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PREDICTION OF SOIL RADON GAS USING METEOROLOGICAL 

PARAMETERS WITH MACHINE LEARNING ALGORITHMS 

 

ABSTRACT 

 

Radon is the natural radiation source with the highest dose of exposure among all 

radiation sources found on earth. It consists of the degradation of natural uranium 

and radium elements in rocks. Factors that shape the movement of radon include 

meteorological factors such as the rate of decaying of radon isotopes, the fluids that 

fill the pores(air, water and other gases), atmospheric pressure, soil and air 

temperature, wind speed, and wind direction. The aim of this study is to evaluate the 

effects of some meteorological factors on Radon gas using Supervised Learning 

Algorithms and to estimate the radon gas values according to these factors. For the 

study, in addition to the radon levels obtained from the Seferihisar region in hourly 

periods between 30 October 2006 and 04 June 2007, the measurements for the 

parameters of Hourly Actual Pressure(hPa), Hourly 50 cm Soil Temperature(°C), 

Hourly Relative Humidity(%), Hourly Temperature(°C), Hourly Wind Degree(°), 

Hourly Wind Speed(m/sec) and Wind Direction were obtained from the Republic of 

Turkey Ministry of Agriculture and Forestry, General Directorate of Meteorology.  

To analyze the relationship between Radon and meteorological factors affecting 

radon with Supervised Learning Algorithms, Multiple Linear Regression, k-Nearest 

Neighbor, Support Vector Machines, Regression Trees, Bagging, Random Forests, 

XGBoost methods have been used. To test the success of applied methods K-Fold 

Cross-Validation(K=5) and verification tests were performed. Specification 

coefficient(  ) for comparing the performance of algorithms, Mean Squared 

Error(MSE), Root Mean Squared Error(RMSE), Mean Absolute Error(MAE) values 

were used. The best result was random forests regression when performance criteria 

were taken into account. This method was followed by the XGBoost and k-Nearest 

Neighbors algorithms, which gave very close results.  

 

Keywords: Supervised learning algorithms, soil radon gas, meteorological factor.  
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MAKĠNE ÖĞRENMESĠ ALGORĠTMALARI ĠLE METEOROLOJĠK 

PARAMETRELERĠ KULLANARAK TOPRAK RADON GAZININ 

TAHMĠNĠ 

 

ÖZ 

 

Radon, yeryüzünde bulunan tüm radyasyon kaynakları içerisinde en yüksek doza 

maruz kalınan ve sağlığımıza olumsuz etkisi olan doğal radyasyon kaynağıdır. 

Kayaçlardaki doğal uranyum ve radyum elementlerinin bozuşmasından oluşur. 

Radonun hareketini şekillendiren faktörler arasında; Radon izotoplarının bozunma 

hızı, gözenekleri dolduran akışkanlar (hava, su ve diğer gazlar), atmosferik basınç, 

toprak ve hava sıcaklığı, rüzgar hızı, rüzgarın yönü gibi meteorolojik faktörler yer 

alır. Bu çalışmanın amacı bazı meteorolojik faktörlerin, Radon gazı üzerindeki 

etkilerinin Denetimli Öğrenme Algoritmaları ile değerlendirilmesi ve Radon gazı 

değerlerinin bu faktörlere göre tahmin edilmesidir. Bu amaçla 30 Ekim 2006 - 04 

Haziran 2007 tarihleri arasında saatlik periyodlarla Seferihisar bölgesinden elde 

edilen Radon gazı seviyesine ek olarak T.C. Tarım ve Orman Bakanlığı Meteoroloji 

Genel Müdürlüğü’nden Saatlik Aktüel Basınç, Saatlik 50 cm Toprak Sıcaklığı, 

Saatlik Nispi Nem, Saatlik Sıcaklık, Saatlik Rüzgâr Derecesi, Saatlik Rüzgar Hızı ve 

Saatlik Rüzgar Yönü parametreleri ölçümleri elde edilmiştir. Radon ve radona etki 

eden meteorolojik faktörler arasındaki ilişkiyi analiz etmek için Denetimli Öğrenme 

Algoritmalarından Çoklu Doğrusal Regresyon, k-En Yakın Komşuluk, Destek 

Vektör Makineleri, Regresyon Ağaçları, Torbalama(Bagging), Rassal Ormanlar, 

XGBoost yöntemleri kullanılmıştır. Uygulanan yöntemlerin başarılarının sınanması 

için K çapraz-geçerlilik(K=5) ile doğrulama testleri gerçekleştirilmiştir. 

Algoritmaların performanslarını karşılaştırmak üzere Belirtme Katsayısı(  ), Hata 

Kareler Ortalaması(Mean Square Error-MSE), Kök Hata Kareler Ortalaması(Root 

Mean Square Error-RMSE), Ortalama Mutlak Hata(Mean Absolute Error-MAE) 

değerleri kullanılmıştır. Performans kriterleri dikkate alındığında en iyi sonucu 

Rassal Ormanlar Regresyonu vermiştir. Bu yöntemi, birbirlerine çok yakın sonuçlar 

veren XGBoost ve k-En Yakın Komşuluk Algoritmaları takip etmiştir.  
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CHAPTER 1 

INTRODUCTION 

 

Radiation is electromagnetic waves that we are exposed to in all aspects of 

everyday life. Radon gas is a radioactive substance, which is one of the various 

components of radiation, that is often found in nature and affects our health. Despite 

being mostly an airborne noble gas, radon is also found in soil, rocks, water and 

indoor buildings. The main source of radon found in the buildings is soil. The 

average annual effective dose of radon exposure is estimated to be 1.3 mSv (55% of 

the total effective dose) (Yücel et al., 2012). 

 

About half of the total dose that people receive from natural radiation sources is 

the inhalation of radon and its degradation products, and radon ranks second in lung 

cancer risk, after smoking. In an article published in the Green Building - 

Sustainaible Construction Technologies Journal in 2017, the negative health effects 

of radon depending on the level and duration of exposure (Değerli & Umaroğulları, 

2017). Therefore, the identification and mapping of risky areas where radon is 

located has gained a great speed in different countries of the world in order to protect 

people from exposure to high concentrations of radon. Numerous methods have been 

developed to identify areas with high radon potential. The most recent and alternative 

of these methods is the creation of geology-based radon risk maps. 

 

Apart from the harmful effects of radon on health, its effect on earth crust 

movements has also been observed in various studies. The damages caused by the 

earthquakes have been felt more and more for many years as a result of urbanization. 

For this reason, earthquake prediction studies are also increasing. Since an 

earthquake is caused by movements in the Earth's crust, it contains many parameters. 

Researchers are trying to understand the effects of these parameters on the 

earthquake, which occur before, during and after the earthquake. In many studies, it 

was noted that there were a number of changes in the concentrations of some gases 

coming out of the soil near the area where the earthquake occurred, before or after 

the earthquake. One of these gases is Radon (Tabar, 2010). 
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The relationship between radon concentration and fault lines by taking soil 

structure and geological features in Afyonkarahisar was conducted by İlhan(2015). 

  

Radon is the most studied gas in the studies conducted to estimate earthquakes 

before they occur. Since radon is a noble gas that comes out of the soil to the 

atmosphere, it does not form a chemical compound, and it can dissolve in water and 

reach the atmosphere. Meteorological factors and seismic activities affect the outflow 

of radon gas from the soil to the atmosphere. Thus, radon is used in studying the 

movements of the Earth's crust (Günay, 2016). 

 

Multifarious studies have been conducted in the literature on the effects of 

meteorological factors, which are other factors affecting the release of Radon into the 

atmosphere and the concentration of soil radon gas (Kamışlıoğlu, 2016; Gürleyen, 

2017; Pişkin, 2017). These studies were usually carried out by examining parameters 

such as soil depth, soil and air temperature, air pressure, wind speed, wind direction, 

and the elevation of the place where the measurement was made. In their study in the 

Western Marmara region, Günay(2016) observed that the concentration of radon 

varies according to meteorological factors and seismic activity. 

 

In this study, Machine Learning Algorithms were used to analyze the relationship 

between variables in Radon and various parameters acting on radon. Machine 

Learning Algorithms are widely used in data mining and big data management today. 

The term Machine Learning was first described in 1959 by American computer 

scientist Arthur Samuel as “the ability of a computer to learn without being explicitly 

programmed”. Machine Learning Algorithms are code snippets that help discover, 

analyze, and find meaning in complex data sets. Each algorithm is a limited and 

specific set of step-by-step instructions that a machine can follow to accomplish a 

specific goal. The goal of the Machine Learning model is to create models or patterns 

that people can use to make predictions or categorize information.  

 

Machine Learning Algorithms are generally examined under two headings: 

supervised and unsupervised. There are quite a variety of algorithms under these two 
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headings. In this study, the Multiple Linear Regression, Support Vector Machines, 

Regression Trees, Bagging, XGBoost, Random Forests, and k-Nearest Neighbors 

Algorithm among widely used Supervised Machine Learning Algorithms, were used.  

 

While Simple Linear Regression Analysis examines the causal relation between 

the dependent (response) variable and one independent (explanatory) variable; 

Multiple Linear Regression used in this study is a statistical method that models the 

dependent variable and multiple independent variables. Its purpose is to determine 

the extent to which the dependent variable is explained by the arguments. Data 

preprocessing is very important for Multiple Linear Regression Analysis. 

Distributions of variables in the dataset, have many assumptions based on outlier 

observations, parameter estimates, and residual estimates. In Regression Analysis, it 

is important to provide relevant assumptions in order to obtain a healthy model. In 

general, Regression Analysis it is studied in many areas such as medicine, biology, 

economics, engineering, agriculture, geology, sociology, etc. 

 

Support Vector Machines are kernel basis Machine Learning Algorithms based on 

the maximum margin principle used in solving complex model problems. They are 

used for both classification and regression problems. Although they are used with the 

most common and first proposed classification problems, in this study, the Support 

Vector Machines Regression was applied due to the data set used in this study. 

Support Vector Machines have the ability to be applied to both linear and nonlinear 

data. In this study, kernel functions were applied because the distribution of the 

dependent variable is not linear. Although multiple kernel functions are used in the 

literature, the most commonly used are linear, polynomial, radial basis functions. 

Comparisons have been made concerning the relationship between radon and 

meteorological parameters using these three kernel functions. Support Vector 

Machines are most commonly used in classification applications such as facial 

recognition systems, and voice analysis. 

 

Regression Trees are another Machine Learning Algorithms, which are tree-based 

methods used in Data Mining. They are known as Classification and Regression 
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Trees (CART), based on decision trees. Classification Trees are used for 

classification problems, Regression Trees are used for regression problems. The 

Regression Tree comprises of branches and leaves with its tree structure. Since this 

structure is more understandable algorithmically in solving problems, it is one of the 

frequently preferred methods in many fields in statistical studies. 

 

In scientific studies, there are recently very popular Machine Learning based 

Ensemble Learning Algorithms created from basic learners, which have a wide range 

of uses, and which have higher performance success than the basic trainer. They are 

used in both classification and regression problems. The reason it is called Ensemble 

Learning Algorithms is because it uses the Decision Trees Algorithm established in 

ensemble instead of individual trees. Bagging, Boosting, Random Forests, Stacking 

and Voting are the most common ones among the Ensemble Learning Algorithms. 

Among these, Bagging, Boosting based XGBoost and Random Forests Algorithms 

were used in this study. 

