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Abstract: Compressive strength is a performance measurement to determine
the quality of the concrete. It is one of the crucial parameters used by
industries to evaluate the performance of concrete. This study will be more
focused on the machine learning model. The Multiple Linear Regression
(MLR) algorithm is used to train the machine learning. The model was
developed using KNIME analytical platform software. The data set consists
of 202 observations with 26 attributes. The dataset was divided into 80% for
training set and 20% for testing set. The training set is used to train the
algorithm model, while the testing set is used to evaluate the performance of
the model. A comparison was made between the MLR model and the
Polynomial Regression (PR) model. Fine aggregate (kg/m3) was found to be
the most influential contributor to increasing the compressive strength of
concrete in the MLR model. The MLR model's R-squared value is 0.589,
lower than the R-squared PR model, which is 0.745. The performance of the
models was eventually indicated by using the Linear Correlation node. It is
clearly indicated that both models are considered good models for the
prediction in the machine learning model. Initially, the MLR model was
proposed to be used as the machine learning prediction model. Compared
with the PR model, the R-squared value of the MLR model was lower than
PR model; but, it still indicates the model can still produce a good model.
Thus, the PR model is recommended in the machine learning prediction
model to predict the concrete compressive strength.
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1. Introduction

The production of concrete is conventionally using the Portland cement type and globally used in
the construction field for building construction and infrastructure industries [1]. A better
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understanding of concrete behaviour can be established through the application of external loading
and mix design methodologies. Therefore, the evaluation of concrete strength parameters and study of
concrete mechanical properties must be conducted to make sure that the quality of concrete is in
guarantee for the use of construction material [2]. Machine learning is the employment of artificial
intelligence (Al) in which the systems providing the potential to learn and improve automatically
from past experience data without a direct programming. The learning process of machine learning
initiates with direct data observations that provide the best decisions in the future by observing the
data pattern.

One of the approaches that can be employed for specific function of model training is multiple
linear regressions. Multiple linear regressions is one of the technique of machine learning algorithms
that serves as a good baseline [3]. Besides, it can be evaluated to provide the best and useful
understanding of the data analysis. A model that represented by multiple linear regressions approach
is the linear combination of predictor variable that described by the output variable. Thus, this study is
purposely conduct to develop a machine learning model that could predict the compressive strength of
the concrete mixture based on multiple parameters that obtained through literature.

2. Literature Review

The focus of this chapter is to provide comprehensive literature reviews on current updates of
research topics that are related with enhancement of compressive strength of the concrete. The
innovation in concrete materials will be explored in this chapter as a review for the study of concrete
compressive strength. In order to predict the concrete compressive strength, the data will be obtained
through the previous journal. Evaluated parameters such as compressive strength must be done to
ensure the concrete is in good quality. Therefore, the mechanical properties such as compressive
strength are the factors that influence the true quality of concrete.

2.1 Innovation in concrete materials

Demand in construction materials has increased over the past period of time, hence the
construction industries have produced waste from rehabilitation and demolition works [4]. This is a
matter of concern that may lead to the production of waste that will impact the environment as well as
the human being. Innovation of concrete materials is the solution which helps to increase the
efficiency and performance in concrete material, but also, helps to reduce the construction cost in term
of production and shorten the time of project. Through the implementation of concrete innovation,
construction industries will produce much greener construction process in order to reduce waste,
control the pollutions, promote reusable materials, plus to decrease the demand for the raw materials
in the process of construction.

2.2 Compressive strength of concrete

Concrete is the combination of elements such as cement, fine and coarse aggregate and water.
Cement acts as the binding agent which holds together the aggregates to produce a composite material
known as concrete. The nature of concrete can be defined through its strength, durability, and
reliability. Consequently, compressive strength of concrete is essential mechanical properties to
withstand the load stress that is transmitted from the structure [5]. Concrete strength can be obtained
by curing the concrete specimen for approximately 28 days [6].
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2.3 Machine learning approach

Machine learning is one of the artificial intelligence (Al) subsets that could be used, for example,
to predict the compressive strength of concrete, for data classification and recognition [7]. The
machine learning model can predict the concrete compressive strength through the targeted variable
such as types and quantities, as well as through input variable such as the concrete mixture component

[3].

Feng et al. (2020) stated that several algorithms can be taught based on input data and will
provide accurate output data results through the adoption of machine learning [7]. DeRousseau et al.
(2019) also claimed that, due to intuitive understanding, the collected data set can be instructed and
processes the relationship between the different targeted input data in the absence of restriction [3].
Machine learning models can be trained by different methods that are typical to be classified into
three key categories such as supervised, unsupervised and reinforcement machine learning.

