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Abstract

Concrete is the most used building material in civil engineering. The
mechanical properties of concrete depend on the percentage of materials used in the
mix design. There are different types of mixture methods, and the purpose of this study
is to investigate the mechanical properties of concrete using the mixture method
through data analysis. In this case, more than 45 mixture designs are collected to find
the estimated mixture design. The estimated mixture design was found by correlation
matrix and the correlation between materials of concrete. Moreover, to find the
reliability of the compressive strength of concrete through data mining, two models
have been established. In this term, Linear Regression (LR), Ridge Regression (RR),
Support Vector Machine Regression (SVR), and Polynomial Regression (PR) have
been applied to predict compressive strength. In this study, the stress-strain curve of
the compressive strength of concrete was also investigated. To find the accuracy of
machine learning models, Correlation Coefficient (R?), Mean Absolute Errors (MAE),
and Root Mean Squared Errors (RMSE) are established. However, the machine
learning prediction model of RR and PR shows the best results of prediction with R
0.93, MAE 3.7, and RMSE 5.3 for RR. The PR R? was more than 0.91, moreover, the
stress-strain of compressive strengths has been predicted with high accuracy through
Logistic Algorithm Function. The experimental results were acceptable. In the
compressive strength experimental results R? was 0.91 MAE was 1.07, and RMSE was
2.71 from prediction mixture designs. Finally, the prediction and experimental results
have indicated that the current study was reliable.
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I.  Introduction

Concrete is the most widely used construction in engineering. The mechanical
properties of concrete depend on the composition of the mixture. Many studies
conducted indicate the new type of concrete with the new mixing method. The use of
data analysis and computer programming was a neglected idea in this field. The link
between computer programming and concrete mixture design can help to find the most
optimal concrete mixture design. In this regard, Data mining, Artificial intelligence
(Al), and Machine Learning (ML) have a different application in engineering, and
technology [II, 11, XIV, XX, XLIV]. Data mining is applied in many types of
manufacturing to new learning and solving intricate problems. Large companies most
often use data mining in financial processes. Not only, financial companies are using
data mining, but also engineers and developers are utilized data mining. For example,
the concrete prediction compressive strength is a suitable cause for data mining [XIV].