 

Bagging (Bootstrap Aggregating), an ensemble learning method used in predictive 

analytical studies in solving both classification and regression problems, was 

developed by Breiman in 1994. The Bagging Algorithm aims at retraining the basic 

learner by creating new training sets from an existing training set and to generate the 

training set by random selection.  

 

XGBoost was introduced to the literature by Tianqi Chen and Carlos Guestrin 

(Chen & Guestrin, 2016). Chen It is the high-performance version of the Gradient 

Boosting method based on Ensemble Learning Algorithm. Software and hardware 

optimization techniques were applied to achieve superior results using fewer 

resources. It is shown that decision tree-based algorithms are best in achieving high 

predictive power, preventing over-learning, managing empty data and performing 

these operations ten times faster. 

 

Random Forests is a Machine Learning Algorithm that creates multiple decision 

trees and combines them to produce a more accurate and stable prediction. Breiman, 
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who introduced the Bagging method in 1996, teamed up with Adele Cutler in 2003 to 

advance the Bagging method and developed the Random Forests method. It is very 

popular in recent years because it can be applied to both regression and classification 

problems, which also give good results without hyper parameter estimation. It is used 

in multifarious studies in areas such as genetics and bioinformatics.  

 

k-Nearest Neighbors Algorithm is used to solve both classification and regression 

problems, but it is mostly used in classification problems in the industry. It was 

introduced by Fix and Hodges in 1951 for use in pattern (model) recognition and 

developed by Cover and Hart in 1967. k-Nearest Neighbors Algorithm is a Machine 

Learning Algorithm that makes a classification or prediction that is determined by 

the k its value of the class or the nearest neighbor of a specified data point.  

 

The effects of some meteorological factors on radon gas were evaluated using the 

briefly mentioned Machine Learning Algorithms. Coefficient of Determination (R
2
), 

Mean Square Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Error 

(MAE) values and K-Fold Cross-Validation tests were used for comparing the 

performance of algorithms. 

 

For the study, in addition to the radon levels obtained from the Seferihisar region 

in hourly periods between 30 October 2006 and 04 June 2007, the measurements for 

the parameters of Hourly Actual Pressure(hPa), Hourly 50 cm Soil Temperature(°C), 

Hourly Relative Humidity(%), Hourly Temperature(°C), Hourly Wind Degree(°), 

Hourly Wind Speed(m/sn) and Wind Direction were obtained from the Republic of 

Turkey Ministry of Agriculture and Forestry, General Directorate of Meteorology, 

corresponding to the same region and the same date range.  

 

In the first chapter of the study, detailed information about Radon gas is given and 

the operations performed on the data set were described and the data pre-processing 

steps were performed. In the second chapter, Machine Learning Algorithms are 

explained in detail. In the third chapter, K-Fold Cross-Validation and Model 

Performance Criteria are briefly mentioned. In the fifth chapter, the applications of 
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Machine Learning Algorithms are included, and in the sixth chapter, the study is 

concluded with the conclusion of the analysis. 

 

1.1 Radon Gas 

 

History of Radon dates back to 1899, to the detection of a radioactive gas released 

by thorium in a study by Ernest Rutherford and Robert B. Owens. In the same year, a 

radioactive gas emitted from radium was detected in Pierre and Marie Curie's work 

on radioactivity. In 1900, a gas deposited in a radium bulb was discovered by 

Friedrich Ernst Dorn in Halle, Germany. This gas is Radon gas, which is isotope of 

radium with a long life. In addition, Radon's Toron (220Rn) with a half-life of 56 

seconds was detected by Rutherford, and research on this new gas continued. As a 

result, it has been proven that it is also possible to concentrate this gas into a liquid 

state. In 1908, it was also determined by William Ramsay and Robert Whytlaw-Gray 

that Radon gas was the heaviest gas known (Pişkin, 2017). 

 

Radon gas is a colorless, tasteless, odorless, unstable radioactive substance found 

in a pure state in nature, which can occur naturally. It is represented by the symbol 

Rn. It's measurement unit is Becquerel (Bq /   :  is the amount of radon gas in 1    

of air and is expressed by the Becquerel unit). Radon is the natural radiation source 

with the highest dose of exposer among all radiation sources found on earth. It is 

produced naturally during the radioactive decay of thorium and uranium, usually 

found in soil and rocks. It is the heaviest in density compared to other noble gases. 

Its density is 9.72 G/L at 0°C and is eight times heavier than air. It is the inert gas 

with the highest boiling point, melting point, freezing point, critical temperature and 

critical pressure. In addition, it is the only radioactive element of the group of inert 

gases, but it does not react chemically with any other member of the group. Besides, 

it is soluble in cold water and its solubility decreases with as the temperature 

increases. When the temperature reaches its maximum point, it loses its solubility in 

water (Göker, 2010). Radon, which is gaseous under normal conditions, liquefies at -

61.8 ℃ and freezes at -71℃ (Aşık, 2019). 
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The formation and quantity of radon gas and decay products are related to the 

geological characteristics of the living environment. In this context, the most 

important basic sources of radon gas are rocks and soil derived from rocks; however, 

air and water are among these basic sources. Radon gas occurs when the radioactive 

radium (226-Ra) contained in the Uranium chain is separated from the molecule to 

which it is bound by the kinetic energy it receives during its transformation to stable 

lead (206-Pb). Radon, which breaks off from the molecular bond, moves from the 

soil to the atmosphere, mixing with the gaseous medium (Göker, 2010). Significant 

changes in Radon values occur during this transition. Among the factors that shape 

the movement of radon are meteorological factors such as the rate of decaying of 

radon isotopes, the fluids that fill the pores(air, water and other gases), and 

atmospheric pressure. These meteorological factors include soil and air temperature, 

air pressure, wind speed, and wind direction. There are many studies investigating 

the effects of these meteorological parameters on radon gas (Arıkpınar, 2010). 

 

1.2 Data Preprocessing 

 

The data in the database must go through a preliminary process before analysis. 

This is required for preparing for data analysis. The most time-consuming and most 

laborious process of the total process is data preprocessing. A number of technical 

errors and errors by the text editor are possible during data collection and 

registration. Even if there are no errors, the dataset may have extreme values or 

missing observations. Correction of deficiencies, errors, inaccuracies, inconsistencies 

and outlier observations in the data set is of great importance. If there are 

inconsistencies in data, it effect the accuracy of the results, hence to remove the 

outliers or to impute the missing values make the data consistent. In this case, it is 

necessary to apply transformation techniques in the data set of the corresponding 

variable. In order to improve the quality of the data set, such data is identified, 

deleted from the data set, completed or converted by existing methods (Cebeci, 

2020). 
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1.2.1 Missing Observation 

 

It is possible to find missing values in data sets, especially in large volume data 

sets. A missing value issue may occur during data collection or during data recording 

for various reasons. For instance, the failure in recording of an automatic recording 

device due to a short-term malfunction or power failure causes missing observations 

to occur in that time frame. Besides, data can be entered incomplete by the staff 

registering the data. In such cases, the data set must be completed in a healthy way 

using existing methods (Cebeci, 2020). 

 

Missing values can occur in different ways: 

 

 Missing Completely at Random (MCAR) 

 Missing at Random (MAR) 

 Missing Not at Random (MNAR) 

 

In MCAR, the missing values occur purely randomly, not due to dependent or 

independent variables. For instance, in a survey study, the participants may not have 

answered a question, skipped it, or wanted no to answer a specific question. It is 

observed in such cases. Since the probability of a missing value is the same for all 

observations in the dataset, simple methods are sufficient to complete the missing 

values. Although MAR values are random, they occur depending on different levels 

of another dependent variable. For instance, in a survey study, senior managers may 

not answer the question about their salaries. MNAR values are non-randomly 

occurring values depending on the variable itself or the values of some other 

variables. Such missing values are quite difficult to detect and complete (Cebeci, 

2020). 

 

It is necessary to determine the missing values in the data set and correct this 

problem with an appropriate method. If the missing values are large enough to 

undermine the reliability of analysis and statistics, it will be healthier to repeat the 
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survey, experiment or observation rather than completing it. Numerous methods have 

been proposed to solve the missing value problem or complete the missing values.  

 

The methods for processing missing values are as follows. 

 

 Deletion Methods 

 Imputation Methods 

o Substitution Methods 

o Model-Based Completion Methods 

 

The most commonly used missing value processing methods in data mining 

applications and statistical analysis are deletion methods. Deletion methods are 

processed in 3 main headings: Listwise Deletion, Pairwise Deletion and Variable 

Deletion methods. The most common Method of Deletion is the Listwise Deletion 

Method, which is the method of completely deleting the line where the missing value 

is located. Although the Listwise Deletion Method is a simple and practical method 

in a dataset with missing values, it is at a disadvantage in most cases in terms of 

creating information loss. This method rarely supports a MCAR values. This, in turn, 

causes the information of subjects with certain characteristics to be destroyed. Thus, 

biased parameter estimates are obtained. This is because the MCAR value assumes 

that the missing value in the dependent variable is unrelated to the observations of 

both itself and other variables. Therefore, it is recommended that the number of 

missing values should not be more than 5% of the total number of records in the 

dataset, in order to implement the Listwise Deletion Method (Cebeci, 2020). 

 

The Pairwise Deletion Method, which is one of the other deletion methods, works 

by deleting missing values in terms of at least one of the pairs of variables in a 

bivariate statistic. However, if the calculated statistic belongs to a single variable, a 

statistical calculation is performed based on observations in the corresponding 

variable. Since there is only one missing value, instead of deleting the entire data 

record, pairs of variables that are complete are used, depending on the analysis. Thus, 

such analyses are called the Analysis of Cases Containing Information. Since it uses 
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all pairs that are not missing, the power of analysis is higher than the Listwise 

Deletion Method. However, applying this method in multivariate analyses causes 

many disadvantages. Due to the calculation of standard errors from the average 

sample size in many analyses, the standard error can be calculated too high or too 

low when using the Pairwise Method (Cebeci, 2020). 

 

The process of completely deleting variables that contain more missing values 

than others in the dataset is called the variable deletion method. The Variable 

Deletion Method is usually applied if the missing value ratio in a variable is more 

than 5% and the variable is trivial. 

 

Most of the time, deleting the missing value or the variables with missing value 

leads to deviations or erroneous results in analysis. Therefore, instead of deleting the 

corresponding missing values, the appropriate values can be imputed instead of these 

values. In such cases, Completion Methods called imputation are applied. Imputation 

Methods are divided into Substitution Methods and Model-Based Completion 

Methods. Both of these methods have sub-methods (Cebeci, 2020). 

