
 
Comparison of Different Machine Learning Algorithms to predict Mechanical Properties 

of Concrete 
 

by 
 

Bhanu Prakash koya 
B. Tech, Lovely Professional University, 2017 

 
 

A Thesis Submitted in Partial Fulfillment 
of the Requirements for the Degree of 

 
MASTER OF ENGINEERING 

 
in the Department of Mechanical Engineering 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

© Bhanu Koya, 2021 
University of Victoria 

 
All rights reserved. This thesis may not be reproduced in whole or in part, by photocopy 

or other means, without the permission of the author. 
 
 

 
 
 
 
 



 ii 

 
 
 

Supervisory Committee 
 
 

 
 

Comparison of Different Machine Learning Algorithms to predict Mechanical Properties 
of Concrete 

 
 

by 
 

Bhanu Prakash koya 
B. Tech, Lovely Professional University, 2017 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Supervisory Committee 
 
Caterina Valeo, Department of Mechanical Engineering 
Supervisor 
 
Rishi Gupta, Department of Civil Engineering 
Co-Supervisor 

 
 
 
 
  



 iii 

Abstract 
 

 
Concrete is the most widely used construction material throughout the world. Extensive 
experiments are conducted every year to measure various physical, mechanical, and 
chemical properties of concrete involving a hefty amount of money and time. This work 
focuses on the utilization of Machine Learning (ML) algorithms to predict a wide range of 
concrete properties and avoiding unnecessary experimentation. In this work, six 
mechanical properties of concrete namely Modulus of Rupture, Compression strength, 
Modulus of Elasticity, Poisson's ratio, Splitting tensile strength and Coefficient of thermal 
expansion were estimated by applying five different ML algorithms viz. Linear Regression, 
Support Vector Machine, Decision Tree, Random Forest, and Gradient Boosting models 
on the Wisconsin concrete mixes database. Further, these ML models were evaluated to 
identify the most suitable model that can reliably predict the mechanical properties of 
concrete. The approach followed in this research was verified using the 10-fold Cross-
Validation technique to get rid of training and testing split bias. The Grid Search Cross 
Validation method was used to find the best hyperparameters for each algorithm. Root 
mean squared error (RMSE) and Nash and Suctcliffe Efficiency (NS) results showed that 
the Support Vector Machine outperformed all other models applied on the datasets. Support 
Vector Machine predicted the Modulus of Rupture at a curing age of 28 days with an NS 
score of 0.43 which is 34% and 26% better than the NS scores of Random Forest and 
Gradient Boosting advanced algorithms, respectively. This suggests that the Support 
Vector Machine algorithm with its NS score further improved can be used for predicting 
new data points at least for potentially similar systems. 
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1 Introduction 
 
1.1 Background and Motivation 
 
Comprehensive knowledge on the properties of a material is extremely essential as they 
significantly influence the performance of a material and determines whether that material can be 
used in a particular application or not. It is very important to use materials that are very well-suited 
to that particular job to maximize material benefits. Generally, these properties are identified and 
measured by conducting experiments on a large scale using a wide range of equipment and 
measurement devices. These experiments would usually tend to be time-consuming, expensive 
and laborious. Multiple statistical and mathematical methods using empirical formulas were 
developed to predict these properties taking the compositions of materials as inputs [1,2]. But the 
issue with these statistical methods is that they are not very reliable for future predictions and are 
not useful when compared to computer algorithms called ML models since these models have 
higher accuracy than mathematical models [3]. 
 
ML is an application of artificial intelligence (AI) that provides systems the ability to automatically 
learn and improve from experience without being explicitly programmed. ML focuses on the 
development of computer programs that can access data and use them to learn to make future 
projections. ML has its applications everywhere and some of the applications in Civil Engineering 
include risk prediction at construction sites by image recognition, predicting the rate of change in 
cost of materials, and optimization of mining and construction operations etc [4,5]. One of the 
most valuable applications is predicting the properties of materials by ML algorithms [6]. The 
ability to predict material properties using its compositions or descriptors can reduce the necessity 
of performing physical experiments, and in turn save time and costs related to making and testing 
materials as well as the experimental efforts. 
 
Concrete is the most widely used substance on the planet after water and it is the most commonly 
used building material worldwide. Concrete forms an essential component of a variety of structures 
from skyscrapers to bridges and driveways. Over 33 billion tons of concrete are being produced 
each year [7]. The concrete industry alone is worth over $37 billion, Unquestionably, a lot of 
money is spent on its production, research and experimental purposes which includes measuring 
its physical, mechanical, chemical properties etc. By applying ML to predict these properties we 
can reduce if not completely eliminate the necessity of performing physical experiments. 
 
A lot of work was done to predict compressive strength which is the most important property of 
concrete using different ML algorithms such as Decision Tree, Support Vector Machine as well as 
Artificial Neural Networks [8,9]. But little research was performed applying ML models to predict 
mechanical properties such as Modulus of Elasticity, Modulus of Rupture, Coefficient of thermal 
expansion etc and Gradient Boosting algorithm was never used for property prediction. Predicting 
the compressive strength of concrete is relatively easier than predicting these mechanical 
properties since the relation between concrete components and these properties is highly non-
linear. Therefore, there is a need to go for more sophisticated and unconventional algorithms for 
property prediction [10]. Ensemble methods is a technique in which a complex algorithm is built 
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by combing many individual models. They are efficient ML tools to solve very complex problems 
that cannot be solved by individual ML models and there were fewer studies to predict properties 
using ensemble technique. So, this work focuses on applying basic to advanced ML algorithms 
including the Gradient Boosting ensemble model to predict these mechanical properties of 
concrete. 
 
1.2 Thesis Outline  
 
This thesis is presented in chapters. Chapter 1 briefly describes the purpose, scope of this study as 
well as the objectives of this project. Chapters 2 gives an explanation about ML and its life cycle. 
Chapter 3 describes the different ML Algorithms applied in this project and explains the 
procedures involved in the ML life cycle with emphasis on the work done on the collected datasets 
to achieve the objectives. 
 
Chapter 4 explains the obtained results by comparing all the models applied to predict 7 days 
Modulus of Rupture and different properties of concrete and discusses the reasons behinds the 
results to better understand characteristics of ML models to forecast material's properties. Chapter 
5 provides the conclusions drawn from this study and the possible future work to extend this study. 
 
1.3 Objectives 
 
The primary objective of this project is to predict different properties of concrete by using ML 
algorithms and to identify the most suitable ML algorithms so that they can be used for future 
reliable predictions. Properties of concrete include Modulus of Rupture, Compression strength, 
Modulus of Elasticity, Poisson's ratio, Splitting tensile strength and Coefficient of thermal 
expansion 
 
The objectives of this work are summarized as follows: 
 

1. Perform necessary data cleaning on the concrete datasets collected from different databases 
to remove any corrupted data points. 

2. Perform Exploratory Data Analysis on the collected data points to find the relation between 
input and output variables as well as the correlation among input features in the dataset. 

3. Apply various individual ML algorithms and ensemble models on the collected datasets 
and tune their hyperparameters to best suit the datasets. 

4. Evaluate the performance of the ML models based on the RMSE values and NS score to 
determine the best algorithm to predict the concrete properties. 

5. Determine the most important features i.e, constituent materials in concrete from the input 
variables to predict the properties. 
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2 Machine Learning 
 
2.1 Definition 
 
ML is a branch of Artificial Intelligence that helps to train computers to learn from data through 
experience. With the recent advancements in computational power and the availability of a huge 
amount of data. computers can be trained to perform a basic task of house price prediction to 
advanced tasks such as image classification, voice recognition, Natural Language Processing, etc. 
This enabled the implementation of ML in a variety of applications such as autonomous driving, 
language translation and even in scientific research [11]. The process of making computers learn 
from data using ML algorithms is known as training. Based on the training method and the data 
fed into the models, ML algorithms can be classified as supervised and unsupervised machine 
learning.  
 
In supervised ML, data is given to the model with the respective output label. The purpose of 
training is to find an appropriate mathematical function that can map the given input to the 
respective output so that the model can be used to predict output with high accuracy for data that 
were not used to train that ML model. The performance of a trained ML model is evaluated using 
its prediction on test data, which are data that were not used for training and the output is known. 
A schematic diagram representing supervised ML is shown in Figure 1. The input data given to an 
ML model are called "features" or "Input variables" and the output is called "predictor". Supervised 
ML is divided into two categories: Regression in which the prediction is a continuous variable and 
Classification in which the output is categorized into different classes. There are many supervised 
ML algorithms available such as Linear Regression, Logistic Regression, Decision Tree, and 
Artificial Neural Networks (ANN), etc [12]. 
 

 
Figure 1 Supervised machine learning 

 
In an unsupervised ML, also known as clustering, only training data are given to the ML model. 
The output of the data is unknown. Clustering algorithms learn from the data, find similarities and 
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group data into different clusters such that samples within a single cluster are as similar as possible 
whereas samples in different clusters as different as possible [13]. The objective function in 
unsupervised learning is often the sum of squared distance between all samples within the same 
cluster. The optimization aims at minimizing the sum of the squared error across all clusters. Some 
examples of Unsupervised ML algorithms are K-Means algorithm, Agglomerative clustering, 
Fuzzy C-Means, algorithm. A schematic diagram representing unsupervised ML is shown in 
Figure 2. 
 