Data mining, ML, and Al are being used by manufacturers and other engineers to find
new and better ways to reduce production time and materials [V, VII, XXIX].
Currently, many researchers prefer to apply data mining, ML, and Al to predict the
mechanical properties of concrete. While, they used some limited variable properties
of concrete materials to find the compressive strength [ XV, VI, XVI, XXVIII, XXXV,
XLIH]. For example, Shahmansouri et al. [XXXVIII] presented a new method to
forecast the compressive strength of natural zeolitic concrete. The curing period of
concrete was the main factor of their study. More than 56 mixture designs were used
in their study. The Root Mean Square Errors (MSE) were evaluated to determine the
accuracy of the prediction results. Their compressive strength prediction results
illustrate that the MSE was 1.6. The prediction results show high accuracy. However,
ML is not able to find mixture design and the quality of concrete. While, Artificial
Neural Network (ANN) is able to predict the mechanical properties such as
compressive strength of concrete [XVII, VI, VII]. For example, Chopra et al. [XIII]
predicted the compressive strength of concrete using the ANN method. They applied
the ANNs method based on a curing period between 28-days, and 91-days. The
Leveberg-Marquardt (LM) training function is applied through ANN to predict the
compressive strength results. According to their results, the accurate compressive
strength prediction and coefficient of determination (R?) were more than 0.8, but other
parameters such as concrete quality and percentage of mixture design were ignored.
The programming is not able to understand the quality of the mixture of materials, and
the programmer has to add a new way to indicate the quality. Another neglect of the
programming method was the lack of collecting data, the programming method is not
able to collect all data about the concrete. Another example, Topcu and Saridemir [XLI]
established the ANN and Fuzzy Logic (FL) method to predict the compressive strength
of concrete. In the current study, the predicted method was based on fly ash as a
variable material. Their results show that R? was more than 0.9. R? was accurate as fly
ash was the main variable. Chiadighikaobi et al. [XI1] analyzed the effect of the old
method of structural design using soft computing and compared them with the modern
method of structural design. According to the results, the R? was more than 0.44. In
another example, Kashyzadeh et al. [XXVI] used a new method to predict the
compressive strength via shape and size of different types of dry aggregates. They
understood that the shape and size of aggregates are effected on the compressive
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strength. They found that the compressive strength for aggregates on the cold wind
process is increased more than 8%. In fact, they used two principle parameters: first the
shape of the aggregates, which is related to the quality of the materials, and then the
environmental impact of the material. Kashyzadeh et al. [XXVII] presented new types
of data mining algorithm, however their study neglected the influence of other
parameters such as curing period, cement quality, etc. In another example of
environmental factor, Kashizadeh et al. [XXVII] studied more than 108 cube of
concrete with different types of aggregates, and curing temperature to predict the
compressive strength of concrete. They understood that 15°C is the best temperature of
water in the curing period. In another example, Nguyen et al. [XXXIV] collected more
than 330 mixture designs to predict the compressive strength the best method of
compressive strength prediction. The variable materials were fly ash and geo-polymer.
The lack of focus on the other types of material was a great gap in their prediction
method. Kumar et al. [XXX] used ML methods, Gaussian Progress Regression (GPR),
Support Vector Machine Regression (SVR), and Ensemble Learning (EL), to
lightweight-concrete mechanical properties such as compressive strength prediction.
Their results are shown that R? was more than 0.98 for GPR prediction method. In fact,
they used many type of programming method to find accurate prediction compressive
strength results, while, they result had not enough variables. Sami Ullah et al.
[XXXVII] applied SVR and Random Forest (RF) methods to find the forecasting
results of lightweight foam concrete (LFC) compressive strength. Their results show
that RF method was able to predict with high accuracy. However, they did not indicate
the quality of LFC parameter to find reliable results. J. Alghamdi [XXV] developed a
new method to find the optimal mix design of concrete through machine learning. He
used decision trees method to predict the concrete mixture designs. Hematibahar et al.
[XXI1] established Logistic function to find the accurate compressive strength results.
Their method was unrelated to materials of concrete. They used a new method to
predict the mechanical properties of concrete, but they were unable to find the optimal
mixture percentage of materials for the concrete mixture through prediction. In another
example, Hasanzadeh et al. [XIX] predict the mechanical properties of basalt fiber
high-performance concrete using ML and find the relationship between the mechanical
properties and different concrete samples. According to the results, the ML technique
is possible to predict concrete properties with high accuracy. According to their results,
the compressive, tensile, flexural strengths are predicted with R more than 0.9. The R?
results are shown that, their results were reliable. Kaewunruen et al [XXVI] studied
the railway prestressed concrete sleepers through machine learning. They used namely
deep learning, Bayesian Neural Network and random forest. Finally, they found that
the results were validation. In fact, the R? was more than 0.99 in their study. Nafees et
al [XXXII1] predicted the plastic concrete through machine learning using bagging
and decision tree adaptive reinforcement models, multilayer perceptron neural
network, and support vector machines and compared with a modified random forest
learning model to predict the compressive strength and tensile strength of concrete.
Their results illustrated that R? was more than 0.93 and 0.86 for compressive strength
and tensile strength respectively. Chiadighikaobi et al. [X1] studied on the self-healing
concrete prediction by adding Trichoderma eesei Fungus to healing concrete and using
machine learning to forecast concrete mechanical behavior. According to the R? results
was more than 0.98 which shows that the compressive strength with additional fungus
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was effective. The previous studies concentrated on using some variables to find the
compressive strength prediction. While, the compressive strength of concrete is related
to many variables such as materials, quality of materials, and environmental conditions.
A thorough study on the reliability of concrete prediction results through mixed design
estimation with data mining has been ignored. This study investigated the accuracy of
data mining and machine learning methods. In this study, the compressive strength of
experimental results, and prediction results are compared together. The mixture design
of concrete was found according to the correlation matrix of data mining. This study
has focused on one of the neglected concrete machine learning areas. This subject has
been concentrated on designing concrete via computer programming and machine
learning. However, other studies, have analyzed different parameters of materials on
the concrete mechanical properties. In this case, Linear Regression (LR), Support
Vector Machine Regression (SVR), and Ridge Regression (RR) have been applied to
forecast the compressive strength as the novelty of the current study. The current study
has been focused on finding the mixture design of concrete through data mining and
applying the experimental method to find the reliability of the data mining. The
Polynomial Regression (PR), and stress-strain curve of compressive strength have been
predicted to find the reliability of the current method as well.