 

Substitution with Measures of Central Tendency is the most commonly used 

Method of Substitution. This process attempts to replace the measures of central 

tendency such as average, median, or mode with missing values. Although it is a 

very simple and fast method, there is also a disadvantage, such as the inability to use 

correlations between variables. An excessive decrease in the variance of the variable 

can be observed when used with an excessive number of missing values. In such 

cases, another Substitution Method, the k-Nearest Neighbors (kNN) Method, can be 

used. The implementation of this method is the substitution of the missing values 

with the appropriate values using the k-Nearest Neighbors Method. Other 

Substitution Methods are Using Dummy Variables and Regression Equation 

Estimation. Model-Based Completion Methods can also be examined in 3 main 

headings: Maximum Likelihood, Expectation Maximization and Multiple 

Imputation. In this study, the Listwise Deletion Method and the Imputation with 

Measures of Central Tendency were used (Cebeci, 2020). 
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1.2.2 Transformation 

 

It is the process of transforming the values of variables using a specific function, 

depending on the aim and case. It is often used in data mining. A data transformation 

is a displacement process that changes the shape of distribution of the variables or 

the direction of the relationship between them. Variables can be converted for many 

reasons. Transformation operations can be performed for basic aims such as 

normalizing distribution, standardizing, linearizing, reducing sensitivity to outliers, 

and reducing distortion. In addition, data transformation operations can be applied in 

order to make variable values comparable if they are measured by different units, to 

ensure linear relationships between variables, and to produce artificial or derivative 

variables. Although various tranformation functions are available, they are elaborated 

in Section 2.1.4 Transformations for non-normal and inequal error variances in 

Chapter 2 (Cebeci, 2020). 

 

1.2.3 Outliers 

 

Accurate calculation of statistics and model parameters is of great importance in 

data mining applications and statistical analysis. Outliers must be extracted from the 

data sets, before starting statistical data analysis,  Detecting an outlier is an important 

data preprocessing step. Outliers are observations that violate statistical assumptions, 

behaving differently from other observations in the dataset. The purpose of detecting 

outliers is primarily to clear the data. In addition to clearing data, it is used to detect 

unexpected situations, unusual events, fraud attempts, rare events, etc. There are 

several methods and approaches used to determine outliers. These methods and 

approaches are grouped as Distribution-Based, Depth-Based and Clustering-Based 

Methods (Cebeci, 2020). 

 

A method that works to find values that do not belong to a distribution, are 

unlikely to be, and therefore do not meet the assumptions of the relevant distribution 

is a Distribution-Based Method of determining outliers. This method is based on 

some statistical tests. They are not efficient in high-volume data sets (Cebeci, 2020). 
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Outlier value detection can also be done by measuring the proximity, density and 

distance of observations in the dataset. Depth-Based Methods (Depth-Based Outlier 

Detection) consider an observation an outlier if it is not close enough to other 

observations. This detection can also be made according to the intensity. 

Observations located in a place with a lower density than in the region where the 

observations are dense are defined as an outlier value. The efficiency of this method 

varies according to the proximity distance metric it determines, and the fact that it 

does not need a prior assumption about data distribution is one of the reasons why it 

is preferred (Cebeci, 2020). 

 

Another method, Clustering-Based Methods, assume that normal data elements 

belong to large and dense sets, and outliers belong to smaller sets away from these 

sets, or do not belong to any sets (Cebeci, 2020). 

 

After the outliers are determined, they be removed from the data set in certain 

proportions by the researcher according to the size of the data set, statistical analysis, 

assumptions. This process is very sensitive because excessive data loss will 

negatively affect the results of the analysis.  
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CHAPTER 2 

MACHINE LEARNING ALGORITHMS 

 

Machine Learning is generally studied in two main groups: supervised and 

unsupervised. Supervised Machine Learning gives the computer a known set of input 

data and known responses to the data, then creates a model that makes evidence-

based reasonable estimates for the response to new data, including uncertainty. In 

Unsupervised Machine Learning, this process is performed only with input data. In 

other words, there are no output values corresponding to these inputs (Albalate & 

Minker, 2013). The k-Nearest Neighbors, Linear Regression, Random Forests, 

Decision Trees, Support Vector Machines, etc. are given as examples of Supervised 

Machine Learning Algorithms. Unsupervised Machine Learning Algorithms include 

clustering, dimension reduction, etc. Supervised Machine Learning Algorithms are 

given in this study. 

 

2.1 Regression Analysis 

 

Regression Analysis is a statistical method to examine the relationship between 

the dependent variable and the independent variable(s). Regression Anaylsis can be 

applied to many different application areas such as engineering, medicine, physics, 

social sciences, chemistry, economics, etc. 

 

It is one of the best methods to understand the cause-and-effect relationship 

between at least two variables. The expression of this relationship as a mathematical 

function is a regression equation. By means of the regression equation, it is possible 

to determine the extent to which the dependent variable is explained by the 

independent variable(s) in order to determine the causal relationship more 

effectively. 

 

The regression equation varies according to the number of independent variables. 

If the equation contains a single independent variable, it is called Simple Linear 

Regression Model, and if it contains more than one independent variable it is called 
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Multiple Linear Regression Model. In this study, Multiple Linear Regression model 

was used. Therefore, the simple linear regression model will be briefly mentioned 

and the elaboration will continue through the Multiple Linear Regression model. 

 

A Simple Linear Regression equation that shows the relationship between a 

dependent variable and a single independent variable is formed as follows: 

 

                                           =    +       +                                               ( 2.1 ) 

 

Here; Y  is the dependent (response) variable, Χ  is the independent (explanatory) 

variable,  
 
 is the constant term of the equation (y-axis cutting point),    is 

independent variable coefficient (slope), and 𝜀 is the error term. 

 

A Simple Linear Regression equation that shows the relationship between a 

dependent variable and multiple independent variables is formed as follows: 

 

                     =    +       +       + … +      +     ,        …             ( 2.2 )      

                                                                                

In this equation;   is the dependent variable,     , … ,     are independent 

variables,          …    are parameters of regression coefficients, and ε is the 

error term.    parameter shows the expected change in   dependent variable 

corresponding to one unit of change in the    independent variable, when all other 

independent variables contained in the model are kept constant. Therefore,     

      …    parameters are called partial regression coefficients. 

 

Expression in matrix format is more appropriate when dealing with multiple linear 

regression models. Matrix representation of the model shown in equality (2): 

 

                                                                  =    + 𝜀                                                         ( 2.3 ) 
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Here; 
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                                                                                                                     ( 2.4 ) 

 

  is the (n×1) dimensional dependent variable vector,   is the n×(k + 1) 

dimensional independent variables matrix,   (k+1)×1 is the dimensional regression 

coefficients vector, and 𝜀 is the error terms vector sized (n×1). 

 

2.1.1 Assumptions of Multiple Linear Regression Model 

 

1. The regression model is linear.   coefficients must have the power one in 

Equation 2.2.                           

2.   values do not change in iterative samples. It is assumed that   is not 

probabilistic. The values received by   should not change depending on the 

probability. (  is nonstochastic.) 

3. The mean of the error term is zero. The mean of  E(     |    , … ,    ) = 0. 

4.    is homogeneous. (Homoscedasticity) V(    )  =    

5. Error terms are independent of each other.  Cov (   ,  ) = 0 (i≠j) 

6. The covariance of    and    is zero.  Cov (   ,     ) = 0         …    

7. Number of observations  , must be more than the number of parameters to be 

estimated. In the literature, it is generally recommended to have an observation 

number at least ten times the number of independent variables.  

8. Independent variables must have variance. In a certain sample not all values 

   should be the same. 
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9. The regression model must be established correctly. No errors should be 

made in setting up the model. 

10. There should be no multicollinearity. 

  

Multicollinearity is a lineer relationship between independents variables in 

Multiple Lineer Regression. The problem of multicollinearity negatively affects the 

model that will be established in Regression Analysis. In addition, the efficiency of 

the Least Squares Method used to estimate parameters in the regression model will 

be reduced in the presence of multicollinearity. In statistical analysis, researchers aim 

at ensuring that the estimators they obtain are unbiased, minimum variance, and 

consistent. In the case of multicollinearity, estimators will not be able to have these 

properties, and the results obtained will be insufficient and erroneous. Other 

problems that will arise in the case of multicollinearity are the uncertainty of the 

values of regression coefficients, growth of variance of regression coefficients, a 

decrease of t statistics, growth of confidence intervals, and    resulting greater than 

it is.  

 

Varıiance Inflation Factor and Correlation Coefficient are used to detect the 

presence of multicollinearity in this study. 

 

The level of correlation between the arguments is determined by the correlation 

coefficient. The correlation matrix   = X'X is used, which shows the level of this 

relationship. Here, X is the data matrix for       dimensional arguments. (   +

 ,   is the number of parameters.) Correlation coefficient contained in the correlation 

matrix, value of ( ) close to 1 indicates that there are multicollinearity. 

 

Another method used to detect the problem of multicollinearity is the Variance 

Inflation Factor. This factor is determined using the the inverse of the standardized 

correlation matrix 𝐶 =      =        , and denoted by VIF. The variance inflation 

factor of variable    is shown in Equation 2.5 (Chatterjee & Price, 1997). 
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                                    = 𝐶   = 
 

      
     ,      j =     …                             ( 2.5 ) 

 

 If there is no relationship between independent variable    and other 

independent variables, then      = 1, since   
  = 0. Thus, there is no problem of 

multicollinearity. In the case of the opposite situation, i.e. if there is a complete 

relationship between the independent variable      and other independent variables, 

     will be infinite since   
  = 1, which means a full multi-linear connection. In 

different sources in literature, it is stated that there is a problem with 

multicollinearity if the value of      is greater than 5 or 10 (Montgomery et al., 

2013). 

 

2.1.2 Significance Test of Model Parameters 

 

 Hypotheses for the significance test of the parameter when       …    is    in 

the Multiple Linear Regression model denoted by the Equation 2.2  is established as: 

 

                                                       :     = 0  

                                                          :     ≠                                                              ( 2.6 ) 

 

This test, also known as the significance test of partial regression coefficients, 

tests the contribution of    when there are other independent variables in the model. 

The test statistic used for this hypothesis is as below (Montgomery et al., 2013); 

 

                                         = 
 ̂ 

√ ̂    

 = 
 ̂ 

     ̂    
                                         ( 2.7 ) 

 

Here 𝐶  ,  is the diagonal element     in matrix        . If |  | >            then 

   :  
 

 = 0 hypothesis is rejected. In this case, the coefficient  
 
 is significant at 
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confidence level       , independent variable    can remain in the model. If 

hypothesis    cannot be rejected, independent variable    can be removed from the 

model. 

                                                                                                                                                                                       

2.1.3 Significance Test of The Model 

 

In other words, the regression significance test is a test used to decisively 

determine whether there is a linear relationship between the dependent variable and 

the independent variables. This process is often a test of the significance of the whole 

model. The appropriate hypothesis test is as follows: 

 

                                       :    
 
     

 
   …      

 
   0 

                                   :  At least one   
 
    0    j =     …                            ( 2.8 ) 

 

The test statistic used for this hypothesis is as below; 

 

                                                   F =  
     

       
                                                       ( 2.9 ) 

 

Here     is the Sum of Squared Regression,     is the Sum of Squared Errors, 

  is the number of variables,   is the number of parameters.    is rejected at 

confidence level        when test statistics   is greater than the table value of 

        . The rejection of    means that at least one of the independent variables 

makes a significant contribution to the model. It is necessary to decide which 

variables should remain in the model using variable selection methods.  

 

2.1.4 Transformations for Non-normal Distributed and Non-constant Variance 

Error Terms  

 

Unequal error variances and non-normal distribution of error terms are problems 

that often appear together. Constant variance assumption is one of the basic 
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assumptions of Regression Analysis. Detection and correction of non-constant error 

variance is important. If this problem is not eliminated, the least squares estimators 

will again be unbiased, but they will not carry the property of minimum variance. 