 
Figure 2 Unsupervised machine learning 

 
2.2 Machine Learning Life Cycle 
 
ML system works based on a Life cycle which is a cyclic process to find a solution for a specific 
problem. This cyclic process involves seven major steps as shown in Figure 3. The most basic 
thing in the whole process is to understand the problem and to know the purpose of the problem. 
So, before starting the life cycle, there should be a complete understanding of the problem since 
obtaining a good result depends on a better understanding of it. In the process of solving that 
problem, an ML system called "model" is created by training it. But to train a model we need data. 
So, the ML life cycle starts with collecting data. All these processes are explained in the coming 
sections with reference to the work done in this project. 
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Figure 3 Machine learning life cycle 

 
3 Methodology 
 
3.1 Data Abstraction or Gathering 
 
Data Gathering is the first step of the ML life cycle. The purpose of this step is to identify and 
collect all the data related to the problem we want to solve. In this stage, all the different data 
sources such as databases, document files, internet are identified. This is one of the vital stages in 
the life cycle since the quality and quantity of the data gathered determines the efficiency of the 
results. The more accurate the data, the more accurate the prediction. This step comprises the tasks 
of identifying various data sources, collect data and integrate all the data acquired. The end result 
of all these steps is a coherent set of data called "Dataset" which will be used in further steps. Now 
the data gathering process with respect to the data collected in this project is explained in detail. 
 
The data used in this study was extracted from the AASHTO Mechanistic Empirical Pavement 
Design Guide (MEPDG) study [14] that was performed to find the effects of different concrete 
constituent materials on its key mechanical and thermal properties of concrete. It contains samples 
of concrete with varied mix proportions of constituents that were used to measure the effects on a 
total of six mechanical properties of concrete which are Modulus of Rupture, Compression 
strength, Modulus of Elasticity, Poisson's ratio, Splitting tensile strength and Coefficient of 
thermal expansion. The six mechanical properties, also called predictors or output features were 
predicted from a total of 10 input features which are Mix Types, Cement Source, Supplementary 
Cementitious Material, Fine Aggregate Type, Coarse Aggregate Type, Air Entraining Admixture, 
Air Content, Slump, Water to Cement Ratio, Water Reducing Admixture. Coefficient of thermal 
expansion was measured at an age of 28 days and all the other five mechanical properties were 
measured at ages of 7, 14, 28, and 90 days making the total number of predicted properties to 21. 
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The Input features Mix types, Cement source, Supplementary cementitious material, Fine 
aggregate type, coarse aggregate type in the dataset are categorical data types which means each 
of these features does not have any correlation between them and the rest of the input features are 
continuous data types. These ten input features will actually become 17 features when these 
categorical variables are converted to numbers since ML models work only with numbers. Now 
detailed description of the mix proportions and properties of constituent materials is provided 
below. 
 
The categorical input features Cement Source has two groups which are Type I ordinary Portland 
cement from two different sources, Supplementary Cementitious Material has Slag, Fly Ash and 
None as three categories in it, Coarse Aggregate Type contains glacial gravels and crushed stone 
as two major groups, Fine Aggregate Type has Sand-A and Sand-B as two different classes and 
Mix Types contains Grade A, Grade A-S, and Grade A-F as three categories which are the mix 
design types found from Wisconsin Department of Transportation (WisDOT) [15]. The continuous 
input features Air Entraining Admixture ranges from 7 to 30ml/2.5 ft3, Air Content varies from 
3.4% to 6.8%, Slump has a minimum value of 1m and maximum value of 3m, Water to Cement 
Ratio has a range of 0.33 to 0.4 and Water Reducing Admixture ranges from 0 to 125ml/2.5 ft3. 
This data was adopted from [3]. From these samples of different mix proportions, the mechanical 
properties were measured and can be used in ML for approximating properties of future mixes. 
 
There were two batches produced for each mix. The first batch is denoted as batch A and its 
specimens were used for modulus of rupture and coefficient of thermal expansion measurements. 
Compression strength, modulus of elasticity, Poisson's ratio, and splitting tensile strength were 
measured on the specimens of the second batch denoted as batch B. Mix proportions were varied 
to obtain 110 different samples. The input data for the five categorical features named mix types, 
cement source, supplementary cementitious material, fine aggregate type and coarse aggregate 
type was collected from the four mix matrices referenced [14]. 
 
3.2 Data preparation  
 
After the data is collected, it should be prepared for further steps. In this process of Data 
preparation, the data are kept in a suitable place to preparation for use in the ML training. In this 
step, all the data are put together, randomize the ordering if needed and explore the data which we 
are working with to understand its characteristics, structure and quality. The data preparation 
procedure followed on the collected data is explained now. 
 
Since two batches were used to measure different properties of concrete as mentioned above, two 
spreadsheets named "Dataset_A", "Dataset_B" were created to build the dataset to feed into the 
ML models to predict the mentioned properties. The data on which the output variables (i.e., 
properties we are trying to find out) are dependent on and are determined by are called Independent 
features and the features which are being predicted are called dependent features. The independent 
categorical features data for all the measured properties are the same which means both the 
spreadsheets have the same data for the categorical features. So, first in both the spreadsheets a 
column named 'Mix No' that contains 110 rows with consecutive numbers 1 to 110 each row 
representing a mix was formed. Next, five columns named "Mix types", "Cement source", 
"Supplementary cementitious material", "Fine aggregate type", "coarse aggregate type" were 
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formed and the data for the listed five categorical input features was acquired from the four Mix 
Matrices by filling up each mix's data in its corresponding row in both the spreadsheets as the data 
for the categorical features is same for all the properties. The top ten rows filled up with categorical 
data in the spreadsheet is shown in Figure 4. 
 

 
 

Figure 4 Independent categorical features data 
 

The "Dataset_A" denotes that information contained in it was from the batch A specimens which 
were used to measure 7, 14, 28, 90 days modulus of rupture and coefficient of thermal expansion 
measured after 28 days. Five columns named "Air entraining admixture", "Air content", "Slump", 
"Water to cement ratio" and "Water reducing admixture" representing the five numerical input 
features were added and filled with corresponding mix data taken from the Fresh concrete 
properties mix matrices in [14] taking only the required numerical columns and rows where Batch 
ID is "A" and the associated top nine rows from the spreadsheet is shown in Figure 5.  
 

 
 

Figure 5 Independent numerical features data 
 

These ten columns added so far was the independent features data for the machine learning models. 
Another five columns named "Modulus of Rupture (7 days)", "Modulus of Rupture (14 days)", 
"Modulus of Rupture (28 days)", "Modulus of Rupture (90 days)" and CTE (28 days) representing 
the output features were created and filled with corresponding mix data from the measured 
modulus of rupture for different specified days and coefficient of thermal expansion after curing 
for 28 days with columns taken from the tables in Appendix X of referenced [14] and the top nine 
rows is shown in Figure 6. This formed the complete dataset (Dataset_A) for the ML algorithms 
and the dataset can be found here at Dataset_A. 
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Figure 6 Dependent features data 
 

Now, the data collection process for the Dataset_B is discussed. The five categorical columns were 
already filled up and only numerical features data needed to be collected. Five columns which 
were the same as in Dataset_A named "Air entraining admixture", "Air content", "Slump", "Water 
to cement ratio" and "Water reducing admixture" representing the five numerical input features 
were added and filled with corresponding mix data taken from the Fresh concrete properties mix 
matrices in [14] taking only the required numerical columns and rows where Batch ID is "B". 
These ten columns added so far were the independent features data for the machine learning 
models to predict compression strength, modulus of elasticity, Poisson's ratio, and splitting tensile 
strength for different curing ages. A total of 16 columns i.e. four columns for compression strength, 
modulus of elasticity, Poisson's ratio, and splitting tensile strength were added for curing ages of 
7, 14, 28, 90 days for each of them representing the output features were created and filled with 
corresponding mix data from the measured values taken from the tables in Appendix X of reference 
[14] and the top nine rows for compression strength are shown in Figure 7. This formed the 
complete dataset (Dataset_B) for the ML algorithms and the dataset can be downloaded from 
Dataset_B. 
 

 
 

Figure 7 Compression strength data 
 

Thus, the datasets for predicting different mechanical properties were collected. Since many of the 
properties were measured at multiple curing ages each curing age was treated separately for each 
property such that four predictions were made for compression strength, modulus of elasticity, 
modulus of rupture, splitting tensile strength, and Poisson's ratio corresponding to the four curing 
ages. All the coming processes were applied on both Dataset_A and Dataset_B, with detail 
explanation given on Dataset_A. 
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3.3 Data Wrangling or Pre-processing 
 
The next step in the life cycle is called "Data wrangling" which is the process of cleaning and 
converting the raw data into a usable format. It is the process of cleaning up the data, choosing the 
variables to use, and transforming the data into an appropriate format to make it more suitable for 
analysis in the next steps. The real-world data collected may not always be readily useful and may 
have various issues such as repeated data, missing values, incorrect data, etc. So, using various 
techniques the collected data will be cleaned. It is mandatory to detect and remove the mentioned 
issues because it can adversely affect the quality of the outcome. Cleaning the data is essential to 
deal with the quality issues so, it is one of the important steps in the complete process. The Data 
pre-processing done on the Dataset_A is explained step by step below. 
 
Python is the programming language used to write the code in this project. It is one of the most 
used coding languages with applications in a wide range of fields such as web development, 
Machine Learning, etc. We need an interface to run code in any language called code editors or 
integrated development environment (IDE). Google Colaboratory is an IDE used to write and 
execute python code in the browser without needing to install any software and it is the IDE used 
in this project. 
 
No code was written or run until this point and everything from now on was achieved by code 
written in python. First, the Dataset_A which was in the spreadsheet with the name 
"Dataset_A.xlsx" was uploaded into the Google Colaboratory Notebook. The dataset was read as 
a data frame which is the primary data structure of pandas [16]. It consists of the data organized in 
rows which run horizontally and columns which run vertically. The dataset has 16 columns 
representing all the 10 input features, 5 dependent features with the first column being Mix number 
and 110 rows-each row representing all the information for each sample.  
 