Finally, the results show, however, that the prediction of compressive strength is
accurate through machine learning, this technique, and data were also able to predict
mixture designs and compressive strength with high accuracy.

I1. Materials and Methods
Methodology

The focus of the present study was on data science and machine learning to
find the concrete mix design and percentage of concrete materials, the reliability of
concrete compressive strength, and data mining using experimental and predictive
methods. Through data mining, concrete mixture designs have been predicted. For this
purpose, more than 45 mixture designs have been collected to calculate the correlation
between materials of concrete, and the impact factor of each concrete property. The
mixture designs were found according to the correlation matrix of the collected data
via data mining Fig. 1 shows the Machine learning and Artificial Intelligence methods
definitions. In this term first, the data scientist is the process of collecting data and
finding the correlation between the properties of a collection. To predict the values of
each collected data, a method such as Machine Learning, and Artificial Intelligence are
applied. According to the literature review, the most of authors established a data
science technique to find the compressive strength of concrete. While, the current
study, uses data science to predict the mixture design with forecasting compressive
strength for the first time. The current article has investigated the accuracy of the data
mining to find the mixture designs and compressive strength of concrete. In this term,
first, the collected data have been prepared, and the correlation matrix was plotted. The
data set had different types of material such as cement, fly ash, superplasticizer, silica
fume, and coarse and fine aggregates with different sizes. Next, the mixture design of
concrete has been estimated according to the data mining process. Finally, an
experimental test has been applied to find the reliability of the data mining method.
Moreover, to find the prediction compressive strength, two methods of prediction have
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been established. For the first time, the current study has used Linear Regression (LR),
Polynomial Regression (PR), and Ridge Regression (RR) to predict the results.
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Data Mining Correlation

In this study, cement, water, fly ash, superplasticizer, fine, and coarse
aggregates, size of fine, and coarse aggregates, silica fume, and different types
of fiber have been collected. Fig. 3 shows the correlation matrix between
compressive strength and materials of concrete. According to the correlation
matrix, the most positive effective materials on compressive strength were silica
fume, fiber, superplasticizer, and cement with, 8%, 67%, 68%, and 52%
respectively.

According to the information, the silica fume was the most effective material, and
cement's effectiveness was 52%. It should be noted that material engineers must use
silica fume to improve the concrete compressive strength, C-S-H composition and
crystallization, and the developer of the program has not neglected the materials for
data collection [XXI].

To the weakness of compressive strength, the water with more than 84 % negative
effect was the maximum. The optimal percentage of water should be calculated for
each type of concrete. Since the fine aggregates hurt the concrete compressive strength.
Fig. 3 shows, that the negative effect of increasing fine aggregate weight was more than
68%, and the small size of fine aggregates had more than 90% negative impact on the
compressive strength of concrete. While the increasing weight of coarse aggregates had
a positive impact on compressive strength with more than 34%.

Mixture Design Method

In this study, the mixture designs were derived from data mining of collecting
data. The data mining information has been illustrated in Fig. 4-6. The mixture designs
were found according to the compressive strength, and cement weight. For example,
Fig. 4 shows, the compressive strength of a concrete sample can be between 80 MPa,
and90 MPa where the cement was between 440 Kg/m3, and 460 Kg/m3, and fine
aggregates were 585 Kg/m3. In other means, the compressive strength of different
samples of concrete has been estimated through data mining graphs.
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Fig. 4. Correlation between, compressive strength, cement, coarse, and fine
aggregates.
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In another example, Fig. 5 shows the correlation between, compressive strength,
cement, water, and coarse aggregates. The best water weight was between 180 Kg/m3,
180 Kg/m3, and 187.5 Kg/m3. Moreover, 800 Kg/m3 of coarse aggregates have been
the best results of compressive strength with more than 50 MPa.
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Fig. 5. Correlation between, compressive strength, cement, water, and coarse
aggregates.

