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Abstract
In this study, several mathematical, soft computing, and machine learning modeling tools are used to develop a dependable 
model for forecasting the compressive strength of cement mortar modified with metakaolin (MK) additive and predicting 
the effect of MK and a maximum diameter of the fine aggregate (MDA) on the compressive strength of the mortar. In this 
regard, 230 datasets were collected from literature with a wide-ranging mix of proportion and curing time. Water to binder 
ratio (w/b) ranged between 0.36 and 0.6 (by the weight of dry cement), sand to binder ratio 2 to 3, metakaolin content 0–30%, 
and curing time up to 90 days. Multivariate regression spline (MARS), multiexpression programming (MEP), nonlinear 
regression (NLR), and artificial neural network (ANN) models were used. Several assessment tools were utilized to quan-
tify the performance of the proposed models, such as coefficient of determination (R2), root mean squared error (RMSE), 
mean absolute error (MAE), scatter index (SI), and Taylor diagram. Based on the modeling result, the performance of the 
MARS model is better than MEP, NLR, and ANN models with high R2 and low RMSE and MAE. The MARS, MEP, and 
ANN excellently predicted the compressive strength based on the scatter index. The parametric analysis of MK and MDA 
revealed that the ANN model successfully predicted the influence of the mentioned model inputs and optimum MK content 
for improving long- and short-term compressive strength.
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1 Introduction

Supplementary cementitious material (SCM) can be used 
in cement mortar and concrete to substitute some of the 
cement and produce low-cost building materials [1]. Replac-
ing cement with a binder agent in mortar and concrete is 
essential, since some of those replacing materials positively 
impact the mechanical properties of concrete or mortar and 
reduce the negative effect of cement production on the sur-
rounding environment [2]. Cement manufacturing plants 
use many natural resources, require more energy, and emit 

a large carbon dioxide  (CO2) content into the atmosphere 
[3–5].

Metakaolin (MK) is one of the mineral admixtures, 
which is a high pozzolanic reactive material; silicon oxide 
 (SiO2) and aluminum oxide  (Al2O3) are mainly included in 
its chemical composition. The reaction of  SiO2 and  Al2O3 
with calcium hydroxide (Ca(OH)2) produces calcium silicate 
hydrate (C–S–H) [6–8] and improves the mechanical proper-
ties of the produced compound. MK has small particle sizes 
when used to replace portland cement (PC). During mortar 
production, the voids and gaps inside the cement mortar 
are reduced; hence density is increased, further improving 
strength [9–11]. Considering vast quantities of concrete pre-
dicted to be manufactured in the following years to achieve 
our infrastructure needs, different concrete production 
options with PC alternatives must be investigated. These 
alternatives are typically used to replace PC and aggregates 
in part or whole inside mortar or concrete [12].

Typically, MK is produced by calcinating kaolin clay 
at a temperature of 600–800 °C [13]. The kaolinite clay 
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structure collapses when the water is driven off during 
the calcination process, resulting in an amorphous alu-
minum silicate. The following equation shows the process: 
Al2O3 ⋅ 2SiO2 ⋅ 2H2O → Al2O3 ⋅ 2SiO2+ ↑ 2H2O . Numerous 
research projects have focused on the thermal conversion of 
kaolinite. It was discovered that heating temperature, heating 
time and rate, cooling rate, and environmental conditions are 
the primary factors that greatly affect the dehydroxylation 
process [14, 15].

Badogiannis et al. [16] investigated the optimization of 
kaolin calcination to utilize the metakaolin produced as a 
supplemental cementitious material. A high purity commer-
cialized kaolin and inferior Greek kaolin (Milos island) were 
tested. Different temperatures and periods were used to heat 
the samples. DTA-TG and XRD study of raw and thermally 
treated kaolin samples, pozzolanic activity assessment of 
metakaolin, and finally strength improvement analysis of 
cement–metakaolin combinations were used to investigate 
the optimization of the calcination conditions. This method 
demonstrated that calcination of kaolin with minimal alunite 
concentration for 3 h results in highly reactive metakaolin. 
However, for kaolin with a significant alunite content, a 3-h 
heat treatment at 850 °C is required to remove unwanted 
 SO3. Pure kaolin has been proven to be effective in develop-
ing highly reactive metakaolin. Vu et al. [17] studied the 
effect of calcined kaolin (metakaolin) on the fresh proper-
ties, mechanical behavior, and durability of cement mortar; 
they tested nearly 150 samples; the ratio of metakaolin to 
cement ranged between 0 and 0.3 in 0.05 increment, water 
to binder ratio from 40 to 53% by weight of the binder, and 
superplasticizer as 0, 0.5, and 1.4% of the total binder. The 
result revealed that the setting time affected when cement 
was replaced by metakaolin was more than 20%; below that 
point, the effect was insignificant. Also, the influence of 
metakaolin on the strength of the later ages (7–28 days) was 
more significant than early age strength.