The Data cleaning in this project involved checking the data types of all the feature columns and 
finding Null values if any exist. All the feature columns as well as the outputs are all integer and 
float types except the categorical input features which are object data type in python. If the data 
types of any of the columns were misinterpreted by the IDE they should be changed into the desired 
type of data. The next step was to check any missing values in the data, also called Null values and 
if there are any missing values, that particular row cannot be used for training and that particular 
row should be dropped altogether or the missing data point should be replaced by mean or median 
strategy. In real-world datasets, there would always be a few missing values.  In python, null is 
represented as NaN and these two words can be interchangeably used. However, removing the 
rows from the dataset is not a good option as the valuable information could be lost. Dropping 4 
or 5 rows from a dataset containing a hundred thousand data points may not affect the results 
greatly whereas dropping 5 rows if the dataset has only 150 data points is not a good idea. If the 
missing data point is numerical, it can be replaced with the mean of all the values of that particular 
column and if the missing data point is categorical, it should be replaced by the most repeated 
value in that column called "Median" since we can't take average of categorical values (strings). 
Figure 8 shows the datatypes as well as the number of missing values in all the data columns and 
it was clear that none of the columns had missing values. 
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Figure 8 Data types of Input and output feature columns 
 
3.4 Data Analysis 
 
Now the cleaned data is ready to be analyzed. Data Analysis also referred to as data analytics or 
Exploratory data analysis (EDA) is a process of finding patterns in the data, understanding it and 
try to obtain inferences so that the underlying patterns can be observed. In this process, the cleaned 
data is inspected, and necessary transformations are performed in order to discover useful 
information, derive conclusions, and to support decision-making in a way humans can understand 
and decide better. The analysis performed on the pre-processed dataset to gain insights is explained 
below. 
 
3.4.1 Measures of central tendency 
 
First, eight statistical properties of the data which are count, mean, standard deviation, minimum, 
25%, 50%, 75% and maximum values of each of the numerical columns were examined. Note that 
the first column is mix number that contains consecutive numbers from 1 to 110 and does not 
provide any insights on the data. This was done to check and see how the data is distributed and 
all the values of these eight properties of both the independent and dependant numerical variables 
can be seen in  
 
Figure 9. The 25%, 50%, 75% values represent the value of 25th %, 50th %, 75th % data point 
respectively when the data is arranged in ascending order. “Std” is the Standard deviation of a 
variable which is the measure of the amount of variation of the set of values. It shows how far the 
values are dispersed from the mean and a low standard deviation implies that the values tend to be 
closer to the mean of that set, whereas a high standard deviation indicates that the values are spread 
out over a wider range. This is the most important of all the metrics explored here since standard 
deviation can be used to evaluate the performance of machine learning models which will be 
shown in the coming sections. 
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Figure 9 Statistical properties of features 
	
This step cannot be performed on the categorical features since all these eight functions need 
numerical data. In order to gain insights on the categorical features, histograms were generated to 
find out the most repeated classes in the categorical features data columns which can be seen in 
Figure 10. The longest bin in each histogram shows the most repeated class in each of the 
categorical feature data columns. 
 
 

 
 

Figure 10 Histograms of categorical feature columns 
 
3.4.2 Outlier Removal 
 
The next step was to remove outliers in the dataset. An outlier is a data point in any of the columns 
that is significantly different from the other observations of that specific column [17]. Outliers 
which are the most extreme observations occur in the data due to a lot of factors such as 
experimental error, measuring error or mishandling of the data while storing and moving from one 
database to another. They indicate faulty data and what might be the reason behind outlier 
occurrence, they must be removed from the dataset.  
 
One of the strategies of removing outliers and the one used in this project is based on quartile 
ranges. As an example, the process of outlier removal is shown in the feature column "Water to 
cement Ratio". To graphically show outliers, a box plot was created as shown in Figure 11. Box 
plot is also known as whisker plot is a kind of chart used in data analysis to visually show the 
distribution of numerical data by displaying the data quartiles or percentiles. It shows the summary 
of a dataset at 5 quartiles which are minimum value, first (lower) quartile, median, third (upper) 
quartile, and maximum value. 
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Figure 11 Box plot 

 
As seen in the box plot, the water to cement ratio is widely spread from a minimum of 0.325 to a 
maximum of 0.40. The vertical lines on the right and left side of the blue box are called “whiskers”, 
and the diamonds in the box plot represent outliers in the data. All data points that are less than the 
(Q1-1.5*IQR) in the box plot and that are higher than the (Q3+1.5*IQR) are considered as outliers 
[18]. In which Q1 is the first quartile of the distribution which is the 25th % data point, Q3 is the 
third quartile of the distribution which is the 75th % data point and IQR is the Inter Quartile Range 
i.e., Q3-Q1. 
 
There are 7 outliers in the “water to cement ratio” in total. In the same way outliers in all the feature 
columns were detected and it was discovered that only “water to cement ratio” feature column has 
outliers. There are eight unique values in water to cement ratio feature column and these values 
are just the fixed amounts of water per unit of cement present in each sample mix. So, applying 
this strategy and removing the outliers is not a good idea here and also due to the fact that this 
dataset has only 110 rows i.e., 110 samples, the rows containing the outliers were not dropped 
since there was a chance of losing the valuable information from those data samples. 
 
3.4.3 Multi collinearity Correlation Matrix 
 
The next step is to check the correlation among the features. Correlation or collinearity is how 
much one variable depends on other variables i.e, how much a variable varies with change in 
another variable. Multicollinearity in a dataset occurs when there are features that are strongly 
dependent on each other i.e, increasing one variable increases the other variable, increasing one 
variable decreases the values of the other and vice versa. The existence of multicollinearity in the 
input feature columns negatively impacts the performance of ML models as it impacts the 
interpretability of the models. When an output variable can be predicted from features that are 
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inter-dependant on each other, they can be dropped from the dataset to reduce the complexity of 
the model as well the time taken for the model to run will also be decreased. 
 
Now the process of finding out multicollinearity in our dataset is discussed. The simplest method 
to identify it to plot a pair plot between the features which is nothing but a 2-dimensional graph 
between the selected two features. Pair plots just show how two features vary with respect to each 
another graphically, but they do not provide a clear thought on whether to keep the features in the 
dataset or drop them and to decide this a numerical correlation value is required. There are many 
correlation coefficients used to measure how strong a relationship is between two variables but the 
most popular one out of all is the Pearson correlation coefficient. It shows the relationship between 
two features by giving a numerical value. It is represented by r and it can either be positive or 
negative. 
 

𝜌 = 	∑ (#!$#")(&!$&")#
!$%

'&∗''
															(3.1)	

 
where xi, yi are each data points in x and y feature columns and xm,			ym,	σx, σy are the mean and 
standard deviation values of x and y feature columns, respectively. 
 
Correlation coefficient of 1 means for every unit increase in one variable, there is an increase of a 
fixed proportion in the other variable. A correlation coefficient of -1 means that for every unit 
increase in one variable, there is a decrease in a fixed proportion in the other. Zero means that for 
every increase or decrease, there isn't an increase or decrease which means that two variables just 
aren't related. The absolute value of correlation coefficient gives the relationship strength and the 
larger the number is, the stronger the relationship would be. For example, the strength of 
correlation coefficient of -0.95 is 0.95, which has a stronger relationship than 0.94 and under. 
 
Now, the Pearson correlation coefficient of each feature with every other feature column including 
the output variables was found and is shown in Figure 12. This gives a much better understanding 
of the correlation between features in the form of a numerical value. Each row in the correlation 
matrix represents a feature and its correlation with all the other features are shown in the columns 
of that particular row and the color variation in the color bar of this heat map shows the strength 
of correlation. Notice the first column is Mix number and gives no meaningful inference. 
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Figure 12 Correlation matrix 

 
The below inferences can be drawn from the correlation matrix.  

• In the input features, water reducing admixture has a high correlation of 0.57 with water to 
cement ratio and -0.47 with slump which are significant. 

• The output feature Modulus of rupture has a negative correlation with slump and good 
positive correlation with water to cement ratio and water reducing admixture. 

• There are no high correlations between CTE and any input features. 
 
We know that some of the features should be dropped from the dataset if there is multi collinearity 
existing in the dataset. But there is a threshold value for which the features can be dropped if they 
exceed that. It is usually taken as 0.8 and this threshold value will change depending upon the use 
case [19,20]. Since there are no correlations among features which are higher than 0.8, it is decided 
to not to drop any of the input features to feed the ML models. The correlation can further be 
analysed by plotting some interesting visualizations between the features and some useful 
interpretations can be obtained as described in the next section. 
 
3.4.4 Visualizations 
 
To gain in depth understanding of interrelations among the input features as well as between input 
and output features, some scatter plots were generated between them and described along with the 
insights gained. For all the scatter plots shown below the output feature is taken on Y-axis, input 
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feature on X-axis, the varying size and colour of the scatter plot markers represent two other input 
features with colour changing between lighter and darker shades. 
 

i. Modulus of Rupture (28 days) versus Air Entraining Admixture with varying Water to Cement 
Ratio and Air Content. 

 

 
Figure 13 Modulus of Rupture (28 days) vs (AEA, WCM, Air Content) 

 
The below interpretations were drawn from this visualization. 

• Water to Cement Ratio seems to be increasing as Air Content increases because darker dots 
appear larger in size. 

• Modulus of Rupture appears to be increasing with Water to Cement Ratio and can be 
noticed from the high number of darker points lying at the upper area of graph.  
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ii. Modulus of Rupture (28 days) versus Air Entraining Admixture with varying Slump and Air 
Content. 
 

 
Figure 14 Modulus of Rupture (28 days) vs (AEA, Slump, Air Content) 

 
The graph gives the insights explained below. 

• Modulus of Rupture looks increasing as Slump decreases, and this can be noticed from the 
lighter markers present at the higher Modulus of Rupture side. 

• The more Slump the mix is, the more is the Air Content it requires for low Modulus of 
Rupture as large darker points are concentrated at the lower left part of the graph i.e, at low 
Modulus of Rupture.  