To find the best size of aggregates, Fig. 6 shows the correlation between, compressive
strength, cement, fine aggregate size, and coarse aggregate size. The proper size of fine
aggregates was 1.3 mm for compressive strength of more than 90 MPa, and 6.5 mm for
coarse aggregates had the best compressive strength results.

Finally, the mixture designs have been estimated through data mining. Table 1 shows
the mixture design and prediction of compressive strength. The material percentages
have been applied to find the accuracy of data mining results.
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Fig. 6. Correlation between, compressive strength, cement, fine aggregates size, and
coarse aggregates size.
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Table 1: Estimated mixture design through data mining

A 450 | 180 450 400 12.5 125 1.2 80-90
B 450 | 180 500 450 12.5 152 1.2 80-90
C 450 | 180 650 500 12.5 125 1.2 80-90
D 500 | 190 450 600 12.5 125 1.2 90-100
E 500 | 190 500 700 12.5 125 1.2 90-100
F 500 | 165 450 600 125 125 1.2 90-100
G 500 | 165 500 700 125 125 1.2 90-100

Material, and Experimental Methods

To prepare the concrete, ordinary Portland cement (OPC), manufactured by
Sabzevar factory, Sabzevar, Iran, coarse aggregates (size between 14 mm, and 6.5 mm),
fine aggregates (size between 2 mm, and 1.2 mm), and water established, Micro silica,
and Superplasticizer, and basalt fiber. Seven mixture designs are evaluated by the data
mining method. First group (A, B, C, and D) mixtures have 0.4, and 0.38 water/cement
ratios. While, the (E, F, and G) mixtures are used at 0.38, and 0.33 water/cement ratios.
To prepare concrete, a concrete pan mixer (constant speed of 48 rpm) mixed all
materials. First, coarse, and fine aggregates are mixed through a 133-liter mixer for
about 2 minutes, next cement is added to the mixture, and water is also mixed. In this
way, the concrete was set in the mold. The 100x100x100 mm? cube has been used for
the compression testing. The concrete samples were put under water at 15 ° F
temperature for 28 days as a curing period. Due to the compression test, GOST (GOST
10180-2012 Concretes. Methods for the strength of Russia), and ASTM C293 / C293
(American Society for Testing and Materials) have been applied [IX, X, XVII].

Programming Method

The programming method is divided into two parts: soft programming and
machine learning. Both methods have been programmed through the Python Plugin
Anaconda. Fig. 7 shows the algorithm of the current study.
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Fig. 7. Soft learning and Machine learning plan in the current study.

Fig.7 shows that Polynomial Regression is available through soft learning, and Linear
Regression and Rigid Regression are available through machine learning.

Soft Programming Method

Hematibahar et al [XXI11] has been investigated the predicting the compressive stress-
strain of concrete. Due to finding the stress-strain of the concrete, current study used
the Logistic Algorithm to find the compressive stress-strain of the compressive strain
of concrete. The current algorithm is able to find the compressive stress-strain of the
concrete with accuracy:

Ly(em) = uem(er — &m) 1)

Where L, is the Logistic Function, en is the strain of the concrete on the compressive
strength, the & maximum strain of the concrete. u is defined as the Real Parameter of
Logistic Function:

fe
= Em(Et—&m) (2)
where /¢ is the compressive strength and u is the Real Parameter of the Logistic
Function. Due to predicting the compressive stress-strain curve, the “numpy” library
has been established. First, the Equations (1-2) have been defined in the Python.
Second, according to Equation (2) the compressive strength of concrete has been
defined for Python. Finally, the results show the compressive stress-strain curve (Fig.