This, in turn, means that the standard errors of regression coefficients will be greater 

than they should be. In order to correct these deviations that occur in the regression 

model, the shape and spread of the distribution of the Y-dependent variable must be 

changed (Neter et al., 1996). This problem can be eliminated with appropriate 

transformations on the dependent variable. Depending on the distribution of the 

dependent variable, types of transformations such as Square Root Transformation, 

Logarithmic Transformation and Inverse Transformations can be applied on the 

dependent variable (Montgomery et al., 2013). The transformation that will be 

performed on the dependent variable can also contribute to the linearization of the 

curvilinear regression relationship. By assumption, there must also be a linear or 

almost linear relationship between the dependent variable and the independent 

variables. A simultaneous transformation on X may also be required to obtain or 

maintain a linear regression relationship (Neter et al., 1996). 

 

2.1.5 Variable Selection and Model Building 

 

One of the most important problems of Regression Analysis is the selection of 

variables in the model. A set of independent variables is often created based on the 

researcher's previous experience or theoretical views. All independent variables must 

be taken into the model to explain the dependent variable, but not all of these 

candidate variables are really useful for the model. 

 

Important variable selection methods to be used in variable determination are as 

follows: 

 

1. Best Subset 

2. Stepwise Regression 

a. Forward Selection 

b. Backward Elimination 
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2.1.5.1 Best Subset 

 

     In this approach, all possible models are established, first as one-variable models, 

then two-variable, and then three-variable models.    equality is obtained for the   

candidate variable. (The first model is only the model in which the fixed term exists.) 

The “best” model is decided taking various criteria for each model (  
  ,     

  ,    , 

Mallow 𝐶  ,       ) into account.  

 

The criteria used to decide the "best" model are summarized below. 

 

  
  or      Criteria: Let   

  be a multiple specification coefficient for a subset 

regression model that contains p number of terms i.e. k argument and a cut point for 

  . This criterion is calculated using the equation below:  

 

                                             
   =  

    

   
  =  1 -  

    

   
                                    ( 2.10 ) 

 

Here      is the Sum of Squared Regression for the termed subset model  ,      

is the Sum of Squared Error for the term subset model  . Since 1 and      is 

constant in this Equation 2.10,   
  and      are inversely proportional.   

  will 

increase as       decreases. The value      will never increase with each X variable 

added to the model, it will decrease or it will not change. In this case   
  will reach 

its maximum value while all variables are in the model. This can be defined as the 

disadvantage of this criterion.  

 

    
  or      Criteria: Since   

  does not take into account the number of 

parameters in the model and will never decrease, it is presented as a different 

criterion     
  (corrected   ).  

 

                                   
   = 1 -  

         

         
 = 1 -  

   

         
                     ( 2.11 ) 
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This criterion takes into account the number of parameters in the model based on 

the degrees of freedom.     
  will increase if and only if     decreases.  

 

𝐶  Criteria : 

 

                              𝐶   =   
    

             …        
 - (   –     )                   ( 2.12 ) 

 

When evaluating the criterion 𝐶  in general, a small value of 𝐶  is preferred. 𝐶  

being small means a model with a lower total error. Here it is desired that 𝐶  is equal 

to the number of parameters. 

 

  If 𝐶  = p, there is no bias in the model. 

  If 𝐶  > p, the model is biased. 

  If 𝐶  < p, there is no bias, but a sampling error has been made. 

 

       Criteria;  

 

                                                  = ∑        ̂    
                                        ( 2.13 ) 

 

Here     is the value of the   observation in the dependent variable,  ̂    is the 

estimate value after the observation   is removed. A small value of         indicates 

that the model is well established. 

 

2.1.5.2 Stepwise Regression 

 

It is the most commonly used variable selection method. A variable is added or 

subtracted from the model at each step. The criterion used for addition or subtraction 

is the partial   test. 
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     : The   value used to add variables to the model. 

     : The   value used to extract variables from the model.  

 

It should be            (usually     =     ). In Stepwise Regression, the entry of 

the first variable into the model is determined by having the highest correlation with 

the dependent variable. At the same time it will have the largest   statistics. The 

variable that has a value the greatest   value is taken into the model (if   >    ). 

Partial   values are recalculated with all other variables, while the corresponding 

variable is in the model. If the variable with the greatest partial   value is greater 

than    , it is taken into the model. At this stage, if the partial   value of the variable 

previously added into the model is smaller than     , then the variable is subtracted. 

In this way, with each variable taken into the model, control of the variables 

previously entered into the model is performed. The process continues until there are 

no new variables left to enter or exit the model.  

 

a. Forward Selection 

 

It is a simpler form of Stepwise Regression. In this method, only a variable is 

added to the model (if   >    ). The added variable is not subsequently removed 

from the model. It is a weaker method than Stepwise Regression since it does not 

check whether the variable added in the previous step will be removed in the next 

step. 

 

b. Backward Elimination 

 

The model starts by including all variables in the model. The variable with the 

smallest partial   value is eliminated (  <     ). The model is re-established with 

 -1 variables. The partial   values are recalculated. Again if   <      has the 

smallest partial   value, then it is eliminated. The process continues until there are 

no variables removed in the model. It is possible that there is a problem of 

multicollinearity, since it takes all variables into the model at the same time. In most 
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cases, the balance between the number of variables and the number of observations is 

not maintained.  

 

2.2 Support Vector Machines 

 

Support Vector Machines, introduced by Vapnik in 1963, is a statistics-based 

Machine Learning method proposed for the solution of the classification and 

regression problems, that divides the multi-dimensional data into two completely 

separate classes using a hyper-plane, and based on statistical learning theory. 

Adaptation of Support Vector Machines for regression was proposed by Smola and 

Schölkopf (2004), and this method has been called Support Vector Regression 

(Smola & Schölkopf, 2004). The fact that it is robust and it performs well has made 

this algorithm popular. It is suitable for small and medium-sized data sets. There are 

no prior information or assumptions about the distribution. Support Vector Machines 

are quite advantageous as they can be applied to both linear and nonlinear data, have 

a high accuracy rate, model complex decision boundaries, work with a large number 

of variables, and lack overfitting problems. However, there are disadvantages such as 

the inability to generate probabilistic estimates and the need for kernel functions to 

be positive defined continuous functions.  

 

The goal of Support Vector Machines is to find a hyperplane in an n-dimensional 

space that distinctly classifies data points. Data points on both sides of the 

hyperplane that are closest to the hyperplane are referred to as Support Vectors. 

These affect the position and direction of the hyperplane and thus help build support 

vector machines.  

 

The following Figure 2.1 is an example of hard margin support vectors. The 

correct maximum margin delimiter, which is in the form of a straight line in the 

middle, is called the margin, while the dashed lines are called the margin hyperplanes 

(decision boundary planes). 
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Figure 2.1 General structure of support vector machines 

 

The important thing here is to determine which plane is better. Support Vector 

Regression tries to find the flatest possible function 𝑓(𝒙) with the maximum   

deviation among for actual response variable    defined as   ∈   for all training data. 

In other words, errors will not be ignored as long as they are smaller than  , but a 

deviation greater than this value will not be accepted (Burges, 1998). 

 

First, the 𝑓(𝒙) function for Support Vector Regression is expressed using the 

following equation.  

 

                                                 𝑓(𝒙) = 𝒘 .x + b                                       ( 2.14 ) 

 

Here 𝒘 is the normal of multiple plane (weight vector), x is the input vector, and 

b is deviation (constant number). The flatness of the given equation can be achieved 

with 𝒘 being small. For this, the norm ‖𝒘‖² should be minimized. 

 

Later the margin hyperplanes (decision boundary) equations are defined as below; 
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                                                    𝒘 .x + b = +                                                        ( 2.15 ) 

                                                    𝒘 .x + b = -                                                         ( 2.16 ) 

 

(Smola & Vishwanathan 2008). 

 

The decision function for Linear Support Vector Regression is as follows. 

 

                                           𝑓(𝒙) = ∑       
   〈    〉 

    + b                           ( 2.17 ) 

 

As seen, 𝒘 weights can be written as as a linear combination of examples   . 

Thus, the complexity of the function represented by the support vectors will be 

independent of the size of the input samples and will depend only on the number of 

support vectors (Friedman et al., 2001). 

 

As with many problems, it is not always possible to separate data linearly. In such 

cases, the problem caused by the fact that part of the training data remains on the 

other side of the optimal hyperplane is solved by identification of the artificial 

variable ( ). The balance between maximizing the margin and minimising false 

function (hyperplane) errors is achieved by an arrangement parameter that takes 

positive values and is denoted by C (Cortes & Vapnik, 1995). The optimization 

problem for data that cannot be linearly distinguished using an artificial variable and 

an tessellation parameter is formulated below. 

 

                                              
 

 
‖𝒘‖² + C ∑    +   

   
                                      ( 2.18 ) 

 

The artificial variable   here refers to the free variable, i.e. deviations from the 

hyperplanes of margin.    is the positive directional deviation, and   
  indicates 

negative directional deviation. C  the parameter is called the regularization parameter 

(Smola & Vishwanathan 2008). 
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 The maximum value of the margin between the decisional boundaries, called the 

remainder margin, plays an important role in determining the optimal hyperplane. In 

cases where there is a soft margin, data is allowed to enter the margin zone. Cases, 

where data is not allowed to enter the margin region, are called hard margin. Hard 

margin is very sensitive to outliers. For this reason, it causes wrong decision limits. 

This is controlled by parameter C. If C is selected small, flexibility increases, and 

data is found in the margin region. If C is chosen greater, the margin narrows as 

much as possible. The Optimum C parameter can be decided by cross-validation. In 

cases where the model is overfit, the number of C should be decreased. 

 

Functions that enable the transition from linear support vector machines to 

nonlinear support vector machines are called kernel functions. It is one of the 

methods used for data sets with complex structure that cannot be separated linearly. 

Kernel functions convert data into a higher-dimensional feature space to enable 

linear separation. Although it has multiple types, the most commonly used kernel 

functions are:  linear kernel function, polynomial kernel function, and Radial Basis 

Kernel Function. In this study, the three aforementioned important methods 

mentioned were used. 

 

Function shown as the inner product of two observations is the general form of the 

kernel function;   

 

                                                      K(    ,     ).                                              ( 2.19 ) 

 

This function measures the similarity of the two observations (James et al., 2013). 

 

For Linear Kernel quantifying the similarity of a pair of observations using the 

Pearson (standard) correlation, the following function is used:   

 

                                             K(    ,      )  =  ∑    
 
                                  ( 2.20 ) 
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  (James et al., 2013). 

 

The function for Polynomial Kernel with d kernel parameters, which leads to a 

much more flexible decision boundary among kernel functions is as follows: 

 

                                  K(   ,      ) =     + ∑    
 
          

 .                      ( 2.21 ) 

 

Linear Kernel Function is used when d = 1, and the Polynomial Kernel Function 

is used when d > 1. As the degree of the polynomial increases, there is a high 

probability that the problem of overfitting will be encountered (James et al., 2013). 

 

Another most commonly used kernel method is the Radial Basis Kernel Function 

with the following function; 

 

                          K(    ,      ) = exp ( - ℽ  ∑                 
  

    )              ( 2.22 ) 

 

The greater the Euclidean distance of a given test observation from a training 

observation, the smaller the function will be. This is the normal behavior of the 

Radial Basis Kernel. Namely, only nearby training observations have an effect on a 

test observation (James et al., 2013). What the Radial Basis Kernel is trying to do is 

to calculate how similar each point is to a given point with the normal distribution and 

to estimate to which group it will be included. The width of the distribution is 

controlled by the gamma hyperparameter. The smaller the Gamma (ℽ), the wider the 

distribution. If the model has overfit, it is necessary to reduce the ℽ, and if the model 

has underfit, it is necessary to increase the ℽ.  

