
 

Development of Data Imputation Methods  

for the Multiple Linear Regression 

      

 

 

 

 

 

 

 

Thidarat  Thongsri 

 

 

 

 

 

 

 

A Thesis Submitted in Partial Fulfillment of the Requirements for the 

Degree of Master of Science in Applied Statistics 

Prince of Songkla University 

2022 

Copyright of Prince of Songkla University 



i 

 

 Development of Data Imputation Methods 

for the Multiple Linear Regression 

 

 

 

 

 

 

 

 

Thidarat  Thongsri 

 

 

 

 

 

 

 

A Thesis Submitted in Partial Fulfillment of the Requirements for the  

Degree of Master of Science in Applied Statistics 

Prince of Songkla University 

2022 

 Copyright of Prince of Songkla University 



ii 

Thesis Title Development of Data Imputation Methods   

 for the Multiple Linear Regression   

Author Miss Thidarat Thongsri 

Major Program Applied Statistics 

 _____________________________________________________________________ 

 

Major Advisor: 

 

 

 

............................................................... 

(Asst. Prof. Dr. Klairung Samart) 

 

 

 

 

 

 

  

 

 

 

 

 

Examining Committee: 

 

 

 

.................................................Chairperson 

 

 

 

 

...................................................Committee 

(Asst. Prof. Dr. Klairung Samart) 

 

 

 

...................................................Committee 

(Asst. Prof. Dr. Phontita Thiuthad) 

 

 

 

 

 The Graduate School, Prince of Songkla University, has approved this thesis as 

partial fulfillment of the requirements for the Master of Science Degree in Applied 

Statistics. 

 

 

 

                 ............................................................. 
     (Asst. Prof. Dr. Thakerng Wongsirichot) 

            Acting Dean of Graduate School 

 

 

(Assoc. Prof. Dr. Wararit Panichkitkosolkul) 



iii 

 
 

This is to certify that the work here submitted is the result of the candidate’s own 

investigations. Due acknowledgement has been made of any assistance received. 

 

 

 

 

                  ..........................................Signature 

            (Asst. Prof. Dr. Klairung Samart) 

  Major Advisor 

 

 

 

                                                           ..........................................Signature 

             (Miss Thidart Thongsri) 

                       Candidate 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 
I hereby certify that this work has not been accepted in substance for any degree, and 

is not being currently submitted in candidature for any degree. 

 

 

 

 

               ...........................................Signature 

                     (Miss Thidarat Thongsri) 

   Candidate 

 



v 

 

 

ชื่อวิทยานิพนธ์ การพัฒนาวิธีการประมาณค่าสูญหายในตัวแบบการถดถอยเชิงเส้นพหุคูณ 
ผู้เขียน นางสาวธิดารัตน์ ทองสี 
สาขาวิชา สถิติประยุกต์  
ปีการศึกษา 2565 
 
 

บทคัดย่อ 
 

 
การวิเคราะห์การถดถอยเชิงเส้นพหุคูณเป็นการวิเคราะห์ทางสถิติที่เกี่ยวข้องกับตัว

แปรตามที่มีความสัมพันธ์กับตัวแปรอิสระมากกว่าหนึ่งตัว โดยการวิเคราะห์การถดถอยเชิงเส้นพหุคูณ
สามารถใช้ในการทำนายหรือประมาณค่าของตัวแปรตามได้ แต่ปัญหาสำคัญที่มักเกิดขึ้นเสมอในการ
วิเคราะห์ข้อมูลคือ การเกิดข้อมูลสูญหาย ซึ่งอาจจะทำให้ผลการวิเคราะห์ข้อมูลมีความคลาดเคลื่อน
ไปจากความเป็นจริงและสูญเสียรายละเอียดในบางส่วนที่สำคัญไป  งานวิจัยนี้แบ่งออกเป็น 2 ส่วน 
ส่วนแรกมีวัตถุประสงค์เพ่ือพัฒนาและเปรียบเทียบประสิทธิภาพของวิธีการประมาณค่าสูญหาย 8 วิธี 
ไ ด ้ แ ก ่  Hot deck imputation (HD), K-nearest neighbors imputation (KNN), Stochastic 
regression, imputation (SR), Predictive mean matching imputation (PMM), Random 
forest imputation (RF), Stochastic regression random forest with equivalent weight 
imputation (SREW), K-nearest random forest with equivalent weight imputation (KREW), 
แ ล ะ  K-nearest stochastic regression and random forest with equivalent weight 
imputation (KSREW) ในการศึกษานี้ใช้ตัวอย่างขนาด 30, 60, 100 และ 150 โดยมีเปอร์เซ็นต์การ
สูญหายที่ระดับ 10%, 20%, 30% และ 40% บนตัวแปรอิสระและตัวแปรตอบสนอง ใช้ Average 
mean square error (AMSE) ในการเปรียบเทียบประสิทธิภาพของวิธ ีการประมาณค่าสูญหาย 
ผลการวิจัยพบว่า การนำวิธีการประมาณค่าสูญหายมาผสมผสานกันมีประสิทธิภาพมากกว่าวิธีการ
ประมาณค่าสูญหายแบบเดี่ยว และวิธี KSREW มีประสิทธิภาพในการประมาณค่าสูญหายดีที่สุด  

 งานวิจัยในส่วนที่ 2 มีวัตถุประสงค์เพื่อสร้างฟังก์ชันสำเร็จรูปในการวิเคราะห์การ
ถดถอยเชิงเส้นพหุคูณแบบครบวงจร โดยใช้โปรแกรม RStudio ในชื่อของแพ็กเกจ mlrpro ซึ่งเป็น
แพ็กเกจในการวิเคราะห์การถดถอยที่ใช้งานง่าย เหมาะสําหรับผู้เริ ่มต้น เนื่องจากในตัวแพ็กเกจ
สามารถเลือกตัวแปรอิสระที่มีอิทธิพลต่อตัวแปรตาม สร้างตัวแบบการถดถอยที่ดีและเหมาะสมรวมถึง 
ตรวจสอบข้อสมมุติเบื้องต้นของการวิเคราะห์การถดถอยและแปลงข้อมูลโดยใช้การแปลง Box-Cox 
แบบครบวงจร นอกจากนี ้ในตัวแพ็กเกจ mlrpro สามารถคำนวณค่าสัมประสิทธิ ์การถดถอย  
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ABSTRACT 

 

 

Multiple linear regression is a statistical study that investigates the 

relationship between the response and the independent variables and may be used to 

predict or estimate the response values. Missing data is a serious issue that regularly 

occurs and impacts data analysis, resulting in the loss of information in certain critical 

areas and data analysis outcomes that differ greatly from reality.  

This research is divided into two sections. The first project study’s 

objective is to develop and compare the efficiency of eight imputation methods: hot 

deck imputation (HD), k-nearest neighbors imputation (KNN), stochastic regression 

imputation (SR), predictive mean matching imputation (PMM), random forest 

imputation (RF), stochastic regression random forest with equivalent weight imputation 

(SREW), k-nearest random forest with equivalent weight imputation (KREW), and k-

nearest stochastic regression and random forest with equivalent weight imputation 

(KSREW). The simulation was done in this study with sample sizes of 30, 60, 100, and 

150 with missing percentages of 10%, 20%, 30%, and 40% on both independent and 

response variables. The average mean square error (AMSE) was used to compare 

efficiency. The results reveal that the proposed composite approaches outperformed the 

single ones, particularly a three-component method called KSREW. 

 The second project is to create a function for analyzing multiple linear 

regressions using the RStudio software. The mlrpro package is an intuitive regression 

analysis tool that is suitable for novice users. It is a built-in package that can fit the 

regression model, select independent variables, validate the assumptions of multiple 

linear regression, transform data using the Box-Cox transformation, and determine 

which regression model is the most suited. The regression coefficients, residuals, fitted 
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values, and statistics related to regression, such as residual standard error, multiple R-

squared, F-statistic, and so on, may all be obtained through the use of our mlrpro 

package. In addition to this, it provides visualization tools of the residuals plot, the 

normal Q-Q plot, and the lambda interval plot derived from Box-Cox transformations. 
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1. Introduction 

 

1.1 Background 

  

Data analysis is frequently hampered by the significant problem 

of missing data, which can result in the loss of information in certain critical 

areas and lead the conclusions to diverge significantly from reality. Little and 

Rubin (2002)  classify missing data into three mechanisms: missing completely 

at random (MCAR), missing at random (MAR), and missing not at random 

(MNAR). In the literature, imputation of missing values and discarding missing 

values are the two methods for handling missing data ( Han, Pei, & Kamber, 

2011). The topic of this study has increased the number of choices that enhances 

imputation performance. As a result, we combined some methods namely, the 

k-nearest random forest with equivalent weighted imputation (KREW), a two-

composite imputation method, as well as the k-nearest stochastic regression and 

random forest with equivalent weighted imputation (KSREW), a three-

composite imputation method that combines the k-nearest neighbors, stochastic 

regression, and random forest methods and compared with the single ones. The 

missingness on both the response and independent variables came from three 

different types of mechanisms. 

