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Abstract: Compressive and flexural strength are the crucial properties of a material. The strength of
recycled aggregate concrete (RAC) is comparatively lower than that of natural aggregate concrete.
Several factors, including the recycled aggregate replacement ratio, parent concrete strength, water—
cement ratio, water absorption, density of the recycled aggregate, etc., affect the RAC’s strength.
Several studies have been performed to study the impact of these factors individually. However,
it is challenging to examine their combined impact on the strength of RAC through experimental
investigations. Experimental studies involve casting, curing, and testing samples, for which sub-
stantial effort, price, and time are needed. For rapid and cost-effective research, it is critical to apply
new methods to the stated purpose. In this research, the compressive and flexural strengths of
RAC were predicted using ensemble machine learning methods, including gradient boosting and
random forest. Twelve input factors were used in the dataset, and their influence on the strength
of RAC was analyzed. The models were validated and compared using correlation coefficients
(R?), variance between predicted and experimental results, statistical tests, and k-fold analysis. The
random forest approach outperformed gradient boosting in anticipating the strength of RAC, with
an R? of 0.91 and 0.86 for compressive and flexural strength, respectively. The models’ decreased
error values, such as mean absolute error (MAE) and root-mean-square error (RMSE), confirmed the
higher precision of the random forest models. The MAE values for the random forest models were
4.19 MPa and 0.56 MPa, whereas the MAE values for the gradient boosting models were 4.78 MPa
and 0.64 MPa, for compressive and flexural strengths, respectively. Machine learning technologies
will benefit the construction sector by facilitating the evaluation of material properties in a quick and

cost-effective manner.

Keywords: recycled aggregate concrete; sustainable aggregate; compressive strength; flexural
strength; gradient boosting; random forest

1. Introduction

Numerous tests are performed to measure concrete performance, but compressive
strength is frequently considered the most significant [1]. Compressive strength tests
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offer good insight into the concrete’s diverse properties. The compressive strength of
concrete is directly or indirectly connected to a number of mechanical and durability
properties [2]. Flexural strength is also a key characteristic to consider when designing
structural concrete, since it has an effect on the flexural cracking, shear strength, deflection
properties, and brittleness ratio of the concrete [3]. The compressive and flexural strength
of recycled aggregate concrete (RAC) are reliant on a number of variables, including
the mechanical and physical properties of the recycled aggregate used, as well as the
microstructure of the resulting matrix [4]. Typically, RAC has an inferior compressive and
flexural strength compared to natural aggregate concrete, owing to insufficient bonding
between the aggregate and the old mortar, fractures and cracks in the recycled aggregate
formed during the recycling procedure, and the presence of low-permeability mortar
connected to the recycled aggregate [5-7]. Furthermore, the characteristics of RAC are
reliant on the amount of recycled aggregate substituted and the moisture content [8,9]. The
strength of RAC varies according to the recycled aggregate replacement ratio, the water—
cement ratio (w/c), the recycled aggregate’s moisture content, and the recycled aggregate’s
physical and mechanical properties [9,10]. When w/c is held constant, experimental
data suggest that recycled aggregate replacement content has a significant effect on the
strength of RAC [11,12]. When natural aggregate is totally replaced with recycled aggregate,
the compressive strength of RAC can be reduced by up to 30% [13,14]. Similarly, other
researchers discovered a drop in compressive strength of between 12% and 25% with
100% recycled aggregate incorporation [15,16]. It was discovered that the age of the waste
concrete from which the recycled aggregate was manufactured had a substantial impact
on the strength of the RAC [17]. Moreover, the strength of the parent concrete from which
recycled aggregates are produced affects the strength of the RAC [18]. Hence, there are
several factors that influence the strength of RAC, and to study their combined impact
through experimental investigations is challenging. In contrast, using computational
methods might better examine the combined influence of these factors on the strength
of RAC.

The practice of developing models for forecasting the strength of concrete is ongoing
in order to reduce unnecessary test repetitions and material waste. There are several
prominent models for modeling concrete properties, such as best fit curves (based on
regression analysis). However, due to the nonlinear behavior of concrete [19,20], regression
models generated using this technique may not accurately represent the underlying nature
of the material. Additionally, regression methods may understate the effect of constituent
materials in concrete [21]. Artificial intelligence techniques such as machine learning are
some of the more contemporary modeling techniques that have been used in the area of civil
engineering. These approaches use input parameters to model responses, and the output
models are validated by experimentation. For construction applications, machine learning
algorithms estimate concrete strength [22-26], bituminous mixture performance [27], and
concrete durability [28-30].

This study concentrates on the use of machine learning methods to forecast the com-
pressive and flexural strength of RAC. Two distinct ensemble machine learning techniques
were used—gradient boosting and random forest—and the effectiveness of both methods
was evaluated using correlation coefficients (Rz) and statistical checks. Moreover, k-fold
analysis and error distributions were used to determine the validity of each technique.
The reason for selecting the ensemble machine learning method was that the literature
reported their better performance compared to individual machine learning methods,
such as support-vector machines and artificial neural networks [31-33]. This research is
interesting in that it predicts both the compressive and flexural strength via two ensemble
machine learning methods, while experimental studies require considerable human effort,
the cost of experimentation, and time for material collection, casting, curing, and testing.
Since a number of factors—including w/c, recycled aggregate replacement ratio, parent
concrete strength, water absorption of the recycled aggregate, density of the recycled aggre-
gate, etc.—influence the strength of RAC, their combined impact is hard to study through
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an experimental approach. Machine learning methods are capable of determining their
combined impact at a reduced effort. Machine learning methods require a dataset, which
may be collected from past studies, since many investigations have been undertaken to
determine material strength, and such a dataset might be utilized for training the machine
learning models and forecasting the material properties. The purpose of this work is to
ascertain the most appropriate machine learning method for the compressive and flex-
ural strength estimation of RAC based on the results forecast and the effects of various
parameters on the strength of RAC.

2. Methods
2.1. Data Retrieval and Analysis

To obtain the appropriate result, supervised machine learning techniques need a
varied range of input variables [34-36]. The compressive and flexural strength of RAC
were projected using data obtained from the past studies (see Table S1 in Supplementary
Materials). Experimental data were arbitrarily selected from previous studies so as to avoid
biased images. Twelve variables were chosen as input factors, as listed below:

Recycled concrete aggregate (RCA) replacement ratio;
Parent concrete strength, bulk density of natural aggregate;
Bulk density of RCA;

Bulk density of natural aggregate;

Water absorption of natural aggregate;

Water absorption of RCA;

Aggregate—cement ratio (a/c);

Effective water—cement ratio (weg/c);

Nominal maximum natural aggregate size;

Nominal maximum RCA size;

Los Angeles abrasion index of natural aggregate;

Los Angeles abrasion index of RCA.

In addition, the compressive and flexural strength were chosen as the output variables.
The quantity of input variables and the dataset have a substantial impact on a machine
learning method’s result [37-39]. In the present study, 638 data points (mixes) were em-
ployed to run machine learning methods for compressive strength prediction, and 139 data
points (mixes) were used for flexural strength prediction. Tables 1 and 2 summarize the
descriptive statistic evaluation of each input variable for compressive and flexural strength
prediction, respectively. The mode, median, and mean exemplify basic propensity, while
the standard deviation, minimum, and maximum denote variability. The relative frequency
dispersal of input factors employed to forecast the compressive and flexural strength is
depicted in Figures 1 and 2, respectively. This represents the overall number of readings
linked to each input parameter.
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Table 1. Descriptive statistical values of input factors for the compressive strength dataset.