 
All these plots were generated by plotting Modulus of Rupture on Y-axis taken at 28 days. But, 
the same inferences can also be projected to all the other 7, 14 and 90 days Modulus of Rupture 
variables since the correlation among all the different days Modulus of Rupture columns is very 
high at 0.81 as shown in the correlation matrix Figure 12 (above). 
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iii. Coefficient of thermal expansion (28 days) versus Air Entraining Admixture with varying 
Water reducing Admixture and Air Content. 

 

 
Figure 15 Coefficient of thermal expansion (28 days) vs (AEA, WRA, Air Content) 

 
Now, the other output variable Coefficient of thermal expansion measured at 28 days is taken on 
Y-axis and plotted against different input feature columns and the below insights were observed. 

• CTE seems to be decreasing on increasing the Air Entraining Admixture amount in the mix 
as the markers on the lower right side of plot with high Air Entraining Admixture values 
has less Coefficient of thermal expansion. 

• There seems to be no linear relation between CTE and Water reducing Admixture. 
 

iv. Coefficient of thermal expansion (28 days) versus Slump with varying Air Entraining 
Admixture and Water to Cement Ratio. 

 

 
Figure 16 Coefficient of thermal expansion (28 days) vs (Slump, AEA, WCM) 
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From the above plot generated the below insights were drawn. 
• It looks the more the Slump in the mix is, the less is the Water to Cement Ratio for 

maintaining good CTE as smaller points are concentrated at the right side of the graph i.e, 
at high Slump. 

• Coefficient of thermal expansion is high when Water to Cement Ratio is high and requires 
less Air Entraining Admixture. 

 
The data analysis part on the dataset is completed and some of the useful insights were extracted. 
Though conclusions were made by observing the scatter plots generated, there is an underlying 
non-linear interaction between the features which cannot be visualized by any complex graphs. 
We can visually understand 2D, 3D and maximum up to 4-demensional plots, here 4D meant the 
color and size variations represented by features as shown above. We can keep on producing 
complex and fancy graphs and do further analysis by doing row wise and column wise feature 
plotting but still we lack the ability to track all these correlations by ourselves. This is where ML 
comes into picture where these underlying relations will be captured to give better insights into 
the problem. 
 
Now, we need to perform some operations on the features in the dataset to be able to affectively 
use them in the machine learning. From here on we will start processing the data to be fed into the 
machine learning models to correctly predict the mechanical properties given the input features. 
 
3.4.5 Handling Categorical Variables 
 
As already mentioned, the categorical features existing in the dataset need to be converted into 
numbers since the ML models will accept and deal only with numbers, here the process of 
converting these categorical variables into numbers is discussed. As we know that the categorical 
data is of two types: Nominal data and Ordinal data. It is important to note that the process for 
converting the Ordinal data is different from that of nominal data. Ordinal data is processed by 
assigning a numerical value to all the unique groups available in that particular feature column. 
For example, a store experience data column has three unique groups in it which are bad, good, 
excellent. Then, each of the groups are a assigned a number such as 1 for bad, 2 for good and 3 for 
excellent and this method is called “Label Encoding”. The machine learning models assumes some 
sort of relationship between these variables which is correct and gives results accordingly [21].  
 
The same method should not be followed to process Nominal variables. All the categorical features 
in our dataset are Nominal types and the process to convert them into numerical data is now 
explained. Consider the Supplementary Cementitious Material feature column from the dataset 
having Nominal categorical data containing three groups of the type of cementitious material used 
which are Fly Ash, Slag and None. If Label Encoding is applied here and the groups are assigned 
a number such as 1 for Fly Ash, 2 for Slag, 3 for None, the ML models will form some relations 
like (Fly Ash < Slag < None) or (Fly Ash + Slag = None) which make no sense. Though the ML 
models give the results using this method they will not be optimal. So, a technique called One-Hot 
Encoding is used to process this feature column. In One-Hot Encoding what we basically do is to 
create ’n’ columns where n is the number of unique values that the nominal variable has. Here 
SCM feature has 3 unique groups then three new columns namely SCM_Fly Ash, SCM_Slag, 
SCM_None were created and if the data for a particular row in the SCM column is Fly Ash then 
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the values of SCM_Slag and SCM_None column will be 0 and value of SCM_Fly Ash column 
will be 1. So out of the n columns created (here it is three), only one column will have value = 1 
and the rest all will have value 0. Thus, all the rows of the SCM feature columns are one hot 
encoded as shown in  
Figure 17. Notice that three columns were added to represent Supplementary Cementitious 
Material column and the same method is used on all the remaining categorical feature columns. 
 

 
 

Figure 17 One hot encoded SCM feature column 
 
After all the categorical features were one hot encoded into numerical values and the actual feature 
columns of these categorical variables were replaced by encoded columns, there were 17 
independent feature columns from which the dependant variables were predicted. 
 
3.4.6 Feature Scaling 
 
Feature scaling is a very important step in any ML pipeline. When different features in the dataset 
are on a different dimensional range, many of the ML algorithms will not work properly. This is 
due to the fact that ML algorithms work by computing the distance between different samples in 
the feature space. If the distribution of one feature is on a very high scale compared to other, the 
distance calculation will be highly influenced by the feature with a high range. As an example, a 
summary of the five features in the dataset is given in Table 1. 
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Table 1 Summary of the data before feature scaling 
 

 
	

Table 2 Summary of the data after feature scaling 
 

 
 
The features Air Entraining Admixture, Water reducing Admixture have mean of 16.43, 31.33 and 
standard deviations of 4.83, 37.95 respectively whereas the other three features Air Consent, 
Slump and Water to Cement Ratio have much smaller means and standard deviations. Hence, 
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while computing the distance between two features in the feature space, the differences in features 
Air Consent, Slump and Water to Cement Ratio are negligibly small compared to the difference 
using Air Entraining Admixture or Water reducing Admixture. So, the input features have to be 
normalized before applying ML algorithms. 
 
There are many normalization techniques existing to pre-process the data. Standard scalar is one 
of the widely used methods to normalize the data where features are standardized by removing the 
mean and scaling them to unit standard deviation. 
 

𝑧 = 	 #!$#"
'

																									(3.2)	
 
where z is the standardized feature,	𝑥' is each data point in feature sample, 𝑥( is the mean of the 
feature sample, 𝜎 is the standard deviation of the original feature sample.  
 
Standard Scaler module in Scikit-learn, a machine learning framework for Python programming 
language is used to normalize the data in this study [22]. Summary of the five features in the dataset 
after standard scaling is shown in Table 2. The pre-processed features now have zero mean and 
unit standard deviation. Generally, feature scaling is done in the pre-processing stage of the 
pipeline but, it is very common to do it after data analysis since the features would be modified 
once feature scaling is applied on the data and data analysis might not provide accurate insights. 
Now the data is ready to be fed into the ML algorithms. 
 
3.5 Evaluation Metrics 
 
This section describes the different techniques and evaluation metrics used in order to compare the 
ML algorithms applied on the datasets. 
 
3.5.1 Cross Validation 
 
In order to measure the projecting capabilities of any ML model, it should be tested on the data 
which was not used in training. When the model is trained on the training set and tested on the 
testing set, the model's performance depends on the kind and variety of data points it sees in the 
training and testing phases which means the performance changes as the data samples in training 
and test set changes. So different models cannot be compared to each other as the accuracy of a 
model is prone to vary if there is a shuffle between data samples of training and testing sets. To 
avoid this miscalculation, a method called cross validation was used [23]. 
 
Cross validation is used to partition the data into training and testing sets. A variety of cross 
validation methods exist, but the most followed one is the concept of leaving out random data 
points while training and using the left-out points for testing. This study utilized k-fold cross 
validation technique to assess model performance. K-fold cross validation consists of randomly 
grouping the data into k subsets which are also known as folds and k is of our choice. Out of these 
k subsets, k-1 sets are used to train the model which are training sets and predictions are made on 
the remaining fold i.e., testing set.  The process of training using k-1 folds, testing on the remaining 
testing fold, and assessing model performance was repeated until every one of the k folds in the 
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data set has been used for testing. The entire process of splitting data, training and testing until 
every fold has been used for testing is a single k-fold validation and we obtain as many test results 
as the number of folds we consider. Each and every data point in the sample is used for both 
training, testing and different models can be compared to each other to pick the best model for a 
particular dataset. So, the model performance on the test fold can now be assessed by the Nash and 
Sutcliffe efficiency values and the root mean squared error of the predicted versus true data. 
 
Nash and Sutcliffe efficiency (NS) is a number that indicates how well a regression model predicts 
the value of a dependent variable than the mean of that variable. It also shows how much of the 
variance in the dependent variable is explained by the independent variable and its value ranges 
from zero to one. It has a value of one when all the values of predicted variables are exactly equal 
to the actual values and its value decreases as the error between them increase. NS score can also 
be negative, and it should be noted that NS is the proportion of variance explained by the fit and 
is not the square of anything. It is not the only metric we should consider assessing the model's 
performance and more metrics should also be taken into account. The mathematical equation of 
NS is shown below. 
 

NS	=	1	–	))**
+**
*																																	(3.3)	

 
where RSS is residual sum of squares = ∑(𝑦' −	𝑦')

), 𝑦' – actual value of dependant variable, 𝑦'– 
predicted value of dependant variable, TSS is total sum of squares = ∑(𝑦' −	𝑦()), 𝑦' – actual 
value of dependant variable, and 𝑦(	– mean value of dependant variable. 
 
The most used evaluation metric of all is the Root Mean Squared Error. It tells how much the 
predicted value can deviate from the actual value of a particular data point on either side i.e., how 
much less or more than the true value. It is the standard deviation of the errors and is a measure of 
how spread out these errors are. It is calculated by taking the square root of the average of all the 
squared residuals or errors. The formula for RMSE is as follows. 
 