A variety of statistical applications are now available for 

analyzing multiple linear regressions. R programs is a tool for statistical data 

analysis that is available for free download and can be used to analyze multiple 

regression. The outputs of the program must be examined to determine whether 

independent variables influence response variable at the specified level of 

significance and to determine whether multiple regression analysis assumptions 

are met. If the assumptions are not met, the data must be investigated and 

transformed possibly using the Box-Cox transformation. Therefore, all users 

must have statistical understanding to accurately and dependably summarize 

and report the program's outcomes.  
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As is obvious, multiple linear regression analysis is quite 

complex and requires statistical understanding. So, the researchers desired to 

create an R package for complete multiple linear regression analysis. 

 

1.2 Objective 

 

1. To develop and compare different imputation methods for the multiple 

linear regressions, when independent and response variables are missed out 

with MCAR, MAR, and MNAR losses. 

2. To create a function for analyzing multiple linear regressions using the 

RStudio software. 

 

 

2. Literature reviews 

 

The methods for imputation and mechanisms for missing data used 

in this study are described In Paper I. 

In this study, the following imputation methods were studied and 

compared for efficacy: hot deck imputation (HD) is frequently used to impute non-

response in surveys and this method is used by government statistics agencies and 

survey companies in numerous nations ( Andridge & Little, 2010; Myers, 2011) . 

The k-nearest neighbors imputation (KNN) is a popular imputation method that has 

received widespread application in the literature and it performs admirably in 

estimating missing values, when data is correlated (Hengpraprohm & Jungjit, 2018; 

Jadhav, Pramod, & Ramanathan, 2019; Lamjaisue, Thongteeraparp, & 

Sinsomboonthong, 2017; Pauzi, et al., 2021). The stochastic regression imputation 

(SR) and predictive mean matching imputation (PMM) can be efficiently estimated, 

when the sample size is large ( Lamjaisue, Thongteeraparp, & Sinsomboonthong, 

2017; Jadhav, Pramod, & Ramanathan, 2019) . The random forest imputation (RF) 

is one of the most commonly used feature selection methods because of its ease of 
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use and it is effective when there is a moderate to high percentage of missing data 

(Tang & Ishwaran, 2017; Aguilera, Guardiola-Albert, & Serrano-Hidalgo, 2020). 

According to studies of Lamjaisue, Thongteeraparp, & 

Sinsomboonthong (2017) and Thongsri & Samart (2022), utilizing equivalent 

weight to estimate missing data is more effective than using a single estimating 

approach. As a result, we proposed another two composite imputation methods: k-

nearest random forest with equivalent weighted imputation (KREW), as well as a 

three-composite imputation method: k-nearest stochastic regression and random 

forest with equivalent weighted imputation (KSREW), which is a combination of 

k-nearest neighbors, stochastic regression, and random forest methods with 

equivalent weight. Then we compared them to six methods, namely; HD, KNN, 

PMM, SR, RF, and SREW when the missingness come from three types of 

mechanism (MCAR, MAR and MNAR) on both response and independent 

variables. 

 

In Paper II, we studied the process for creating a multiple linear 

regression model, checking assumptions and Box-Cox transformation. 

We viewed the multiple linear regression analysis. Calculation of 

regression coefficients, test for regression relation and creation of a regression 

model. Then, stepwise processes were studied. The stepwise regression method 

combines forward selection and backward deletion to be utilized in selecting 

independent variables that affect response variables (Smith, 2018; Walczak, 2000). 

This package verifies the homoscedasticity and normality 

assumptions of the multiple linear regression model. Creating a plot of standardized 

residuals vs predicted values or testing with Levene’s Test from the car package 

(car: Companion to Applied Regression) (Fox & Weisberg, 2018)is the fundamental 

method for determining whether homoscedasticity is satisfied. The multiple linear 

regression assumes that the residuals of the model have a normal distribution. We 

can examine the assumption visually with Q-Q plots or formally with statistical tests 

such as the Shapiro-Wilk and Kolmogorov-Smirnov tests ( Royston J.  P. , 1982; 

Royston P. , 1995).  
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When the assumption fails, data transformation using the Box-cox 

transformation method is required. The Box-Cox transformation is a typical 

approach for transforming a nonnormally distributed data set into one that is more 

normally distributed. The goal of this method is to determine a value for lambda 

such that the transformed data is as close to normally distributed as possible without 

violating the normality or variance constancy of the error distributions (Box & Cox, 

1964; Pengfei, 2005).  

We use our understanding of the regression analysis procedure to 

develop a package in the R that simplifies and streamlines the entire approach for 

users. 
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3. Simulation study 

 

This study consists of two parts. The first project, the simulation 

studies were conducted to compare the performance of the eight missing data 

imputation approaches. The eight techniques were evaluated using the average 

mean squared error (AMSE) and a description of its operation is shown in  

Figure 3.1. 

 

 

Figure 3.1: Flowchart showing the comparison process of the eight imputation 

methods. 
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The second project is to create an easy-to-use tool for analyzing 

multiple linear regression using the RStudio program. In the first stage, we will 

review the literature on all regression analyses. The package is then written and 

called mlrpro package. The flowchart and a description of its operation is shown in 

Figure 3.2. 

 

 

Figure 3.2: Flowchart showing the process of the mlrpro package. 
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Figure 3.2: Flowchart showing the process of the mlrpro package. 
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Figure 3.2: Flowchart showing the process of the mlrpro package. 
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4. Result and discussion 

 

We present the simulation studies that were conducted to compare 

the performance of the eight missing data approaches In Paper I. The eight 

techniques were evaluated using the average mean squared error (AMSE).  

The following results will not be shown In Paper I. They are extra 

research in case the standard deviations are between 10 and 15. 

 

Table 4.1 AMSE of the eight methods when the standard deviation of the error 

term is 10 and the missing type is MCAR 

 

Sample 

size 

Missing 

data (%) 

Methods 

HD KNN PMM SR RF SREW KREW KSREW 

30 

10 90.431 89.362 89.774 89.440 89.298 89.205 89.297 89.201 

20 91.729 89.585 90.486 89.852 89.550 89.342 89.482 89.297 

30 92.408 89.581 90.771 90.064 89.250 89.154 89.260 89.085 

40 93.800 89.370 91.245 90.123 89.184 88.949 89.102 88.824 

60 

10 95.978 95.041 95.355 95.216 95.030 95.003 95.013 94.978 

20 96.562 94.572 95.281 95.159 94.604 94.639 94.536 94.534 

30 96.227 93.296 94.572 94.058 93.370 93.355 93.251 93.206 

40 98.876 95.138 96.731 96.056 95.139 95.115 95.019 94.934 

100 

10 97.172 96.289 96.577 96.538 96.336 96.340 96.289 96.283 

20 98.507 96.923 97.497 97.452 96.989 97.034 96.902 96.901 

30 98.021 95.398 96.391 96.100 95.508 95.500 95.388 95.361 

40 99.377 96.237 97.616 97.341 96.374 96.429 96.201 96.207 

150 

10 98.922 98.117 98.362 98.351 98.158 98.168 98.122 98.125 

20 98.456 96.859 97.466 97.419 96.966 97.023 96.877 96.911 

30 100.034 97.402 98.450 98.260 97.652 97.679 97.468 97.491 

40 100.585 97.127 98.579 98.261 97.396 97.462 97.169 97.210 
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Table 4.2 AMSE of the eight methods when the standard deviation of the error 

term is 15 and the missing type is MCAR 

 

 

 

 

 

 

 

 

 

 

 

 

Sample 

size 

Missing 

data (%) 