 

The predictive performance of the regression-based model in Support Vector 

Machines directly affects the Support Vector Regression parameters. The epsilon 

value (ε), the regularization parameter ( C ), the kernel function type, and the 

parameter of the kernel function, if any, must be carefully determined. In addition, it 

is also very important to select the kernel function type and determine the most 
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appropriate parameter values of this function. Support Vector Machines do not have 

a rule or formula based on a mathematical model to obtain the desired values of 

parameters that affect prediction accuracy. To this end, an efficient search algorithm 

should be used to find the optimal values of the parameters used in Support Vector 

Machines based models, so that the highest level of model performance can be 

achieved (Açıkkar & Sivrikaya, 2020). 

  

2.3 Regression Trees 

 

Although the development of Regression Trees is based on the Automatic 

Interaction Detection (AID) program proposed by Morgan and Sonquist in 1963. 

 

Regression Trees are one of the decision tree methods used to model when the 

dependent variable is continuous. The purpose of Regression Trees is to divide the 

data into homogeneous groups in an ordered format in order to maximize the 

differences in the dependent variable. Understandability of the decision rules used in 

creating a tree structure is one of the most important advantages of choosing 

Regression Trees.  

 

In statistical methods, some functions can be difficult and complex to understand. 

Regression Trees, with their root and leaf structures, describe these complex 

functions as a set of rules from root to leaf after the tree is created. It simplifies even 

the most complex structure, making it more understandable. It is simpler than the 

classification tree method (Breiman et al., 2017). 

 

Regression trees are a prediction technique in a tree view consisting of decision 

nodes, branches, and leaves. Tree formation starts with the entire data set. The 

observations that provide the condition at each node are assigned to the left branch, 

while the others are assigned to the right branch (Friedman et al., 2001). 
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When there is a sample space divided into terminal nodes by binary divisions with 

the response variable Y(t) predicted at each terminal t node in the measurement 

space X, we obtain the following Figure 2.2: 

 

 

Figure 2.2 Regression trees (Breiman et al., 2017) 

 

When creating a tree structure, decision rules are created by asking a series of 

questions to the data. First, the root node begins by asking a question. This process 

continues until it reaches the leaves, that is, until the tree branches and grows. The 

most important stage here is to determine which criterion or value the branching will 

be based on. In the Regression Tree, the criterion for minimizing the error sum of 

squares is used to determine the division value of the variable in which the division 

will be made. However, finding this value is often computationally impossible. 

Therefore, there must be an algorithm that automatically decides to find the best 

division. 

 

Let    denotes the response variable (        …   ) and    = (     ,     , … , 

    ) denotes the predictors. The response variable is modelled as a constant    

when   is the number of regions,   represents the region for each region allocated as 
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  ,   ,   , … ,   . When the sum of squares is minimized    is obtained as the 

average    in region   .  

 

                                                 ̂  = ave(    |    ∈    )                                         ( 2.23 ) 

 

The division variable   defined for the tree that originally began to be created by 

taking the entire dataset and division point   are defined with the following half-

plane: 

 

                       (j,s) = { X |    ≤ s }  and    (j,s) = { X |    > s }           ( 2.24 ) 

 

Later,  

 

                    
∑        

  
   ∈        +      

∑        
  

   ∈                ( 2.25 ) 

 

division variable   and division point   are sought and internal minimization for 

  and   is found as follows: 

 

                    ̂  = ave(    |    ∈    (j,s)) and   ̂  = ave(    |    ∈   (j,s))       ( 2.26 ) 

 

These operations are performed quickly and the best (   ) pair is determined. 

After the best division is found, the data set is divided into two regions, and the 

division process is repeated in these two regions. This process continues in the same 

way until the process is completed (Friedman et al., 2001). 

 

2.4 Bagging 

 

Developed by Breiman in 1994, it is the most successful Machine Learning based 

Ensemble Learning Algorithm in predictive analytical studies used in solving both 

classification and regression problems (Breiman, 2001). This algorithm consists of a 

set of models combined with the resampling method. Its purpose is to increase 
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accuracy by combining the estimates produced by the set of models. However,  in the 

model established, overfitting is observed when the training data set overfits to the 

observation data. Ensuring randomness in observation and variables, reduce 

overfitting and improve forecasting success are effective in the preference of this 

method. 

 

Ensemble Algorithms are categorized into three as Bagging (Bootstrap 

Aggregating), Boosting, and Stacking (stacked generalization). In the Bagging 

method, new trees are created using the resampling method, replacing them from the 

data set, and a collection of trees emerges from these trees. For this reason, they are 

called the Ensemble Learning algorithms. It gives more efficient results than single 

trees.  

 

This method uses the entire data set ( ) to divide the priority data set into two 

parts as test and training data with simple random sampling without repetition. This 

ratio is determined by taking into account the size of the audience according to the 

literature. With simple repeated random sampling after determining the training data 

set, sample units are assigned to bags created from   to  . The model is established 

with the sample units in each bag. If the problem solved at the stage of combining the 

results obtained from the established models is a regression problem, the dependent 

variable is determined by averaging the results obtained. If the classification problem 

is solved, the dependent variable is estimated according to the majority voting results 

obtained from the established models (James et al., 2013). Figure 2.3 is an example 

of the Bagging Algorithm process. 
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Figure 2.3 Bagging tree algorithm 

 

Suppose estimate defined for input x  is 𝑓(x). When Z = {(   ,   ), (  ,   ), . . . 

, (  ,   )} is defined as estimate 𝑓  (x) for each subset created for       …   , 

in the defined training dataset; 

 

                                              𝑓       = 
 

 
∑ 𝑓      

                                       ( 2.27 ) 

 

the average of estimates is obtained in the regression problem using Equation 2.27 

(Friedman et al., 2001). 

 

The point to be considered when creating a model is to establish a balance of bias 

and variance. When applying bagging to regression trees,   regression tree is created 

using boot training kits  . Since these trees grow deep and are not pruned, the 

variance of each tree is high. But the bias is low. In other words, the problem of 

overfitting occurs. In Equation 2.27 the variance is reduced by averaging the 
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estimates obtained from the   regression tree. If the balance of bias and variance is 

achieved, a good-fit is obtained (James et al., 2013). 

 

2.5 XGBoost (Extreme Gradient Boosting ) 

 

XGBoost, which first appeared in the article “A Scalable Tree Boosting System” 

published by Tianqi Chen and Carlos Guestrin in 2016, is actually a high-

performance state of Gradient Boosting algorithm optimized with various regulations 

(Muratlar, 2020). The main reason for its high performance is that it prevents 

overfitting and provides bias-variance trade-offs by combining Gradient Boosting, 

bagging- bootstrap aggregation, and feature randomness (Noyan, 2020). In addition, 

the fact that it can get high predictive power, prevent over-learning, manage empty 

data and do it ten times faster than other popular algorithms are the reasons why it is 

the most preferred algorithm. One of the benefits of XGBoost is the better prediction 

of test error in machine learning, and that it allows the cross-validation used in model 

selection to be used each time the upgrade process is performed. Therefore it is being 

used in many studies such as store sales forecast, high energy physics event 

classification, web text classification, predict customer behavior, motion detection, 

malware classification, estimated ad clickthrough rate, and the estimation of risk in 

terms of product categorization (Chen & Guestrin, 2016). 

 

The factor in XGBoost creating consecutive decision trees faster is parallelization. 

In addition, when the XGBoost algorithm prunes the tree, it makes splits up to the 

specified max_depth parameter value, and then starts pruning the tree backwards and 

removes sections that do not have any positive contribution. Thus, there is no need to 

go to the starting point to train the model from scratch. Assume that the number of 

trees was over-entered and the model was overfitting, limiting the number of trees 

when estimating and overfitting can be prevented.  

 

XGBoost, and Gradient Boosting, which forms the basis of XGBoost, are also 

based on Boosting Algorithms. Therefore it is necessary to first explain the logic 
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behind the Boosting Algorithms and continue with Gradient Boosting to elaborate 

the XGBoost Algorithm. 

 

Boosting, like Bagging, is one of the statistical learning methods used for both 

regression and classification. Boosting methods now attempt to improve 

optimization-based performance. A model in a series is created by building on the 

estimated residuals of the previous model in the series. There is a cumulative error 

assessment. Each tree is grown using information from previously grown trees. Thus, 

trees are dependent, not independent (James et al., 2013). Although Bagging and 

Boosting work in the same way, the difference between them is whether the trees that 

will be created have dependencies with the previous trees, and whether error 

optimization is cumulative over residuals. Examples of Boosting Algorithms are 

AdaBoost, Gradient Boosting Model, XGBoost, light GBM, CatBoost methods 

(Keskin, 2019). 

 

Gradient Boosting primarily determines the first leaf when creating the tree. Later, 

the error between the prediction and the output is decoded. Considering these 

prediction errors, new trees are created and the tree is trained to reproduce the error 

created by the previous tree. This situation continues until the error between the 

previous output and the current estimate reaches the desired level or until no further 

development can be made from the model (Muratlar, 2020). 

 

For a given example, to classify the decision rules in trees (q :      T, w  ∈   ) 

given by q using leaves and to calculate the final estimate by adding scores at the 

relevant news in (Ƒ = { f (x) =       } given by w, the following equation is used;  

 

         L(ɸ) = ∑     ̂ ,  ) + ∑    (𝑓 )   where    ( f ) = ℽT + 
 

 
 λ               ( 2.28 ) 

 

Here   is the number of leaves in the tree, l  is the varying convex loss function 

measuring the difference between estimation  ̂  and target    and it measures the 

model's prediction on training data.  , on the other hand, refers to the term 



35 

 

regularization, which punishes the complexity of the model. This term corrects 

recently learned weights to prevent overetraining, i.e. eliminates complexity (Chen & 

Guestrin, 2016). 

 

XGBoost starts with the first leaf and makes the base score about the weights of 

the samples. In a regression problem, the first estimate is the average of all data. As 

the algorithm works by giving weights to trees, it creates the next tree based on the 

errors of the previous tree the same way it did the previous tree. The performance of 

the estimation is examined with the model's residual. XGBoost draws a tree that 

predicts these errors. The number of trees and number of leaves will be determined 

by the researcher according to the data set and model. If the errors obtained by the 

first determined estimate are collected and written to the corresponding leaves, the 

estimate is correct, except for the average leaves; however, this leads to overfitting, 

that is, the established model completely memorizes the problem. Calculations to 

prevent overlearning, a number, defined as learning rate, is added between 0 and 1. 

In this way, both overlearning is prevented and the variance is reduced. If the error 

decreases, the tree is drawn again. This process repeats up to the specified number of 

trees (Noyan, 2020). 

 

Unlike other algorithms, there are multiple parameters used for XGBoost. These 

parameter values were also used automatically with the R package in this study. 