Moreover, increasing the replacement ratio resulted 
in higher strength for mature mortars. The samples with 
metakaolin modification cured at  MgSO4 solution showed 
improved performance in the solution environment. Courard 
et al. [18] also tested the durability of cement mortar with 
metakaolin. They concluded the same result for durability 
enhancement and revealed that the optimum replacement of 
cement by metakaolin was between 10 and 15%. Parande 
et al. [19] observed an increase in MK-modified cement mor-
tar compressive strength up to 15% (MK/binder by weight). 
Beyond that, a decrease in strength was noted. Sumasree and 
Sajja [20] mixed fiber with metakaolin in cement mortar, 
and the mechanical properties improved when cera-fiber was 
0.75 and 25% of cement replaced with metakaolin. Increas-
ing cera-fiber to 0.8% decreased the replacement ratio to 
20%. Batis et al. [21] studied the effect of replacing cement 
and sand with metakaolin on the corrosion resistance of the 

mortar, compressive strength, and mass loss. They reached 
the optimum replacement of 10% for cement and 20% for 
sand (by weight).

As highlighted in the literature, machine learning mod-
els are successfully utilized in engineering and material 
science [22]. Multiple regressions, M5P-tree, and neural 
networks (ANN) are all recently created technologies that 
can be used to model material characteristics [23–26]. M5P-
tree model, ANN, and nonlinear multiple regression were 
used by Mohammed et al. [17] to forecast the compressive 
strength of modified cement-based mortar with fly ash. 
The evaluation of the developed models showed that those 
models could be utilized well to predict the CS with high 
R2 and RMSE. Armaghani and Asteris [22] utilized ANN 
and adaptive neuro-fuzzy inference (ANFIS) to predict the 
compressive strength of cement mortar. The result showed 
good performance of both the models in the testing phase. 
However, overfitting was observed for the ANFIS model, but 
validated with the experimental result. Another soft comput-
ing technique forecaster is the multiexpression programming 
(MEP) model that was utilized and resulted in good perfor-
mance after training with optimizable parameters [27–29].

In this study, different soft computing techniques and 
machine learning models such as Multivariate Adaptive 
Regression Spline (MARS), Multi-expression Program-
ming (MEP), Nonlinear (NLR), and Artificial Neural Net-
work (ANN) models were used to predict the compressive 
strength of cement mortar modified with metakaolin. The 
effect of metakaolin content and maximum fine aggregate 
diameter on the compressive strength was also investigated. 
Finally, the proposed model was characterized using assess-
ment tools such as R2, RMSE, and SI.

This study objectives can be summarized as follows: (a) 
data collection and analysis of the mixture proportions of 
metakaolin-modified cement mortar, (b) finding the effect of 
the mixture ingredients on the compressive strength of the 
mortar, (c) using different nonlinear modeling techniques to 
predict the compressive strength of cement mortar modified 
by MK at different curing ages, (d) predicting the effect of 
the maximum size of fine aggregate on the CS of cement-
based mortar, and (e) choosing the best model based on sta-
tistical assessment tools.

2  Methodology and materials

Figure 1 summarizes the methodology of the present study. 
The elements of the entire procedure can be seen on the 
graph from data collection to the last step of the model con-
struction. Finally, the most influential parameter affecting 
the CS was found using sensitivity analysis.
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2.1  Data collection

A database for cement mortar was created. A total of 230 
datasets were collected from previous research to propose 
analytical models to predict the compressive strength of 
cement mortar modified with metakaolin. The collected 
data are summarized in Table 1. The input variables are 
water to binder ratio (w/b), sand to binder ratio (s/b), 
metakaolin content (MK, %), maximum diameter of fine 
aggregate (MDA, mm), superplasticizer content (SP, %), 
and curing ages (t, days). At the same time, the target 
value is the compressive strength (CS, MPa).