Methods 

HD KNN PMM SR RF SREW KREW KSREW 

30 

10 202.913 201.171 201.870 201.942 201.184 201.236 201.107 201.107 

20 203.600 199.841 201.829 200.186 199.636 199.254 199.594 199.207 

30 206.497 200.942 203.856 202.127 200.936 200.603 200.699 200.343 

40 206.332 199.348 202.824 201.505 199.190 199.052 198.929 198.643 

60 

10 213.841 212.475 213.163 212.802 212.535 212.493 212.467 212.427 

20 218.337 215.320 216.366 216.327 215.450 215.524 215.324 215.296 

30 219.012 214.587 216.526 216.236 214.920 214.977 214.549 214.453 

40 218.291 212.991 215.329 214.373 213.078 212.950 212.843 212.674 

100 

10 217.731 216.615 217.071 216.889 216.705 216.657 216.633 216.599 

20 218.992 216.621 217.558 217.192 216.776 216.692 216.640 216.572 

30 221.590 218.079 219.478 219.333 218.263 218.356 218.116 218.078 

40 221.745 216.904 219.428 218.842 217.175 217.419 217.040 216.902 

150 

10 220.551 219.453 219.878 219.780 219.562 219.551 219.488 219.484 

20 222.302 220.026 220.967 220.656 220.241 220.207 220.085 220.071 

30 223.142 219.949 221.481 221.093 220.175 220.283 219.985 220.051 

40 222.890 218.282 220.539 220.102 218.648 218.878 218.335 218.485 
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Table 4.3 AMSE of the eight methods when the standard deviation of the error 

term is 10 and the missing type is MAR 

 

Sample 

size 

Missing 

data (%) 

Methods 

HD KNN PMM SR RF SREW KREW KSREW 

30 

10 89.786 88.857 89.134 89.016 88.744 88.727 88.765 88.715 

20 92.533 90.334 91.081 90.491 90.128 89.946 90.138 89.930 

30 92.350 89.540 90.429 89.506 89.148 88.785 89.195 88.824 

40 93.606 89.861 91.203 89.884 89.250 88.819 89.321 88.824 

60 

10 95.594 94.571 94.823 94.703 94.584 94.530 94.553 94.506 

20 96.979 95.228 95.639 95.413 95.143 95.055 95.128 95.027 

30 97.108 94.525 95.368 94.887 94.394 94.257 94.372 94.202 

40 97.564 94.493 95.516 94.761 94.028 93.906 94.110 93.893 

100 

10 97.483 96.576 96.847 96.762 96.580 96.579 96.559 96.546 

20 98.752 97.014 97.451 97.242 96.990 96.917 96.958 96.881 

30 98.686 96.445 96.991 96.775 96.366 96.263 96.328 96.210 

40 99.712 96.796 97.644 97.198 96.640 96.495 96.586 96.416 

150 

10 98.604 97.750 97.952 97.973 97.820 97.809 97.770 97.764 

20 99.476 97.908 98.304 98.189 97.923 97.872 97.875 97.823 

30 97.866 97.574 98.170 97.997 97.588 97.514 97.512 97.430 

40 100.948 98.155 98.936 98.555 97.986 97.892 97.950 97.814 
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Table 4.4 AMSE of the eight methods when the standard deviation of the error 

term is 15 and the missing type is MAR 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sample 

size 

Missing 

data (%) 

Methods 

HD KNN PMM SR RF SREW KREW KSREW 

30 

10 207.653 206.210 206.990 206.340 206.208 205.951 206.137 205.925 

20 203.980 200.146 201.370 200.850 200.157 199.865 199.990 199.702 

30 209.897 204.251 206.770 205.100 203.577 203.386 203.612 203.249 

40 210.306 203.396 206.800 205.020 202.891 202.689 202.768 202.364 

60 

10 215.561 214.026 214.480 214.230 214.115 213.982 214.033 213.936 

20 215.536 212.947 213.990 213.370 212.956 212.768 212.853 212.681 

30 217.825 214.126 215.740 215.140 214.016 214.016 213.925 213.829 

40 220.720 216.106 217.700 216.770 215.634 215.428 215.621 215.333 

100 

10 217.293 216.014 216.570 216.260 216.074 216.032 216.016 215.984 

20 221.908 219.800 220.570 220.170 219.692 219.660 219.685 219.611 

30 219.676 216.491 217.520 216.850 216.333 216.146 216.303 216.101 

40 221.795 218.021 219.030 218.420 217.371 217.339 217.498 217.308 

150 

10 221.394 220.317 220.660 220.560 220.409 220.375 220.344 220.323 

20 222.428 220.604 221.170 221.080 220.629 220.623 220.568 220.539 

30 221.590 218.842 219.610 219.320 218.807 218.701 218.730 218.610 

40 223.131 219.786 220.750 220.100 219.551 219.322 219.501 219.247 
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Table 4.5 AMSE of the eight methods when the standard deviation of the error 

term is 10 and the missing type is MNAR 

 

Sample 

size 

Missing 

data (%) 

Methods 

HD KNN PMM SR RF SREW KREW KSREW 

30 

10 91.625 90.554 91.069 90.891 90.515 90.551 90.496 90.493 

20 92.779 90.861 91.680 91.122 90.690 90.545 90.691 90.520 

30 94.091 90.729 92.124 90.816 90.360 90.052 90.417 90.079 

40 96.677 92.723 94.350 93.025 92.349 91.924 92.342 91.879 

60 

10 95.883 94.924 95.285 95.081 94.923 94.889 94.899 94.865 

20 97.322 95.609 96.235 95.920 95.579 95.513 95.540 95.463 

30 97.501 94.908 96.019 95.436 94.956 94.826 94.852 94.723 

40 99.512 95.780 97.292 96.509 95.437 95.478 95.477 95.378 

100 

10 98.189 97.291 97.605 97.487 97.314 97.306 97.284 97.270 

20 98.110 96.448 97.166 96.839 96.513 96.476 96.437 96.397 

30 99.716 97.211 98.159 97.789 97.267 97.221 97.169 97.112 

40 99.591 96.366 97.569 97.103 96.272 96.260 96.214 96.133 

150 

10 98.406 97.602 97.873 97.807 97.647 97.640 97.609 97.602 

20 99.916 98.257 98.784 98.657 98.326 98.310 98.256 98.234 

30 100.720 98.249 99.098 98.940 98.290 98.345 98.207 98.218 

40 101.028 97.720 98.843 98.4510 97.724 97.716 97.618 97.565 
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Table 4.6 AMSE of the eight methods when the standard deviation of the error 

term is 15 and the missing type is MNAR 

 

 

 

Tables 4.1-4.6 reveal that when the standard deviation of error 

increased to 1 0  and 1 5 , the findings matched the simulation with a standard 

deviation of error of 5 .  Although increasing the sample size to 200, 300, and 500, 

the outcome stays the same. 

 

 

 

 

 

Sample 

size 

Missing 

data (%) 

Methods 

HD KNN PMM SR RF SREW KREW KSREW 

30 

10 205.319 203.715 204.540 203.770 203.558 203.339 203.576 203.358 

20 203.705 199.972 201.590 201.230 199.878 199.928 199.781 199.717 

30 208.540 202.809 205.070 203.630 202.544 202.031 202.436 201.902 

40 212.187 205.117 208.060 206.610 204.221 204.088 204.347 203.894 

60 

10 215.670 214.271 214.980 214.680 214.345 214.325 214.269 214.247 

20 216.554 213.878 215.050 214.720 213.871 219.933 213.800 213.784 

30 218.031 214.315 216.180 215.450 214.356 214.316 214.210 214.109 

40 221.539 216.290 218.520 217.800 215.964 216.073 215.928 215.841 

100 

10 219.404 218.356 218.820 218.690 218.394 218.404 218.349 218.346 

20 220.320 217.817 218.840 218.360 217.866 217.822 217.781 217.722 

30 223.237 219.654 221.110 220.710 219.769 219.777 219.611 219.575 

40 221.366 216.952 218.790 217.850 216.765 216.715 216.713 216.576 

150 

10 221.666 220.568 221.000 220.860 220.670 220.650 220.599 220.591 

20 223.313 221.282 222.050 221.780 221.391 221.344 221.290 221.249 

30 223.116 220.046 221.340 221.090 220.070 220.218 219.982 220.036 

40 224.879 220.907 222.270 221.710 220.763 220.737 220.701 220.599 
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5. Conclusions 

 

 The first project study’s objective is to develop and compare the 

efficiency of eight methods for dealing with missing data on dependent and 

independent variables in multiple linear regression. The estimates obtained by the 

composite imputation method: SREW, KREW, and KSREW outperform other 

approaches, according to our simulation results. The KSREW, in particular, 

excelled in practically every situation. Furthermore, when the sample size was less 

than 60, the SREW performed well next to the KSREW, but when the sample size 

was greater than 60, the KREW seemed to perform better. Overall, the proposed 

composite approaches outperformed the single ones, particularly a three-component 

method called KSREW. 

