the R2 than 0.8 and the lower the p-value than 0.05, the greater the accuracy of
the predicted results [71–73].
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5. Conclusions

This research significantly contributes by utilizing machine learning and conventional
techniques to predict the strength of waste powder additives. This study created a model
that predicted compressive strength based on previous mixes, including waste components
such as eggshells and glass powder additives. The investigation yielded substantial findings
as follows:

• Based on the RSM analysis, the two most influential elements in predicting the com-
pressive strength of concrete are cement and w/c ratio with R2 0.8729.

• The RSM predicted compressive strength ranged from a maximum of 49.08 MPa
at a cement content of 761 kg/m3 and a water–cement ratio of 0.25, to a minimum
of 33.72 MPa at a cement content of 689 kg/m3 and a water–cement ratio of 0.29.
The predicted compressive strength values were 43.09, 45.93, 46.84, 45.75, 42.58, and
37.85 MPa at ESP contents of 0, 24.3, 48.6, 72.9, 97.2, and 121.5 kg/m3, respectively.

• The comparison results of the two methods show that the ANN model performs better
than the RSM, with a strong correlation coefficient (R2) of 0.907 for compressive strength.

• The maximum compressive strength predicted by the ANN model is 59.72 MPa, closely
aligning with the 59.78 MPa predicted by the RSM. For the minimum compressive
strength, RSM predicts a value of 22.37 MPa, whereas ANN estimates a higher value of
32.87 MPa. This comparison highlights the slight variations between the two predictive
models in estimating compressive strength extremes.

• ANN and RSM models have demonstrated their effectiveness in accurately replicating
the compressive characteristics of concrete.

• ANN offers the advantage of predicting multiple previous outcomes simultaneously,
while RSM requires grouping prior results to enhance prediction accuracy.
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• The development of these reliable predictive models (RSM and ANN) for concrete
strengths incorporating ESP and WGP contributes to sustainable construction practices
without performing experimental tests in the lab. In addition, it promotes waste
material utilization in the field of construction materials, reducing the environmental
impact of concrete production.

6. Limitations and Future Recommendations

While machine learning (ML) offers a viable means of analyzing material properties, it
is not without its drawbacks. An extensive, high-quality database is essential to guarantee
practical ML model training. However, acquiring a comprehensive and varied database
that includes the mix composition of waste eggshell and glass powder concrete together
with the corresponding compressive strength values may provide particular difficulties.
The accuracy and applicability of the model may be called into question in the absence of
such data. Using training data is crucial for machine learning algorithms. If the training
set does not include the range of ESP and WGP-based concrete compositions or particular
scenarios of interest, the predictive efficiency of the model may be reduced when making
predictions for unknown mixtures or unusual processing factors. The mixture stability
of ESP and GWP-based concrete is affected by a number of environmental parameters,
including temperature, sample size, and moisture content. When environmental conditions
or the sample shape change, it may be difficult for machine learning models built with only
one set of variables to predict compressive strength. In order to calculate the compressive
strength of ESP and GWP-based concrete, future research could concentrate on building an
extensive database that can take into consideration the percentage of ESP and GWP, the
size, shape, and composition of aggregates, as well as the dose of superplasticizer. The ESP
and WGP-based cementitious composites database can be used to apply other techniques
like CNN to calculate the link between input and target variables quantitatively.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/buildings14092956/s1, Table S1: Comparison of actual results with RSM
and ANN predictions of compressive strength..
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