Max_depth: depth of tree, base_score: first estimate of the first round of gradient 

upgrade in regression problems, Eta: learning rate with a value between 0 and 1, 

Gamma: parameter that prevents over-learning, Colsample_bytree: decoded sample 

rate randomly selected for each tree created, Colsample_bynode: sub-sample ratio of 

columns for each node, min_child_weight: the minimum sum of the sample weight 

(hessian) needed in a node (child) (It is the parameter that has an important role in 

preventing overfitting and reducing the complexity of the model. This parameter also 

affects the depth of the tree. Using cross-validation, the appropriate min_child_weight 

can be selected for the model.), Subsample: row ratio taken to create each tree, 

Nrounds: parameters that specify the number of trees in the model (Abar, 2020). 
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When creating a model with XGBoost, it is aimed to achieve the best results of 

performance criteria by selecting the optimal values of parameters.  

 

2.6 Random Forests 

 

Random Forests is an Ensemble Learning Method proposed by Ho in 1998, and 

created by combining the Bagging method developed by Breiman in 1996 and the 

Random Subspace method used to randomly select a subset of properties to be used 

to grow each tree. A paper on written character recognition, published by Amit and 

Geman in 1997, describing a large number of geometric features and looking for a 

random selection of them for the best cleavage at each node, was also instrumental in 

developing this method (Breiman, 2001). 

 

Random Forests is a versatile and intelligent Machine Learning Method based on 

Decision Tree Algorithms that can be used for both classification and regression 

problems. Random Forests creates a forest by combining multiple singular decision 

trees to produce a more accurate and stable prediction. It can handle large amounts of 

data sets of high volumes. It is known as an important method of dimensionality 

reduction, as it can handle more than a few thousand variables and well identify the 

important ones among them. Outlier value is an expert solution for addressing 

performing other data discovery steps while removing missing value issues and 

easily maintaining accuracy. It is an advanced version of the Bagging Method. In 

addition to its advantages, the problem of overfitting can be observed when there is 

too much noise in the sample data. Since the performance of the model cannot be 

controlled, it can act as a black box approach for statistical models (Sullivan, 2017). 

Figure 2.4 shows an example of Random Forests Algorithm. 
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Figure 2.4 Random forests algorithm 

 

The Random Forests Algorithm is based on two parameters. These parameters; 

the number of trees to be developed ( ) and the number of variables to use on each 

node ( ). If the original dataset is not its own test set when creating each tree, the 

same number of trees ( ) are created using the bootstrap method with the sample 

count ( ). 2/3 of the training data set separated from the original data set when 

creating the decision forest is the inbag data set used to create the tree, and 1/3 is the 

of the Out of Bag (OOB) data set used to calculate the error rate of the established 

model (James et al., 2013). For each tree in the decision forest, each dataset from the 

original dataset is different from each other. The inbag and out of bag datasets of 

each tree are also different. Thus, in the process of growing trees in the forest, each 

tree is grown independently of each other without being affected by the others 

(Ercire, 2019). 
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After this stage, the other parameter that needs to be determined is the one that 

performs the best division, giving the best information among the variables randomly 

selected from the learning dataset to create the tree (Korkem, 2013).   estimator 

variables among   variables are selected randomly for the division of each node, 

when creating a tree. This value is proposed as       for regression trees, as  

m = √  for classification trees.   refers to the number of variables. Here the 

condition m < p must be met. Because overgrowth of the tree and overrfitting of the 

tree are not desirable. The tree is divided into branches from the one with the highest 

gain of knowledge from this   predictor and the one with the best division 

(Friedman et al., 2001). The criteria of the Classification and Regression Tree 

(CART) Algorithm, a classical decision tree method, are used to determine 

depending on which value of the determined variable the tree should branch 

(Breiman, 2001). This criterion is the gini index for classification trees. However the 

distinctions in the Regression Tree are not carried out according to the gini index 

criterion, but according to the "algorithm for reducing squared residuals", which 

means that the total variance estimated for the resulting two nodes must be 

minimized (Özkan, 2012). Instead of searching for the variable that will provide the 

best branching in each node, the variable that will provide the best branching is 

randomly selected. The purpose of randomness is to minimize correlation between 

trees and decrease error rate. A decrease in the error rate improves the performance 

of the algorithm and makes the algorithm strong against over-learning. Also not 

pruning the tree makes random forests more advantageous than other decision tree 

methods (Ekelik & Altas, 2019). 

 

The above operations are repeated at each node ( ) times, until the leaf node is 

obtained i.e. (Sullivan, 2017). For a new data class estimate, the estimates made by 

the   tree separately are combined and the final estimate is predicted by taking the 

average of the estimates made for the Regression Trees and the class with the most 

votes for the Classification Trees. This estimate is determined by the Out of Bag 

error rate (Friedman et al., 2001). 
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All trees created with the Inbag data set are tested with the resulting Out of Bag 

data and the error rate is calculated by averaging these error rates and the Out of Bag 

error of the decision forest is calculated (James et al., 2013). This error depends on 

the individual strengths of each tree (each tree's own error rate) and decency between 

them. The weights given to every tree in inverse proportion with the Out of Bag error 

rate are called estimates. The average of these estimates is effective in determining 

the class. One of the important factors in choosing Random Forests is that it can 

calculate its own error rate (Breiman, 2001). 

 

2.7 k-Nearest Neighbor-kNN 

 

The k-Nearest Neighbors Algorithm was first introduced by Fix and Hodges in 

1951 as a nonparametric method for use in pattern (model) recognition, and was later 

developed by Cover and Hart in 1967 (Elasan, 2019). This method is a 

nonparametric Supervised Machine Learning Algorithm used in both classification 

and regression problems, which determines the class in which the observations will 

take place and the nearest neighbor by the k neighbors value. Unlike other 

Supervised Learning Algorithms, it does not have a training stage. It does not learn 

training data, but memorizes it. This feature also shows that it is a lazy type of 

learning. It learns complex target functions quickly without losing information. For 

this reason, it is one of the simplest and most used methods (Goyal et al., 2014). 

Modern applications of the k-Nearest Neighbors Algorithm include suggestion 

systems, text categorization, heart disease classification, and financial market 

forecasting (Anava & Levy, 2016). 

 

The goal of the k-Nearest Neighbors Algorithm is to predict which class the new 

example will be included in according to the proximity relationship with the earlier 

data on the existing learning data when a new sample arrives. The algorithm decides 

this by looking at the k-Nearest Neighbors for the new example. In classification 

problems, this estimate is determined by a majority vote among the nearest 

neighbors, while in regression problems, it is the average of the numerical values of 
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the nearest neighbors decisively. In this way, the new instance is labeled (Friedman 

et al., 2001). 

 

In k-Nearest Neighbors Regression, first the   neighbors, which are closest to    

is determined, and these neighbors are defined as   . The successful implementation 

of this algorithm depends on careful determination of the three parameters. These 

parameters are the number of nearest neighbors  , the weight vector α, and the 

distance metric (Anava & Levy, 2016). 

 

First of the algorithm steps is to determine parameter  . The optimal value for   is 

determined by the equilibrium of bias and variance. Approaches used to estimate test 

rates can be used to define the most optimal   value in k-Nearest Neighbors 

Regression (James et al., 2013). Cross-validation can also be proposed as another 

method. Cross-validation determines a good value of   retrospectively using an 

independent dataset. In general, a   value between 3 and 10 is optimal (Wettschereck 

& Dietterich, 1994; Sun & Huang, 2010). 

 

Second step is the determination of new observation    to be added in the sample 

data set and calculate all the distances between the available data and the new 

observation. There are several functions used to determine the distances. The k-

Nearest Neighbors Regression uses the same distance functions as the k-Nearest 

Neighbors Classification. These funcions include the commonly used Euclidean 

function and Manhattan, Minowski, and Hamming functions. Hamming is used when 

there are categorical variables, and the other three functions are used when there are 

continuous variables. In addition, when there is a mixture of numeric and categoric 

variables in the dataset, standardization of numeric variables between 0 and 1 is 

required (Alkış, 2017). 

 

Another approach to be used in distance calculation is the application of the 

weight vector. It is one of the methods that is effective in the performance of the 

algorithm. Conducting experiments on the data set with different   values, which are 

used most frequently for determining the number of   neighbors as mentioned above, 
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and selecting the value that is observed to be the most successful causes a time loss. 

In order to determine the optimal   value by preventing time loss, a method of 

weighting distances has been developed. This operation is performed by weighing   

instances, nearest to the test data, regarding their distances, to determine the the most 

successful   value in the algorithm (Alkış, 2017). These weights, which use a density 

function, are called “Kernel methods” (Goyal et al., 2014). 

 

After the parameters are determined, using the average of all training responses in 

   nearest to   , which has the number of   neighbors and the function f(  ) in 

Equation 2.29 below, labelling is done by estimating to which set the new 

observation    belongs to (James et al., 2013) 

 

                                                      f (    ) = 
 

 
 ∑    .                                         ( 2.29 ) 

 

Finally, although it is a simple algorithm, it is a distance-dependent machine 

learning method and it is not clear which distance criterion to use (Alkış, 2017). 
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CHAPTER 3 

MODEL EVALUATION AND PERFORMANCE CRITERIA 

 

3.1 K-Fold Cross-Validation  

 

 In data mining studies, K-Fold Cross-Validation is used to test the success of the 

applied method. It is one of the methods of disassembling the dataset to evaluate 

prediction models and train the model. In cross-validation, the data set is divided into 

two parts in a certain proportion as training and test, and after the system is trained 

with the training set, its success is tested with the test set.  

 

 In the folding cross-validation method, first of all, a   value is decided.   value 

is usually preferred as 5 or 10. After determining   value the data is divided into 

equal parts depending to the number of  .  -1 groups are used to train model and 

the remaining group is used for testing, and the sum of squares predicted for the error 

is obtained. This process is repeated for   times. The   estimates of the prediction 

error are combined to produce a  -Fold Cross-Validation estimate. The average of 

the combined values is calculated (James et al., 2013). 

 

                                               𝐶    = 
 

 
∑     

 
                                            ( 3.1 ) 

 

3.2 Model Performance Criteria 

3.2.1 Coefficient of Determination (  ) 

 

The coefficient of determination is the value that indicates how much change in 

the dependent variable is explained by the independent variables. In other words, it 

measures how much of the change in the dependent variable is explained by the 

model.  

 

                                                       =  
   

   
  = 1 - 

   

   
                                    ( 3.2 ) 
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Here    (Sum Squares of Total) refers to change in the dependent variable 

without taking into account independent variables,    (Sum Squares of Regression) 

to the change described by the model,    (Sum Squares of Error) to the change that 

cannot be explained by the model. Coefficient of determinations receieves a value 

between 0 and 1. 0 ≤    ≤ 1.    being near 1 means that most of the variability in 

the dependent variable is explained by the regression model. 

 

3.2.2 Mean Square Error (MSE) 

 

Mean Square Error is obtained by dividing the sum of squares of the differences 

between each real value and the estimated value corresponding to that value to the 

sample size. Although there is no power of interpretation alone, it helps to choose the 

best model by comparing several studied models. It is always a positive number. 

When it is close to zero, it means that estimators perform better.  

 

                                        = 
 

 
∑      ̂  

  
    = 

 

 
∑   

  
                              ( 3.3 ) 

 

Here;   is the sample size,     is the true value,  ̂  is the estimated value and    is 

defined as the difference between the actual value and the estimated value. 