 The second project is to create a function for analyzing multiple 

linear regressions using the RStudio software.  The mlrpro package is a tool for 

multiple regression, select independent variables, check multiple linear regression 

assumptions and identify possible model.  We have developed functions to calculate 

the best multiple linear regression model, coefficients, fitted values and residuals 

etc.  Moreover, it can compute lambda value, transform data by Box-Cox 

transformation and present graphical displays of residuals versus fitted values plot, 

normal Q-Q plot and lambda interval plot derived from Box-Cox transformations. 

The mlrpro package is ideal for users who are just starting out with regression 

analysis because it is simple and straightforward for users. Additionally, we expect 

that the accessibility of this tool will lead to an increase in their overall utilization. 
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SOURCE CODE 

 

1. A set of instructions used to develop and compared the efficiency of eight 

imputation methods. 

> Population <- 100000 

> set.seed(112) 

> x1 <- runif(Population,3,5); #x1 

> x2 <- runif(Population,1,10); #x2 

> e <- rnorm(Population,0,5) 

> b0 <- 1; b1 <- 1; b2 <- 1 

> y <- b0+(b1*x1)+(b2*x2)+e; #y 

> MyData <- data.frame(y,x1,x2); #MyData 

> SampleSize <- 30 

> PercenMissing <- 0.4 

> Repeat <- 1000 

> Sum_MSE_KNN <- 0 

> Sum_MSE_Stochas <- 0 

> Sum_MSE_PMM  <- 0 

> Sum_MSE_MissForest<- 0 

> Sum_MSE_Stochas_MissForest <- 0 

> Sum_MSE_KNN_MissForest <- 0 

> Sum_MSE_KNN_Stochas_MissForest <- 0 

> Sum_MSE_HotDeck <- 0 
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> Sum_MSE_KNN_Stochas <- 0 

> i <- 1 

> while (i <= Repeat) { 

 > Sample <- MyData[sample(nrow(MyData),SampleSize),]; #Sample 

 >  Missing <- ampute(Sample,prop = PercenMissing,mech = "MCAR") 

  >  MissingData <- Missing$amp 

 #----------------------------- Method  ------------------------------# 

 > #install.packages("VIM") 

 > #library(VIM) 

 > Predict_Hot.Deck <- hotdeck(MissingData,variable=c("y","x1","x2")) 

 > Fit_Hot.Deck <- lm(Predict_Hot.Deck[,1] ~ 

 Predict_Hot.Deck[,2]+Predict_Hot.Deck[,3]) 

   > MSE_Hot.Deck <- (sum((Fit_Hot.Deck$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_HotDeck <- MSE_Hot.Deck+Sum_MSE_HotDeck  

 #--------------------------- KNN  ----------------------------------# 

   > Sqrt_M <- round(sqrt(SampleSize-(PercenMissing*SampleSize))) 

  > Predict_KNN <- kNN(MissingData,variable = c("y","x1","x2"),k=Sqrt_M) 

   > Fit_KNN <- lm(Predict_KNN[,1] ~ Predict_KNN[,2]+Predict_KNN[,3]) 

  > MSE_KNN<- (sum((Fit_KNN$fitted.values- Sample[,1])^2))/SampleSize 

 > Sum_MSE_KNN <- MSE_KNN+Sum_MSE_KNN 

   

 #--------------------------- Stochas  -----------------------------# 

 > #install.packages("mice") 
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 > #library(mice) 

 > Predict_Stochas <- mice(MissingData,method = "norm.nob") 

 > Data_Predict_Stochas <- complete(Predict_Stochas);#Data_Predict_Stochas 

 > Fit_Stochas <- lm(Data_Predict_Stochas[,1] ~Data_Predict_Stochas 

 [,2]+Data_Predict_Stochas[,3]) 

 > MSE_Stochas <- (sum((Fit_Stochas$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_Stochas <- MSE_Stochas+Sum_MSE_Stochas 

 #-------------------------- pmm  ----------------------------# 

 > Predict_PMM   <- mice(MissingData,method = "pmm") 

 > Data_Predict_PMM  <- complete(Predict_PMM);#Data_Predict_PMM 

 > Fit_PMM <- lm(Data_Predict_PMM[,1] ~ 

 Data_Predict_PMM[,2]+Data_Predict_PMM[,3])  

 > MSE_PMM <- (sum((Fit_PMM$fitted.values-Sample[,1])^2))/SampleSize 

 > Sum_MSE_PMM <- Sum_MSE_PMM+MSE_PMM 

 #------------------------- MissForest ------------------------------# 

 > #install.packages("missForest") 

 > #library(missForest) 

 > MissForest <- missForest(MissingData) 

 > Forest <-  MissForest$ximp 

 > Fit_MissForest <- lm(Forest[,1] ~  Forest[,2]+ Forest[,3]) 

 > MSE_MissForest <- (sum((Fit_MissForest$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_MissForest <-  Sum_MSE_MissForest + MSE_MissForest 
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 #------------------------- KNN_MissForest ------------------------------# 

 > KNN_MissForest_Y <- (Predict_KNN[,1]+Forest[,1])/2 

 > KNN_MissForest_X1 <- (Predict_KNN[,2]+Forest[,2])/2 

 > KNN_MissForest_X2 <- (Predict_KNN[,3]+Forest[,3])/2 

 > Fit_KNN_MissForest <- 

 lm(KNN_MissForest_Y~KNN_MissForest_X1+KNN_MissForest_X2) 

 > MSE_KNN_MissForest <- (sum((Fit_KNN_MissForest$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_KNN_MissForest <- Sum_MSE_KNN_MissForest + 

 MSE_KNN_MissForest 

 #------------------------- Stochas_MissForest ------------------------------# 

 > Stochas_MissForest_Y <- (Data_Predict_Stochas[,1]+Forest[,1])/2 

 > Stochas_MissForest_X1 <- (Data_Predict_Stochas[,2]+Forest[,2])/2 

 > Stochas_MissForest_X2 <- (Data_Predict_Stochas[,3]+Forest[,3])/2 

 > Fit_Stochas_MissForest <-      

           lm(Stochas_MissForest_Y~Stochas_MissForest_X1+Stochas_MissForest_X2) 

 > MSE_Stochas_MissForest  <- (sum((Fit_Stochas_MissForest$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_Stochas_MissForest <- 

 Sum_MSE_Stochas_MissForest+MSE_Stochas_MissForest 

 #------------------------- KNN_MissForest_Stochas ------------------------------# 

 > KNN_MissForest_Stochas_Y <- 

 (Predict_KNN[,1]+Forest[,1]+Data_Predict_Stochas[,1])/3 

 > KNN_MissForest_Stochas_X1 <- 

 (Predict_KNN[,2]+Forest[,2]+Data_Predict_Stochas[,2])/3 
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 > KNN_MissForest_Stochas_X2 <- 

 (Predict_KNN[,3]+Forest[,3]+Data_Predict_Stochas[,3])/3 

 > Fit_KNN_Stochas_MissForest <- lm(KNN_MissForest_Stochas_Y 

 ~KNN_MissForest_Stochas_X1+KNN_MissForest_Stochas_X2) 

 > MSE_KNN_Stochas_MissForest  <- 

 (sum((Fit_KNN_Stochas_MissForest$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_KNN_Stochas_MissForest <-  

 Sum_MSE_KNN_Stochas_MissForest+MSE_KNN_Stochas_MissForest 

 #------------------------- KNN_Stochas ------------------------------# 

 > KNN_Stochas_Y <- (Predict_KNN[,1]+Data_Predict_Stochas[,1])/2 

 > KNN_Stochas_X1 <- (Predict_KNN[,2]+Data_Predict_Stochas[,2])/2 

 > KNN_Stochas_X2 <- (Predict_KNN[,3]+Data_Predict_Stochas[,3])/2 

 > Fit_KNN_Stochas <- lm(KNN_Stochas_Y 

 ~KNN_Stochas_X1+KNN_Stochas_X2) 

 > MSE_KNN_Stochas  <- (sum((Fit_KNN_Stochas$fitted.values-

 Sample[,1])^2))/SampleSize 

 > Sum_MSE_KNN_Stochas <-  Sum_MSE_KNN_Stochas + 

 MSE_KNN_Stochas 

 i = i+1 

} 

> AVG_MSE_KNN <- Sum_MSE_KNN/Repeat;round(AVG_MSE_KNN,4) 

> AVG_MSE_PMM  <- Sum_MSE_PMM/Repeat;round(AVG_MSE_PMM,4) 