8 ().
The Polynomial Regression has been predicted by soft programming. First, data has
been defined by “numpy” library in Python, and second “matplotlib” library has been

used to collaborate the experimental results through Polynomial commands. Finally,
the validation results have been calculated by different methods (Fig. 8 (b)).

The ay, is the coefficient of a polynomial function that has different values at various
conditions. As well as, the ay, is the Y-intercept of the Polynomial function or constant
value. The Polynomial function Equation (3) is defined as [XXXVI]:

Ve = Apx™ + ap 1 X"+ an_px™ 2+ -+ agxt + ag (3)
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where a known as the Polynomial function coefficient, x is the variable, and y is the
dependent variable to x in Equation (3).
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Fig. 8. Algorithm of soft learning programming: (a) Compressive stress-strain
prediction; (b) Compressive strength prediction

Machine Learning Methods

To predict the compressive strength, two machine learning methods have been
established. Linear Regression (LR), and Ridge Regression (RR) are used to find the
prediction mechanical properties such as compressive strength. To prepare a program,
the python software has been used in this study due to coding machine learning. The
Linear Regression (LR) Equations are defined [XIX]:

y=ax+b (4)

where x and y are variables, and a and b are the slope and intercept Ridge regression
(RR) Ridge regression, known as Tikhonov regularization, was applied as the main
statistical method for calibration. This regression method is applied to reduce the
variability of the estimates by intentionally introducing bias into the coefficient
estimate with a penalty appraiser. [XXXII] (Equation (5)):

Yini(vi — X[ K —Ko)? + M X, Kf (5)

where X; is the vector of independent variables in the observation i, n is the number of
observations; p is the number of independent variables; j denotes the sequence of the
number of parameters; and K; denotes the “jth ” regression coefficient within the total
number of p; Xi' denotes transposed X;; yi is the dependent variable value in the
observation i; K is the vector of regression coefficients; Ko is the intercept coefficient.
Support Vector Machine (SVM) known as the SL technique, was developed in the
1990s. SVM is a complex machine learning algorithm which was used by researchers
to solve challenging engineering issues, such as predicting. When SVM is used in
regression applications, it is called SVR [XIX] Due to the prediction of the results, LR
and RR have been programmed through machine learning. In this term firs, the data
has been defined in Python. The “Pandas” library has been used for finding the
correlation matrix, “corr ()” command has been defined to find the correlation matrix.
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The “skylearn” library has been applied to predict the results through machine learning.
In this case, the data split train testing method has been utilized. Split train testing is a
model validation technique that simulates the possibility of how a model performs on
new data train model and training set known as “x_train, y_train”, and test model and
test set is known as “x_test, y_test”. Next, the commands of Linear, Support Vector
Machine Regression, and Rigid Regression have been programmed by importing from
“sklearn.linear model”. (Fig. 9).

Data set ‘

oSplitting Data (Train and Test)

—— Import Commands ‘

*“skylearn” library

eLinear Regression, Support Vector Machine Regression and Rigid
Regression “sklearn.linear_model”

Fig. 9. Machine learning algorithm of current study.
Validation

The current study applied four different types of validation types to find the
best prediction methods. To find the most accurate method the Correlation Coefficient
(R?), Mean Absolute Errors (MAE) and Root Mean Squared Errors (RMSE) Wilcoxon
signed-rank test have been applied. Equation (6) illustrates the R? formula:

2 _ 4 Y'0-9)

RE=1 Iy -¥)? ©)
where y, ¥, and y are the actual, predicted, and mean of the actual value, respectively.
The MAE method equation is equal to the sum of the numerical differences of the
community set values divided by whole numbers (Equation (6)). The MAE equation is
defined as (Equation (7)):

1 ~
MAE =~ 3"y — 3 ()

RMSE calculates the average deviation of each actual data point and the predicted
results. (Equation (8)):

RMSE = [3n(y - 9)? ®

Wilcoxon signed-rank test is presented to find the distribution between experimental
results and prediction results. The Wilcoxon signed-rank test under 0.05 shows the true
distribution numbers [I]