2.1.1  Sample sizes

The collected data consist of two different sample sizes 
(S1 = 40 × 40  mm and S2 = 50 × 50  mm), as shown in 
Fig. 2. All the data are used together to train the models. 
Then, based on statistical assessment tools, the perfor-
mance of the developed models to predict the compressive 
strength of varied sizes is measured, and the best model 
is selected.

Fig. 1  Methodology flowchart of the current study
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2.2  Statistical analysis

In this section, the collected data are presented to see the 
model inputs’ relationship and variation and provide ade-
quate evidence of a good correlation between independent 
and dependent variables. If there is a strong relationship 
between one predictor and the target, the modeling tech-
niques are not required, and a simple correlation equation 
can solve the problem. For determination of the distribu-
tion and variation in the input variables, different statisti-
cal parameters are used, such as mean, standard deviation 
(SD), variance (Var), kurtosis (Kur), and skewness. Stand-
ard deviation and variance show the dispersion of numbers 
from their mean. Kurtosis and skewness indicate the tail of 
the distribution: the positive value of skewness indicates the 
right tail, and the negative value is for the left tail; kurtosis 
specifies the longer or shorter distribution tail, with positive 
for longer and negative value for shorter tail. The details of 
the summary of statistical analysis on the input and target 
are shown in Table 1. The input variation with target value is 

shown in Fig. 3. The histogram for CS is provided in Fig. 4 
with the kernel distribution function and a boxplot to show 
the compressive strength range of the mortar modified with 
metakaolin from 1 to 90 days of curing.

2.3  Modeling

From the correlation matrix (Fig.  5), a strong correla-
tion between model parameters and the target value is not 
observed. Therefore, different modeling approaches are used 
to construct predictive models to forecast the compressive 
effect of cement mortar modified by metakaolin. The col-
lected data are randomly divided between training and test-
ing sets (70/30), 70% of the data for training the models, and 
the remaining 30% for testing model prediction on the data 
that is not used in training. In the next subsections, details 
about the used modeling tools are provided.

2.3.1   Multiadaptive regression splines model (MARS)

Friedman introduced the MARS model [17] as a nonlinear 
and nonparametric regression approach. It is implemented 
using a set of splines (piecewise polynomials) with vari-
able gradients to describe nonlinear interactions between 
a system of input and output. This system does not require 
a persistent assumption regarding the significant underly-
ing correlation between input and output variables. The 
nodes are the segment end point; a node defines the end 
point of one data region and the start of another data area. 
The resulting splines (known as base functions) give the 
model more flexibility in curvatures, thresholds, and other 
linear function deviations. A two-step procedure is used 
to implement MARS models. The initial step is to build 
up functions and find probabilistic nodes for performance 
improvement, resulting in a model with precise curve 

Table 1  Details of the database for the collected data from literature related to modification of cement mortar with metakaolin

References No. of data w/b s/b MK (%) MDA (mm) SP (%) t (days) CS (MPa)

[17] 156 0.4–0.53 2 and 2.75 0–30 0.6 0–1.3 7, 28, 60, and 90 15.5–54.9
[18] 20 0.5 3 0–20 2 0 3, 7, and 28 27.4–71.2
[21] 16 0.6 3 0–20 2 0 1, 2, 7, and 28 17.6–69.7
[39] 12 0.36 2 0–10 2 1.4–2.35 1, 7, 28, and 56 35.21–99.17
[40] 6 0.49 2.75 0–10 2 0 7, 28, and 90 37.27–56.76
[41] 20 0.38 3 0–30 4.75 0 1, 2, 7, 14, and 28 23.4–92.8
Min 0.36 2 0 0.6 0 1 2.15
Max 0.6 3 30 4.75 2.35 90 99.17
SD 0.063 0.450 9.944 1.220 0.568 31.494 18.324
Var 0.004 0.203 98.878 1.489 0.323 991.885 335.778
Kur −0.497 −1.748 −1.096 2.860 3.072 −0.949 1.164
Skew −0.069 0.395 −0.079 1.933 1.991 0.7 0.603
Mean 0.472 2.380 14.826 1.290 0.289 34 43.21
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fitting. The second is the removal of real minimal terms. 
If y is the function of multiple independent variables (x), 
then the following is the response function:

 where e is the error value, and n is the number of input 
variables. Basis function (BF) is employed in the MARS 

(1)y = f (x1,⋯ , xn) + e,

modeling algorithm to function approximation, which refers 
to the splines; BF includes piecewise-linear and piecewise-
cubic functions.