> AVG_MSE_Stochas <- Sum_MSE_Stochas/Repeat;round(AVG_MSE_Stochas,4) 

> AVG_MSE_MissForest <-    

   Sum_MSE_MissForest/Repeat;round(AVG_MSE_MissForest,4) 
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> AVG_MSE_KNN_MissForest <-  

   Sum_MSE_KNN_MissForest/Repeat;round(AVG_MSE_KNN_MissForest,4) 

> AVG_MSE_Stochas_MissForest <- 

   Sum_MSE_Stochas_MissForest/Repeat;round(AVG_MSE_Stochas_MissForest,4) 

> AVG_MSE_Sum_MSE_HotDeck <- 

   Sum_MSE_HotDeck/Repeat;round(AVG_MSE_Sum_MSE_HotDeck,4) 

> AVG_MSE_Sum_KNN_Stochas_MissForest <- 

Sum_MSE_KNN_Stochas_MissForest/Repeat;round(AVG_MSE_Sum_KNN_Stocha

s_MissForest,4) 

> AVG_MSE_Sum_KNN_Stochas <- 

   Sum_MSE_KNN_Stochas/Repeat;round(AVG_MSE_Sum_KNN_Stochas,4) 
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2. A set of instructions to create a function for analyzing multiple linear 

regressions. 

> #install.packages("dplyr");library(dplyr) 

> #install.packages("car");library(car) 

> #install.packages("MASS");library(MASS) 

> mlrpro <- function(Data,Y,Column_Y,Alpha) { 

> Newdata <- DataNewdata[Column_Y] <- NULL 

> y <- Y 

> Newdata <- data.frame(y,Newdata) 

> fit <- suppressWarnings(step(lm(y~.,data=Newdata ,direct="both"),trace = 0)) 

> sumfit <- suppressWarnings(summary(fit)) 

> Number_Beta <- as.numeric(nrow(sumfit$coefficients)) 

> Decision <- 0 

> i <- 1 

> while (i <= Number_Beta) { 

 > x <- ifelse(sumfit$coefficients[i,4]<=Alpha,"Sig","NoSig") 

 > Decision[i] <- x 

 > i = i+1 

  } 

> view <- data.frame(sumfit$coefficients) 

> view <- mutate(view, Decision ) 

> NoSig <- subset(view,view$Decision == "NoSig") 

> RowNoSig <- as.numeric(nrow(NoSig)) 
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> Sig <-  subset(view,view$Decision == "Sig") 

> RowSig <- as.numeric(nrow(Sig)) 

> if (RowSig <= 0) { 

 > Newdata1 <- Newdata 

 > Find.Lambda <- (boxcox(y~.,data= Newdata1)) 

 > Find.Lambda2 <- data.frame(Find.Lambda$x,Find.Lambda$y) 

 > Find.Lambda3 <- 

 subset(Find.Lambda2,Find.Lambda$y==max(Find.Lambda$y)) 

 > Optimal.lambda <- Find.Lambda3$Find.Lambda.x 

 > Optimal.lambda.true <- Find.Lambda3$Find.Lambda.x 

 > ifelse (Optimal.lambda >= 0.75 && Optimal.lambda < 1.5, 

 Optimal.lambda <- 1, 

 > Optimal.lambda <- Optimal.lambda) 

> if (Optimal.lambda == 1 ) { 

 > writeLines(c("-------------------------","Stepwise regression model ","----------

 ---------------")) 

 > print(suppressWarnings(summary(fit))) 

 > writeLines(c("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines("[1] The errors do not follow a normal distribution.") 

 > writeLines("[1] The variance of the errors is not constant 

 (Heteroscedastic).") 

 > writeLines("------------------------\n Box cox transformation \n------------------

 ------") 

 > writeLines("[1] Optimal lambda approximate to 1.") 
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 > message("The multiple linear regression may not be appropriate for this 

 data.") 

 > plot(fit,1) 

 > plot(fit,2) 

 > list( 

  coefficients = fit$coefficients, 

  residuals = fit$residuals, 

  fitted.values = fit$fitted.values, 

  rank = fit$rank, 

  df.residual = fit$df.residual, 

  call = fit$call, 

  terms = fit$terms, 

  model = fit$mode 

 ) 

} else if (Optimal.lambda != 1) { 

 > writeLines(c("--------------------------------------------------","Regression model 

 derived from data transformations","--------------------------------------------------

 ")) 

> if (Optimal.lambda > -0.25 && Optimal.lambda < 0.25){ 

 > lambda <- 0  

 > writeLines(c("The lambda value utilized in the data conversion is 0 ","and 

 transformation the dependent variable is in the form: y=log(y)")) 

 > y.prime <- log(y) 

 > Newdata1$y <- NULL 



56 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 0.25 && Optimal.lambda < 0.75 ) { 

 > lambda <- 0.5 

 > writeLines(c("The lambda value utilized in the data conversion is 0.5", 

 "and transformation the dependent variable is in the form: y=sqrt(y)")) 

 > y.prime <- sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~., data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 1.5 && Optimal.lambda <= 2 ) { 

 > lambda <- 2 

 > writeLines(c("The lambda value utilized in the data conversion is 2 ","and 

 > transformation the dependent variable is in the form: y=y^2")) 

 > y.prime <- (y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.25 && Optimal.lambda > -0.75 ) { 

 > lambda <- -0.5 
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 > writeLines(c("The lambda value utilized in the data conversion is -0.5 "," 

 and transformation the dependent variable is in the form: y=1/sqrt(y)")) 

 > y.prime <- 1/sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.75 && Optimal.lambda > -1.5 ) { 

 > lambda <- -1 

 > writeLines(c("The lambda value utilized in the data conversion is -1 ","and 

 transformation the dependent variable is in the form: y=1/y")) 

 > y.prime <- 1/y 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -1.5 && Optimal.lambda >= -2 ) { 

 > lambda <- -2 

 > writeLines(c("The lambda value utilized in the data conversion is "," and 

 transformation the dependent variable is in the form: y=1/y^2")) 

 > y.prime <- 1/(y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 
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 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

 } 

 > error <- fit_end$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit_end,1) 

 > plot(fit_end,2) 

 > print(suppressWarnings(summary(fit_end))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse(variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit_end$coefficients, 

  residuals = fit_end$residuals, 

  fitted.values = fit_end$fitted.values, 

  rank = fit_end$rank, 

  df.residual = fit_end$df.residual, 
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  call = fit_end$call, 

  terms = fit_end$terms, 

  model = fit_end$model, 

  lambda = lambda 

 ) } } 

else { 

     > beta0 <- sumfit$coefficients[1,4] 

    > RowNoSig <- as.numeric(nrow(NoSig)) 

 > if (beta0 <= Alpha && RowNoSig > 0)  { 

        > delete.Intercept <- row.names(Sig) 

        > delete.Intercept <- delete.Intercept[-1] 

        > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

          > Newdata1 <- Newdata[delete.Intercept] 

         > Newdata1 <- data.frame(y,Newdata1) 

        > fit1 <- suppressWarnings(lm(y~., data=Newdata1)) 

          > sumfit1 <- suppressWarnings(summary(fit1)) 

          > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 
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  > i = i+1  

 } 

 > view1 <- data.frame(sumfit1$coefficients) 

        > view1 <- mutate(view1, Decision1) 

         > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

         > delete.Intercept <- delete.Intercept[-1] 

         > NoSig <- subset(view1,view1$Decision == "NoSig") 

         > RowNoSig <- as.numeric(nrow(NoSig)) 

        > RowNoSig = RowNoSig+0 

       } 

 > error <- fit1$residuals 

       > error.Group <- factor(error<=median(error)) 

       > Normal <- shapiro.test(error) 

       > variance <- leveneTest(error,group = error.Group) 

       > variance_p <- variance$`Pr(>F)`[1] 

 > if (Normal$p.value <= Alpha || variance_p <=Alpha) { 

 > Find.Lambda <- (boxcox(y~.,data= Newdata1)) 

 > Find.Lambda2 <- data.frame(Find.Lambda$x,Find.Lambda$y) 

        > Find.Lambda3 <-

 subset(Find.Lambda2,Find.Lambda$y==max(Find.Lambda$y)) 

        > Optimal.lambda <- Find.Lambda3$Find.Lambda.x 

         > Optimal.lambda.true <- Find.Lambda3$Find.Lambda.x 
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 > ifelse (Optimal.lambda >= 0.75 && Optimal.lambda < 1.5,Optimal.lambda 

 <- 1, 

 > Optimal.lambda <- Optimal.lambda ) 

 > if (Optimal.lambda == 1 ) { 

 > writeLines("---------------------------\n Stepwise regression model \n------------

 ---------------") 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines ("----------------------\n Checking Assumptions \n--------------------

 --") 

 > writeLines("[1] The errors do not follow a normal distribution.") 