RCA Re- Parent Bulk Bulk Water Water Aggregate— Effective N°"f‘mal N"“.““‘al Los Angeles Los Angeles
Concrete . . . . Water— Maximum Maximum 7 Abrasion
Parameter placement Strength Density of Density of Absorption Absorption Cement Cement NA Size RCA Size Abrasion Index of
io (9 3 3 ) o, :
Ratio (%) (MPa) NA (kg/m°)  RCA (kg/m?>) of NA (%) of RCA (%) Ratio (a/c) Ratio (Weg/c) (mm) (mm) Index of NA RCA
Mean 53.03 5.00 1538.47 1666.16 0.61 3.49 2.99 0.49 22.14 21.51 4.61 6.75
Range 100.00 100.00 2970.00 2880.00 3.00 11.90 6.50 0.87 38.00 32.00 32.00 42.00
Mode 100.00 0.00 0.00 0.00 0.00 0.00 3.10 0.50 20.00 20.00 0.00 0.00
Maximum 100.00 100.00 2970.00 2880.00 3.00 11.90 6.50 0.87 38.00 32.00 32.00 42.00
Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Median 50.00 0.00 2570.00 2330.00 0.40 3.90 2.90 0.49 20.00 20.00 0.00 0.00
Standard 40.01 15.38 1315.12 1115.04 0.73 294 0.83 0.11 5.48 5.71 10.04 13.89
Deviation
Sum 33,884 3193 983,081 1,064,677 391 2231 1913 312 14,149 13,747 2943 4312
Table 2. Descriptive statistical values of input factors for the flexural strength dataset.
RCA Parent Bulk Bulk Water Water Aggregate— Effective Nor{unal Nor{lmal Los Angeles Los
Concrete . . . . Water- Maximum Maximum . Angeles
Parameter Replacement Strength Density of Density of Absorption Absorption Cement Cement NA Size RCA Size Abrasion of Abrasion of
20 (9 3 3 o o 5
Ratio (%) (MPa) NA (kg/m®)  RCA (kg/m>) of NA (%) of RCA (%) Ratio (a/c) Ratio (/<) (mm) (mm) NA RCA
Mean 50.74 4.32 1704.24 1823.81 0.70 4.15 3.05 0.52 19.40 19.23 9.32 12.82
Range 100.00 100.00 2820.00 2578.00 2.10 11.90 6.00 0.87 30.00 32.00 32.00 41.40
Mode 100.00 0.00 0.00 0.00 0.00 0.00 2.80 0.50 20.00 20.00 0.00 0.00
Maximum 100.00 100.00 2820.00 2578.00 2.10 11.90 6.00 0.87 30.00 32.00 32.00 4140
Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Median 50.00 0.00 2590.00 2336.00 0.50 4.70 2.90 0.50 20.00 20.00 0.00 0.00
St;‘r‘?oarrd 342 1.50 108.88 85.16 0.06 0.24 0.07 0.01 0.34 0.38 1.05 1.36
Standard 40.30 17.65 1283.62 1004.03 0.70 2.81 0.81 0.14 4.00 449 1233 15.99
Deviation
Sum 7053.00 600.00 236,890.00 253,509.00 96.90 577.28 423.40 71.75 2696.00 2673.00 1294.90 1781.30

NA: natural aggregate, RCA: recycled concrete aggregate.
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Figure 1. Relative frequency dispersal of input parameters for the compressive strength dataset. NA:
natural aggregate, RCA: recycled concrete aggregate.
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2.2. Machine Learning Methods Employed

Two ensemble machine learning methods (gradient boosting and random forest) were
used to accomplish the objectives of this research, using Python code and the Anaconda
Navigator program. Spyder 4.3.5 was used to execute the gradient boosting and random
forest methods. Typically, these machine learning methods are used to anticipate desired
outputs based on input factors. These methods are capable of forecasting the temperature
effects, the strength properties, and the durability of materials [40,41]. Ensemble machine
learning methods commonly exploit the weak learner by constructing 20 submodels that
may be trained on data and modified to maximize the R? value. The strategies to choose
optimal hyperparameters include splitting the data for training and testing models (80%
for training and 20% for testing), selecting the optimal submodel based on R?, and the
k-fold analysis method. R? represents the performance/validity of machine learning
approaches. The R? statistic is used to determine the amount of variance in a response
variable provided by a model. In other words, it expresses the model’s fit to the data
quantitatively. A number around zero implies that fitting the mean is comparable to fitting
the model, but a value near one shows that the data and model are nearly completely
matched [42]. The subsections below discuss the machine learning techniques employed in
this study. Moreover, all machine learning methods are validated using k-fold assessment,
statistical checks, and error measures (root-mean-square error (RMSE) and mean absolute
error (MAE)). Furthermore, sensitivity analysis is performed to determine the effect of
each input variable on the predicted findings. The flow diagram in Figure 3 illustrates the
research method used in this study.

p

A

p

R
. + Collection of relevant data from the literature.
Data retrieval < - T :
+ Statistical analysis of input variables.
NG
R
Machihelleanin » Gradient boosting and random forest.
apélicationl 9 < * Spyder (version: 4.3.5) was used from
Anaconda navigator.
PN
A
» Statistical checks: MAE and RMSE
Rgﬂ;‘,‘;s?;‘d <+ K-fold analysis: MAE, RMSE, and R?
+ Sensitivity analysis

y \_

Figure 3. Flowchart of research methods.

2.2.1. Gradient Boosting

Friedman [43] presented gradient boosting as an ensemble strategy for classification
and regression in 1999. Gradient boosting is only applicable to regression. As seen in
Figure 4, the gradient boosting technique compares each iteration of the randomly chosen
training set to the base model. A weak predictor is constructed using all of the training data.
Then, the training data are predicted using a weak predictor. With the expected outcome,
it is simple to calculate the residuals for each training instance. Gradient boosting for
execution may be sped up and accuracy increased by randomly subsampling the training
data, which also helps to prevent overfitting. The lower the training data percentage,
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the faster the regression, because the model must suit minor data every single iteration.
Gradient boosting algorithms require tuning parameters, including n-trees and shrinkage
rate, where n-trees is the number of trees to be generated; n-trees must not be kept too low,
while the shrinkage factor—normally referred to as the learning rate employed to all trees
in the development—should not be set too high [44].

+ Calculate residuals

» Tree after adjusting for residuals

» Final tree after adjusting residuals
multiple times

Figure 4. Schematic representation of the gradient boosting technique.

2.2.2. Random Forest

Random forest are deployed by bagging decision trees using the random split choice
technique [45]. The modeling procedure for the random forest approach is illustrated
schematically in Figure 5. Each tree in the forest is generated by means of an arbitrarily
selected training set, and each split inside a tree is constructed by means of an arbitrarily
chosen subgroup of input factors, yielding a forest of trees [46]. This element of instability
adds variation to the tree. The forest as a whole is composed completely of mature binary
trees. The random forest technique has established itself as a highly effective tool for
general-purpose classification and regression. When the number of variables surpasses the
number of observations, the technique has proven improved precision by aggregating the
predictions of several randomized decision trees. Additionally, it is adaptable to both large-
scale and ad hoc learning tasks, yielding measures of varying degrees of importance [47].
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Figure 5. Schematic representation of the random forest technique [45].

3. Results and Analysis
3.1. Gradient Boosting Model
3.1.1. Compressive Strength

The results of the gradient boosting model for RAC’s compressive strength are shown
in Figure 6a,b. Figure 6a depicts the relationships between the experimental and anticipated
results. The gradient boosting approach yielded findings with a satisfactory level of
accuracy and a lower distinction between the experimental and projected values. The
R? of 0.87 signifies that the gradient boosting model is reasonably precise at forecasting
the compressive strength of RAC. The distribution of forecast and error values for the
gradient boosting compressive strength model is presented in Figure 6b. The discrepancy
between experimental and estimated values was found to be between 0.00 and 27.96 MPa
(44.52% deviation), with an average of 4.78 MPa (11.67%). Additionally, the divergence
from the experimental outcomes was less than 1 MPa for 27 mixes, between 1 and 3 MPa
for 32 mixes, between 3 and 6 MPa for 32 mixes, between 6 and 10 MPa for 21 mixes, and
greater than 10 MPa for 16 mixes. These deviations indicate that the gradient boosting
model’s predicted results deviated less from the experimental results. As a result, the
gradient boosting technique is quite accurate at predicting RAC’s compressive strength.
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1 Slope 0.83248 + 0.042
R-Square 0.86876
80 ~
60
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201 /%
0 2I0 4IO 6I0 8I0 1 (I)O 120
Experimental (MPa)
(@) (b)
Figure 6. Gradient boosting model for compressive strength: (a) relationship between experimental
and predicted results; (b) spreading of predicted and error values.
3.1.2. Flexural Strength
Figure 7a,b provides a comparison of the experimental and predicted outcomes of
the gradient boosting model for the flexural strength of RAC. The correlation between
experimental and estimated findings is exemplified in Figure 7a, where an R? of 0.79 indi-
cates that the gradient boosting model for the flexural strength is less specific than for the
compressive strength estimation of RAC. This reduced R? is due to the lower number of
data points used for forecasting the flexural strength compared to the compressive strength.
The distribution of estimated and error values for the gradient boosting flexural strength
model is represented in Figure 7b. The difference between experimental and estimated
values was discovered to be between 0.00 and 4.27 MPa (89.27% deviation), with an average
of 5.86 MPa (11.44%). Furthermore, the difference from the experimental outcomes was less
than 1 MPa for 22 mixes and greater than 1 MPa for 6 mixes. These deviation values suggest
a moderate disparity between the gradient boosting model’s projected and experimental
outcomes. As a result, the gradient boosting approach predicts RAC’s flexural strength less
accurately compared to its precision in foretelling the compressive strength of RAC.
10
® Data
Best fit hd ° 5-‘
8 - Equation y=a+b*x °
Slope 1.0701 £ 0.16125 41
R-Square 0.79296 °
T,
°1 :
2
4 4 L
2
O T T T T
0 2 4 6 8 10