RMSE	=		./∑ (&!$&!)(

,
-
./0 1												(3.4)	

 
where 𝑦' is the actual value of dependant variable, 𝑦'is the predicted value of dependant variable, 
and N is the total number of data points. 
 
3.5.2 Grid Search Cross Validation (Grid Search CV)  
 
Each ML algorithm has its own mathematical model and works on its own, background rules and 
theory. They can be configured by controlling some factors called hyperparameters. We cannot 
know the best value for a model hyperparameter on a given problem just by looking at the data. 
We can use rules of thumb, copy values used on other problems or search for the best value by 
trial-and-error method i.e., by testing them on unseen data. The last method was followed in this 
project to find out the best parameters for all the ML algorithms using a method or technique called 
Grid Search Cross Validation. 
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Grid Search CV is an API available in Scikit-Learn toolkit in Python used to tune hyperparameters 
of an ML model in order to discover the parameters of that model that result in the most skillful 
predictions. It takes a) The ML model we want to fine tune the parameters for, b) Different values 
of all the parameters we want to check on the data, and c) Number of sets we want to divide the 
data to train and test the model on as inputs i.e., number of k-folds. Grid Search CV builds the 
given ML model for each of the different hyperparameters, train and test the model on the specified 
number of k-folds and gives the accuracy results for all those k number of folds having different 
hyperparameters. The metrics of evaluation can be set as required such as mean squared error, root 
mean squared error, NS, etc in finding the best hyperparameters. The evaluation metrics was set 
to root mean squared error in this study for Grid Search CV. 
 
3.5.3 Over Fitting and Under fitting 
 
While finding the best hyperparameters for any ML model, we should be aware of two scenarios 
that the model might encounter called "over-fitting" and "under-fitting". Overfitting or variance is 
the case where the overall error is very small but the model being not able to generalize (not 
producing accurate results) well on the new data and making unreliable predictions. This is due to 
the model learning too much from the training data set. Solutions to avoid overfitting is not to tune 
hyperparameters too much to fit the training data well, early stopping while training, etc. 
 
Underfitting or bias is the situation where the model has not learned enough from the training data 
resulting in a low generalization of the model even on the training data points. Underfitting is as 
bad as overfitting for generalization of the model. Increasing the training time, tuning the 
hyperparameters, creating complex and dense algorithms, etc are some of the measures to avoid 
under fitting [24]. So, to avoid underfitting on the datasets, the hyperparameters of all the models 
used were tuned to give the best results but extremely high values for hyperparameters were not 
used so that the models do not overfit the data points. 
 
3.6 Individual Models 
 
This section describes all the individual ML algorithms and the procedure of applying them on the 
dataset with 28 days Modulus of Rupture as the output variable. 
 
3.6.1 Multi-Variate Linear Regression (MVLR) 
 
Regression analysis is one of the most widely used techniques for predicting continuous output 
and is the baseline of all the ML algorithms. The generic expression of a multi variate Linear 
Regression is shown below and multi means that the dependent variable depends on multiple input 
variables [25]. 
 
y	=	b0	+	b1x1	+	b2x2	+	b3x3	+	.	.	.	.	.		+	bnxn													(3.5)								
 
where y is the dependent variable which is 28 days Modulus of Rupture here, x1, x2, . . ., xn are the 
independent variables in the dataset. b0 is called the intercept and b1, b2, . . ., bn are called 
coefficients or parameters. At first, the values of coefficients were initialized with a real number 
between 0 and 1 and the dependant variable i.e., 28 days Modulus of Rupture was calculated 
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substituting the independent variables of a data point. This was done for each and every row i.e., 
every single sample data point from the dataset and the predicted 28 days Modulus of Rupture 
values were obtained. The difference between the actual and estimated 28 days Modulus of 
Rupture values obtained from our regression model are called errors or residuals. The objective is 
to obtain values of the regression coefficients that would make the sum of the residuals as small 
as possible, ideally zero. To achieve this, the mean of these squared errors called the cost function 
was calculated, computed the differentiation and equated it to zero and the best coefficients were 
found out. The number of iterations this is performed is up to us and the error becomes close to 
zero as the number increases. At the end the best fit geometric figure was fitted in the feature 
sample space using these parameters and the dependant variable can be predicted for a new mix 
sample using this geometric figure. 
 

J =	∑ (&!$	&!)
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																										(3.6)	
 
where J is called cost function or overall error which we try to minimize, 𝑦' – actual value of 
dependant variable i.e., 28 days Modulus of Rupture, 𝑦'– predicted value of dependant variable 
i.e., 28 days Modulus of Rupture, and M is the total number of mix samples in the dataset. 
 
The Linear Regression model has a hyperparameter "normalize" and it should be set to either True 
or False while building the model. The regression algorithm was obtained from the Scikit-Learn 
toolkit in Python and Grid search CV was used to find the results of MVLR on the dataset by 
varying this parameter and setting the number of folds to 10 for predicting 28 days Modulus of 
Rupture. Since the dataset has 110 points, dividing it into 10 sets gives 11 data points per each set 
and 9 sets (k-1) were used for training and the reaming set for testing. This process was repeated 
until all the sets were used for testing and the Gris Search CV results gave better results when 
normalize was set to True. This is shown in the Table 3 and both gave almost the same results but 
notice the rank when parameter is False. The columns T1, T2 through T10 represent the test score 
of each fold from 1 to 10 when Normalize is True and False. Thus, the best hyper parameter for 
MVLR was found for this dataset.  
 

Table 3 MVLR hyper parameters 
 

Params T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 Mean Rank 
True 0.15 0.09 0.60 0.40 0.07 0.29 0.11 0.05 0.05 0.19 0.10 2 
False 0.15 0.10 0.60 0.40 0.07 0.30 0.11 0.05 0.05 0.19 0.10 1 

 
 
3.6.2 Support Vector Regressor (SVR) 
  
There can be a non-linear relationship between input and output features in many real-world 
datasets which is the case here and the Linear Regression algorithm might not be able to catch 
these non-linearities. The Support Vector Machine algorithm is typically used to construct the 
input-output model mapping because it effectively solves nonlinear regression problems and there 
are many successful use cases of SVM in the field of civil engineering [26]. The objective of the 
support vector machine algorithm is to find a hyperplane in an N-dimensional space that distinctly 
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classifies the data points where N is the number of features in that sample space. The goal is to 
find a plane that has the maximum margin i.e., which has the maximum distance between data 
points of those two classes. 
 
Coming to the regression model of Support Vector Machine, the objective is to minimize the 
coefficients i.e., the regression coefficients used to find the 28 days Modulus of Rupture as seen 
in MVLR as opposing to minimize the squared error. SVR gives the flexibility to define how much 
error i.e., the difference between the actual and estimated 28 days Modulus of Rupture values is 
acceptable in the model and will find an appropriate hyperplane to fit the mix samples from the 
dataset. The error term is taken care of in the constraints where we set the absolute error less than 
or equal to a specified range called the maximum error (𝜀). The objective function and constraints 
of SVR are shown below. 
 

𝑀𝐼𝑁	 4
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./0 																									(3.7)	
	
(𝑦. − 𝑏0𝑥.) ≤ 	𝜀 + 	𝛿																						(3.8)	
 
where 𝛽	is the coefficients vector, C is Regularization parameter, 𝜀 is maximum error or margin, 
𝛿 is allowed deviation from margin, 𝑦' is the actual value of dependant variable i.e., 28 days 
Modulus of Rupture, 𝑥' is an independent variable for a mix sample in the dataset, and 𝑏* is 
regression coefficient for that independent variable. 
 
Grid Search CV was applied on the dataset for SVM which is available in the scikit learn library 
in python by varying the two most important hyperparameters "Kernel" and "regularization". 
Kernel functions are used to map the original data points into a higher dimensional space so that 
the data can be easily separated into different classes. It was varied among three functions i.e., 
linear, rbf and polynomial. The regularization parameter defines how much error is allowed in 
predicting 28 days Modulus of Rupture and it was varied from 2 to 100 leaving alternate numbers 
in between. So, there was a total of 150 combinations obtained by varying these two 
hyperparameters and out of all Grid search CV showed that the linear kernel with regularization 
parameter of 88 as the best hyperparameters set suited for this dataset for predicting 28 days 
Modulus of Rupture. 
 
3.6.3 Decision Tree Regressor (DTR) 
 
The decision tree is one of the most powerful and widely used supervised machine learning 
algorithms. As the name suggests it uses a tree-like structured model for making decisions by 
breaking down the data and making a decision based on asking a sequence of questions inferred 
from the input features in the training set. Decision trees are built by partitioning recursively 
starting from the root node which is also called a parent node. It is then split into two nodes as left 
and right child nodes and these can be further split. This process continues till the nodes cannot be 
split further, and these nodes are called pure nodes. Consider an example of a node checking the 
value of the Air content feature in the dataset. If it is greater than 4% it might move to the right 
branch of the tree and if it is less than 4% it might move to the opposite branch of the tree. The 
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important thing is to know how the nodes are divided and what the optimal splitting point at each 
node is. This is done based on a concept called "Information gain" and the data is split on the 
features that have the highest information gain [27]. 
 
The formula for information gain is given below and the objective is to split the nodes where the 
value of this function is maximum. Information gain is the difference between the impurity of the 
parent node and the sum of impurities of the child nodes. This is for one node divided into two 
child nodes and if there are multiple nodes in the decision tree, the impurities of all the nodes 
should be added together. 
 

IGf	=	IP	−	F,),* ∗ 𝐼5 +	
,+
,*
∗ 𝐼6H											(3.9)	

 
where IGf  is  the Information gain of the feature at point to perform split, IP  is the impurity measure 
at parent node, 𝐼+ and 𝐼, are the impurity measures of left and right nodes, 𝑁- is the total number 
of samples at the parent node, and 𝑁+ and 𝑁, are the total number of samples in the child nodes. 
 