In this study piecewise-linear function is used, and the 
following is the explanation of the function:

The MARS model linearly combines the BFs, which 
can be expressed as follows:

(2)BF = max(0, x − t)

{
x − t

0

ifx ≥ t

otherwise
.
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 where N is the total number of observations, β are the coef-
ficients, and γk (x) is the function that includes one or more 
spline functions.

(3)f (x) = �0 +

N∑
k=1

�k�k(x),

2.3.2  Multiexpression programming model (MEP)

The genetic algorithm (GA) is a state-of-the-art intelligent 
algorithm based on evolutionary concepts [30]. The gene 
was expressed with decimals or binary numbers in the 
early theory of GA, which caused it to fail in various com-
plex areas. Ferreira [31] proposed a novel genetic method, 
genetic expression programming (GEP), in which the gene 
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was encoded as a binary tree that could be translated to a 
mathematical equation. This breakthrough increased the 
chromosome’s ability to express itself and might be utilized 
to anticipate time series [32]. Due to its success, the GEP 
has been extended to multiexpression programming (MEP) 
[34, 34]. Individuals in the MEP contained more than one 
gene, allowing them to express not only one, but numerous 
mathematical expressions. This addition makes the GEP 
more adaptable and efficient. The model requires several 
fitting parameters, which can be found by the trial and error 
me27thod [].

2.3.3  Nonlinear model (NLR)

Equation 4 is the general formula for a nonlinear model 
that can be used to predict the properties of a material. The 
equation shows a nonlinear relationship between the target 
(dependent variable) and predictors (independent variables). 
The model was trained using the least square method by 
minimizing the squared error between the measured and 
predicted target values.

 where a, b, c, …, j, and k are model parameters. CS, w/b, 
s/b, MK, MDA, SP, and t are compressive strength (MPa), 
water to binder ratio, sand to binder ratio, metakaolin con-
tent (%), maximum diameter of fine aggregate (mm), super-
plasticizer content (%), and curing ages (days), respectively.

2.3.4  Artificial neural network model (ANN)

The artificial neural network (ANN) is a computing system 
that resembles the human brain and its information analy-
sis. In addition, this model is a machine learning system 
employed in construction engineering for various numeri-
cal forecasts and difficulties. ANN consists of three layers: 
input, hidden, and output layers; these layers are connected 
through biases and weights. The behavior of an ANN net-
work is influenced by the connections of neurons pattern, 
which also determines the class of the network. It is possible 
to train a network to enhance network performance. In more 
technical terms, the topology of the network and connection 
weights change repeatedly such that the error at each output 
layer node is minimized [32]. This study designed a multi-
layer feedforward network with mortar composition (w/b, 
s/b, MK, MDA, SP, and t) as input and CS as output. A log 
sigmoid activation function is used in the hidden layers and 
a pure linear activation function at the output layer.

(4)

CS =a
(
b

s

)b

(SP + 0.0001)
c
(
w

b

)d

(MK + 0.0001)
e
(MDA)

f
(t)g

+ h
(
b

s

)i(w
b

)j

(MDA)
j
(t)k,

The following equation is the mean-squared error func-
tion which measures the error at the output node:

 where Yp, Ym, and N are the output value of the model, 
actual measured value, and total observation in the training 
datasets, respectively.

Several parameters affect the final model result, such 
as the training algorithm, number of hidden layers and 
neurons, and transfer function [22]. The ANN structure 
can be found using the trial and error method to tune the 
required parameters. In back-propagation (BP), the proce-
dure includes two stages: forward and backward phases. 
While training, the signals move toward the output node, 
and each node’s errors (biases) and weights are calculated. 
Then in the backward stage, the bias, inputs, and layer 
weights are corrected. In other words, back-propagation 
aims to minimize the cost function through fine-tuning 
the network’s weights and biases. [35]. Equation 6 can be 
considered as a general formula for the calculation of an 
ANN output with only one node:

 where Nd1 is the weight value for the output from Node 1, 
and the threshold is the error of the output layer. Bias, p, x, 
and w are the error of the hidden layer, number of predic-
tors (independent variables), predictor value, and the cor-
responding weight for the specific predictor from the input 
layer, as shown in Fig. 6.