Experimental (MPa)

(@) (b)

Figure 7. Gradient boosting model for flexural strength: (a) relationship between experimental and
predicted results; (b) spreading of predicted and error values.
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3.2. Random Forest Model
3.2.1. Compressive Strength

The outcomes of the random forest model for the compressive strength of RAC are
presented in Figure 8. In Figure 8a, an R? value of 0.91 indicates that the random forest
model outperforms the gradient boosting model in this study in terms of precision. The
dispersion of projected and error values for the random forest compressive strength model
is shown in Figure 8b. The variation (error) between experimental and estimated values
was found to range between 0.07 and 25.57 MPa (39.28% variation), with an average of
4.19 MPa (10.50% variation). Furthermore, the difference from the experimental outcomes
was less than 1 MPa for 18 mixes, between 1 and 3 MPa for 41 mixes, between 3 and 6 MPa
for 39 mixes, between 6 and 10 MPa for 22 mixes, and larger than 10 MPa for only 8 mixes.
These values show that the difference between experimental and expected outcomes is
less compared to the gradient boosting model. As a result, the random forest approach is
superior for assessing the compressive strength of RAC with the greatest precision.

120
® Data
Best fit
100 4|Equation y=a+ b
Slope 0.79172 £ 0.03116
© R-Square 0.91473
0. 80
=
2
G 60
o
o
B 40
20 4 é
0 20 40 60 80 100 120

Experimental (MPa)

(a) (b)

Figure 8. Random forest model for compressive strength: (a) relationship between experimental and
predicted results; (b) spreading of predicted and error values.

3.2.2. Flexural Strength

The experimental and anticipated outcomes of the random forest model for the flexural
strength of RAC are shown in Figure 9. Figure 9a represents the relationships between
experimental and projected outcomes, with an R? of 0.86 indicating that the random forest
model for the flexural strength is less specific than the compressive strength prediction of
RAC. This reduced R? is because there are fewer data points used to forecast the flexural
strength than the compressive strength. Figure 9b indicates the distribution of estimated
and error values for the random forest flexural strength model. The discrepancy between
experimental and estimated values ranged from 0.02 to 2.24 MPa (34.46 variances), with
an average of 0.56 MPa (10.43% variance). Moreover, for 23 mixes, the variation from
the experimental outcomes was less than 1 MPa, whereas it was greater than 1 MPa for
only 5 mixes. These values indicate a lower difference between the random forest model’s
predicted and experimental results. As a result, the random forest technique is more
accurate in forecasting RAC’s flexural strength than the gradient boosting model.
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Figure 9. Random forest model for flexural strength: (a) relationship between experimental and
predicted results; (b) spreading of predicted and error values.

3.3. Models’ Validation

The machine learning methods were validated by employing k-fold and statistical
methods. The k-fold technique, in which related data are randomly spread and separated
into 10 groups, is widely used to determine a technique’s validity [48]. Nine groups
are employed for training the model, and one group is used for validation, as shown in
Figure 10. The model is more accurate when the errors (MAE and RMSE) are less and
the R? is high. In order to get a reasonable conclusion, the operation should be repeated
10 times. The model’s outstanding accuracy is due in large part to this enormous effort.
In addition, both models were statistically tested based on errors (MAE and RMSE), as
shown in Table 3. In comparison to the gradient boosting technique, this assessment also
validated the random forest model’s superior accuracy due to reduced error readings.
Equations (1) and (2), which were obtained from prior investigations [31,49], were used to
determine the approaches’ prediction performance statistically.

1
MAE= LY p -, )
FR— . 2
Z(PI nTl) , (2)

where n = total number of data points, T; = experimental value, and P; = predicted value.

RMSE =

Table 3. Statistical measurements of the models for validation.

Compressive Strength (MPa) Flexural Strength (MPa)

MAE RMSE MAE RMSE

Model

Gradient Boosting 4.776 6.976 0.642 1.199
Random Forest 4.194 5.642 0.560 0.859
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Figure 10. K-fold analysis procedure [50].

MAE, RMSE, and R? were measured to see how well the k-fold analysis was executed,
and the results are shown in Table 4. Figures 11-13 show a comparison of k-fold analysis
for all of the machine learning techniques used. The MAE values for the gradient boosting
compressive strength model ranged from 4.78 to 14.60 MPa, with an average of 10.27 MPa.
In contrast, the MAE values for the random forest compressive strength model ranged
from 4.19 to 10.92 MPa, with an average of 8.34 MPa. Likewise, the gradient boosting and
random forest models for the compressive strength of RAC had average RMSE values of
11.05 and 9.41 MPa, respectively. When R? values were evaluated, the average R? values
for the gradient boosting and random forest models were 0.67 and 0.72, respectively. When
compared to the gradient boosting model, the random forest model—with smaller error
values and greater R? values—was more precise in projecting the compressive strength of
RAC. A similar distribution of error and R? values was discovered for the flexural strength
of RAC for both the gradient boosting and random forest models, and this also validated
the higher precision of the random forest model. Hence, the random forest model might
be employed for the strength estimation of RAC in order to reduce the number of trials
required for experimentation.

Table 4. Results of k-fold analysis.

Compressive Strength Flexural Strength
K-Fold Gradient Boosting Random Forest Gradient Boosting Random Forest
MAE RMSE  R? MAE RMSE  R? MAE RMSE  R? MAE RMSE  R?
1 14.60 10.23 0.74 10.92 8.44 0.90 0.64 1.37 0.75 0.63 0.97 0.74
2 7.33 9.28 0.53 7.13 9.45 0.67 0.67 1.20 0.92 0.66 0.97 0.44
3 11.04 7.98 0.87 8.16 7.56 0.73 0.75 1.52 0.60 1.33 1.51 0.35
4 8.57 13.86 0.84 4.19 11.87 0.84 0.85 1.81 0.45 0.71 0.93 0.63
5 11.16 12.42 0.87 7.25 9.83 0.91 0.74 1.21 0.79 0.91 0.86 0.43
6 13.10 7.10 0.86 9.87 5.64 0.66 2.00 2.02 0.20 0.56 0.86 0.41
7 8.01 15.95 0.37 7.78 12.06 0.79 0.96 1.23 0.21 0.97 0.90 0.75
8 13.14 8.76 0.74 9.98 15.00 0.47 1.56 1.28 0.44 1.30 1.47 0.56
9 4.78 6.98 0.61 10.09 8.18 0.74 0.79 1.22 0.24 0.87 1.28 0.74
10 10.94 17.97 0.27 7.98 6.10 0.49 0.69 1.29 0.50 0.90 1.34 0.86
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Figure 13. Correlation coefficient (R?) distribution from the k-fold analysis. GB: gradient boosting,
RF: random forest, CS: compressive strength, FS: flexural strength.

3.4. Sensitivity Analysis

The purpose of this evaluation was to discover the impact of input factors on RAC’s
compressive and flexural strength prediction. The anticipated result is considerably influ-
enced by the input factors [51]. Figure 14 shows the influence of the input factors used in
this research on the compressive strength evaluation of RAC. The analysis revealed that the
RCA replacement ratio was the crucial element, accounting for 18.7% of the overall impact,
followed by parent concrete strength at 15.3% and weg/c at 14.8%. The contribution of the
other input factors to the strength estimation of RAC was found to be lower, with the Los
Angeles abrasion index of RCA, water absorption of RCA, a/c, nominal maximum RCA
size, bulk density of RCA, Los Angeles abrasion index of natural aggregate, bulk density of
the natural aggregate, nominal maximum natural aggregate size, and water absorption of
the natural aggregate accounting for 11.6%, 8.7%, 8.1%, 6.5%, 5.0%, 3.7%, 2.8%, 2.5%, and
2.3%, respectively. Sensitivity analysis produced results associated with the quantity of
input variables and the dataset used to build the machine learning models. The impact of
an input factor on the method’s results was found using Equations (3) and (4).

Ni = fmux(xi) _fmin(xi) (3)
N.

[— 4

TN, 4

where

fmax(x;) = highest estimated value on the i*’ result;
fnin(x;) = lowest estimated value on the i result;
S; = attained impact percentage for a certain variable.
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Figure 14. Input variables’ contribution to estimating the outcomes of models.