The most important and effective hyperparameter in the Decision Tree Regressor method is the 
criteria parameter and it can either be set to mean absolute error (MAE) or mean squared error 
(MSE). In addition to this, there are some other parameters such as maximum depth of the trees, 
minimum number of samples per leaf node, minimum samples required to split as node, maximum 
features to consider, etc. All these parameters are numbers and were not tweaked here as there was 
no significant impact on the performance of the model and all these parameters were set to default 
while building the DTR model. It should be noted that decision trees work by always memorizing 
the training data and sometimes do not perform well on unseen data resulting in overfitting of the 
model on the dataset. Grid Search CV was applied on our dataset for the DTR algorithm by varying 
the criteria hyper-parameter between MAE and MSE. There were only two combinations obtained 
and the results of Grid search CV showed that the DTR performed better to predict 28 days 
Modulus of Rupture when criteria were set to MAE. 
 
3.7 Ensemble Methods 
 
Ensemble method is an advanced technique in ML where multiple individual algorithms are 
trained to find a solution to the same problem and all the models are combined to get better results 
than the individual models [28]. The basic principle is that when weak models are combined, it 
gives better models and more accurate models. The way these models are combined is two types 
which are Bagging and Boosting. These two methods are discussed with examples in the below 
sections by applying these on our dataset. 
 
3.7.1 Random Forest Regressor (RFR)  
 
Bagging also known as bootstrap aggregating is an ensembling process in which the weak ML 
models are trained independently in parallel and then they are combined to produce the final result. 
If the prediction is for a continuous variable i.e., regression, then the output of the ensemble model 
is the average of all the individual models and if it's a classification problem then the class that 
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receives the majority of the votes i.e., outputted most times will be the final result of the ensemble 
model. 
 
Random Forest algorithm works on the bagging technique and is also a tree-based algorithm that 
uses multiple Decision Trees for making decisions [27]. The term "Random" comes from the fact 
that this algorithm is a forest of randomly created Decision Trees in which many decision trees are 
constructed and trained in parallel and are combined to produce the end result. As already said that 
the decision tree has the disadvantage of overfitting and this can be avoided by using multiple trees 
together to make predictions. RFR averages the results of all the decision trees so that the poor 
performance of any decision trees can be compensated if there are any trees not performing well 
to predict 28 days Modulus of Rupture and the overall accuracy of the prediction increases. In 
addition to this, Random Forest algorithm is very fast and robust than other regression models. 
 

SL	=	∑ 7!#
!$%
8

																																(3.10)	
 
where SL is the final result of ensemble model, 𝑤' is the output of each individual model, and L is 
the total number of individual models. 
 
Random Forest also has the same hyperparameters as the Decision Tree model with one extra 
hyperparameter being the number of trees in the forest. It is the number of trees we want to 
construct and average the prediction results of 28 days Modulus of Rupture from each tree. The 
hyperparameters tuned in Random forest regressor are the criteria parameter which should either 
be MAE or MSE and the number of trees which is a numerical value. Grid Search CV was applied 
on the dataset using RFR algorithm by varying the criteria hyperparameter between MAE and 
MSE and number of tress (n estimators) as 10, 20,30 till 200. The results of Grid search CV after 
running the code showed that the RFR performed better in predicting 28 days Modulus of Rupture 
when 20 trees were used with criteria set to MSE on this dataset. 
 
3.7.2 Gradient Boosting Regressor (GBR) 
 
Boosting is an Ensembling technique in which individual ML models are trained sequentially to 
solve a problem. In boosting all the weak learners are fitted on after another on the data and each 
algorithm depends on the one trained before with each model is fitted giving more importance to 
data points in the feature space that were wrongly classified by the previous models in the 
sequence.  
 
Gradient Boosting algorithm works by combining basic models using boosting technique where 
each model focussing on the difference between the prediction and the ground truth of a dependant 
variable. As the name suggests, Gradient Boosting algorithm solves the problem by using a 
gradient descent approach with each weak learner being constructed reduces the error of the 
prediction based on the learning rate set up [29]. The Decision tree is used as base models in 
Gradient Boosting. The expression for the output of the ensemble GBR model using a simple 
squared error as loss function is as follows. 
 
FL = F1 + 𝜌 ∗	∑ 𝐹(𝑋') −

./
.0(2!)

4
'56                  (3.11) 
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where L = (𝑦' − 𝑦')

)  i.e, the loss function, FL is the output of ensemble model, 𝜌 is learning rate, 
𝐹(𝑋') is output of each individual model, 𝑦' – actual value of dependant variable i.e., 28 days 
Modulus of Rupture, and 𝑦'– predicted value of dependant variable i.e., 28 days Modulus of 
Rupture. 
 
Since the weak learners in GBR are the Decision trees, it has the same hyperparameters as them 
with some extra hyperparameters being the number of trees used in the sequence to build the 
ensemble model, kind of loss function used and the learning rate. Grid Search CV applied on our 
dataset using GBR algorithm by varying the number of trees (n estimators) as 10, 30,50 till 200, 
loss between "least squares" and "Huber" and the learning rate from 0.1, 0.2, 0.3 through 1 gave 
best results when 30 trees were used with loss function set to least squares and learning rate to 0.1 
on this dataset to predict 28 days Modulus of Rupture. 
 
4 Results and discussion 
 
After the hyperparameter tuning of all the ML models applied on the Dtataset_A to predict 28 days 
Modulus of Rupture determined by RMSE, they were compared with each other to find the best 
performing ML algorithm on the data. The hyperparameters best suited on this dataset for all the 
applied algorithms are shown in Table 4 along with the RMSE value obtained for that 
hyperparameter set. The Modulus of Rupture data in this dataset was measured in PSI so, the 
RMSE value is the amount of error in PSI the models are showing. 
 

Table 4 Tuned hyperparameters 
Algorithm Best hyper parameters RMSE (PSI)  

MVLR 'normalize' : 'True' 47.85 
Support Vector Regressor 'kernel' : 'linear', 'C' : 88 45.76 
Decision Tree Regressor 'criterion' : 'mae' 73.09 

Random Forest Regressor 'n_estimators' : 20, 'criterion' : 'mse' 56.36 
Gradient Boosting Regressor 'n_estimators' : 30, 'loss' : 'ls', 'learning rate' : 0.1 54.32 
 
To compare models with each other the average of the results of each 10-fold cross validation 
using the best hyperparameters for each algorithm with the evaluation metric as RMSE is taken. 
We should not choose the best model by simply looking at this single k-fold cross validation results 
because the results might vary on shuffling the data between folds. So, instead 10-fold cross 
validation was repeated 100 times with different folds containing data points chosen randomly for 
each k-fold cross-validation to ensure that the results were not affected by the characteristics of 
any k-fold split. Each k-fold cross validation gives 10 RMSE and 10 NS values and they were 
averaged to find one set of k-fold results and similarly, hundred 10-fold cross validation sets gave 
100 sets of k-fold results. The obtained 100 different RMSE and NS values of different models 
can now be compared to find the best algorithm for reliable predictions.  
 
Histograms of RMSE and NS were created for each model for the results of hundred cross 
validation cycles. Histograms graphically show how many values fall into bins of different ranges 
and indicate where most of the points are concentrated. In addition to these histograms, pair plots 
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were also created to assess the model's performance visually. Pair plots are generally created by 
taking the actual values on the x-axis and the predicted values on the y-axis. A 450 angle line is 
drawn from the origin to check how the predicted values vary from the true values. The RMSE 
values are normalized by dividing them with the standard deviation of 28 days Modulus of Rupture 
column (72.50 PSI) to make the final RMSE values around 1 so that it becomes easy to draw 
comparisons among the different models. If normalized RMSE from a model is less than one, then 
the model performance is said to be good since the error is less than the spread of the values from 
the mean of that dependant variable column. A good ML model has low RMSE and high NS 
scores. Now, the histograms of RMSE, NS from the results of 100 rounds of 10-fold cross 
validations and pair plots of the fold that gave best RMSE for each model with its best 
hyperparameters to predict 28 days Modulus of Rupture is shown below. 
 
4.1 MVLR  
 
The results of 10-fold cross validation for multi variate Linear Regression is shown in Figure 18. 
The mean normalized RMSE is 0.64 which is less than 1 with mean NS of 0.44 and median NS of 
0.45. These are the averages of the results of hundred 10-fold cross validation cycles. These values 
suggest that MVLR is performing reasonably well on our dataset and shows good predictive 
abilities on the dependant variable but not strong enough for reliable future predictions. The pair 
plot drawn for the best RMSE fold does not show a good relationship between the predicted and 
true values and can be seen there are several data points predicted poorly in all the tests and lie far 
away from the 450-angle line. This suggests that the nonlinearities among the features of these 
mixes in the dataset could not be captured well by MVLR Algorithm. So, we need to go for a non-
linear regression algorithm. 
 

 
Figure 18 Results of Multi variate linear regression 

 
4.2 Support Vector Machine 
 
The results of the hundred 10-fold cross validation cycles of the Support vector regressor is shown 
in Figure 19.The mean normalized RMSE obtained is 0.65, the mean NS is 0.43 and median NS 
is 0.44. There are few points lying far away from the 450-angle line in the pair plot drawn for the 
best RMSE fold for SVR as well. The mean RMSE, NS scores are almost the same for MVLR and 
SVR, but fewer points lying away from the 450-angle line in the pair plot suggest better 
performance than MVLR. These results imply that SVR is also performing reasonably well but 
needs a better model to rely on for future predictions. 