2.4 KNIME software

KNIME is an applicable open-source of analysis tool to analyse statistics of Univariant and
Multivariant. The analytical tool are provides of network, social media analysis, web analysis, plus, to
decide time series and image processing. KNIME platform is available in API integration and natural
language processing.

In an experiment by Fillbrunn et al. (2012) indicate that KNIME is an analytical platform focus
to analyse data through a platform of graphical connecting tools that would show the result on
different operating systems [8]. As KNIME is an open-source of analytical platform, it will assist
programmers to perform their analytical pipelines which combine the data retrieval visualization,
analysis and exploration. Thus, the researcher conclude that the tools of workflow comes with variety
of different usage and it is the assignment for the programmers to select the tool which suitable for the
certain situation and there are precisely overlaps for each tool that will perform at its purposes.

3. Methodology

The predictions of concrete compressive strength are demonstrated through the selected machine
learning approach. Initially, the process will involve data collection, data preparation, exploration and
pre-processing, and model performance evaluation. It is to create a prediction model based on the data
collected from the previous study literature on concrete innovation study. The parameters such as
cement, fine and coarse aggregate, water-to-cement ratio, temperature, humidity, curing period,
concrete compressive strength, and so on are selected to form a new set of data. KNIME software will
be proposed in the development of a concrete compressive strength prediction model.

Data preparation is a procedure of converting raw data, train the data, and make predictions
through the algorithm of machine learning. The procedure is also known as data pre-processing which
transforms the collected raw data into data that can be interpreted simply by using the algorithm. The
well-organized data based on sixteen (16) literature journals were prepared before proceeding with the
machine learning prediction model.

Data exploration and pre-processing is the initial phase of data analysis, in which an unstructured
data set is analyzed to discover the initial trends, features, and points of interest. It is to uncover trends
and points of interest, the aim is to explore and understand relationships between different data
variables, the structure of the data collection, the occurrence of outliers, missing value and duplicated
data, and the distribution of data values in order to gain greater insight into the raw data.

The data is partitioned or well-divided into 80% for training set and 20% for test set. A multiple
linear regression algorithm is proposed to train and test the partitioned data set. The model's
evaluation will be represented by the coefficient value, denoted as R?. The evaluation also will be
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confirmed using the correlation coefficient value to measure the correlation between the Actual Value
and Predicted Value of the model, denoted as R. The performance of the model will be valid if the
coefficient value is near 1. Figure 1 below shows the framework of methodology for this study.

Data Collection

1. Data gathering from reported
literatures

Data Preparation
1. Import dataset into repository
2. Data Exploration and Observation
3. Data Cleaning

Data Pre-Processing
1. Feature Selection
2. Handling Categorical Variables
3. Assigned Input and Out Attributes
4. Feature Scaling

5. Partitioning (80% Train set and
20% test set)

Train and Apply

1. Training Machine Learning
Algorithm (Train set)

2. Apply machine learning model
(Test set)

Model Evaluation

1. To evaluate the model
performance

Save and Apply model
1. To save the trained model

Figure 1: Framework of methodology
4. Results and Discussion
4.1 Data Exploration of models

The descriptive statistical of variables are presented in the form of statistical table in KNIME
interactive view. The data distribution shows the maximum and minimum value of the dependent
variable is 104.70 MPa and 14.70 MPa, respectively. The value of the mean and median are 43.222
MPa and 40.205 MPa, respectively. The value of the standard deviation for the dependent variable is
19.489 MPa, while the value of variance is 379.815 MPa. In Figure 2, the histogram shows that a
positively skewed distribution occurs with the tail on its right side. The value of the skewed
distribution is 1.262 indicates the value is larger than 0. Therefore, it determines that the distribution
of the skewness is likely on the right. It also means that the value of the mean is the highest followed
by the median value.
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Figure 2: Data distribution of concrete compressive strength (MPa) histogram 28 days
4.2 Correlation of models

In the Figure 3, the correlation coefficient can be measure by the Linear Correlation node. The
analysis of linear correlation, denoted as R, was represented in the form of correlation matrix
visualization. The visualization of the correlation matrix managed to show that the darker the colour
contrast, the stronger the correlation between the two variables. Correlation values were shown by
highlighting the mouse cursor on the colour pallet. The darkest colour contrast between two variables
that have an R-value of more than 0.9 was considered to be excluded from the feature selection to
train the data for the algorithm.
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Figure 3: Linear Correlation matrix between all variables
4.3 Comparison between MLR model and PR model performance evaluation

A strong correlation between prediction and actual compressive strength value can be assumed if
the R-squared value near to the value of 1. Based on Figure 4 and Figure 5, the MLR model shows the
value of the R-squared is 0.589. The PR model with degree 2 in Figure 6 and Figure 7, on the other
hand, has the highest R-squared value compared to the R-squared value of the MLR model. Even
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though the correlation coefficient result indicates that the MLR model has a good fit model, the PR
model eventually produces much better performance. Table 1 and Table 2 indicates the five (5) top
and least independent variable contributors.