4. Discussions

The goal of this study was to add to the existing domain of research on the use of
modern methods for evaluating the strength of RAC. This sort of exploration will benefit
the building sector by allowing for the advancement of fast and cost-effective material
property projection methods. Furthermore, by implementing these techniques to encourage
environmentally friendly construction, the acceptance and usage of RAC in the build-
ing sector could be expedited. Figure 15 depicts the advantages of adopting RAC in the
construction industry. Significant infrastructural renovation is required as a result of ur-
banization and industrialization, resulting in high volumes of construction and demolition
waste. Therefore, desirable areas are turned into garbage ditches, land prices continue to
rise, and trash dumping costs rise, with landfill space becoming increasingly rare. As a
result, waste management has become of leading significance in emerging countries and is
a global concern that demands long-term solutions. In addition, extracting and processing
natural aggregates for concrete uses a lot of energy and produces a lot of CO, [52]. Thus,
using RAC in concrete production could result in lower energy consumption, resource
conservation, building sustainability, cost savings, and a significant decrease in construction
and demolition waste.

This research shows how machine learning methods may be used to forecast the
compressive and flexural strength of RAC. The study employed two ensemble machine
learning techniques—gradient boosting and random forest—to determine which technique
is the most accurate predictor. The random forest model, with an R? of 0.91 for compressive
strength and 0.86 for flexural strength prediction, suggested a higher precision compared
to the gradient boosting model, which produced R? of 0.87 and 0.79 for compressive
and flexural strength prediction, respectively. Furthermore, the accuracy of all machine
learning methods was tested through the use of k-fold and statistical methods. The model
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is more precise if there are fewer error values in it. However, selecting and suggesting
the best machine learning model for forecasting outcomes in a range of fields is difficult,
because a model’s validity is highly dependent on the input factors and size of the dataset
employed [53]. Ensemble machine learning techniques frequently take advantage of the
weak learner by building 20 submodels that might be trained on data and altered to
maximize the R? value. The random forest model has also been found to be more exact
in forecasting the strength of concrete by other researchers [54-56] in terms of R? and
error values. Farooq et al. [54] compared the functioning of random forest with that of the
artificial neural network, gene expression programming, and decision tree methods, and
found that the random forest model, with an R? of 0.96, had a higher precision than the
others. The reason for the higher accuracy of random forest is that it employs the bagging
approach to combine all regression trees [57,58]. By minimizing the variation associated
with prediction, bagging can increase prediction accuracy.

Waste
materials
reduction
Reduced CO, R:r?:r;?/d
Smissons consumption
///// V b - \\\ P 7 \\\
y N R led y N
[ ildi ecycle / Natural \
' Greenbuildng / \
material e aggregate | resources |
concrete \ P :
Q > R v

Figure 15. Benefits related to the adoption and application of recycled aggregate concrete.

Figure 16 depicts the R? value dispersion for the gradient boosting and random forest
submodels. For gradient boosting compressive strength submodels, the lowest, average,
and maximum R? values were 0.818, 0.844, and 0.869, respectively. Additionally, the least,
average, and highest R? values for the gradient boosting flexural strength submodels were
noted to be 0.731, 0.762, and 0.793, respectively. Similarly, for random forest compressive
strength submodels, the lowest, average, and highest R? values were 0.877, 0.907, and
0.915, respectively. Meanwhile, the least, average, and greatest R? values for the random
forest flexural strength submodels were identified to be 0.803, 0.834, and 0.863, respectively.
These findings revealed that the random forest submodels had greater R? values than the
gradient boosting submodels, indicating that the random forest model was more precise
in estimating RAC’s strength. A sensitivity analysis was also conducted to determine the
effects of all inputs on the projected strength of RAC. The size of the dataset and the input
parameters may have an impact on the model’s performance. The sensitivity analysis
determined the contributions of each of the 12 input parameters to the expected output.
The three most important input factors were discovered to be the RCA replacement ratio,
parent concrete strength, and weg/c.
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Figure 16. Correlation coefficients (R%) of submodels.

5. Conclusions

This study aimed to employ two ensemble machine learning algorithms to anticipate

the compressive and flexural strength of recycled aggregate concrete (RAC). Gradient boost-
ing and random forest were chosen to achieve the study’s goals. The dataset containing the
strength of RAC of 638 mixes was collected, of which all contained compressive strength
results and 139 contained flexural strength results. Both gradient boosting and random
forest models were employed to predict the compressive and flexural strength of RAC, and
their accuracy was compared. The conclusions of this study are as follows:

1.

The random forest model outperformed the gradient boosting model in estimating the
compressive and flexural strength of RAC, with an R? value of 0.91 for compressive
strength and 0.86 for flexural strength prediction. However, the results of the gradient
boosting model for the compressive strength estimation of RAC were also in the
reasonable range, with an R? of 0.87, but for the flexural strength estimation, the
accuracy of the gradient boosting model was lower, with an R? of 0.79. The lower R?
values for the flexural strength estimation in both models were because of the lower
number of input data points. Hence, the random forest technique is suitable to be
used for the strength prediction of RAC;

The analysis of predicted results indicated a lower variance from the experimental
results for the random forest model compared to the gradient boosting model, which
also validated the higher precision of the random forest model in predicting the
strength of RAC;

K-fold and statistical evaluations further validated the model’s precision. These
assessments also validated the higher precision of the random forest model due to the
lower error values in comparison with the gradient boosting model;

Sensitivity analysis revealed that the RCA replacement ratio was the most important
constituent affecting the model’s outcome, accounting for 18.7% of the total, followed
by parent concrete strength at 15.3% and the effective water—-cement ratio at 14.8%.
However, the other input parameters had less contribution to the forecast of RAC’s
compressive strength, with the Los Angeles abrasion index of RCA, water absorption
of RCA, a/c, nominal maximum RCA size, bulk density of RCA, Los Angeles abrasion
index of natural aggregate, bulk density of natural aggregate, nominal maximum
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natural aggregate size, and water absorption of the natural aggregate accounting for
11.6%, 8.7%, 8.1%, 6.5%, 5.0%, 3.7%, 2.8%, 2.5%, and 2.3%, respectively;

5. This sort of study will benefit the building sector by allowing for the advancement
of rapid and cost-effective techniques for estimating the strength of materials. Fur-
thermore, by encouraging computational techniques, the adoption and application of
RAC in the building sector will be accelerated.

This study proposes that future studies should use experimental research, mixture
proportions, field trials, and other numerical assessment methods to increase the amount
of data points and findings (e.g., Monte Carlo simulation). Furthermore, to enhance the
models’ responsiveness, environmental characteristics (e.g., elevated /low temperature and
humidity) and a full description of the raw materials may be included as input variables.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/
10.3390/ma15082823/s1, Table S1: Data used for modeling. References [59-121] are cited in the
Supplementary Materials.

Author Contributions: X.Y., data curation, visualization, writing—original draft; Y.T., resources,
investigation, supervision, writing—review and editing; W.A., conceptualization, software, method-
ology, validation, supervision, writing—original draft; A.A., resources, methodology, validation,
formal analysis, writing—review and editing; K.I.U., funding acquisition, visualization, project ad-
ministration, writing—review and editing; A.M.M., formal analysis, investigation, writing—review
and editing; R K., resources, methodology, writing—review and editing. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was partially funded by the Ministry of Science and Higher Education of
the Russian Federation as part of the World-Class Research Center program: Advanced Digital
Technologies (contract No. 075-15-2020-934 dated 17 November 2020).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data used in this research has been properly cited and reported in
the main text.

Acknowledgments: This work was supported by the Natural Science Foundation of Guangdong
Province (2018 A030313499) and the National Natural Science Foundation of China (51578343).