W =¥ [sgn(xy; — x1,) R; 9)
Mohammad Hematibahar et al
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Where W is testing statistics N is the sample size, sgn is the sign function "~ X

corresponding to ranked pairs from two distributions, and R, isrank i.
I1l. Results
Mechanical Properties, and Failure Mechanism

The experimental results show, that the close compressive strength results in
prediction. The results show that data science can predict concrete mixture design. The
R2 has been calculated as more than 0.91, RSME as more than 2.71, and MAE, as more
than 1.07. Wilcoxon signed-rank test was more than 0.015. The Wilcoxon signed rank
test shows that the distribution between the experimental and predicted results was
small, this condition indicates that the results are accurate. According to the results, the
A specimen has less than 0.01 MPa errors, and the E specimen has more than 12.8 MPa
errors (Table 2). According to the results, A was the optimal mixture design with 0.1
error. However, the D specimens had maximum compressive strength, while the A
specimens had the best results according to Table 2. The water/cement ratio was more
than 0.4, the fine and coarse aggregates were more than 400 and 450 kg/m3 respectively
for A specimen.

Table 2: Experimental, estimated, and errors of compressive strength results.

According to the results, Data mining can find the mixture design with high accuracy.
Fig. 10 illustrates that the maximum error was for C and D with 2.9 (MPa) and 2.3
(MPa) specimens. And fewer errors were for A and F with 0.1 (MPa) and 0.2 (MPa)
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Fig. 10. The Experimental, Machine Learning, and Errors figure

The failure mechanism is another neglected problem to find the compressive strength.
The compressive strength is related to the failure model and failure mechanism. [X1X].

Machine Learning Prediction

Prediction Results (MPa)

0 20 40 60 80 100 120 140

Experimental Results (MPa)

Fig. 11. Ridge Regression compressive strength results.

Two models have been predicted through machine learning techniques. The
results show that the RR method was more reliable. In this method, R? was 0.93,
RSME, 5.36, and MAE 3.74. The LR method R? results were more than 0.90, RSME,
and MSE results were more than 9.49, and 8.20 respectively. The LR results were not
accurate, and reliable. In this case, the R? was 0.76, and RSME, and MAE results were
39.04, and 23.14 respectively (Fig. 11 and Fig. 12).
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Experimental Results (MPa)

Fig. 12. Linear Regression compressive strength results.
Polynomial Regression Results

The polynomial regression results have been illustrated in Fig. 13. The results
of R? show that the polynomial regression had similar accuracy to the RR method. PR
coefficient of determining results was more than 0.93 and the RR was more than 0.91.
The difference between RR, and PR is that PR is independent from the parameters and
variable. However, both of the regressions had a high amount of accuracy [XIX].

However, the Wilcoxon signed-rank test results of RR were 0.13, the R? shows that the
RR was regression. Moreover, the Polynomial Regression results were better than RR
and LR in the Wilcoxon signed-rank test, MAE, and RSME with 0.02, 1.74, and 2.78
respectively. The results of the Wilcoxon signed rank test show that the experimental
results and the prediction results had a close distribution (Table 3).
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80
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Fig. 13. Polynomial regression of the current study.
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Table 3: Validation of the different methods

Soft Programming Stress-Strain Curve
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Stress-strain curve results are illustrated in Fig. 14. The Logistic Algorithm
was able to predict the stress-strain curve of experimental and data mining results with
high accuracy. The Logistic algorithm has been predicting the compressive stress-strain
curve of 7 samples with high accuracy according to the previous study [XXII].
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Fig. 14. The stress-strain curve of compressive strength(a), A sample, (b); B sample;
(c); C sample, (e); E sample, (f), F sample, (g); G sample.

The Fig. 14 stress-strain curve helps to find the absorbent energy of the cube of the
specimen under compression test.

v Discussion

The current paper studies both experimental and prediction results of the
compressive strength of concrete. However, the Ridge Regression predicted the
compressive strength of concrete with more than 0.97 (R?) accuracy, and experimental
compressive strengths show different results. The novelty of the current study was
applying Linear Regression, Rigid Regression, and Polynomial Regression to forecast
the compressive strength and compare with experimental results for the first time.