 39 

	

 
Figure 19 Results of Support Vector Machine 

 
4.3 Decision Tree Algorithm 
 
The histograms of the results of the hundred 10-fold cross validation cycles of Decision Tree 
regressor is shown in Figure 20. The mean normalized RMSE is 0.91 which is just less than the 
standard deviation of 28 days Modulus of Rupture column values and the mean and median NS 
scores is negative. The RMSE values are All the points in the pair plot lie randomly and far away 
from the central line. These results suggest that DTR is performing really badly on our dataset and 
shows no predictive abilities at all which means that DTR model cannot be used for future 
predictions on our data variables. DTR model is showing excellent results when it was trained and 
tested on the same data points but when different data points were used in train and test sets, it is 
performing really badly. This scenario is called overfitting as already mentioned and it due to the 
fact that decision trees work by memorizing the data instead of recognizing actual patterns between 
variables. Therefore, it sometimes works well with the already seen data and does perform well on 
the unseen data points. 
 

 
Figure 20 Results of the Decision Tree Model 

	
4.4 Random Forest Algorithm 
 
The mean normalized RMSE from the results of hundred rounds of 10-fold cross validation for 
Random Forest Regressor is 0.71 which is under 1 and the mean and median NS scores are 0.32 
and 0.33, respectively. The histograms obtained are shown in Figure 21. These results are much 
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better than the Decision tree model which suggests that the over fitting occurring from decision 
trees is eliminated and the results are comparable to MVLR and SVR models but not surpassing 
them. From the normalized RMSE histogram, it can be observed that there are several points in 
the bins of 0.70 – 0.74 RMSE value which is good since RMSE should be low for a good ML 
model. The overall results are not better than MVLR and SVR models and it should be noted that 
the base models in RFR are decision trees. Some level of over fitting can be avoided but not all 
and this was reinforced by the good results obtaining by training and testing on the same data 
points but poor performance on different train and test sets. Random Forest Algorithm gives the 
features that are most important to predict the output variables after fitting on a dataset. RFR model 
determined Air Content, Slump and Water Reducing Admixture as the top three most important 
features in predicting 28 days Modulus of Rupture. 
 

 
Figure 21 Results of Random Forest Model 

 
4.5 Gradient Boosting Algorithm 
 
The mean normalized RMSE of Gradient Boosting Regressor is 0.71 which is less than 1 with 
mean NS score of 0.34 and median NS score of 0.35. The histograms and pair plot is shown in 
Figure 22. These results are much better than Decision tree model and are very similar to the results 
of the Random Forest Regressor model. The performance of Gradient Boosting model on our 
dataset did not outshine the MVLR and SVR models since the weak learners in Gradient Boosting 
Algorithm are decision trees and there would be some overfitting in GBR as well. 
	

 
Figure 22 Results of Gradient Boosting Model 
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Table 5 ML models result for 28 days Modulus of Rupture 
 

Algorithm Median 
NS 

Mean 
NS 

Normalized 
RMSE Range 

Mean Normalized 
RSME 

Best 
RMSE 
(PSI) 

MVLR 0.45 0.44 0.61 – 0.66 0.64 44.51 
Support Vector Machine 0.44 0.43 0.62 – 0.69 0.65 45.31 

Decision Tree -0.14 -0.16 0.81 – 1.01 0.91 58.86 
Random Forest 0.33 0.32 0.66 – 0.77 0.71 48.29 

Gradient Boosting 0.35 0.34 0.66 – 0.74 0.71 48.53 
 
The results of all the applied ML models with 28 days Modulus of Rupture as the predicted variable 
are shown in Table 5 along with the best RMSE score out of the 100 folds. The Support Vector 
Machine and MVLR have almost the same RMSE and NS scores but the pair plots indicated that 
Support Vector Machine made be tter predictions than all the models fitted on the dataset and 
MVLR seems to be the second-best model. The normalized RMSE (i.e., divided by standard 
deviation) of all the models is less than one which suggests a good performance since the 
predictions are better than the spread (i.e., standard deviation) of the variable values. MVLR and 
SVR models have the best RMSE and NS scores. They are 30% more accurate than the other 
models used on the dataset and this suggests that they are able to predict future data points but the 
Ns score needs to improve for more accurate predictions. It can be seen that there are some negative 
values of NS in the histograms. This meant that the prediction is worse than the mean of actual 
values in that particular output feature column. 
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Table 6 ML models results of all properties 

 
Predicted 
Property 

Algorithm Median 
NS 

Mean 
NS 

Normalized 
RMSE Range 

Mean 
Normalized 

RSME 

28 days 
Compressio
n Strength 

MVLR 0.41 0.40 0.64 – 0.72 0.67 
Support Vector Machine 0.43 0.42 0.63 – 0.69 0.67 

Decision Tree -0.31 -0.31 0.85 – 1.12 0.98 
Random Forest 0.33 0.32 0.68 – 0.78 0.73 

Gradient Boosting 0.23 0.22 0.71 – 0.81 0.77 

28 days 
Modulus 

of Elasticity 

MVLR 0.06 0.05 0.85 – 0.93 0.88 
Support Vector Machine -0.07 -0.08 0.93 – 0.99 0.97 

Decision Tree -1.06 -1.10 1.07 – 1.51 1.29 
Random Forest -0.01 -0.04 0.88 – 0.99 0.94 

Gradient Boosting -0.03 -0.03 0.89 – 0.98 0.94 
 
 

28 days 
Poisson's 

Ratio 

MVLR -0.06 -0.09 0.89 – 0.98 0.94 
Support Vector Machine -0.10 -0.13 0.95 – 1.01 0.98 

Decision Tree -1.23 -1.23 1.16 – 1.45 1.29 
Random Forest -0.14 -0.14 0.90 – 1.03 0.96 

Gradient Boosting -0.10 -0.12 0.88 – 1.03 0.94 
 
 

28 days 
Splitting 
Tensile 
Strength 

MVLR 0.02 -0.04 0.81 – 0.89 0.85 
Support Vector Machine 0.07 0.10 0.77 – 0.87 0.82 

Decision Tree -1.05 -1.10 0.97 – 1.40 1.18 
Random Forest 0.02 0.01 0.82 – 0.94 0.87 

Gradient Boosting -0.12 -0.14 0.87 – 1.00 0.93 
 

28 days 
Coefficient 
of Thermal 
Expansion 

MVLR -0.09 -0.11 0.88 – 0.99 0.94 
Support Vector Machine -0.08 -0.10 0.89 – 0.99 0.94 

Decision Tree -0.10 -0.13 0.92 – 0.99 0.96 
Random Forest -0.09 -0.10 0.87 – 0.97 0.93 

Gradient Boosting -0.10 -0.13 0.92 – 0.99 0.96 
 
The similar process was followed by taking Dataset_B with all the ML models applied to predict 
its output variables as well as the 28 days CTE in Dataset_A. Table 6 summarizes the results of all 
the applied ML models on the remaining five properties measured after 28 days. Except for 
predicting 28 days Modulus of Elasticity and 28 days Poisson's ratio Support Vector Machine 
algorithm performed better than all the other models in all the cases as it has the highest NS score 
and least RMSE value out of all. MVLR came out as the best model for predicting the Modulus of 
Elasticity and Poisson's ratio. The results of all the predicted properties at 7th, 14th, 90th day showed 
similar behaviour with SVR and MVLR coming to be the best models on these datasets. These 
results suggest that they can be used to predict new data at least for similar systems by improving 
NS score. A previous study conducted on the same dataset stated that Random Forest algorithm 
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with 90 trees as an effective model [3]. This study determines Support Vector Machine as the best-
suited model on this dataset which has very less computational complexity than the Random Forest 
model. 
 
Decision Tree, Random Forest and Gradient Boosting algorithms showed better performance when 
trained and tested on the same data for all the properties with Random Forest coming out as the 
best model in this case out of the five algorithms used. As the data available for ML algorithms 
increases their performance would improve. Though Random Forest and Gradient Boosting are 
more powerful non-linear algorithms, their performance was not up to the par on these datasets 
because they were overfitting the training data due to the fact that there are just 110 data points in 
the datasets and their testing accuracy increases as more data points are available for training 
consequently reducing overfitting. The 110 data points available in our dataset were a result of 
several experiments and the widely applied nonlinear Machine Learning Algorithms can become 
useful tools for accurate prediction of different properties of concrete and can reduce the number 
of such physical experiments. 
 
5 Conclusions and Future work 
 
Various Machine Learning Algorithms were used to study their behavior and performance on 
different properties of concrete. The machine learning models used in this study were effective in 
predicting six mechanical properties of concrete for different mixes which are compressive 
strength, splitting tensile strength, modulus of rupture, modulus of elasticity, coefficient of thermal 
expansion, and Poisson's ratio. This study started with collecting the data points from the 
experiments conducted to measure properties of concrete in the Mechanistic Empirical Pavement 
Design Guide [9]. The input and output variables in the datasets were examined first to find the 
relations between them. The process of applied ML models was clearly explained for 28 days 
Modulus of Rupture and the results of all the other properties were presented. Analysis of NS score 
and RMSE of all the predictions after applying ML models demonstrated that Support Vector 
Machine model was the best performing one in most of the cases. The predictions of SVM were 
more accurate than the Multi Variate Linear Regression, Decision Tree, Random Forest and 
Gradient Boosting Algorithms used here. This shows the need for a powerful non-linear algorithm 
to find patterns in non-linear data and to predict new concrete mixes.  
 