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Zhang, B.; Ahmad, W.; Ahmad, A.; Aslam, F; Joyklad, P. A scientometric analysis approach to analyze the present research on
recycled aggregate concrete. J. Build. Eng. 2022, 46, 103679. [CrossRef]

2. Singh, N.; Kumar, P; Goyal, P. Reviewing the behaviour of high volume fly ash based self compacting concrete. J. Build. Eng.
2019, 26, 100882. [CrossRef]

3. Meisuh, B.K,; Kankam, C.K.; Buabin, T.K. Effect of quarry rock dust on the flexural strength of concrete. Case Stud. Constr. Mater.
2018, 8, 16-22. [CrossRef]

4. Ahmad, W.; Ahmad, A.; Ostrowski, K.A.; Aslam, E; Joyklad, P. A scientometric review of waste material utilization in concrete
for sustainable construction. Case Stud. Constr. Mater. 2021, 15, e00683. [CrossRef]

5. Bui, N.K; Satomi, T.; Takahashi, H. Improvement of mechanical properties of recycled aggregate concrete basing on a new
combination method between recycled aggregate and natural aggregate. Constr. Build. Mater. 2017, 148, 376-385. [CrossRef]

6. Saha, S.; Rajasekaran, C. Mechanical properties of recycled aggregate concrete produced with Portland Pozzolana Cement. Adv.
Concr. Constr. 2016, 4, 27. [CrossRef]

7. Xiao,].; Li, W,; Poon, C. Recent studies on mechanical properties of recycled aggregate concrete in China—A review. Sci. China
Technol. Sci. 2012, 55, 1463-1480. [CrossRef]

8.  Ajdukiewicz, A; Kliszczewicz, A. Influence of recycled aggregates on mechanical properties of HS/HPC. Cem. Concr. Compos.
2002, 24, 269-279. [CrossRef]

9. McNeil, K.; Kang, T.H.-K. Recycled concrete aggregates: A review. Int. J. Concr. Struct. Mater. 2013, 7, 61-69. [CrossRef]

10. Poon, C.S.; Shui, Z.; Lam, L.; Fok, H.; Kou, S. Influence of moisture states of natural and recycled aggregates on the slump and

compressive strength of concrete. Cem. Concr. Res. 2004, 34, 31-36. [CrossRef]


https://www.mdpi.com/article/10.3390/ma15082823/s1
https://www.mdpi.com/article/10.3390/ma15082823/s1
http://doi.org/10.1016/j.jobe.2021.103679
http://doi.org/10.1016/j.jobe.2019.100882
http://doi.org/10.1016/j.cscm.2017.12.002
http://doi.org/10.1016/j.cscm.2021.e00683
http://doi.org/10.1016/j.conbuildmat.2017.05.084
http://doi.org/10.12989/acc.2016.4.1.027
http://doi.org/10.1007/s11431-012-4786-9
http://doi.org/10.1016/S0958-9465(01)00012-9
http://doi.org/10.1007/s40069-013-0032-5
http://doi.org/10.1016/S0008-8846(03)00186-8

Materials 2022, 15, 2823 22 of 25

11.

12.

13.

14.

15.

16.
17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Kou, S.C.; Poon, C.S.; Chan, D. Influence of fly ash as cement replacement on the properties of recycled aggregate concrete.
J. Mater. Civ. Eng. 2007, 19, 709-717. [CrossRef]

Xiao, J.; Li, W.; Fan, Y.; Huang, X. An overview of study on recycled aggregate concrete in China (1996-2011). Constr. Build. Mater.
2012, 31, 364-383. [CrossRef]

Butler, L.; West, J.; Tighe, S. The effect of recycled concrete aggregate properties on the bond strength between RCA concrete and
steel reinforcement. Cem. Concr. Res. 2011, 41, 1037-1049. [CrossRef]

Deshpande, N.; Kulkarni, S.; Patil, N. Effectiveness of using coarse recycled concrete aggregate in concrete. Int. J. Earth Sci. Eng.
Sci. Technol. Int. J. 2011, 4, 913-919.

Etxeberria, M.; Vazquez, E.; Mari, A.; Barra, M. Influence of amount of recycled coarse aggregates and production process on
properties of recycled aggregate concrete. Cem. Concr. Res. 2007, 37, 735-742. [CrossRef]

Rahal, K. Mechanical properties of concrete with recycled coarse aggregate. Build. Environ. 2007, 42, 407-415. [CrossRef]

Katz, A. Properties of concrete made with recycled aggregate from partially hydrated old concrete. Cem. Concr. Res. 2003, 33,
703-711. [CrossRef]

Bhat, J.A. Effect of strength of parent concrete on the mechanical properties of recycled aggregate concrete. Mater. Today Proc.
2021, 42, 1462-1469. [CrossRef]

Awoyera, P.O. Nonlinear finite element analysis of steel fibre-reinforced concrete beam under static loading. J. Eng. Sci. Technol.
2016, 11, 1669-1677.

Cao, M.; Mao, Y.; Khan, M.; Si, W.; Shen, S. Different testing methods for assessing the synthetic fiber distribution in cement-based
composites. Constr. Build. Mater. 2018, 184, 128-142. [CrossRef]

Sadrmomtazi, A.; Sobhani, J.; Mirgozar, M.A. Modeling compressive strength of EPS lightweight concrete using regression,
neural network and ANFIS. Constr. Build. Mater. 2013, 42, 205-216. [CrossRef]

Awoyera, P.O.; Kirgiz, M.S.; Viloria, A.; Ovallos-Gazabon, D. Estimating strength properties of geopolymer self-compacting
concrete using machine learning techniques. J. Mater. Res. Technol. 2020, 9, 9016-9028. [CrossRef]

Nafees, A.; Amin, M.N.; Khan, K.; Nazir, K.; Ali, M.; Javed, M.F.; Aslam, F.; Musarat, M.A.; Vatin, N.I. Modeling of Mechanical
Properties of Silica Fume-Based Green Concrete Using Machine Learning Techniques. Polymers 2021, 14, 30. [CrossRef] [PubMed]
Nafees, A.; Javed, M.F,; Khan, S.; Nazir, K.; Farooq, F.; Aslam, F.; Musarat, M.A; Vatin, N.I. Predictive Modeling of Mechanical
Properties of Silica Fume-Based Green Concrete Using Artificial Intelligence Approaches: MLPNN, ANFIS, and GEP. Materials
2021, 14, 7531. [CrossRef]

Aslam, F; Elkotb, M.A; Iqtidar, A.; Khan, M.A; Javed, M.E,; Usanova, K.I.; Khan, M.I.; Alamri, S.; Musarat, M.A. Compressive
strength prediction of rice husk ash using multiphysics genetic expression programming. Ain Shams Eng. J. 2022, 13, 101593.
[CrossRef]

Amin, M.N,; Khan, K,; Aslam, E; Shah, M.L; Javed, M.F; Musarat, M.A.; Usanova, K. Multigene Expression Programming Based
Forecasting the Hardened Properties of Sustainable Bagasse Ash Concrete. Materials 2021, 14, 5659. [CrossRef]

Shafabakhsh, G.H.; Ani, O.].; Talebsafa, M. Artificial neural network modeling (ANN) for predicting rutting performance of
nano-modified hot-mix asphalt mixtures containing steel slag aggregates. Constr. Build. Mater. 2015, 85, 136-143. [CrossRef]
Hodhod, O.A.; Ahmed, H.I. Modeling the corrosion initiation time of slag concrete using the artificial neural network. HBRC J.
2014, 10, 231-234. [CrossRef]

Carmichael, R.P. Relationships between Young’'s Modulus, Compressive Strength, Poisson’s Ratio, and Time for Early Age Concrete;
Swarthmore College: Swarthmore, PA, USA, 2009.

Bal, L.; Buyle-Bodin, F. Artificial neural network for predicting drying shrinkage of concrete. Constr. Build. Mater. 2013, 38,
248-254. [CrossRef]

Farooq, F.; Ahmed, W.; Akbar, A.; Aslam, E; Alyousef, R. Predictive modeling for sustainable high-performance concrete from
industrial wastes: A comparison and optimization of models using ensemble learners. J. Clean. Prod. 2021, 292, 126032. [CrossRef]
Ahmad, A.; Farooq, F.; Niewiadomski, P.; Ostrowski, K.; Akbar, A.; Aslam, E; Alyousef, R. Prediction of compressive strength of
fly ash based concrete using individual and ensemble algorithm. Materials 2021, 14, 794. [CrossRef] [PubMed]

Chou, J.-S.; Tsai, C.-F,; Pham, A.-D.; Lu, Y.-H. Machine learning in concrete strength simulations: Multi-nation data analytics.
Constr. Build. Mater. 2014, 73, 771-780. [CrossRef]

Sufian, M.; Ullah, S.; Ostrowski, K.A.; Ahmad, A.; Zia, A.; Sliwa-Wieczorek, K.; Siddiq, M.; Awan, A.A. An Experimental and
Empirical Study on the Use of Waste Marble Powder in Construction Material. Materials 2021, 14, 3829. [CrossRef] [PubMed]
Shah, M.I,; Memon, S.A.; Khan Niazi, M.S.; Amin, M.N.; Aslam, F,; Javed, M.F. Machine Learning-Based Modeling with
Optimization Algorithm for Predicting Mechanical Properties of Sustainable Concrete. Adv. Civ. Eng. 2021, 2021, 6682283.
[CrossRef]

Ziolkowski, P; Niedostatkiewicz, M. Machine learning techniques in concrete mix design. Materials 2019, 12, 1256. [CrossRef]
Olalusi, O.B.; Awoyera, P.O. Shear capacity prediction of slender reinforced concrete structures with steel fibers using machine
learning. Eng. Struct. 2021, 227, 111470. [CrossRef]

Dutta, S.; Samui, P.; Kim, D. Comparison of machine learning techniques to predict compressive strength of concrete. Comput.
Concr. 2018, 21, 463-470.