In terms of prediction method, the current study predicts a compressive study with more
than 0.97 R? Results. The current study used the Ridge Regression (RR) machine
learning method to predict the compressive strength. This method shows that the RR
method is accurate and reliable. In this term, Hasanzadeh et al. [XIX] predicted the
mechanical properties of concrete through polynomial regression. They used
Polynomial Regression and the SVR method to predict the compressive, tensile, and
flexural strength. Their results show that the R? was more than 0.99. In another
example, Sami Ullah et al. [XXXVII] predicted geo-polymer concrete compressive
strength via machine learning. They collected more than 300 mix properties for the data
mining process. Finally, they predicted compressive strength with more than 0.90 for
R% In another example, Liu [XXXI] used the XG Boost method to predict the
compressive strength of a concert. Their results show that the XGBoost accuracy (R?)
was more than 0.99. Hematibahar et al. used a logistic map algorithm to predict the
compressive strength of concrete. Their results show that R? was equal to 0.96. Topcu
and Saridemir [XLI] studied the Artificial Neural Network to forecast the compressive
strength of concrete with different percentages of fly ash. Their results show that R?
was more than 0.9. In another example, Son, and Yang [XL] examined the uniaxial
compressive strength of concrete through machine learning. Their results have proved
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that Gradient boosting R? results were more than 0.91 to predict the compressive
strength of concrete. Kaewunruen et al [XXVI] result for predicting prestressed
concrete sleepers illustrated that R? values were more than 0.95, and 0.99 for Bayesian
ridge, and Random forest prediction methods via machine learning technique.

Shen et al [XXXIX] predicted the ultra-high-strength concrete (UHSC) through
machine learning via XGBoost, AdaBoost, and Bagging methods. Cement content, fly
ash, silica fume and silicate content, sand and water content, superplasticizer content,
steel fiber, steel fiber aspect ratio, and curing time have been considered as the dataset
in their study. According to the results, the R? was 0.9, while, the Polynolynal
Regression and Linear Regression have more than 0.91 and 0.93 R? in the current studly.
Hsieh [XXIV] used (k-NN) with cross-validation to predict the compressive strength
of concrete and rock. He used an instance-based learning (IBL) algorithm to forecast.
Finally, he found that R? was 0.931 for 7-NN prediction. Vakharia and Gujar [XLII]
found that forecasting compressive strength and Portland cement composition using
ten k cross-validation has more than 0.95 R?accuracy. They used four machine learning
models Isotonic regression, Artificial neural network, Support vector machine, and
Random forest. However, they did not examine the prediction method with real
experiments. According to the experimental results, the R? was more than 0.91 for
experimental results and more than 0.93 for prediction via Rigid Regression.

The experimental results illustrated different results instead of prediction methods.
Most studies demonstrated that the compressive strength is able to predict with more
than 0.9 R? results.

V. Conclusion

In this paper, the reliability of data mining experimental, and predicted results
has been investigated. Different mixtures have been examined via data mining
methods, and machine learning predicts compressive strength. The mixture designs and
estimated compressive strength are calculated through data mining. The results show
that the predicted compressive strengths were more than the experimental results. The
experimental results were shown that R? =0.91. The machine learning method shows
that RR had the best regressing with more than 0.93 for R? while Wilcoxon signed-rank
test was not suitable. Moreover, the LR results were more than 0.76 for R2. The
Wilcoxon signed-rank test shows that the PR had the most stable distribution with 0.02
and R? with more than 0.91. The results show that the SVR method was not able to
predict compressive strength. Overall, the current method can predict the mixture
design through the machine learning method. Moreover, the current study can progress
to find the reliability of other ANNs and machine learning methods with experimental
results. Civil engineers can find and predict compressive strength with high accuracy
through the current method. Overall, the current study was the following. The
prediction of the design mixture is reliable. The results show that R? was more than
0.91. Data mining can find the mixture design with high accuracy. The logistic
Algorithm was able to predict the compressive stress-strain curve with high accuracy.

The compressive strength via machine learning was accurate. The Ridge Regression
(RR) R? was more than 0.97. It should be noted that compressive strength can be
predicted through machine learning.
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