           > writeLines("[1] The variance of the errors is not constant 

 (Heteroscedastic).") 

 > writeLines("------------------------\n Box cox transformation \n------------------

 ------") 

 > writeLines("Optimal lambda approximate to 1.") 

 > message("The multiple linear regression may not be appropriate for this 

 data.") 

           > plot(fit1,1) 

           > plot(fit1,2) 

           > list( 

             coefficients = fit1$coefficients, 

             residuals = fit1$residuals, 

              fitted.values = fit1$fitted.values, 

              rank = fit1$rank, 

             df.residual = fit1$df.residual, 
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             call = fit1$call, 

             terms = fit1$terms, 

             model = fit1$model 

 ) 

} else if (Optimal.lambda != 1) { 

 > writeLines(c("--------------------------------------------------","Regression model 

 derived from data transformations","--------------------------------------------------

 ")) 

> if (Optimal.lambda > -0.25 && Optimal.lambda < 0.25){ 

 > lambda <- 0 

 > writeLines(c("The lambda value utilized in the data conversion is 0","and 

 transformation the dependent variable is in the form: y = log(y)")) 

 > y.prime <- log(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

 }  

> else if (Optimal.lambda >= 0.25 && Optimal.lambda < 0.75 ) { 

 > lambda <- 0.5 

 > writeLines(c("The lambda value utilized in the data conversion is 0.5 ","and 

 transformation the dependent variable is in the form: y=sqrt(y)")) 

 > y.prime <- sqrt(y) 

 > Newdata1$y <- NULL 
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 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 1.5 && Optimal.lambda <= 2 ) { 

 > lambda <- 2 

 > writeLines(c("The lambda value utilized in the data conversion is 2 ","and 

 transformation the dependent variable is in the form: y=y^2")) 

 > y.prime <- (y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.25 && Optimal.lambda > -0.75 ) { 

 > lambda <- -0.5 

 > writeLines(c("The lambda value utilized in the data conversion is -0.5 ","and 

 transformation the dependent variable is in the form: y=1/sqrt(y)")) 

 > y.prime <- 1/sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.75 && Optimal.lambda > -1.5 ) { 

 > lambda <- -1 
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 > writeLines(c("The lambda value utilized in the data conversion is -1 ","and t

 ransformation the dependent variable is in the form: y=1/y")) 

 > y.prime <- 1/y 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -1.5 && Optimal.lambda>= -2 ) { 

 > lambda <- -2 

 > writeLines(c("The lambda value utilized in the data conversion is -2","and 

 transformation the dependent variable is in the form: y=1/y^2")) 

 > y.prime <- 1/(y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

 } 

 > Number_Beta <- as.numeric(nrow(sum_fit_end$coefficients)) 

 > Decision <- 0 

 > i <- 1 

 > while (i <= Number_Beta) { 

  > x <- ifelse(sum_fit_end$coefficients[i,4]<=Alpha,"Sig","NoSig") 

  > Decision[i] <- x 

  > i = i+1 } 
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 > view <- data.frame(sum_fit_end$coefficients) 

 > view <- mutate(view, Decision ) 

 > NoSig <- subset(view,view$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > Sig <-  subset(view,view$Decision == "Sig") 

 > beta0 <- sum_fit_end$coefficients[1,4] 

> if (beta0 <= Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > Newdata1 <- Newdata[delete.Intercept] 

> while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~., data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1} 

 > view1 <- data.frame(sumfit1$coefficients) 
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 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1]             

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 
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 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 ) 

} else if (beta0 <= Alpha && RowNoSig <= 0) { 

 > error_end <- fit_end$residuals 

 > error.Group <- factor(error_end<=median(error_end)) 

 > Normal <- shapiro.test(error_end) 

 > variance <- leveneTest(error_end,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit_end,1) 

 > plot(fit_end,2) 

 > print(suppressWarnings(summary(fit_end))) 

 > writeLines(c ("----------------------","Checking  Assumptions",  "---------------

 ------")) 

 > ifelse(Normal$p.value <= Alpha,  
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 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution."))  

 > ifelse(variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit_end$coefficients, 

  residuals = fit_end$residuals, 

  fitted.values = fit_end$fitted.values, 

  rank = fit_end$rank, 

  df.residual = fit_end$df.residual, 

  call = fit_end$call, 

  terms = fit_end$terms, 

  model = fit_end$model, 

  lambda = lambda 

 ) 

} else if (beta0 > Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 
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 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  Decision1[i] <- x 

  i = i+1} 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 
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 > writeLines(c ("----------------------",  "Checking  Assumptions","---------------

 ------")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution.") 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

) } else { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 



71 

             

 > error <- sumfit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 >  <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions",  "---------------

 ------")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 
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  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 )}} 

 }else if (Normal$p.value >= Alpha && variance_p >= Alpha) { 

 > writeLines(c("-------------------------","Stepwise regression model ","----------

 ---------------")) 

 > print(suppressWarnings(summary(fit1))) 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > writeLines(c("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines("[1] The errors follow a normal distribution.") 

 > writeLines("[1] The variance of the errors is constant (Homoscedastic).") 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model 

 )} 
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} else if (beta0 <= Alpha && RowNoSig <= 0) { 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > Newdata1 <- Newdata[delete.Intercept] 

 > error <- sumfit$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

> if (Normal$p.value <= Alpha || variance_p <= Alpha) { 

 > Newdata1 <- data.frame(y,Newdata1) 

 > Find.Lambda <- (boxcox(y~., data=Newdata1)) 

 > Find.Lambda2 <- data.frame(Find.Lambda$x,Find.Lambda$y) 

 > Find.Lambda3 <- 

 subset(Find.Lambda2,Find.Lambda$y==max(Find.Lambda$y)) 

 > Optimal.lambda <- Find.Lambda3$Find.Lambda.x 

 > Optimal.lambda.true <- Find.Lambda3$Find.Lambda.x 

 > ifelse (Optimal.lambda >= 0.75 && Optimal.lambda < 1.5,Optimal.lambda 

 <- 1, 

 > Optimal.lambda <- Optimal.lambda) 

> if (Optimal.lambda == 1 ) { 

 > writeLines(c("-------------------------","Stepwise regression model ","----------

 ---------------")) 

 > print(suppressWarnings(summary(fit))) 
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 > writeLines(c("----------------------",  "Checking  Assumptions",  "--------------

 -------")) 

 > writeLines("[1] The errors do not follow a normal distribution.") 

 > writeLines("[1] The variance of the errors is not constant 

 (Heteroscedastic).")     

 > writeLines("------------------------\n Box cox transformation \n------------------

 ------") 

 > writeLines("[1] Optimal lambda approximate to 1.") 

 > message("The multiple linear regression may not be appropriate for this 

 data.") 

 > plot(fit,1) 

 > plot(fit,2) 

 > list( 

  coefficients = fit$coefficients, 

  residuals = fit$residuals, 

  fitted.values = fit$fitted.values, 

  rank = fit$rank, 

  df.residual = fit$df.residual, 

  call = fit$call, 

  terms = fit$terms, 

  model = fit$model 

 ) 

} else if (Optimal.lambda != 1) { 
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 > writeLines(c("--------------------------------------------------","Regression model 

 derived from data transformations","--------------------------------------------------

 ")) 

> if (Optimal.lambda > -0.25 && Optimal.lambda < 0.25){ 

 lambda <- 0 

 > writeLines(c("The lambda value utilized in the data conversion is 0 ","and 

 transformation the dependent variable is in the form: y=log(y)")) 

 > y.prime <- log(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 0.25 && Optimal.lambda < 0.75 ) { 

 > lambda <- 0.5 

 > writeLines(c("The lambda value utilized in the data conversion is 0.5","and 

 transformation the dependent variable is in the form: y=sqrt(y)")) 

 > y.prime <- sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~., data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 1.5 && Optimal.lambda <= 2 ) {  

 >  lambda <- 2 
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 > writeLines(c("The lambda value utilized in the data conversion is 2 ","and 

 transformation the dependent variable is in the form: y=y^2")) 

 > y.prime <- (y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.25 && Optimal.lambda > -0.75 ) { 

 > lambda <- -0.5 

 > writeLines(c("The lambda value utilized in the data conversion is -0.5 "," 

 and transformation the dependent variable is in the form: y=1/sqrt(y)")) 