The NS scores and normalized RMSE values suggest that machine learning can be effectively 
applied for predicting a wide range of concrete properties Therefore, ML models trained on a lot 
of experimental data available in different databases can be used to predict future data points. The 
next step is to collect more data from the experiments being conducted and use advanced ML 
algorithms and Artificial Neural Networks (ANN) as well which is a powerful tool for solving 
very complex problems and are expected to outperform the Machine Learning models as they have 
a high learning curve, but they require thousands of data points. With further improved Machine 
Learning Algorithms, computational power and more experimental data, the predictions made 
could reach the accuracy of experimental measurements. Thus, reducing the number of 
experiments to be performed. 
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Appendix A: Major Software Packages Used  
 
Python  
 
A python is an object-oriented, high level, interpreted, open-source programming language.  
Documentation: https://docs.python.org/3/ 
 
Pandas  
 
pandas is an open source, high-performance, easy-to-use data structures and data analysis tools for 
the Python programming language.  
Documentation: http://pandas.pydata.org/pandas-docs/stable/  
 
Numpy  
 
NumPy is the fundamental package for scientific computing with Python.  
Documentation: https://www.numpy.org/devdocs/  
 
Sci-kit Learn  
 
Sci-kit learn is an open-source Python library for data preprocessing, data analytics and machine 
learning.  
Documentation: https://scikit-learn.org/stable/documentation.html  
 
Matplotlib  
 
Matplotlib is a Python 2D plotting library which produces publication quality figures in a variety 
of hardcopy formats and interactive environments across platforms.  
Documentation: https://matplotlib.org/users/index.html 
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Appendix B: Code for Data Analysis 
 
import pandas as pd  # Importing necessary libraries 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
from sklearn.preprocessing import StandardScaler 
%matplotlib inline 
 
df.describe() # Measures of Central tendency 
 
def Feature_analysis(x): # Function to find number of ouliers and to draw feature plots 
 
  Q1 = df[x].quantile(q=0.25) 
  Q3 = df[x].quantile(q=0.75)  
  IQR = stats.iqr(df[x]) 
 
  print('1st Quartile of ' + x + ' :' , Q1) 
  print('3rd Quartile of ' + x + ' :', Q3) 
  print('Inter Quartile range of ' + x + ' :', IQR, '\n') 
 
  Lower_outlier = Q1 - 1.5*(IQR) 
  upper_outlier = Q3 + 1.5*(IQR) 
 
  print('Lower outlier value in ' + x + ' :', Lower_outlier) 
  print('upper outlier value in ' + x + ' :', upper_outlier, '\n') 
 
  print('Number of lower outliers in ' + x + ' :' ,df[df[x]<Lower_outlier][x].count()) 
  print('Number of upper outliers in ' + x + ' :' ,df[df[x]>upper_outlier][x].count()) 
 
  print('% of lower outliers in ' + x + ' :', round(df[df[x]<Lower_outlier][x].count()*100/len(df))) 
  print('% of upper outliers in ' + x + ' :', 
round(df[df[x]>upper_outlier][x].count()*100/len(df)),'\n' ) 
 
  fig, (ax1, ax2, ax3) = plt.subplots(1,3, figsize=(16,5)) 
 
  # Distribution plot 
  sns.distplot(df[x], ax=ax1) 
  ax1.set_xlabel(x, fontsize=15) 
  ax1.set_title('Distribution plot', fontsize=20) 
  ax1.tick_params(labelsize=15) 
 
  # Box plot 
  sns.boxplot(df[x], ax=ax2, orient='v' ) 
  ax2.set_ylabel(x, fontsize=15) 
  ax2.set_title( x +' ' + 'Box plot', fontsize=20) 
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  ax2.tick_params(labelsize=15) 
 
  # Histogram 
  ax3.hist(df[x]) 
  ax3.set_xlabel(x, fontsize = 15) 
  ax3.set_title('Histogram', fontsize = 20) 
  ax3.tick_params(labelsize=15) 
 
  plt.tight_layout() 
 
rows = 3 # distribution plots 
cols = 3 
fig, ax  = plt.subplots(nrows=rows, ncols=cols, figsize = (22, 12)) 
 
columns = df.columns[6:] 
index = 0 
 
for i in range(rows): 
  for j in range(cols): 
    sns.distplot( df[columns[index]] ,ax = ax[i][j]) 
    index += 1 
 
plt.figure(figsize = (12,8)) # Correlation Matrix 
sns.heatmap(correlation, annot=True) 
plt.title("Correlation among Features", fontsize = 20) 
 
fig, ax = plt.subplots(figsize=(15,8)) # Visualizations 
sns.set_style(style='darkgrid') 
sns.scatterplot(x = df['Air Entraining Admixture (AEA) (mL)'], y= df['Modulus of Rupture (PSI) 
(28 Days)'], hue=df['Water Reducing Admixture (WRA) (mL)'], size= df['Air Content (%)'], 
sizes=(30, 500), palette='magma') 
ax.set_title("Modulus of Rupture (28 days) vs(AEA, WRA, Air Content)") 
ax.legend(loc = 'upper left',bbox_to_anchor=(1,1)) 
 
df = pd.get_dummies(df) # One hot encodiing 
 
ss = StandardScaler() # Feature Scaling 
x.iloc[ : , 0:5]= ss.fit_transform(x.iloc[ : , 0:5]) 
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Appendix C: Code for Grid Search CV on all ML models 
 
from sklearn.linear_model import LinearRegression # Importing necessary libraries 
from sklearn.svm import SVR 
from sklearn.tree import DecisionTreeRegressor 
from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor 
from sklearn.model_selection import GridSearchCV 
 
models = { 
    'Linear_Regression': {'model': LinearRegression(), 'parameters' : {'normalize': ['True', 'False']}   
} , 
 
    'Support_Vector_Regressor':  {'model': SVR(), 'parameters': { 'C':list(range(2,101, 2)), 'kernel': 
['linear', 'rbf', 'poly']  }  }   , 
 
    'Decision_Tree_Regressor': {'model': DecisionTreeRegressor(), 'parameters' : {'criterion': 
['mse', 'mae']}   } , 
 
    'Random_Forest_Regressor': {'model': RandomForestRegressor(), 'parameters' : 
{'n_estimators':list(range(10, 201, 10)), 'criterion': ['mse', 'mae'] }  } ,  
     
    'Gradeint_Boosting' : {'model': GradientBoostingRegressor(), 'parameters': 
{'n_estimators':list(range(10, 201, 20)), 'loss':['ls', 'huber'], 'learning_rate':list(np.linspace(0.1, 1, 
10,)) }} 
} 
 
scores = [] 
 
for model_name, value in models.items(): 
 
  clf = GridSearchCV( value['model'] , value['parameters'], cv=10, return_train_score=False, 
scoring='neg_root_mean_squared_error') 
  clf.fit(x,y) 
 
  scores.append( 
      { 'model': model_name, 
    'best_parameters' : clf.best_params_ , 
   'best_score' : -(clf.best_score_) 
  }) 
model_selection_df = pd.DataFrame(scores) 
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Appendix D: Code for hundred rounds 10-fold Cross Validation 
 
from math import sqrt 
from sklearn.model_selection import KFold 
from sklearn.model_selection import cross_val_score 
 
mean_r2_scores = [] 
mean_rmse_scores = [] 
 
for k in range(1,101): 
   
   
  kf = KFold(n_splits=10, shuffle=True, random_state=k) 
 
  #model = LinearRegression(normalize=False) 
  model = SVR(C=96, kernel='linear') 
  #model = DecisionTreeRegressor(criterion='mae') 
  #model = RandomForestRegressor(n_estimators=130,criterion='mse' ) 
  #model = GradientBoostingRegressor(n_estimators=130, loss = 'ls', learning_rate=0.3) 
   
  r2_score = cross_val_score(model, x,y, cv=kf, scoring='r2') 
  rmse_score = -(cross_val_score(model, x,y, cv=kf, scoring='neg_root_mean_squared_error')) 
 
   
  print('r2 scores for',k, 'iteration : '  ,r2_score) 
  print('rmse scores for', k ,'iteration :',rmse_score) 
  print('mean r2 score for',k, 'iteration :' ,np.mean(r2_score)) 
  print('mean rmse score for',k, 'iteration :',  np.mean(rmse_score), '\n') 
 
  mean_r2_scores.append(np.mean(r2_score)) 
  mean_rmse_scores.append(np.mean(rmse_score)) 
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Appendix E: Code for plotting R2, RMSE histograms and pairplots 
 
fig, (ax1, ax2, ax3) = plt.subplots(ncols= 3, nrows= 1, figsize=(16,5)) 
 
best_rmse_point = np.argmin(mean_rmse_scores) 
 
ax1.hist(mean_r2_scores) 
ax1.set_title('R-squared Hisotgram',fontsize = 25, c='r') 
ax1.set_xlabel('R2 values', fontsize = 20 ) 
ax1.set_ylabel('Count of values',fontsize = 20 ) 
 
std = df['Compressive Strength (PSI) (7 days)  '].std() 
normalized_mean_rmse_scores = [x/std for x in mean_rmse_scores] 
ax2.hist(normalized_mean_rmse_scores) 
ax2.set_title('RMSE Hisotgram',fontsize = 25, c='r') 
ax2.set_xlabel('Normalized RMSE values', fontsize = 20 ) 
ax2.set_ylabel('Count of values',fontsize = 20 ) 
 
from sklearn.model_selection import KFold 
kf = KFold(n_splits=10, shuffle=True, random_state = best_rmse_point) 
 
#a = [np.min(df['CTE (mm/mm/0C) (28 Days)']), np.max(df['CTE (mm/mm/0C) (28 Days)'])] 
plt.plot(a, a) 
 
x = np.array(x) 
for i,j in kf.split(x): 
  x_train = x[i] 
  y_train = y[i] 
  x_test = x[j] 
  y_test = y[j] 
 
  #model = LinearRegression(normalize=False) 
  model = SVR(kernel='linear', C= 100) 
  #model = DecisionTreeRegressor(criterion='mae' ) 
  #model = RandomForestRegressor(n_estimators=110, criterion='mae') 
  #model = GradientBoostingRegressor(n_estimators=10, loss = 'ls', learning_rate=0.2)  
  model.fit(x_train, y_train) 
  plt.scatter(  y_test,model.predict(x_test), c='b') 
 
ax3.set_title('Pair plot',fontsize = 25, c='r' ) 
ax3.set_xlabel('Actual values', fontsize = 20 ) 
ax3.set_ylabel('Predicted values',fontsize = 20 ) 
 
plt.tight_layout() 
plt.show() 
 


