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CHAPTER I 

INTRODUCTION 

Usually in many statistical studies, there can be two or more variables that are 

related to each other and it is important to explore this relationship.  Especially in 

univariate models, there is a single variable called the dependent variable or the response 

variable,  , which depends on    independent or predictor variables         also 

known as explanatory variables. The linear relationship between the dependent and 

independent variables is determined by a model called a linear model.  

The linear model involving p predictor variables and    observations, can be 

written as follows 

                                                              (1.1) 

The above model is known as a multiple linear regression model. It models the 

relationship between two or more explanatory variables and a response variable by fitting 

a linear equation to data.  In the above model, iY  is the response variable.  The 

parameters pjj ,0   ,  , are called the regression coefficients.  0  is known as 

intercept parameter or the  -intercept.    
        , are the explanatory variables or 

known constants.  j  represents the expected change in response variable   per unit 

change in jX  when all the remaining explanatory variables are fixed.       are the 

random errors which are independent and identically distributed  with a common 

distribution function. 
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In the classical setting, the regression model is analyzed based on the assumption 

that the error terms are normally distributed.  But in the presence of outliers, the 

experimenter has to check the normality and the homogeneity of variance throughout the 

experiment. To avoid the dependency of the analysis on those assumptions on the model 

components, one can use nonparametric methods to analyze the linear model since it does 

not have to make any assumption of normality of the error terms. 

When fitting a regression model, coefficients of the regression model is obtained 

using several different methods.  The two most common methods are the least squares 

(LS) estimates and nonparametric or rank estimates. From those two the LS method is the 

most commonly used.  It is optimal when the error terms have a normal distribution, but 

it can perform poorly if the distribution is not exactly symmetric.  On the other hand the 

rank regression method can be used for almost any distribution of error terms, symmetric 

or asymmetric.  It is works well when the distribution of error terms has thick tails and 

performs almost as well as LS estimates for normally distributed error terms. 

Rank-based methods are a popular robust alternative to least squares for analyzing 

data for a linear model. Advantages of these procedures are bounds on the influence of 

outliers in the   space, in the presence of outliers they are more robust than least square 

estimates, and it has the ability to handle both symmetric and asymmetric distributions 

and have higher asymptotic relative efficiency for large sample sizes. 

There is large body of literature on rank based methods. Much of this literature 

focuses on asymptotic properties. For these methods to be of practical use, their finite 
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sample properties need to be investigated and understood. One such property concerns is 

the validity of hypothesis test and confidence intervals. 

In this thesis we discuss the small sample properties of a number of approaches to 

finding a simple confidence intervals and simultaneous confidence intervals for 

parameters based on R–estimates. Chapter II of this thesis provides a short summary of 

the properties of R-estimates.  

Asymptotic confidence intervals for regression parameters depend on a scale 

parameter that must be estimated. The estimatê  estimates a scale parameter   has an 

important role similar to that of   in least squares regression. There are several 

estimators of the parameter . The value of ̂  will be found by two commonly used 

methods.  The first, discussed in Hettmansperger (1984), describes   as a scaling 

parameter in rank test statistics based on residuals in the linear model. He suggested that 

this estimator performed well when errors have symmetric distributions but not as well 

for asymmetric error distributions.  The second estimator of   is based on rank residuals 

which are calculated after estimating  .  The model should be fitted based on a score 

function  .  The score function is bounded and standardized so that 1 and  0 2    .  

For Wilcoxon scores, Aubuchon and Hettmansperger (1989) obtained a density type 

estimator for  .  It was consistent for symmetric and asymmetric error distributions.  We 

will look at the estimator of  for bounded score function proposed by Koul, Sievers and 

McKean (1987). This estimator is a density-type based on residuals consistent for 
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symmetric and asymmetric error distributions. The actual calculations of ̂  will be 

described in further detail in Chapter IV. 

In Chapter III we discuss three confidence interval methods based on various 

finite sample methods based on R estimators of the parameters in multiple linear 

regression and simultaneous inferences based on R-estimator of the parameters.  Finally 

in chapter V the results of a simulation are reported which compare the performance of 

those simple confidence intervals and simultaneous confidence intervals. 

To implement the empirical results and the simulation study of this thesis, we 

used SAS, SAS/IML language.
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CHAPTER II 

RANK ESTIMATES OF A LINER MODEL 

In this chapter, we introduce rank regression method for analysis of linear models. 