(5)Error =
1

N

N∑
i=1

(
Yp − Ym

)2
,

(6)CS =
Nd1

1 + e−�
+ threshold,

(7)� = bias +

p∑
i=1

(xi × wi),

Fig. 6  Typical ANN calculation
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2.4  Evaluation criteria for the developed models’ 
comparison

The developed models are characterized and compared 
based on the different assessment tools such as R2, RMSE, 
MAE, and Taylor diagram. The formulas for calculation 
of those mentioned parameters are shown in the following 
equations:

 where CSP,CSP,CSM,CSM, and n are predicted com-
pressive strength, mean of predicted compressive strength, 
measured compressive strength, measured compressive 
strength, and several instances in the related dataset. The 
optimal value for all the above evaluation tools is zero; 
except for R2, the best value is 1. The model performance is 

(8)

R2 =

⎛⎜⎜⎜⎜⎜⎝

∑n

i=1

�
CSPi − CSPi

��
CSMi − CSMi

�
��∑n

i=1

�
CSPi − CSPi

�2
��∑n

i=1

�
CSMi − CSMi

�2
�

⎞⎟⎟⎟⎟⎟⎠

,

2

(9)RMSE =

�∑n

i=1
(CSPi − CSMi)

2

n
,

(10)MAE =

∑n

i=1
�CSPi − CSMi�

n
,

(11)SI =
RMSE

CSM
,

considered excellent if SI < 0.1, good if 0.1 < SI < 0.2, fair if 
0.2 < SI < 0.3, and poor performance if SI > 0.3 [36].

3  Results and output analysis

3.1  Variation of measured and predicted 
compressive strength

3.1.1  MARS model

The relationship between the actual measured CS and the 
output of the MARS model is shown in Fig. 7. The model 
is performed well for both training and testing datasets with 
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Table 2  The detail of the MARS model

Basis functions type Piecewise-linear

Number of BFs (intercept is included) 23
Maximum interactions 12
MSE train (MPa) 4.33
MSE test (MPa) 6.3
Generalized cross-validation (GCV) 10.1812

Table 3  Related equation of basis functions for the MARS model 
(Eq. 12)

BF Basis function

0 (Intercept)
1 Max (0, 2 −× 4)
2 Max (0, ×2 −2)
3 Max (0, 2 −×2)
4 Max (0, ×6 −7) * Max (0, ×2 −2.75)
5 Max (0, 7 −×6) * Max (0, ×2 −2.75)
6 Max (0, 7 −×6) * Max (0, 2.75 −×2)
7 BF1 * ×1
8 BF2 * Max (0, 20 −×3)
9 BF8 * ×1
10 Max (0, ×6 −14)
11 Max (0,14 −×6)
12 BF9 * ×1
13 Max (0, 10 −×3)
14 Max (0, ×3 −10) * Max (0, ×4 −2)
15 BF1 * Max (0, ×3 −20)
16 BF1 * Max (0, 20 −×3)
17 BF2 * Max (0, ×4 −0.6)
18 BF11 * Max (0, 10 −×3)
19 BF10 * Max (0,10 −×3)
20 Max (0, ×6 −7) * Max (0, ×4 −2)
21 Max (0, ×6 −2)
22 Max (0, ×3 −20)
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high R2 and low RMSE values of 0.99 and 2.08 MPa, and 
0.97 and 2.5 MPa for training and testing, respectively. The 
figure shows the error limit of  ±10%, indicating that 90% of 
the data lie in the predicted CS/measured CS range from 0.9 
to 1.1. The details of the MARS model training parameters 
are provided in Table 2. Equation 8 is the formula of the 
MARS model that can be used for prediction purpose, and 
the basis functions (BFs) given in Eq. 12 can be gathered 
from Table 3.

No. of training data = 161, R2 = 0.99, RMSE = 2.08 MPa.

3.1.2  MEP model

Table 4 provides the required training parameters used in the 
MEP development process. Figure 8 shows the variation of 
measured CS with forecasted CS from the MEP model and 
an error limit of  ±20%. The R2 and RMSE for training and 
testing are 0.96 and 3.71 MPa, 0.94 and 3.72 MPa, respec-
tively. The MEP model’s formula to predict CS is shown in 
Eq. (13).