 > y.prime <- 1/sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.75 && Optimal.lambda > -1.5 ) { 

 > lambda <- -1 

 > writeLines(c("The lambda value utilized in the data conversion is -1 ","and 

 transformation the dependent variable is in the form: y=1/y")) 

 > y.prime <- 1/y 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 
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 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -1.5 && Optimal.lambda >= -2 ) { 

 > lambda <- -2 

 > writeLines(c("The lambda value utilized in the data conversion is "," and 

 transformation the dependent variable is in the form: y=1/y^2")) 

 > y.prime <- 1/(y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

 } 

 > Number_Beta <- as.numeric(nrow(sum_fit_end$coefficients)) 

 > Decision <- 0 

 > i <- 1 

 > while (i <= Number_Beta) { 

  > x <- ifelse(sum_fit_end$coefficients[i,4]<=Alpha,"Sig","NoSig") 

  > Decision[i] <- x 

  > i = i+1 

  } 

 > view <- data.frame(sum_fit_end$coefficients) 

 > view <- mutate(view, Decision ) 

 > NoSig <- subset(view,view$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 
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 > Sig <-  subset(view,view$Decision == "Sig") 

 > beta0 <- sum_fit_end$coefficients[1,4] 

 > if (beta0 <= Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

  > Newdata1 <- Newdata[delete.Intercept] 

  > Newdata1 <- data.frame(y,Newdata1) 

  > fit1 <- suppressWarnings(lm(y~., data=Newdata1)) 

  > sumfit1 <- suppressWarnings(summary(fit1)) 

  > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

  > Decision1 <- 0 

  > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1 } 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 
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 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 



80 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 ) 

} else if (beta0 <= Alpha && RowNoSig <= 0) { 

 > error_end <- fit_end$residuals 

 > error.Group <- factor(error_end<=median(error_end)) 

 > Normal <- shapiro.test(error_end) 

 > variance <- leveneTest(error_end,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit_end,1) 

 > plot(fit_end,2) 

 > print(suppressWarnings(summary(fit_end))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 
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 > list( 

  coefficients = fit_end$coefficients, 

  residuals = fit_end$residuals, 

  fitted.values = fit_end$fitted.values, 

  rank = fit_end$rank, 

  df.residual = fit_end$df.residual, 

  call = fit_end$call, 

  terms = fit_end$terms, 

  model = fit_end$model, 

  lambda = lambda 

 ) 

} else if (beta0 > Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 
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  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1 } 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 
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 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 ) 

} else { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > error <- sumfit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 
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 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 ) } } 

} else if (Normal$p.value >= Alpha && variance_p >= Alpha) { 
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 > plot(fit,1) 

 > plot(fit,2) 

 > writeLines(c("-------------------------","Stepwise regression model ","----------

 ---------------")) 

 > print(suppressWarnings(summary(fit))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines("[1] The errors follow a normal distribution.") 

 > writeLines("[1] The variance of the errors is constant (Homoscedastic).") 

 > list( 

  coefficients = fit$coefficients, 

  residuals = fit$residuals, 

  fitted.values = fit$fitted.values, 

  rank = fit$rank, 

  df.residual = fit$df.residual, 

  call = fit$call, 

  terms = fit$terms, 

  model = fit$model 

 ) } 

} else if (beta0 > Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 
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 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1 } 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 
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> if (Normal$p.value <= Alpha || variance_p <= Alpha) { 

 > Find.Lambda <- (boxcox(y~.,data=Newdata1)) 

 > Find.Lambda2 <- data.frame(Find.Lambda$x,Find.Lambda$y) 

 > Find.Lambda3 <- 

 subset(Find.Lambda2,Find.Lambda$y==max(Find.Lambda$y)) 

 > Optimal.lambda <- Find.Lambda3$Find.Lambda.x 

 > Optimal.lambda.true  <- Find.Lambda3$Find.Lambda.x 

 > ifelse (Optimal.lambda >= 0.75 && Optimal.lambda < 1.5,Optimal.lambda 

 <- 1, 

 > Optimal.lambda <- Optimal.lambda) 

> if (Optimal.lambda == 1 ) { 

 > writeLines(c("-------------------------","Stepwise regression model ","----------

 ---------------")) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines("[1] The errors do not follow a normal distribution.") 

 > writeLines("[1] The variance of the errors is not constant 

 (Heteroscedastic).") 

 > writeLines("------------------------\n Box cox transformation \n------------------

 ------") 

 > writeLines("Optimal lambda approximate to 1.") 

 > message("The multiple linear regression may not be appropriate for this 

 data.") 

 > plot(fit1,1) 
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 > plot(fit1,2) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model 

 ) 

} else if (Optimal.lambda!= 1) { 

 > writeLines(c ("---------------------------------------------------","Regression 

 model derived from data transformations","------------------------------------------

 ---------")) 

> if (Optimal.lambda> -0.25 && Optimal.lambda< 0.25){ 

 > lambda <- 0 

 > writeLines(c("The lambda value utilized in the data conversion is 0","and 

  transformation the dependent variable is in the form: y = log(y)")) 

 > y.prime <- log(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 
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} else if (Optimal.lambda >= 0.25 && Optimal.lambda < 0.75 ) { 

 > lambda <- 0.5 

 > writeLines(c("The lambda value utilized in the data conversion is 0.5 ","and 

 transformation the dependent variable is in the form: y=sqrt(y)")) 

 > y.prime <- sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data= Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 1.5 && Optimal.lambda <= 2 ) { 

 > lambda <- 2 

  > writeLines(c("The lambda value utilized in the data conversion is 2",   "and 

 transformation the dependent variable is in the form: y=y^2")) 

 > y.prime <- (y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.25 && Optimal.lambda > -0.75 ) { 

 > lambda <- -0.5 

 > writeLines(c("The lambda value utilized in the data conversion is -0.5","and 

 transformation the dependent variable is in the form: y=1/sqrt(y)")) 

 > y.prime <- 1/sqrt(y) 

 > Newdata1$y <- NULL 
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 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.75 && Optimal.lambda > -1.5 ) { 

 > lambda <- -1 

 > writeLines(c("The lambda value utilized in the data conversion is -1","and 

 transformation the dependent variable is in the form: y=1/y")) 

 > y.prime <- 1/y 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data =  Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -1.5 && Optimal.lambda >= -2 ) { 

 > lambda <- -2 

 > writeLines(c("\n","The lambda value utilized in the data conversion is -2 "," 

 and transformation the dependent variable is in the form: y=1/y^2")) 

 > y.prime <- 1/(y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data =  Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

}           

 > Number_Beta <- as.numeric(nrow(sum_fit_end$coefficients)) 

 > Decision <- 0 
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 > i <- 1 

 > while (i <= Number_Beta) { 

  > x <- ifelse(sum_fit_end$coefficients[i,4]<=Alpha,"Sig","NoSig") 

  > Decision[i] <- x 

  > i = i+1 } 

 > view <- data.frame(sum_fit_end$coefficients) 

 > view <- mutate(view, Decision ) 

 > NoSig <- subset(view,view$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > Sig <-  subset(view,view$Decision == "Sig") 

 > beta0 <- sum_fit_end$coefficients[1,4] 

> if (beta0 <= Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+., data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 
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  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1} 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2)          

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions",  "---------------

 ------")) 
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 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a  normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 ) 

} else if (beta0 <= Alpha && RowNoSig <= 0) { 

 > error_end <- fit_end$residuals 

 > error.Group <- factor(error_end<=median(error_end)) 

 > Normal <- shapiro.test(error_end) 

 > variance <- leveneTest(error_end,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit_end,1) 
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 > plot(fit_end,2) 

 > print(suppressWarnings(summary(fit_end))) 

 > writeLines(c ("----------------------","Checking  Assumptions",  "---------------

 ------")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit_end$coefficients, 

  residuals = fit_end$residuals, 

  fitted.values = fit_end$fitted.values, 

  rank = fit_end$rank, 

  df.residual = fit_end$df.residual, 

  call = fit_end$call, 

  terms = fit_end$terms, 

  model = fit_end$model, 

  lambda = lambda 

 ) 

} else if (beta0 > Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 
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 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1} 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 

 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 
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 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse(variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 
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 ) } 

else { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > error <- sumfit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 > print.noquote (" The errors do not follow a normal distribution."), 

 > print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 
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  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 ) } } 

} else if (Normal$p.value >= Alpha && variance_p >= Alpha) { 

 > writeLines(c ("-------------------------","Stepwise regression model ","---------

 ----------------")) 

 > print(suppressWarnings(summary(fit1))) 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > writeLines(c("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines ("[1] The errors follow a normal distribution.") 