Consider the linear model  

                niXXXY ijpipiii ,...,1        22110       (2.1) 

We can write this in a matrix form 

                                    X01Y       (2.2) 

where Y is the (n1) vector of observations, 1 is an (n1) vector of ones, 0  is 

the y-intercept, X is an( np) matrix of known constants,   is a (p1) vector of unknown 

parameters and   is       vector of random errors which are independent and 

identically distributed with common distribution function F and density function .f  We 

shall assume that X has full column rank p and that median i =0. Since the aim is to 

make inference about the partial slopes, without loss of generality we can assume that the 

linear model has no intercept and that the response and predictor variables are mean 

centered, Graybill (1976),hence the linear model becomes, 

  cc XY         (2.3) 

where YYYc   and XXX c   

Let ( )iiR Y x   be the rank of iiY x   among 1 21 2( ), ( ),........., ( )nnY x Y x Y x       . 

Let               be studentized score function, i.e.  

             
( )

a

a i a




, where 

1
( )

i

a a i
n

   and 2 21
( ( ) )

1
a

i

a i a
n

  

 . 
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Also assume that X is centered, i.e. 

                                    
1

( 11 )cX I X
n

   

Then the R-estimates of   proposed by Jaeckel (1972) is a value of   which 

minimize the dispersion function, 

                         ( ) ( ) [ ( )]ic ici i

i

D Y x a R Y x          (2.4) 

This is nonnegative and convex function of  .The fully iterated Newton-

Raphson method was used to find the R-estimates of   denote as   . The Least Square 

estimates were used as the initial value of  . The Gradient function and the Hessian 

function for Newton-Raphson method are defined as follows. 

 Gradient function to be, 

                       [ ( )]icc ig X a R Y x           (2.5) 

And Hessian function to be,  

                           

1

1 1

0

, ( ) ( )c c fH X X where u u du         

Where      is a score function, for example here we used            
 

 
  which is 

called Wilcoxon score in which case        
 

   
            

In the Newton-Raphson approach Least Square estimates were used as an initial 

value for   and in Hessian function an estimate of    which is    was used. The intercept 

0 is estimated by median of residuals, ˆ
ii ie Y x   . 
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CHAPTER III 

INFERENCES BASED ON R-ESTIMATES 

In this chapter we discuss various types of interval estimates. Interval estimates 

play a major role in statistical inferences. By definition from Casella and Berger (2002) 

an interval estimate of a real valued parameter   is any pair of functions,           

and          , of a sample that satisfy           for all     where   is the 

sample space. If     is observed, the inference             is made. The random 

interval             is called an interval estimator. Interval estimators, together with 

measure of confidence (also known as confidence coefficient) are known as a confidence 

interval. Another important point to be concerned is coverage probability. Then for an 

interval estimator             of a parameter  , the coverage probability of             

is the probability that the random interval             covers the true parameter    In 

symbols, it is denoted by either                   or                     

In this thesis we discuss three confidence interval methods for multiple linear 

regression using R-estimates. Those three methods are, 

1. Confidence interval based on asymptotic theory 

2. Confidence Interval based on jackknife variance 

3. Bootstrap percentile-t confidence intervals 
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3.1 Confidence interval based on asymptotic theory 

Under some mild regularity conditions, Jurekova (1971) showed that         

    is asymptotically normally distributed with mean    and variance  2(     )   1, 

where   is the scale parameter. A nominal 100(1- )% simple confidence interval for i  

based on the R-estimates which suggested by this asymptotic distribution is given by, 

  
1

/2
ˆ ˆ ( )i c c iiz X X          (3.1) 

Where /2z is the (1 / 2) percentile of the standard normal distribution and 1( )c c iiX X   is 

the i
th

 diagonal entry of 1( )c c iiX X  . Estimation of   are discussed in Chapter IV. 

By the recommendations in McKean and Sheather (1991) t critical values with n-p degree 

of freedom were used in place of standard normal value given in (3.1).   

Then A nominal 100(1- )% simple confidence interval for i  based on the R-estimates is 

given by, 

1

,( )
2

ˆ ˆ ( )i c c ii
n p

t X X  



         (3.2) 
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3.2 Confidence interval based on jackknife variance 

The second type of confidence interval that we are going to discuss in this thesis 

is based on the jackknife variance. It was originally introduced by Quenouille (1949) as a 

bias reduction technique. The jackknife is a technique for estimating variances.  