 

3.2.3 Root Mean Squared Error (RMSE) 

 

Root Mean Squared Error, is the square root of the Mean Square Error.  The 

reason for frequent preference of this criterion is that Mean Square Error is sometimes 

too large to be easily compared and is hypersensitive to outliers. Root Mean Squared 

Error always gets a positive value. A value close to zero indicates that it performs 

better.  

 

                        √      = √
 

 
∑      ̂  

  
    = √

 

 
∑   

  
                 ( 3.4 ) 
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3.2.4 Mean Absolute Error (MAE)  

 

Mean Absolute Error is the average of the absolute values of the differences 

between each real value and the estimated value corresponding to that value. Mean 

Absolute Error also gets a value greater than zero. A value close to zero indicates that 

it performs better. The mean absolute error is more robust against outliers because it 

does not use the squared expression.  

 

                                                    = 
 

 
∑      ̂ 

 
   |                                   ( 3.5 ) 
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CHAPTER 4 

APPLICATION 

 

In this study, Hourly Radon Levels (bq) was obtained as response variable from 

the Seferihisar region in hourly periods between 30 October 2006 and 04 June 2007. 

Corresponding to the Radon levels, the measurements for the parameters of Hourly 

Actual Pressure (hPa), Hourly 50 cm Soil Temperature (°C), Hourly Relative 

Humidity (%), Hourly Temperature(°C), Hourly Wind Degree (°), Hourly Wind 

Speed (m/sec) and Wind Direction were obtained as predictors from the Republic of 

Turkey Ministry of Agriculture and Forestry, General Directorate of Meteorology. 

The obtained data set consists of 5232 observations and 8 variables. R statistical 

programming language and required packages were used for analysis. 

 

4.1 Data Preprocessing 

 

The data set was gathered and created in Excel. It was imported from Excel to R 

with the readxl package, as in Figure 4.1. In terms of reproducibility set.seed() 

function was used of the beginning of the study. 

 

 

Figure 4.1 Importing the data set in R software 

              

The following Table 4.1 shows the first ten observations of the dataset. The 

Radon variable contained in the data set is a dependent (response) variable, while the 

actual pressure, relative humidity, temperature, soil temperature, wind degree, wind 

speed and wind direction variables are independent variables (predictors). 
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Table 4.1 First 10 observations of the data set 

 

 

Checking the structure of the variables shows that the data types of the wind speed 

and wind direction were misread. Wind speed must be numerical, and wind direction 

must be of factor type. 

 

Table 4.2 Data types of  variables 

 

  

Figure 4.2 shows the coercion functions to set the correct data types.  

 

 

Figure 4.2 Conversion of the data types of the variables 

 

Table 4.3 shows the corrected version of the data types. 
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Table 4.3 Corrected data types 

 

 

    Table 4.4 shows the summary statistics of the variables. 

 

Table 4.4 Summary statistics of variables 

 

 

Each variable in the dataset includes missing values. 949 observations for the 

radon variable, 872 for the current pressure, 178 for the relative humidity, 184 for the 

temperature variable, 210 for the soil temperature, 263 for the wind degree, 76 for 

the wind speed, and finally 69 for the wind direction were NA. 

 

As stated in Section 1.2, detecting loss missing observations is quite important, 

and these missing observations can be corrected by appropriate methods. Since the 

Radon is a dependent variable and the main goal is to estimate the values of this 

variable in this study, the missing observation row of the Radon variable was 

removed from all the data in order not to obtain biased results in estimation. After 

this process, the current number of observations decreased to 4283. 
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Figure 4.3 Removing rows for missing observations of the radon variable corresponding to other 

variables 

 

In Figure 4.3, the missing values of Radon were removed from the data set. Table 

4.5 gives the summary statistics after cleaning the missing values. 

 

Table 4.5 Summary statistics after removed the missing values of Radon 

 

 

mice package was used for solving the missing data, as shown in Figure 4.4. This 

package estimates missing data by iteration using multiple imputation methods. The 

default imputation method in this package is PMM (Predictive Mean Matching). 
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Since it is not possible to determine the average for a categorical variable, it assigns 

the best instead of the missing value, in the same way, by generating m values. Here 

it has assigned five categories in the wind direction with regard to their number. 

 

 

Figure 4.4 Assigning new values by imputation method instead to missing values 

 

Table 4.6 presents summary statistics after completing missing values. 

  

Table 4.6 Summary statistics after completing missing values 

 

 

The values of the radon variable contained in the data set vary between 0 and 436 

Bq. The median value is smaller than the average value. It is understood that the 

radon variable has a right-skewed distribution. The median of the actual pressure 

variable in the value range of 997 hPa to 1034 hPa is 1015 hPa, the average is 1016 

hPa, The first quarters is 1010 hPa and the 3rd quarter is 1021 hPa. The values 

suggest that the distribution of the actual pressure is normal. The same interpretations 

can be made for distributions of temperature and soil temperature variables. The 
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wind direction variable consists of five categories: center, east, west, north, and 

south.  

 

Transformation is also one of the important data preprocessing step, so the 

histogram was examined to see the distribution of the dependent variable, radon, to 

investigate the normality assumption.  

 

According to Figure 4.5, it is seen that the distribution of the radon variable is 

skewed to the right. In order to eliminate this skewness, the transformation must be 

applied on the dependent variable.  

 

 

Figure 4.5 Histogram of radon 

 

Since the Radon variable contains 0 values, yeo.Johnson function in the VGAM 

package in R is applied, Figure 4.6. 

  

 

Figure 4.6 Transformation on radon variable and drawing histogram for radon 
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After transformation on the radon variable, the histogram of radon is shown in 

Figure 4.7. 

 

 

Figure 4.7 Histogram for radon after transformation 

 

It seems that the distribution after the transformation is closer to normal. 

However, to achieve an objective result, the Anderson-Darling normality test in the 

library(nortest) is performed in Figure 4.8 and Figure 4.9. 

 

H0 : The radon variable is normally distributed. 

H1 : The radon variable is not distributed normally. 

 

 

Figure 4.8 Anderson-Darling normality test for radon 
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According to Figure 4.9,    is rejected (        ). The assumption of 

normality has not been achieved. Nevertheless, taking into account the effect on the 

distribution, the original Radon values in the analysis were transformed with 

yeo.Johnson, and the analysis continued with transformed Radon data. 

 

 

Figure 4.10 Box plot of transformed radon 

 

The box plot of the transformed radon variable in Figure 4.10 shows that there are 

some outlier observations in Radon. Data preprocessing steps continue with the 

detection and removal stage of outlier values. Outlier values are removed from the 

data set 2.5% from the top and 2.5% from the bottom using the 

library(chemometrics) as shown in Figure 4.11. 

 

Figure 4.9 Anderson-Darling normality test result for radon 
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Figure 4.11 Removing outliers from the data set 

 

After removing outliers, the number of observations was 3944. In the final form 

of the data set, the Anderson-Darling normality test was performed, but it was seen 

that the distribution was still not normal. However, it was observed that the 

distribution is close to normal when looking at the histogram and box plot. 

 

4.2 Multiple Linear Regression Analysis 

 

The assumptions which are given in Section 2.1 have to be checked. Relationships 

between dependent and independent variables are examined. According to Figure 

4.12, there is a strong inverse linear relationship between radon and actual pressure, a 

strong positive relationship between radon and temperature, and between radon and 

soil temperature. In addition, there is no significant relationship between radon and 

wind speed, and radon and wind degree. The library(olsrr) was used for 

operations used in multiple linear regression analysis. 
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Figure 4.12 Correlation chart 

 

Figure 4.13 is also another visulation of relationship between variables. When the 

relationships between independent variables are examined over this charts, it is seen 

that the relationships between actual pressure and temperature, and soil temperature, 

and temperature and soil temperature, are strong. VIF values were examined to 

determine whether there is multicollinearity problems. 

 

 

Figure 4.13 A chart of the degree and direction of the relationship between variables 
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A full model containing all variables has been established to examine VIF values. 

The codes and results are given in Figure 4.14 and Table 4.7, respectively. 

 

 

Figure 4.14 VIF values for full model 

 

Table 4.7 VIF values for full model 

 

  

 VIF values between numerical predictors are smaller than 5, so there is no 

multicollinearity problem (VIF cannot be used with categorical variable).  

 

After all data preprocessing operations, the residual graphs of the model were 

examined in Figure 4.15 to investigate the validation of the assumptions.  
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Figure 4.15 Residual charts for the full model obtained after data preprocessing operations 

 

In the first chart, it is examined whether there is variance homogeneity. What is 

expected here is a random distribution of points around 0. In the chart, it has been 

suspected that constant variance cannot be achieved, and there may be a problem of 

increasing variance. In order to get more accurate results, the Breush-Pagan test in 

Table 4.8 was applied to control variance homogeneity. 

 

Table 4.8 Breush-Pagan test for variance homogeneity 

 

 

H0 : Errors have fixed variance. 

H1  : Errors do not have fixed variance. 
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According Table 4.8,    is rejected (        ). Variance homogeneity has 

not been achieved. 

 

The second chart specifies whether the residuals are normally distributed. It is 

expected that points are on a line. Here it can be interpreted that it is visually 

distributed close to normal. There is not much opening in the tails. A more accurate 

result can be obtained by performing a normality test. The test for this is shown in 

Figure 4.16. 

 

 

Figure 4.16 Anderson-Darling normality test result 

 

H0 : Error are normally distributed. 

H1 : Errors are not distributed normally. 

 

According Figure 4.16,    is rejected (        ). Normality was still not 

achieved when the Anderson-Darling test was performed. 

 

The third and the fourth charts in Figure 4.15 are using for detecting the outliers 

and influentials observations. It is clearly seen that there were some outliers and 

influentials observations in the model.  

 

Table 4.9 were examined for the complete model created on the data set obtained 

after performing missing observation completion, transformation, outlier value 

cleanup operations, the coefficients of all other variables except the wind degree 

were significant (   is rejected,         ). The model is useful for predicting 

response variable (F=995,         ).    was found 71.67%. It means that 

71.67% of the sample variation in Radon can be explained by the model.  
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Table 4.9 Summary results for the full model  

 

 

The best possible subset selection, forward selection, and backward elimination 

methods are used when deciding the variables that will be included in the model. 

From these methods, the variable selection process was started with the best possible 

subset selection method.  

 

 

Figure 4.17 The best possible subset selection 

 

As a result of this function in Figure 4.17, 127 sub-models possible were derived 

from the current model. Some of these sub-models are shown in Table 4.10. 
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Table 4.10 Examples of possible submodels obtained by the best possible subset selection method 

 

 

 

 

 

 

 

 

 

 

 

 

 

Examining Table 4.10, the 127. sub-model is preferred, because     
  is closed to 

full model    and 𝐶  value is less than the number of predictors in the model.  

 

Model127radon_data_new$actpress+radon_data_new$r.humidity+radon_data_

new$temp+radon_data_new$soiltemp+radon_data_new$w.speed+radon_data_new$

w.degree+ radon_data_new$w.direction 

 

Analysis was continued with the ols_step_forward_aic(model) function for 

variable selection with forward selection. 

 

Table 4.11 Forward selection method summary table 
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Table 4.11 shows the significant variables that should be included in the model. 

These variables are actural pressure, soil temperature, wind direction, relative 

humidity, temperature, and wind speed. In the reverse elimination method, the 

appropriate model was examined using the ols_step_backward_aic(model) 

function and the model was re-established with the specified variables. 