 > writeLines ("[1] The variance of the errors is constant (Homoscedastic).") 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 
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  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model   

 ) }  

} else  { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > error <- sumfit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

> if (Normal$p.value <= Alpha || variance_p <= Alpha) { 

 > Newdata1 <- data.frame(y,Newdata1) 

 > Find.Lambda <- (boxcox(y~., data = Newdata1)) 

 > Find.Lambda2 <- data.frame(Find.Lambda$x,Find.Lambda$y) 

 > Find.Lambda3 <- 

 subset(Find.Lambda2,Find.Lambda$y==max(Find.Lambda$y)) 
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 > Optimal.lambda <- Find.Lambda3$Find.Lambda.x 

 > Optimal.lambda.true <- Find.Lambda3$Find.Lambda.x 

 > ifelse (Optimal.lambda >= 0.75 && Optimal.lambda < 1.5,Optimal.lambda 

 <- 1, 

 > Optimal.lambda <- Optimal.lambda) 

> if (Optimal.lambda == 1 ) { 

 > writeLines(c("-------------------------","Stepwise regression model ","----------

 ---------------")) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines ("[1] The errors do not follow a normal distribution.") 

 > writeLines ("[1] The variance of the errors is not constant 

 (Heteroscedastic).") 

 > writeLines("------------------------\n Box cox transformation \n------------------

 ------") 

 > writeLines("Optimal lambda approximate to 1.") 

 > message("The multiple linear regression may not be appropriate for this 

 data.") 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 
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  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model 

 ) } 

> if (Optimal.lambda != 1) { 

 > writeLines(c("--------------------------------------------------","Regression model 

 derived from data transformations","--------------------------------------------------

 ")) 

> if (Optimal.lambda> -0.25 && Optimal.lambda< 0.25){ 

 > lambda <- 0 

 > writeLines(c("The lambda value utilized in the data conversion is 0","and 

 transformation the dependent variable is in the form: y = log(y)")) 

 > y.prime <- log(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 0.25 && Optimal.lambda < 0.75 ) { 

 > lambda <- 0.5 

 > writeLines(c("The lambda value utilized in the data conversion is 0.5 ", "and 

 > transformation the dependent variable is in the form: y=sqrt(y)")) 

 > y.prime <- sqrt(y) 
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 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data= Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda >= 1.5 && Optimal.lambda <= 2 ) { 

 > lambda <- 2 

 > writeLines(c("The lambda value utilized in the data conversion is 2","and 

 transformation the dependent variable is in the form: y=y^2")) 

 > y.prime <- (y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.25 && Optimal.lambda > -0.75 ) { 

 > lambda <- -0.5 

 > writeLines(c("The lambda value utilized in the data conversion is -0.5","and 

 transformation the dependent variable is in the form: y=1/sqrt(y)")) 

 > y.prime <- 1/sqrt(y) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data=Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

} else if (Optimal.lambda <= -0.75 && Optimal.lambda > -1.5 ) { 

 > lambda <- -1 
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 > writeLines(c("The lambda value utilized in the data conversion is -1","and t

 ransformation the dependent variable is in the form: y=1/y")) 

 > y.prime <- 1/y 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data =  Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

}else if (Optimal.lambda <= -1.5 && Optimal.lambda >= -2 ) { 

 > lambda <- -2 

 > writeLines(c("\n","The lambda value utilized in the data conversion is -2 "," 

 and transformation the dependent variable is in the form: y=1/y^2")) 

 > y.prime <- 1/(y^2) 

 > Newdata1$y <- NULL 

 > Newdata1 <- data.frame(y.prime,Newdata1) 

 > fit_end <- suppressWarnings(lm(y.prime~0+.,data =  Newdata1)) 

 > sum_fit_end <- suppressWarnings(summary(fit_end)) 

 } 

 > Number_Beta <- as.numeric(nrow(sum_fit_end$coefficients)) 

 > Decision <- 0 

 > i <- 1 

 > while (i <= Number_Beta) { 

  > x <- ifelse(sum_fit_end$coefficients[i,4]<=Alpha,"Sig","NoSig") 

  > Decision[i] <- x 

  > i = i+1} 
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 > view <- data.frame(sum_fit_end$coefficients) 

 > view <- mutate(view, Decision ) 

 > NoSig <- subset(view,view$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > Sig <-  subset(view,view$Decision == "Sig") 

 > beta0 <- sum_fit_end$coefficients[1,4] 

 > if (beta0 <= Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~., data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 

 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1 } 

 > view1 <- data.frame(sumfit1$coefficients) 
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 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig")              

 > delete.Intercept <- row.names(Sig) 

 > delete.Intercept <- delete.Intercept[-1] 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------",  "Checking  Assumptions","---------------

 ------")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 
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  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 )  

} else if (beta0 <= Alpha && RowNoSig <= 0) { 

 > error_end <- fit_end$residuals 

 > error.Group <- factor(error_end<=median(error_end)) 

 > Normal <- shapiro.test(error_end) 

 > variance <- leveneTest(error_end,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit_end,1) 

 > plot(fit_end,2) 

 > print(suppressWarnings(summary(fit_end))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 
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 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit_end$coefficients, 

  residuals = fit_end$residuals, 

  fitted.values = fit_end$fitted.values, 

  rank = fit_end$rank, 

  df.residual = fit_end$df.residual, 

  call = fit_end$call, 

  terms = fit_end$terms, 

  model = fit_end$model, 

  lambda = lambda 

 ) 

} else if (beta0 > Alpha && RowNoSig > 0) { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > while(RowNoSig > 0) { 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > Number_Beta1 <- as.numeric(nrow(sumfit1$coefficients)) 

 > Decision1 <- 0 
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 > i <- 1 

 > while( i <= Number_Beta1 ) { 

  > x <- ifelse(sumfit1$coefficients[i,4]<= Alpha,"Sig","NoSig") 

  > Decision1[i] <- x 

  > i = i+1 } 

 > view1 <- data.frame(sumfit1$coefficients) 

 > view1 <- mutate(view1, Decision1) 

 > Sig <- subset(view1,view1$Decision == "Sig") 

 > delete.Intercept <- row.names(Sig) 

 > NoSig <- subset(view1,view1$Decision == "NoSig") 

 > RowNoSig <- as.numeric(nrow(NoSig)) 

 > RowNoSig = RowNoSig+0 } 

 > error <- fit1$residuals 

 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 
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 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 

  lambda = lambda 

 )  

} else { 

 > delete.Intercept <- row.names(Sig) 

 > Newdata1 <- Newdata[delete.Intercept] 

 > Newdata1 <- data.frame(y,Newdata1) 

 > fit1 <- suppressWarnings(lm(y~0+.,data=Newdata1)) 

 > sumfit1 <- suppressWarnings(summary(fit1)) 

 > error <- sumfit1$residuals 
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 > error.Group <- factor(error<=median(error)) 

 > Normal <- shapiro.test(error) 

 > variance <- leveneTest(error,group = error.Group) 

 > variance_p <- variance$`Pr(>F)`[1] 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > print(suppressWarnings(summary(fit1))) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > ifelse(Normal$p.value <= Alpha, 

 print.noquote (" The errors do not follow a normal distribution."), 

 print.noquote (" The errors follow a normal distribution.")) 

 > ifelse( variance_p <= Alpha, 

 print.noquote(" The variance of the errors is not constant (Heteroscedastic)."), 

 print.noquote(" The variance of the errors is constant (Homoscedastic).")) 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model, 
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  lambda = lambda 

 ) } } 

} else if (Normal$p.value >= Alpha && variance_p >= Alpha) { 

 > writeLines(c("-------------------------","Stepwise regression model","-- 

 -----------------------")) 

 > print(suppressWarnings(summary(fit1))) 

 > plot(fit1,1) 

 > plot(fit1,2) 

 > writeLines(c ("----------------------","Checking  Assumptions","-----------------

 ----")) 

 > writeLines("[1] The errors follow a normal distribution") 

 > writeLines("[1] The variance of the errors is constant (Homoscedastic).") 

 > list( 

  coefficients = fit1$coefficients, 

  residuals = fit1$residuals, 

  fitted.values = fit1$fitted.values, 

  rank = fit1$rank, 

  df.residual = fit1$df.residual, 

  call = fit1$call, 

  terms = fit1$terms, 

  model = fit1$model  

 ) 

 } } }  

} 
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