Let ( )
ˆ

i be the estimate of  when the thi observation         is removed. 

Then the thi pseudo value is defined as ( )
ˆ ˆ( 1) in n   . Then the jackknife variance 

estimate (Tukey, 1958)  is the (1/ n ) times the sample variance of n pseudo values. 

Schucany and Sheather (1989) showed that the jackknife variance estimator for Rank 

estimates based on Wilcoxon scores is strongly consistent in one sample and two sample 

problems. They suggest that the same is true in regression. 

The confidence interval based on jackknife variance estimate is given by: 

  
1,( )

2

ˆ ˆvarj
m

t J


 ,       (3.3) 

Where m is the number of distinct pseudo values and ˆvar J is the jackknife variance 

estimate of            . The formula for degree of freedom was first suggested by 

Mosteller and Tukey (1977). 
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3.3 Bootstrap percentile-t confidence intervals 

The third type of confidence interval that we discussed in this thesis is the 

bootstrap percentile-t confidence interval. This method has produced encouraging finite 

sample results for R-estimators based on sign scores (Schrader and McKean, 1987). 

Confidence intervals for 
j involve bootstrapping a studentized statistics,  

      

   
, where 

ŜD  is a consistent estimate of the standard deviation of ˆ
j which is given by 

        
      

  . 

Steps in the algorithm that used to produce the Bootstrap percentile-t confidence interval 

are: 

1. Compute R- estimates of   which is    and residuals                and ŜD

is the standard deviation of    . 

2. Inflate the residuals by multiplying each of them by          as suggested 

by Stine (1989, p. 256) where   is the number of parameters in the model. 

3. Draw a bootstrap sample * *

1 ........ ne e with replacement from these inflated 

residuals. 

4. Calculate bootstrap sample of 'y s using   
    

 
         . 

5. Based on bootstrap sample compute     and 
*ŜD , the R-estimates of   and its 

estimated standard deviations. 

6. Calculate the bootstrap version of studentized statistics,    
   
     

    . 
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7. Repeat steps 3-6, 1000 times. 

Let *t be the     sample quantile of 1000 *t , then 100(1- )%  bootstrap 

percentile-t confidence interval for    is: 

           
  

 

 

             
                    (3.4) 

Another important interval estimate that needs to be discussed is the simultaneous 

confidence intervals. Most of the analysis of experimental data involves calculation of 

number of different confidence intervals, one for each of several contrasts or parameters. 

When several confidence intervals are calculated, the probability that they are all 

simultaneously correct can be alarmingly small. Similarly, when several hypothesis are to 

be tested, the probability that at least one hypothesis is incorrectly rejected can be 

unusually high. Lot of research work has been done in order to overcome these problems. 

The resulting methods are known as methods of multiple comparisons, the intervals are 

called simultaneous confidence intervals. 

In this thesis we discuss three simultaneous confidence interval methods for 

multiple linear regression using R-estimates. Those three methods are, 

1. Simultaneous confidence intervals based on asymptotic theory. 

2. Simultaneous confidence intervals based on percentile bootstrap approach.  

3. Simultaneous confidence intervals based on percentile-t bootstrap approach. 
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3.4 Simultaneous confidence intervals based on asymptotic theory 

 

Assume that we are interested in calculating simultaneous confidence interval 

about a finite collection of estimable parametric function   
          where    is a 

    vector of known constants. Let    be the R-estimator of   in linear model (2.2). 

Define the pivotal quantities based on the R-estimate, 

 

             
    

    
    

 
 

   
                         (3.5) 

 

Let        denote the upper     quantile of the distribution of 

                               (3.6) 

 

Then the simultaneous   level test rejects        
     in favor of        

     if  

   
              

   
    

    
    

 

   for each         

 

Hence, the joint confidence intervals based on R-estimates of   
          with family 

confidence coefficient     are given by 

 

   
             

   
    

    
    

 

                   (3.7) 
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3.5 Simultaneous confidence intervals based on percentile bootstrap approach 

In this section we present an algorithm to construct simultaneous confidence 

interval for            with simultaneous coverage of       based on   bootstrap 

samples. The algorithm is originally presented by Mandel and Betensky (2007) and here 

we have modified it to find the simultaneous confidence intervals            using 

rank estimates. The algorithm assumes that there are no ties and it ranks each bootstrap 

estimate and then uses these ranks to define the simultaneous confidence interval. The 

algorithm derives the upper limit of the simultaneous confidence interval with level 

       Construction of the lower limit is analogous. 