(12)

CS = 107.07 + 22.96 × BF1 − 17.106

× BF2 + 3119 × BF3 + 1.8392

× BF4 − 8.7645 × BF5 − 6.827

× BF6 − 52.763 × BF7 − 32.022

× BF8 + 117.15 × BF9 + 5.3005

× BF10 − 6.548 × BF11 − 106.47

× BF12 − 0.8706 × BF13 − 1.0018

× BF14 − 1.9598 × BF15 + 0.1049

× BF16 + 21.584 × BF17 + 0.0774

× BF18 + 0.0086 × BF19 − 0.1304

× BF20 − 5.2154 × BF21 + 2.5257 × BF22.

(13a)CS = �1 + �2 + �3 − �4 + �2 + �5 +
�6

�7
,
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)
2b2

2b2+b
+
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)
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(
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Table 4  Parameters for MEP model training

Parameters Value

Subpopulation no. 30
Subpopulation size 300
Code length 100
Crossover probability 0.9
Mutation probability 0.01
Operator  + , -, *, /
Tournament size 6
Functions’ probability 0.5
Variables’ probability 0.5
Generations 3000
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No. of training data = 161, R2 = 0.96, RMSE = 3.71 MPa, 
where a, b, c, …, and f are water to binder ratio (w/b), sand 
to binder ratio (s/b), metakaolin content (MK, %), the maxi-
mum diameter of fine aggregate (MDA, mm), superplasti-
cizer content (SP, %), and curing ages (t, days).

3.1.3  NLR model

Equation 14 is the final form of the NLR model. The rela-
tionship between measured and predicted compressive 

strength is shown in Fig. 9; the figure contained a ±20% 
error limit, and overestimation was observed; therefore, it 
shows less performance of this model than MARS and MEP 
models, since lower R2 and higher RMSE are obtained for 
the NLR model. The R2 and RMSE are 0.93 and 5.1 MPa, 
and 0.89 and 5 MPa for the training and testing phases. 
From the model parameters, s/b affects the CS more than 
other input factors, and MDA positively affects the CS of 
the mortar.

No. of training data = 161, R2 = 0.93, RMSE = 5.1 MPa.

3.1.4  ANN model

The ANN model is trained with two hidden layers and eight 
neurons, as shown in Fig. 10. The logistic sigmoid activation 
function is used for hidden layers, and the pure linear acti-
vation function is used for the output layer with the Leven-
berg–Marquardt optimization algorithm. The final gradient 
and Mu are 0.1096 and 1 ×  10–4 after training at epoch 1000. 
The result for bias and weights for input, hidden layer, and 
output layer is provided in the followings matrices:

(14.)

CS = 2.44 × 10−6(w∕b)−0.059(s∕b)19.731

(MK + 0.0001)0.069(MDA)0.228

(SP + 0.0001)0.702(t)0.273

+ 129.131(w∕b)−0.008(s∕b)−2.156

(MDA)0.561(t)0.171
0
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No. of training data = 161, R2 = 0.997, RMSE = 1.05 MPa. 
The relationship between measured and predicted CS 

is shown in Fig. 11; the figure has an error limit of ±12%, 
while R2 and RMSE are 0.997 and 1.05 MPa, and 0.966 and 
2.74 MPa for training and testing, respectively.

3.2  Evaluating the performance of proposed 
models

Figure 12 compares the developed models based on SI; as 
displayed in the figure, ANN model performance based on 
SI is better than that of other models in the training phase. 
However, the MARS model is better than MEP, NLR, and 
ANN models in the testing phase. The comparison between 
the proposed models based on R2, RMSE, MAE, and Taylor 
diagram is shown in Figs. 13 and 14. The R2 for the MARS 
model for both training and testing is greater than 0.95, while 
for the MEP model, the R2 is greater than 0.95 for training 
and smaller than 0.94; the R2 of the ANN model also indi-
cates the best performance in the training stage, and lesser 
performance of the NLR model is observed in comparison 
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to other models. Correspondingly, based on RMSE, the best 
is the MARS model at the testing phase. According to all 
the criteria, the best model is the ANN model in the training 
phase and the MARS model in the testing phase. Moreover, 
the MEP model is better than the NLR model.