Ilyas, I; Zafar, A.; Javed, M.F,; Farooq, E; Aslam, F.; Musarat, M.A.; Vatin, N.I. Forecasting Strength of CFRP Confined Concrete
Using Multi Expression Programming. Materials 2021, 14, 7134. [CrossRef]


http://doi.org/10.1061/(ASCE)0899-1561(2007)19:9(709)
http://doi.org/10.1016/j.conbuildmat.2011.12.074
http://doi.org/10.1016/j.cemconres.2011.06.004
http://doi.org/10.1016/j.cemconres.2007.02.002
http://doi.org/10.1016/j.buildenv.2005.07.033
http://doi.org/10.1016/S0008-8846(02)01033-5
http://doi.org/10.1016/j.matpr.2021.01.310
http://doi.org/10.1016/j.conbuildmat.2018.06.207
http://doi.org/10.1016/j.conbuildmat.2013.01.016
http://doi.org/10.1016/j.jmrt.2020.06.008
http://doi.org/10.3390/polym14010030
http://www.ncbi.nlm.nih.gov/pubmed/35012050
http://doi.org/10.3390/ma14247531
http://doi.org/10.1016/j.asej.2021.09.020
http://doi.org/10.3390/ma14195659
http://doi.org/10.1016/j.conbuildmat.2015.03.060
http://doi.org/10.1016/j.hbrcj.2013.12.002
http://doi.org/10.1016/j.conbuildmat.2012.08.043
http://doi.org/10.1016/j.jclepro.2021.126032
http://doi.org/10.3390/ma14040794
http://www.ncbi.nlm.nih.gov/pubmed/33567526
http://doi.org/10.1016/j.conbuildmat.2014.09.054
http://doi.org/10.3390/ma14143829
http://www.ncbi.nlm.nih.gov/pubmed/34300748
http://doi.org/10.1155/2021/6682283
http://doi.org/10.3390/ma12081256
http://doi.org/10.1016/j.engstruct.2020.111470
http://doi.org/10.3390/ma14237134

Materials 2022, 15, 2823 23 of 25

40.
41.

42.

43.
44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.
59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Song, Y.-Y.; Ying, L.U. Decision tree methods: Applications for classification and prediction. Shanghai Arch. Psychiatry 2015, 27, 130.
Hillebrand, E.; Medeiros, M.C. The benefits of bagging for forecast models of realized volatility. Econom. Rev. 2010, 29, 571-593.
[CrossRef]

Ahmad, A.; Ahmad, W.; Aslam, F; Joyklad, P. Compressive strength prediction of fly ash-based geopolymer concrete via
advanced machine learning techniques. Case Stud. Constr. Mater. 2022, 16, e00840. [CrossRef]

Friedman, ]. H. Greedy function approximation: A gradient boosting machine. Ann. Stat. 2001, 29, 1189-1232. [CrossRef]
Dahiya, N.; Saini, B.; Chalak, H.D. Gradient boosting-based regression modelling for estimating the time period of the irregular
precast concrete structural system with cross bracing. J. King Saud Univ.-Eng. Sci. 2021. [CrossRef]

Han, Q.; Gui, C.; Xu, J.; Lacidogna, G. A generalized method to predict the compressive strength of high-performance concrete by
improved random forest algorithm. Constr. Build. Mater. 2019, 226, 734-742. [CrossRef]

Gromping, U. Variable importance assessment in regression: Linear regression versus random forest. Am. Stat. 2009, 63, 308-319.
[CrossRef]

Xu, Y.; Ahmad, W.; Ahmad, A.; Ostrowski, K.A.; Dudek, M.; Aslam, F; Joyklad, P. Computation of High-Performance Concrete
Compressive Strength Using Standalone and Ensembled Machine Learning Techniques. Materials 2021, 14, 7034. [CrossRef]
Ahmad, A; Chaiyasarn, K; Farooq, F; Ahmad, W.; Suparp, S.; Aslam, F. Compressive Strength Prediction via Gene Expression
Programming (GEP) and Artificial Neural Network (ANN) for Concrete Containing RCA. Buildings 2021, 11, 324. [CrossRef]
Aslam, F; Farooq, F.; Amin, M.N.; Khan, K.; Waheed, A.; Akbar, A.; Javed, M.E; Alyousef, R.; Alabdulijabbar, H. Applications of
gene expression programming for estimating compressive strength of high-strength concrete. Adv. Civ. Eng. 2020, 2020, 8850535.
[CrossRef]

Wang, Q.; Ahmad, W.; Ahmad, A.; Aslam, F.; Mohamed, A.; Vatin, N.I. Application of Soft Computing Techniques to Predict the
Strength of Geopolymer Coposites. Polymers 2022, 14, 1074. [CrossRef]

Ahmad, A.; Ostrowski, K.A.; Maslak, M.; Farooq, F.; Mehmood, I.; Nafees, A. Comparative Study of Supervised Machine Learning
Algorithms for Predicting the Compressive Strength of Concrete at High Temperature. Materials 2021, 14, 4222. [CrossRef]
Limbachiya, M.; Meddah, M.S.; Ouchagour, Y. Use of recycled concrete aggregate in fly-ash concrete. Constr. Build. Mater. 2012,
27,439-449. [CrossRef]

Ahmad, W.; Ahmad, A.; Ostrowski, K.A.; Aslam, F.; Joyklad, P.; Zajdel, P. Application of Advanced Machine Learning Approaches
to Predict the Compressive Strength of Concrete Containing Supplementary Cementitious Materials. Materials 2021, 14, 5762.
[CrossRef] [PubMed]

Farooq, F; Nasir Amin, M.; Khan, K.; Rehan Sadiq, M.; Faisal Javed, M.; Aslam, F.; Alyousef, R. A comparative study of random
forest and genetic engineering programming for the prediction of compressive strength of high strength concrete (HSC). Appl. Sci.
2020, 10, 7330. [CrossRef]

Mai, H.-V.T.; Nguyen, T.-A.; Ly, H.-B.; Tran, V.Q. Prediction compressive strength of concrete containing GGBFS using random
forest model. Adv. Civ. Eng. 2021, 2021, 6671448. [CrossRef]

Zhang, J.; Ma, G.; Huang, Y.; Sun, J.; Aslani, F.; Nener, B. Modelling uniaxial compressive strength of lightweight self-compacting
concrete using random forest regression. Constr. Build. Mater. 2019, 210, 713-719. [CrossRef]

Zhang, J.; Li, D.; Wang, Y. Predicting uniaxial compressive strength of oil palm shell concrete using a hybrid artificial intelligence
model. J. Build. Eng. 2020, 30, 101282. [CrossRef]

Schapire, R.E. The boosting approach to machine learning: An overview. Nonlinear Estim. Classif. 2003, 149-171. [CrossRef]
Yoda, K.; Yoshikane, T.; Nakashima, Y.; Soshiroda, T. Recycled cement and recycled concrete in Japan. In Proceedings of the
International Conference on Demolition and Reuse of Concrete and Masonry, Tokyo, Japan, 7-11 November 1988; pp. 527-536.
Limbachiya, M.C.; Leelawat, T.; Dhir, R.K. Use of recycled concrete aggregate in high-strength concrete. Mater. Struct. 2000, 33,
574-580. [CrossRef]

Gomez-Soberdn, ].M. Porosity of recycled concrete with substitution of recycled concrete aggregate: An experimental study. Cerm.
Concr. Res. 2002, 32, 1301-1311. [CrossRef]

Véazquez, E.; Hendriks, C.F,; Janssen, G.M.T. Influence of recycled concrete aggregates on concrete durability. In International
RILEM Conference on the Use of Recycled Materials in Building and Structures; RILEM Publications SARL: Paris, France, 2004;
pp- 554-562.

Lin, Y.-H.; Tyan, Y.-Y.; Chang, T.-P.; Chang, C.-Y. An assessment of optimal mixture for concrete made with recycled concrete
aggregates. Cem. Concr. Res. 2004, 34, 1373-1380. [CrossRef]

Xiao, J.-Z.; Li, J.; Zhang, C. On relationships between the mechanical properties of recycled aggregate concrete: An overview.
Mater. Struct. 2006, 39, 655-664. [CrossRef]

Wei, X.U. Experimental study on influence of recycled coarse aggregates contents on properties of recycled aggregate concrete.
Concrete 2006, 45-47.