Algorithm: 

1. Compute    the R-estimates of   and the resulting residuals              . 

2. Inflate the residuals by multiplying each of them by         as suggested 

by Stine (1989, p. 256) where   is the number of parameters in the model. 

3. Draw B number of bootstrap samples * *

1 ........ ne e with replacement from these 

inflated residuals. 

4. Calculate bootstrap samples of     using   
               and for each 

sample calculate the bootstrap estimates                      

5. For each coordinate              order the bootstrap estimates and denote 

them by                             . 

6. Define        to be the rank of       
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7. Define the sample-b rank                 to be the largest rank 

associated with the     bootstrap estimate. 

8. Calculate         the       percentile of     . 

9. Take upper limit of simultaneous confidence interval to be  

                          

 

3.6 Simultaneous confidence intervals based on percentile-t bootstrap approach 

In this section we construct simultaneous confidence intervals based on 

percentile-t bootstrap method. As in section (3.2) we assume that we are interested in 

calculating simultaneous confidence interval about a finite collection of estimable 

parametric function   
          where    is a     vector of known constants. Let    

be the R-estimator of   in linear model (2.2). 

Algorithm: 

1. Compute R- estimates of   which is    and residuals               . 

2. Inflate the residuals by multiplying each of them by          as suggested by 

Stine (1989, p. 256) where   is the number of parameters in the model. 

3. Draw a bootstrap sample * *

1 ........ ne e with replacement from these inflated residuals. 

4. Calculate bootstrap sample of 'y s using   
    

 
         . 

5. Based on bootstrap sample compute     , the R-estimates of   in the bootstrap 

sample. 

6. Calculate the bootstrap version of studentized statistic 
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                         (3.8) 

7. Repeat steps 3-6, 1000 times. 

Let   
      be the upper     quantile of the distribution of  

  
         

        
      

    

Then the simultaneous   level test rejects        
     in favor of        

     if  

   
       

           
          

 

    for each         

 

Hence, the joint confidence intervals based on R-estimates of   
          with family 

confidence coefficient     are given by 

 

   
      

           
          

 

                  (3.9) 

 

Also in this thesis we studied family-wise error rate for simultaneous confidence 

intervals base on R-estimates using Scheffe’s and Bonferroni methods in order to 

compare the results. 

The Bonferroni method is a simple method which allow us to construct many 

comparison statements t or confidence intervals while assuring a given over erall 

confidence level. For   number of such comparison statements the Bonferroni general 

inequality can be written as, 

     
 
             

 
    ,      (3.10) 
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Where    is an event and     is its complement. If we take each Ai as the event that a 

confidence interval for a particular linear combination of parameters includes the true 

value, then the left-hand side of (3.10) is the probability that all the confidence intervals 

simultaneously cover their true parameter values. The right-hand side of (3.10) is one 

minus the sum of the probabilities of each individual interval missing their true parameter 

value. Therefore, if we need simultaneous confidence interval with an overall confidence 

coefficient    , we can construct each confidence interval with confidence coefficient 

   
 

 
   the Bonferroni inequality in (3.10) assures that the overall confidence 

coefficient is at least       

Then we can construct Bonferroni simultaneous confidence intervals using R-

estimates, assuming that we are interested in calculating simultaneous confidence interval 

about a finite collection of estimable parametric function   
          where    is a 

    vector of known constants. Let    be the R-estimator of   in linear model (2.2). 