The Taylor diagram for comparing the proposed models 
based on a standard deviation of the predicted compressive 
strength and measured compressive strength and correlation 
coefficient (R) is shown in Fig. 14. Taylor diagram shows the 
variation of predicted and measured compressive strength. 
The result of the Taylor diagram revealed that according 
to standard deviation, MARS and MEP models’ predicted 
standard deviations are close to experimental standard 
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deviation. However, R and standard deviation show the 
excellent performance of the MARS and ANN models.

3.3  The efficacy of the proposed model 
in predicting different strength ranges

The training and testing datasets are divided into strength 
ranges from 1 to 105 by 15 MPa increment; for compres-
sive strength of different curing ages (i.e., 1–90 days), the 
very low strengths are referred to as the early age compres-
sive strength. The performance of the developed models is 
measured based on RMSE and R, as summarized in Tables 5 
and 6. In the training stage, the ANN model predicts the 
compressive strength for all the strength ranges better than 
MARS, MEP, and NLR models, whereas the MEP model 
prediction for strength range of 1–15 MPa in the testing 
phase is better than that of  another developed model. The 
strength ranges of 30–45 MPa and 45–60 MPa ANN model 
is better than those of the other proposed models. The 
MARS model forecasted the compressive in 15–30, 60–75, 
and 75–90 MPa better than other models.

3.4  Performance of the developed models 
to predict different sample size’s compressive 
strength

As summarized in Table 7, the training dataset is divided 
based on the tested sample size; after training the models 
on the training datasets, the performance of the developed 
models is measured for different sample sizes. As can be 
seen in Fig. 2, it was not applicable to test the developed 
models to predict the compressive strength of a sample size 
of S2 (50 × 50 mm) in the testing dataset, since only one data 
was available for testing. Therefore, only the training data-
set is considered. Based on the prediction of the developed 
models, the ANN model predicts the compressive strength 
for samples S1 and S2 better than other developed models 
in the training dataset.

3.5  The effect of MK and MDA on the CS

Parametric analysis was done to determine the effect of MK 
on the mortar. First, a database with a fixed mixture compo-
sition was created, and the MK changed from 0 to 30% while 
other compositions remained unchanged, and the mixture 
composition was decided based on the standard EN196-1 
[37]. All the models are used to forecast the CS. Based on 
the results, the ANN model predicted the CS comprising 
the ranges and optimum content for MK as mentioned in the 
literature; the optimum MK is up to 10% and covers all the 
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curing ages and improves the compressive strength of the 
mortar, as shown in Fig. 15.

Additionally, the effect of MDA on the CS is analyzed 
similarly to that of MK. MDA was changed, whereas the 
other mixture composition was fixed based on the high-
est replication of those parameters in the literature and 
the EN196-1. The result revealed that the compressive 
strength of the mortar increased with increase in the 
maximum diameter of the fine aggregate, as displayed in 
Fig. 16. It is worth mentioning that studies are conducted 

on the effect of maximum aggregate size (MAS) on the 
compressive strength of concrete, while increasing MAS 
increases the compressive strength of normal strength 
concrete (Fig. 17). Conversely, the compressive strength 
of high-strength concrete decreased with MAS [38]. This 
result should be validated with experimental work using 
different sand with varied MAS.

From the figure, it is clear for a larger diameter of the 
fine aggregate from the prediction of the developed mod-
els that a higher replacement ratio could be utilized; for 
smaller particles of fine aggregate, the replacement ratio 
of cement by MK is reduced, and the result of ANN model 
is used to illustrate the effect of the maximum diameter of 
the aggregate, since it has a good performance in predict-
ing the MK effect on the compressive strength of the mor-
tar and determining the optimum content of metakaolin.