Etxeberria, M.; Mari, A.R,; Vazquez, E. Recycled aggregate concrete as structural material. Mater. Struct. 2007, 40, 529-541.
[CrossRef]

Evangelista, L.; de Brito, J]. Mechanical behaviour of concrete made with fine recycled concrete aggregates. Cem. Concr. Compos.
2007, 29, 397-401. [CrossRef]

Poon, C.S.; Kou, S.C.; Lam, L. Influence of recycled aggregate on slump and bleeding of fresh concrete. Mater. Struct. 2006, 40,
981-988. [CrossRef]


http://doi.org/10.1080/07474938.2010.481554
http://doi.org/10.1016/j.cscm.2021.e00840
http://doi.org/10.1214/aos/1013203451
http://doi.org/10.1016/j.jksues.2021.08.004
http://doi.org/10.1016/j.conbuildmat.2019.07.315
http://doi.org/10.1198/tast.2009.08199
http://doi.org/10.3390/ma14227034
http://doi.org/10.3390/buildings11080324
http://doi.org/10.1155/2020/8850535
http://doi.org/10.3390/polym14061074
http://doi.org/10.3390/ma14154222
http://doi.org/10.1016/j.conbuildmat.2011.07.023
http://doi.org/10.3390/ma14195762
http://www.ncbi.nlm.nih.gov/pubmed/34640160
http://doi.org/10.3390/app10207330
http://doi.org/10.1155/2021/6671448
http://doi.org/10.1016/j.conbuildmat.2019.03.189
http://doi.org/10.1016/j.jobe.2020.101282
http://doi.org/10.1007/978-0-387-21579-2_9
http://doi.org/10.1007/BF02480538
http://doi.org/10.1016/S0008-8846(02)00795-0
http://doi.org/10.1016/j.cemconres.2003.12.032
http://doi.org/10.1617/s11527-006-9093-0
http://doi.org/10.1617/s11527-006-9161-5
http://doi.org/10.1016/j.cemconcomp.2006.12.004
http://doi.org/10.1617/s11527-006-9192-y

Materials 2022, 15, 2823 24 of 25

69.

70.

71.
72.

73.
74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.
94.

95.

96.

97.

98.

99.

Ajdukiewicz, A.B.; Kliszczewicz, A.T. Comparative tests of beams and columns made of recycled aggregate concrete and natural
aggregate concrete. |. Adv. Concr. Technol. 2007, 5, 259-273. [CrossRef]

Min-Ping, H.U. Mechanical properties of concrete prepared with different recycled coarse aggregates replacement rate. Concrete
2007, 2, 16.

Wang, Z.W. Production and properties of high quality recycled aggregates. Concrete 2007, 3, 74-77.

Casuccio, M.; Torrijos, M.; Giaccio, G.; Zerbino, R. Failure mechanism of recycled aggregate concrete. Constr. Build. Mater. 2008,
22,1500-1506. [CrossRef]

Min-Ping, H. Mechanical properties of recycled aggregate concrete at early ages. Concrete 2008, 223, 37—41.

Kou, S.C.; Poon, C.S.; Chan, D. Influence of fly ash as a cement addition on the hardened properties of recycled aggregate concrete.
Mater. Struct. 2007, 41, 1191-1201. [CrossRef]

Yang, K.-H.; Chung, H.-S.; Ashour, AF. Influence of Type and Replacement Level of Recycled Aggregates on Concrete Properties.
ACI Mater. ]. 2008, 105, 289-296.

Zhou, H,; Liu, BK; Lu, G. Experimental research on the basic mechanical properties of recycled aggregate concrete. J. Anhui Inst.
Archit. Indust 2008, 16, 4-8.

Domingo-Cabo, A.; Lazaro, C.; Gayarre, FL.; Serrano-Lopez, M.; Serna, P.; Castafio-Tabares, J. Creep and shrinkage of recycled
aggregate concrete. Constr. Build. Mater. 2009, 23, 2545-2553. [CrossRef]

Padmini, A.K.; Ramamurthy, K.; Mathews, M.S. Influence of parent concrete on the properties of recycled aggregate concrete.
Constr. Build. Mater. 2009, 23, 829-836. [CrossRef]

Yang, X.; Wu, J.; Liang, ].G. Experimental study on relationship between tensile strength and compressive strength of recycled
aggregate concrete. Sichuan Build. Sci. 2009, 35, 190-192.

Ye, H. Experimental study on mechanical properties of concrete made with high quality recycled aggregates. Sichuan Build. Sci.
2009, 35, 195-199.

Corinaldesi, V. Mechanical and elastic behaviour of concretes made of recycled-concrete coarse aggregates. Constr. Build. Mater.
2010, 24, 1616-1620. [CrossRef]

Kumutha, R.; Vijai, K. Strength of concrete incorporating aggregates recycled from demolition waste. ARPN J. of Eng. Appl. Sci.
2010, 5, 64-71.

Malesev, M.; Radonjanin, V.; Marinkovi¢, S. Recycled Concrete as Aggregate for Structural Concrete Production. Sustainability
2010, 2, 1204-1225. [CrossRef]

Zega, C.J.; Di Maio, AA. Recycled Concretes Made with Waste Ready-Mix Concrete as Coarse Aggregate. . Mater. Civ. Eng. 2011,
23, 281-286. [CrossRef]

Belén, G.-F,; Fernando, M.-A.; Diego, C.L.; Sindy, S.-P. Stress—strain relationship in axial compression for concrete using recycled
saturated coarse aggregate. Constr. Build. Mater. 2011, 25, 2335-2342. [CrossRef]

Fathifazl, G.; Razaqpur, A.G.; Isgor, O.B.; Abbas, A.; Fournier, B.; Foo, S. Creep and drying shrinkage characteristics of concrete
produced with coarse recycled concrete aggregate. Cem. Concr. Compos. 2011, 33, 1026-1037. [CrossRef]

Gonzalez-Fonteboa, B.; Martinez-Abella, F; Eiras-Lopez, J.; Paz, S.S. Effect of recycled coarse aggregate on damage of recycled
concrete. Mater. Struct. 2011, 44, 1759-1771. [CrossRef]

Rao, M.C.; Bhattacharyya, S.K.; Barai, S.V. Influence of field recycled coarse aggregate on properties of concrete. Mater. Struct.
2010, 44, 205-220. [CrossRef]

Somna, R.; Jaturapitakkul, C.; Chalee, W.; Rattanachu, P. Effect of the Water to Binder Ratio and Ground Fly Ash on Properties of
Recycled Aggregate Concrete. |. Mater. Civ. Eng. 2012, 24, 16-22. [CrossRef]

Elhakam, A.A.; Mohamed, A.E.; Awad, E. Influence of self-healing, mixing method and adding silica fume on mechanical
properties of recycled aggregates concrete. Constr. Build. Mater. 2012, 35, 421-427. [CrossRef]

Cui, Z.L.; Ly, S.S.; Wang, Z.S. Influence of recycled aggregate on strength and anti-carbonation properties of recycled aggregate
concrete. J. Build. Mater 2012, 15, 264-267.

Hoffmann, C.; Schubert, S.; Leemann, A.; Motavalli, M. Recycled concrete and mixed rubble as aggregates: Influence of variations
in composition on the concrete properties and their use as structural material. Constr. Build. Mater. 2012, 35, 701-709. [CrossRef]
Li, H.; Xiao, ].Z. On fatigue strength of recycled aggregate concrete based on its elastic modulus. J. Build. Mater 2012, 15, 260-263.
Limbachiya, M.; Meddah, M.S.; Ouchagour, Y. Performance of Portland /Silica Fume Cement Concrete Produced with Recycled
Concrete Aggregate. ACI Mater. |. 2012, 109, 91-100.