Hence, the Bonferroni confidence interval based on R-estimates of   
          with 

family confidence coefficient     is given by, 

 

   
                  

   
          

 

                  (3.11) 

 

The main drawback of the Bonferroni method is that the confidence interval can 

be very wide if number of comparisons, that is   is large. On the other hand in Scheffe’s 

method provides a set of simultaneous           confidence intervals whose width is 
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only determined by number of parameters and number of observations in the experiment 

regardless of how many contrasts are interested. Then           simultaneous 

confidence intervals using Scheffe’s method is given by, 

 

   
                     

   
          

 

                 (3.12) 
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CHAPTER IV 

THE SCALE PARAMETER  

The estimation of the scale parameter   is one of the important aspects when 

making inferences based on R-estimates. It has been studied in great length.  There are 

several different estimators, some of them are based on the R-residuals which are formed 

after estimating   and others are based on density function.  One of the important 

question that has to be answered is that when estimating  should the underlying 

distribution of error terms are to be symmetric or not. In ideal situation we would want an 

estimator of   to be consistent for both symmetric and asymmetric distributions. The 

Koul, Sievers, and McKean’s estimator of the scale parameter   is used in this study 

because it consistent for both asymmetric and symmetric distributions.  

4.1 Koul, Sievers, and McKean’s estimation 

This estimation of   is a density-type estimator based on residuals.  The 

estimation of    is explained in detail in Koul, Sievers and McKeans (1987).  A brief 

summary is given below. 

The residuals are ranked from least to greatest 

     n
eee  21

,   

where ̂ˆ XYe  . 
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A residual is the vertical distance of iY  from the fitted value iŶ  on the estimated 

regression line.  Then the 
2

)1( nn
 differences 

ji ee   are found for nji 1 .    The 

differences ji ee   are ranked from smallest to largest.  The appropriate quantile,  , for 

the ranked 
ji ee   is calculated and denoted by ,nt .  In this thesis we have chosen 

90.  because based on the recommendation of ( Koul et al.1987) when the ratio of 
p

n
 

less than 5, 90.  gives valid estimates.  Thus, we let 
n

t
y

n ,
 .  The number of 

differences ji ee ˆˆ   that are less than or equal to y is found and denoted by w.   

Next, Wilcoxon scores were used,   









2

1
12 uu , to estimate  .  Thus,  

    
y

w

y

w

2

12

2

01
ˆ 





  

Finally, the estimate ̂  is given by 

w

y

12

2
ˆ

ˆ

1
ˆ 1  


 .                                                 (4.1) 

It was found that ̂  should be multiplied by a simple degrees of freedom correction factor 

pn

n


, where p is the number of parameters in the model, to benefit the analysis.  
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 This estimate of   is a consistent estimate of 
 


dxxf 212

1
 . The estimate of   

formulated using this particular method will be denoted as ̂  throughout the thesis. 
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CHAPTER V 

SIMULATION STUDY 

A simulation study was carried out through Monte Carlo simulation to compare 

different approaches to find both confidence intervals and simultaneous confidence 

intervals described in Chapter III, based on an R-estimator with Wilcoxon scores, for the 

slope parameters in Multiple Linear regression. The Regression model used was, 

                    0 1 1 2 2 3 3 1,....,i i i i iY x x x i n           

Or using the no intercept model and that the response and predictor variables are mean 

centered, 

                                                              

Where            and 1 2 3, ,x x x  were simulated from standard normal 

distribution. Four types of error terms were used, Standard normal, Log normal, Cauchy 

and Contaminated normal. For Contaminated normal distribution we selected standard 

normal distribution with 10% contaminated with a normal distribution that has      

zero and           . Sample size used was 10 and the level of confidence used was 

95%. 

 

5.1 Comparison of confidence intervals 

We will first consider the empirical results based on three methods to construct 

confidence intervals discussed in Chapter III. Those are asymptotic confidence intervals, 

confidence interval based on jackknife variance and bootstrap percentile-t confidence 

intervals. For each configuration 5000 pseudo-random samples were drawn. Care was 
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taken to ensure that each configuration was started with different randomly drawn seed. 

When estimating     Koul, Sievers, and McKean’s Estimation were used with δ=0.9 . The 

two results that are summarized here are the coverage probabilities and the length of the 

confidence interval for  .Table 5.1, 5.2, 5.3 contains the empirical confidence 

coefficients of 1 2 3, ,   respectively for each error distributions. Table 5.4, 5.5, 5.6 

contains ratio of average lengths of confidence intervals for asymptotic method and 

Jackknife method to the  average length of the bootstrap percentile-t interval. 