Statistics - 0. — O

File

Rz 0.589
Mean absolute error: 9.1138
Mean squared error: 145,485
Root mean squared errar: 12,062
Mean signed difference: 1.601

Mean absolute percentage error: 0,241

Figure 4: Numeric Scorer result for MLR model

Table 1: 5 top independent contributory variables

Independent Variables Coefficient Value P-Value
Fine Aggregate (kg/m3) 35.336 0.000
Recycle Concrete Aggregate (kg/m3) 20.625 0.000
Coarse Aggregate (kg/m3) 18.781 0.000
Cement (kg/m3) 17.140 0.000
Fly Ash Cenosphere (kg/m?3) 12.756 0.000

Table 2: 5 least independent contributory variables

Independent Variables Coefficient Value P-Value
Nano-Silica (kg/m3) -0.077 0.913
Metakaolin (kg/m3) 1.545 0.247
Silica Fume (kg/m3) 3.944 0.000
Water-cemen ratio 5.061 0.004
Fly Ash (kg/m3) 5.851 0.011

Multiple Linear Regression model
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Figure 5: Relationship between predictd compressive strength and actual predicted compressive strength
(MPa)
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Based on Table 1, Fine Aggregate (kg/m3) is the most influential contributor to the increment of
the concrete compressive strength. Surprisingly, Recycle Concrete Aggregate (kg/m3) is the second
most influential contributor after fine aggregate. According to Maier & Durham (2012), fifty percent
(50%) of the recycled materials were found to be beneficial to a concrete mixture [9]. On the opposite,
Table 2 showed the 5 least independent contributory variables. It was found in Table 2, that Nano-
silica has a negative coefficient value of -0.077. It means that the direction of the independent
variables and dependent variable indicated by the sign of each coefficient value.

Statistics - 0.. = O

File

R 0.745
Mean absolute error: 6.893
Mean sguared error: 90,192
Root mean sguared error: 9,497
Mean signed difference: 1.661
Mean absolute percentage error: 0,132

Figure 6: Numeric Scorer result for PR model with degree 2

Polynomial Regression Model with 2 degree
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Figure 7: Relationship between predictd compressive strength and actual predicted compressive strength
(MPa) of degree 2 PR model
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Polynomial Regression Model with 3 degree
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Figure 8: Relationship between predictd compressive strength and actual predicted compressive strength
(MPa) of degree 3 PR model

Polynomial Regression Model with 4 degree
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Figure 9: Relationship between predictd compressive strength and actual predicted compressive strength
(MPa) of degree 4 PR model

Figure 8 and Figure 9 shows that the predicted compressive strength value is increased as the
degree level rises to degree 3. Unfortunately, as the degree begins to increase up until degree 4, the
predicted value of compressive strength started to decrease as well. It showed that the model is not
possible to be trained from degree 4 onwards. Means, as the predicted compressive strength value
decreases, the model's performance also tends to decrease.
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4. Conclusion

In line with these findings, the objectives of the study were achieved. A concrete dataset
comprising concrete compressive strength as a dependent variable was established through data
preparation and preprocessing. The dataset was collected based on 16 literature journals and listed in
Chapter 3. With 26 attributes, the data set consists of 202 observations. It consists the result of the 28
days compressive strength. Therefore, the prediction of the machine learning model was conducted
based on the establishment of the compressive strength 28 days dataset.

A comparison of performance evaluation between MLR model and PR model was conducted.
The result value of the R-squared of MLR model is 0.589. It was found that the PR model with degree
2 has a good performance of the model. The correlation value of the PR model with degree 2 is 0.876.
PR model with degree 3 comes in second with a value of the correlation coefficient is 0.826. At a
degree of 4, the model's performance tends to decline gradually. Initially, the MLR model was
proposed to be used as the machine learning prediction model. Compared with the PR model, the R-
squared value of the MLR model was lower than PR model; it still indicates the model can still
produce a good model. Thus, the PR model is recommended in the machine learning prediction model
to predict the concrete compressive strength.
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