Marinkovi¢, S.; Radonjanin, V.; MaleSev, M.; Ignjatovi¢, I. Comparative environmental assessment of natural and recycled
aggregate concrete. Waste Manag. 2010, 30, 2255-2264. [CrossRef] [PubMed]

Pereira, P; Evangelista, L.; de Brito, J. The effect of superplasticizers on the mechanical performance of concrete made with fine
recycled concrete aggregates. Cem. Concr. Compos. 2012, 34, 1044-1052. [CrossRef]

Barbudo, A.; De Brito, J.; Evangelista, L.; Bravo, M.; Agrela, F. Influence of water-reducing admixtures on the mechanical
performance of recycled concrete. J. Clean. Prod. 2013, 59, 93-98. [CrossRef]

Butler, L.; West, ].S.; Tighe, S.L. Effect of recycled concrete coarse aggregate from multiple sources on the hardened properties of
concrete with equivalent compressive strength. Constr. Build. Mater. 2013, 47, 1292-1301. [CrossRef]

Chen, Z.P; Xu, ]J.; Zheng, HH.; Su, Y.S.; Xue, ].Y.; Li, ].T. Basic mechanical properties test and stress-strain constitutive relations
of recycled coarse aggregate concrete. J. Build. Mater. 2013, 16, 24-32.


http://doi.org/10.3151/jact.5.259
http://doi.org/10.1016/j.conbuildmat.2007.03.032
http://doi.org/10.1617/s11527-007-9317-y
http://doi.org/10.1016/j.conbuildmat.2009.02.018
http://doi.org/10.1016/j.conbuildmat.2008.03.006
http://doi.org/10.1016/j.conbuildmat.2010.02.031
http://doi.org/10.3390/su2051204
http://doi.org/10.1061/(ASCE)MT.1943-5533.0000165
http://doi.org/10.1016/j.conbuildmat.2010.11.031
http://doi.org/10.1016/j.cemconcomp.2011.08.004
http://doi.org/10.1617/s11527-011-9736-7
http://doi.org/10.1617/s11527-010-9620-x
http://doi.org/10.1061/(ASCE)MT.1943-5533.0000360
http://doi.org/10.1016/j.conbuildmat.2012.04.013
http://doi.org/10.1016/j.conbuildmat.2011.10.007
http://doi.org/10.1016/j.wasman.2010.04.012
http://www.ncbi.nlm.nih.gov/pubmed/20434898
http://doi.org/10.1016/j.cemconcomp.2012.06.009
http://doi.org/10.1016/j.jclepro.2013.06.022
http://doi.org/10.1016/j.conbuildmat.2013.05.074

Materials 2022, 15, 2823 25 of 25

100.
101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

Hou, Y.L.; Zheng, G. Mechanical properties of recycled aggregate concrete in different age. J. Build. Mater. 2013, 16, 683-687.
Ismail, S.; Ramli, M. Engineering properties of treated recycled concrete aggregate (RCA) for structural applications. Constr. Build.
Mater. 2013, 44, 464-476. [CrossRef]

Manzi, S.; Mazzotti, C.; Bignozzi, M.C. Short and long-term behavior of structural concrete with recycled concrete aggregate.
Cem. Concr. Compos. 2013, 37, 312-318. [CrossRef]

Matias, D.; De Brito, J.; Rosa, A.; Pedro, D. Mechanical properties of concrete produced with recycled coarse aggregates—Influence
of the use of superplasticizers. Constr. Build. Mater. 2013, 44, 101-109. [CrossRef]

Sheen, Y.-N.; Wang, H.-Y,; Juang, Y.-P; Le, D.-H. Assessment on the engineering properties of ready-mixed concrete using recycled
aggregates. Constr. Build. Mater. 2013, 45, 298-305. [CrossRef]

Thomas, C.; Setién, ].; Polanco, J.A.; Alaejos, P.; De Juan, M.S. Durability of recycled aggregate concrete. Constr. Build. Mater. 2013,
40, 1054-1065. [CrossRef]

Ulloa, V.A.; Garcia-Taengua, E.; Pelufo, M.-J.; Domingo, A.; Serna, P. New views on effect of recycled aggregates on concrete
compressive strength. ACI Mater. ]. 2013, 110, 1-10.

Xiao, J.; Li, H.; Yang, Z. Fatigue behavior of recycled aggregate concrete under compression and bending cyclic loadings. Constr.
Build. Mater. 2013, 38, 681-688. [CrossRef]

Younis, K.; Pilakoutas, K. Strength prediction model and methods for improving recycled aggregate concrete. Constr. Build. Mater.
2013, 49, 688-701. [CrossRef]

Andreu, G.; Miren, E. Experimental analysis of properties of high performance recycled aggregate concrete. Constr. Build. Mater.
2014, 52, 227-235. [CrossRef]

Beltran, M.G.; Agrela, F.; Barbudo, A.; Ayuso, J.; Ramirez, A. Mechanical and durability properties of concretes manufactured
with biomass bottom ash and recycled coarse aggregates. Constr. Build. Mater. 2014, 72, 231-238. [CrossRef]

Beltran, M.G.; Barbudo, A.; Agrela, F; Galvin, A.P,; Jiménez, ].R. Effect of cement addition on the properties of recycled concretes
to reach control concretes strengths. J. Clean. Prod. 2014, 79, 124-133. [CrossRef]

Cakir, O.; Sofyanli, O.0. Influence of silica fume on mechanical and physical properties of recycled aggregate concrete. HBRC J.
2015, 11, 157-166. [CrossRef]

Carneiro, J.A.; Lima, P.R.L.; Leite, M.B.; Toledo Filho, R.D. Compressive stress—strain behavior of steel fiber reinforced-recycled
aggregate concrete. Cem. Concr. Compos. 2014, 46, 65-72. [CrossRef]

Dilbas, H.; Simsek, M.; Cakir, O. An investigation on mechanical and physical properties of recycled aggregate concrete (RAC)
with and without silica fume. Constr. Build. Mater. 2014, 61, 50-59. [CrossRef]

Duan, Z.; Poon, C.S. Properties of recycled aggregate concrete made with recycled aggregates with different amounts of old
adhered mortars. Mater. Des. 2014, 58, 19-29. [CrossRef]

Folino, P; Xargay, H. Recycled aggregate concrete—Mechanical behavior under uniaxial and triaxial compression. Constr. Build.
Mater. 2014, 56, 21-31. [CrossRef]

Gayarre, EL.; Pérez, C.L.-C.; Loépez, M.AS.; Cabo, A.D. The effect of curing conditions on the compressive strength of recycled
aggregate concrete. Constr. Build. Mater. 2014, 53, 260-266. [CrossRef]

Kang, TH.-K.; Kim, W.; Kwak, Y.-K.; Hong, S.-G. Flexural Testing of Reinforced Concrete Beams with Recycled Concrete
Aggregates. ACI Struct. ]. 2014, 111, 607-616. [CrossRef]

Pedro, D.; de Brito, J.; Evangelista, L. Performance of concrete made with aggregates recycled from precasting industry waste:
Influence of the crushing process. Mater. Struct. 2014, 48, 3965-3978. [CrossRef]

Pepe, M.; Toledo Filho, R.D.; Koenders, E.A.B.; Martinelli, E. Alternative processing procedures for recycled aggregates in
structural concrete. Constr. Build. Mater. 2014, 69, 124-132. [CrossRef]

Thomas, C.; Sosa, L; Setién, J.; Polanco, J.A.; Cimentada, A.L. Evaluation of the fatigue behavior of recycled aggregate concrete.
J. Clean. Prod. 2014, 65, 397—405. [CrossRef]


http://doi.org/10.1016/j.conbuildmat.2013.03.014
http://doi.org/10.1016/j.cemconcomp.2013.01.003
http://doi.org/10.1016/j.conbuildmat.2013.03.011
http://doi.org/10.1016/j.conbuildmat.2013.03.072
http://doi.org/10.1016/j.conbuildmat.2012.11.106
http://doi.org/10.1016/j.conbuildmat.2012.09.024
http://doi.org/10.1016/j.conbuildmat.2013.09.003
http://doi.org/10.1016/j.conbuildmat.2013.11.054
http://doi.org/10.1016/j.conbuildmat.2014.09.019
http://doi.org/10.1016/j.jclepro.2014.05.053
http://doi.org/10.1016/j.hbrcj.2014.06.002
http://doi.org/10.1016/j.cemconcomp.2013.11.006
http://doi.org/10.1016/j.conbuildmat.2014.02.057
http://doi.org/10.1016/j.matdes.2014.01.044
http://doi.org/10.1016/j.conbuildmat.2014.01.073
http://doi.org/10.1016/j.conbuildmat.2013.11.112
http://doi.org/10.14359/51686622
http://doi.org/10.1617/s11527-014-0456-7
http://doi.org/10.1016/j.conbuildmat.2014.06.084
http://doi.org/10.1016/j.jclepro.2013.09.036

	Introduction 
	Methods 
	Data Retrieval and Analysis 
	Machine Learning Methods Employed 
	Gradient Boosting 
	Random Forest 


	Results and Analysis 
	Gradient Boosting Model 
	Compressive Strength 
	Flexural Strength 

	Random Forest Model 
	Compressive Strength 
	Flexural Strength 

	Models’ Validation 
	Sensitivity Analysis 

	Discussions 
	Conclusions 
	References