 

Table 4.12 Backward elimination method summary table 

 

 

In the Table 4.12, it is seen that wind degree to be removed from the model. After 

variable selection methods, it was observed that the variable that should be removed 

from the model is the wind degree. As in Figure 4.18, the new model was established 

with actual pressure, soil temperature, wind direction, relative humidity, temperature, 

wind speed variables. 

 

 

Figure 4.18 Creating the final model 

 

When the summary results of the new model established without wind degree 

were examined in Table 4.13, all the coefficients are significant and the model was 

valid. 
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Table 4.13 Summary results for the final model  

 

   

In order to further improve the model, model alternatives have been tried by 

adding squared expressions of temperature and soil temperature based on the scatter 

charts between dependent and independent variables, but no significant contribution 

has been obtained. The best model obtained as a result is defined below. 

 

     ̂ =   ̂ +   ̂actpressure +   ̂relativehumidity +   ̂temperature + 

  ̂soiltemperature  +    ̂windspeed  +    ̂winddirection   

 

One of the goals of this study is to compare the model performance of machine 

learning algorithms used in practice. For this purpose, the model performance criteria 

for the model established using multiple linear regression were obtained. While 

obtaining performance criteria K=5-fold cross-validation tests were applied to the 

algorithms. Library(MLmetrics) package in R was used for Model Performance 

Criteria. The process steps are shown in Figure 4.19 below. 
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Figure 4.19 Analysis of model performance criteria with multiple linear regression algorithm 

 

Table 4.14 Model performance criteria for multiple linear regression algorithm 

R2 MSE RMSE MAE 

0.72 13.47 3.67 2.90 

 

It is seen in Table 4.14 that Mean Absolute Error and Root Mean Squared Error 

values are close to zero in the results obtained. This means that the model error is 

low. The reason for the average value Mean Squared Error slightly higher is the 

square expression. For the coefficient of determination, it can be argued that it is not 

a failure for the model in terms of explainability. Although these values alone do not 

make sense, meaningful results will be achieved when that are compared to criteria 

obtained from other algorithms. 

 

4.3 Support Vector Regression Analysis 

 

In this section, Support Vector Regression was applied with kernel functions. The 

most commonly used kernel functions are linear, polynomial and radial basis 

functions. Model performance criteria were obtained by applying a  

K=5-fold cross-validation test to these functions. 
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First, analysis was performed using the Linear Kernel Function in Figure 4.20. 

The e1071 package was used for Support Vector Regression in R. With this function, 

parameters related to the model are also automatically selected to determine the best 

model. 

 

 

Figure 4.20 Analysis of  model performance criteria of support vector regression algorithm for linear 

kernel function  

 

The regulating parameter for the Support Vector Regression parameter is 

determined C = 1. Performance criteria are found in Table 4.15. 

 

Table 4.15 Support vector regression algorithm model performance criteria for linear kernel function 

R2 MSE RMSE MAE 

0.72 13.52 3.68 2.9 

 

When the results are evaluated, it seems that they are almost close to the results of 

Multiple Linear Regression Analysis. Here again it means that the model error is low 

because the Mean Absolute Error and Root Mean Squared Error values are close to 

zero. It can be argued that the model is explainable at a rate of 0.72 with the 

coefficient of determination. For more meaningful expression of values, the results 

from other algorithms should be examined. 
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Analysis was continued with the Polynomial Kernel Function as in Figure 4.21.  

 

 

Figure 4.21 Analysis of model performance criteria of support vector regression algorithm for 

polynomial kernel function 

 

In addition to the regulating parameter, degree and scale parameters are used in 

the Polynomial Kernel Function. C = 0.25, degree = 3 and scale = 0.1 are determined 

automatically with the train() function. 

 

Table 4.16 Support vector regression algorithm model performance criteria for polynomial kernel 

function 

R2 MSE RMSE MAE 

0.77 10.79 3.28 2.49 

 

When the results in Table 4.16 are examined Mean Absolute Error and Root Mean 

Squared Error are closer to zero than Lineer Kernel Function. In addition, it can be 

asserted that the explainability of the radon dependent variable increases by the 

increase of the coefficient of determination to 0.77. 

 

The another kernel function analysis was performed using the Radial Basis Kernel 

Function as shown in Figure 4.22. The algorithm parameters were determined as  

C = 1 and sigma = 0.1240049, the model performance criteria were obtained as in 

Table 4.17. 
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Figure 4.22 Analysis of model performance criteria of support vector regression algorithm for radial 

basis kernel function 

 

Table 4.17 Support vector regression algorithm model performance criteria for radial basis kernel 

function 

R2 MSE RMSE MAE 

0.8 9.35 3.06 2.27 

 

It has been observed that the values obtained here are better than the other kernel 

models. The explainability of the dependent variable radon by independent variables 

increased and the mean errors decreased. 

 

4.4 Regression Trees Analysis 

 

For regression trees, the rpart package in R was used. Model performance 

criteria were obtained by applying a K=5-fold cross-validation test to these functions. 

These steps are given in Figure 4.23.  
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Figure 4.23 Analysis of model performance criteria for regression trees algorithm 

 

The parameter used in the Regression Trees algorithm with the corresponding 

function had the value cp = 0.0343546. Table 4.18 is shown model performance 

criteria. 

 

Table 4.17 Model performance criteria for the regression trees algorithm 

R2 MSE RMSE MAE 

0.61 18.47 4.3 3.39 

           

It was observed that the values of model performance criteria for Regression 

Trees were worse than other algorithms. The coefficient of determination had the 

smallest value compared to the values in other algorithms, and the explainability has 

decreased. Mean Errors have increased further. 

 

4.5 Bagging Analysis 

 

The analysis continued with one of the Ensemble Learning Algorithm 

Techniques. The ipred package is used Bagging method in Figure 4.24 and model 

performance criteria were obtained in Table 4.19. 



67 
 

 

Figure 4.24 Analysis of model performance criteria for bagging algorithm 

 

Table 4.18 Model performance criteria for the bagging algorithm 

R2 MSE RMSE MAE 

0.75 12.02 3.47 2.7 

                   

According to the results obtained in Regression Tree Analysis, the results 

obtained by Bagging method are quite acceptable. This is possible because it is 

expected that the results obtained from Regression Trees will improve by using the 

Bagging method.   

 

4.6 XGBoost (Extreme Gradıent Boostıng ) Analysis 

 

There are quite a lot of parameters related to this algorithm. XGBoost library used 

and again the train() function automatically determined the optimum parameters 

for the best model, respectively, are nrounds = 150, max_depth = 3, eta = 0.4, γ = 0, 

colsample_bytree = 0.8, min_child_weight = 1, subsample = 1. The process steps are 

shown in Figure 4.25. 
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Figure 4.25 Analysis of model performance criteria for the xgboost algorithm 

 

Table 4.19 Model performance criteria for xgboost algorithm 

R2 MSE RMSE MAE 

0.93 3.29 1.81 1.36 

                    

It was mentioned in Section 2.5 that the analysis results obtained by the XGBoost 

method, which is an upgrade algorithm, are better than other methods. As shown in 

the Table 4.20, the best results have been achieved with XGBoost. The coefficient of 

determination was found as 0.93, meaning that the explainability is quite high. The 

Mean Errors are quite close to zero.  

 

4.7 Random Forests Analysis 

 

Analysis was continued with the Random Forests Algorithm in Figure 4.26, and 

train() function automatically determined the optimum mtry=9 using the packages 

of randomForest and caret. 
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Figure 4.26 Analysis of model performance criteria for random forests algorithm 

 

Table 4.20 Model performance criteria for random forests algorithm 

R2 MSE RMSE MAE 

0.99 0.71 0.84 0.61 

                 

The resulting performance criteria have the best performance criteria among 

algorithms in Table 4.21. With the coefficient of determination (0.99), almost the 

entire dependent variable is explained by independent variables. Mean Absolute 

Error and and Root Mean Square Error values are almost zero, and it can be argued 

that the model error is the smallest one.  

 

4.8 k-Nearest Neighbor (kNN) Analysis 

 

There are quite a lot of parameters related to this algorithm. XGBoost library used 

and again the train() function automatically determined the optimum parameters 

for the best model, respectively, are nrounds = 150, max_depth = 3, eta = 0.4, γ = 0, 

colsample_bytree = 0.8, min_child_weight = 1, subsample = 1. The process steps are 

shown in Figure 4.25. 
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The train() function was used k-Nearest Neighbors Algorithm in R. The 

package automatically determined number of neighbours as k = 5. The analysis steps 

are given in Figure 4.27. 

 

 

Figure 4.27 Analysis of model performance criteria of k-nearest neighbor algorithm 

 

Table 4.21 Model performance criteria for the k-nearest neighbor algorithm 

R2 MSE RMSE MAE 

0.92 3.57 1.89 1.32 

             

It can be claimed that the results obtained from Table 4.22 and the results 

obtained from the XGBoost algorithm give almost close results. Model error is quite 

small and model explainability is high. It is one of the best when compared to other 

algorithms.
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CHAPTER 5 

CONCLUSION 

 

The aim of this study is to evaluate the effects of Hourly Actual Pressure (hPa), 

Hourly 50 cm Soil Temperature (°C), Hourly Relative Humidity (%), Hourly 

Temperature (°C), Hourly Wind Degree (°), Hourly Wind Speed (m/sec) and Wind 

Direction factors on Radon gas using Supervised Learning Algorithms and to 

estimate the Radon gas values. Multiple Linear Regression, Support Vector 

Regression, Regression Trees, Bagging, Random Forests, XGBoost, and k-Nearest 

Neighbor were used from among Supervised Learning Algorithms. To test the 

success of algorithms Coefficient of Determination (  ), Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) values with 

performing K= 5 Fold Cross-Validation. 

 

All analysis results obtained in the previous section are presented by combining 

them in Table 5.1. According to the results, the Random Forests Algorithm for 

Radon estimation decisively showed the highest performance among Supervised 

Statistical Learning Methods. This method was followed by the XGBoost and k-

Nearest Neighbors Algorithms, which gave very close results. The worst 

performance was demonstrated by the Regression Trees Algorithm.  
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Table 5. 1 Model performance criteria obtained for all algorithms 

MACHINE LEARNING ALGORITHM R
2 MSE RMSE MAE 

MULTIPLE LINEAR REGRESSION 0.72 13.47 3.67 2.90 

SUPPORT VECTOR MACHINE  

"SVMLINEAR" 
0.72 13.52 3.68 2.90 

SUPPORT VECTOR MACHINE  

"SVMPOLY " 
0.77 10.79 3.28 2.49 

SUPPORT VECTOR MACHINE  

"SVMRADIAL " 
0.80 9.35 3.06 2.27 

REGRESSION TREES 0.61 18.47 4.30 3.39 

BAGGING 0.75 12.02 3.47 2.70 

XGBOOST 0.93 3.29 1.81 1.36 

RANDOM FORESTS 0.99 0.71 0.84 0.61 

k-NEAREST NEIGHBORS 0.92 3.57 1.89 1.32 

       

In addition, Radon gas is a radioactive substance that we are exposed substantially 

in our daily lives, and it has a close relationship with earthquakes, as well as 

meteorological parameters. In many studies in the literature, the relationship between 

radon gas and earthquake has been investigated. As a further research, it can be 

suggested to investigate the effect of radon gas on earthquakes through 

meteorological parameters affecting Radon gas. 
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