4  Sensitivity analysis

To determine the effect of each model input variable on 
the final prediction of the CS and find the most valuable 
parameter which cannot be eliminated while predicting 
the CS of the mortar and has a great influence on the 
forecast of the CS, several databases with removed input 
parameters were created. After that, the model is trained 
on the combination of the remaining input parameters. 
After training, the final error of the model is recorded. A 
removed parameter from the trial with high error is the 
most influential predictor. According to the result of the 
analysis, curing time is the most important factor in pre-
dicting CS, than the maximum diameter of fine aggregate.
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Table 5  RMSE values for 
comparison between developed 
models in predicting different 
strength ranges

Stage Strength 
range (MPa)

No. of data MARS MEP NLR ANN Best prediction

Training 1–15 9 1.255 1.983 7.518 0.871 ANN
15–30 26 1.841 2.588 4.555 0.981 ANN
30–45 54 1.734 3.558 4.435 1.145 ANN
45–60 47 1.821 3.473 5.257 0.821 ANN
60–75 13 3.466 6.330 4.197 1.318 ANN
75–90 6 2.330 3.519 8.685 1.435 ANN
90–105 6 1.440 1.891 2.403 1.046 ANN

Testing 1–15 3 0.836 0.956 8.102 1.061 MEP
15–30 12 3.061 4.134 7.983 4.317 MARS
30–45 25 2.538 3.553 3.205 2.491 ANN
45–60 24 2.293 3.921 4.185 1.974 ANN
60–75 2 1.317 4.820 4.640 2.295 MARS
75–90 3 3.023 2.311 4.329 3.267 MARS
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5  Conclusions

It is important to use artificial intelligence modeling tools, 
since they are time saving and cost-effective. In this study, 

the experimental results of the previous research were col-
lected, analyzed, and used to construct a predictive model 
to forecast the compressive strength of metakaolin-mod-
ified cement mortar. Referring to the collected data and 
result of the modeling, the following can be concluded:

1. Metakaolin additive produced through calcination of 
kaolin clay at 600–850 °C can be used as supplemen-
tary cementitious material and improve the mechanical 
properties of the cement mortar.

2. According to the literature’s collected data, cement 
replacement with metakaolin is from 0 to 30% by weight 
of cementitious material, and the water to binder ratio 
ranges between 0.36 and 0.6.

3. The modeling result indicates that the mortar’s compres-
sive strength increased with increasing metakaolin con-
tent up to 10% and covered all the curing ages, improv-
ing the compressive strength of the mortar. This result 
is confirmed by previous literature.

4. According to statistical assessment tools (i.e., R2, 
RMSE, MAE, and SI), the MARS model is better than 
MEP, NLR, and ANN models, since it has low RMSE, 
MAE, and high R2 in the testing phase.

5. Based on the Taylor diagram, the standard deviation of 
the predicted compressive values from the MEP model 

Table 6  Correlation coefficient 
(R) values for comparison 
between the developed models 
in predicting different strength 
ranges

Stage Strength 
range (MPa)

No. of data MARS MEP NLR ANN Best prediction

Training 1–15 9 0.96 0.945 0.82 0.979 ANN
15–30 26 0.947 0.934 0.625 0.979 ANN
30–45 54 0.936 0.798 0.682 0.974 ANN
45–60 47 0.874 0.72 0.409 0.97 ANN
60–75 13 0.876 0.647 0.869 0.96 ANN
75–90 6 0.898 0.795 0.678 0.953 ANN
90–105 6 0.566 −0.418 0.133 0.868 ANN

Testing 1–15 3 0.994 0.997 0.999 0.997 MEP
15–30 12 0.853 0.844 0.576 0.688 MARS
30–45 25 0.838 0.627 0.771 0.866 ANN
45–60 24 0.848 0.606 0.579 0.89 ANN
60–75 2 1 −1 1 1 MARS
75–90 3 0.8 0.997 0.735 0.399 MARS

Table 7  The performance 
of the developed models to 
predict different sample sizes’ 
compressive strength based on 
the correlation coefficient (R) 
and RMSE

Sample code S1 Ranking S2 Ranking Best prediction

Statistical tool R RMSE R RMSE

Training MARS 0.995 1.969 2 0.791 4.293 2 ANN
MEP 0.984 3.526 3 0.678 7.482 4
NLR 0.966 5.133 4 0.926 5.446 3
ANN 0.999 1.067 1 0.999 0.402 1
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is near the standard deviation of the actual compressive 
strength.

6. The ANN model outperformed other developed models 
in predicting the optimum metakaolin content.

7. According to the modeling result, the maximum diam-
eter of the sand positively affected the compressive 
strength of the cement mortar modified with metakao-
lin, and the replacement ratio for larger size of sand was 
higher.

8. Based on sensitivity analysis, curing time is more influ-
ential than other model input factors on the compres-
sive strength of mortar. The maximum diameter of fine 
aggregate is the second most important.
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