 

Table 5.2 Coverage probabilities for  2  

 

Asymptotic CI Jackknife CI Bootstrap CI 

Standard normal 0.9192 0.9532 0.9439 

Lognormal 0.9311 0.9641 0.9513 

Cauchy 0.9346 0.9689 0.9667 

Contaminated normal 0.9221 0.9567 0.9467 

  

Table 5.3 Coverage probabilities for  3  

 

Asymptotic CI Jackknife CI Bootstrap CI 

Standard normal 0.9221 0.9645 0.9423 

Lognormal 0.9162 0.9743 0.9354 

Cauchy 0.9030 0.9724 0.9262 

Contaminated normal 0.9142 0.9664 0.9417 

 

Table 5.1 Coverage probabilities for  1  

 

Asymptotic CI Jackknife CI Bootstrap CI 

Standard normal 0.9182 0.9512 0.9367 

Lognormal 0.9381 0.9656 0.9653 

Cauchy 0.9428 0.9723 0.9543 

Contaminated normal 0.9211 0.9567 0.9391 
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Table 5.4 Ratio of the average lengths for 1  

 

Ratio of the average lengths 

(aymptotic/bootstrap) 

Ratio of the average lengths 

(jackknife/bootstrap) 

Standard normal 0.8506 1.2817 

Lognormal 0.9089 1.3061 

Cauchy 0.9841 1.0082 

Contaminated normal 0.8876 1.3457 

 

 

Table 5.5 Ratio of the average lengths for 2  

 

Ratio of the average lengths 

(aymptotic/bootstrap) 

Ratio of the average lengths 

(jackknife/bootstrap) 

Standard normal 0.8629 1.3199 

Lognormal 0.9142 1.3175 

Cauchy 1.1848 1.3701 

Contaminated normal 0.8917 1.3789 

 

 

Table 5.6 Ratio of the average lengths for 3   

 

Ratio of the average lengths 

(aymptotic/bootstrap) 

Ratio of the average lengths 

(jackknife/bootstrap) 

Standard normal 0.8343 1.6559 

Lognormal 0.8597 1.5910 

Cauchy 0.6585 1.1458 

Contaminated normal 0.8498 1.7115 

 

Observing tables 5.1 through 5.6 reveals that the performance of the bootstrap 

percentile-t interval is the most impressive with almost all the empirical confidence 

coefficients are lying close to the nominal values compare to the other two types of 

intervals. Confidence interval based on jackknife over cover while Asymptotic 

Confidence interval under cover.  
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Also the asymptotic confidence interval provides the shortest average interval 

length and they are not much different from average interval length obtained from 

bootstrap method. Jackknife confidence interval generally have the longest average 

lengths of all the intervals considered. 

 

5.2 Comparison of simultaneous confidence intervals 

Here we will discuss the empirical results based on three methods to construct 

Simultaneous confidence intervals discussed in Chapter III. Those are Simultaneous 

confidence intervals based on asymptotic theory, Simultaneous confidence interval based 

on percentile bootstrap approach and Simultaneous confidence interval based on 

percentile-t bootstrap approach. For Simultaneous confidence intervals based on 

asymptotic theory 10000 pseudo-random samples were drawn and 5000 pseudo-random 

samples were drawn for other two methods since the computational time was quite high. 

Here again when estimating     Koul, Sievers, and McKean’s Estimation were used with 

δ=0.9 . The results that are summarized here is the coverage probabilities. For the 

comparison purpose we also included the coverage probabilities from Bonferroni method 

and Sheffe’s method. 

Table 5.7 Coverage probabilities of simultaneous confidence intervals 

 

 

Asymptotic 

Percentile 

Bootstrap 

Percentile-t 

bootstrap 
Bonferroni Sheffe’s 

Standard normal 0.9539 0.9834 0.9457 0.9535 0.9726 

Lognormal 0.9459 0.9832 0.9497 0.9553 0.9734 

Cauchy 0.9521 0.9834 0.927 0.9629 0.9810 

Contaminated 

normal 
0.9513 0.9834 0.9495 0.9513 0.9737 
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Observing Table 5.7 reveals that simultaneous confidence based on asymptotic 

method, bootstrap percentile-t method and Bonferroni method have coverage 

probabilities closer to the nominal value which is 0.95 even though the latter two 

methods perform poorly for Cauchy error terms. Bootstrap percentile method has the 

highest coverage probabilities which are even larger than the Sheffe’s method hence the 

test based on it will be more conservative. Mandel and Betensky (2007) proposed an 

efficient algorithm to construct simultaneous confidence intervals based on percentile 

bootstrap method which used relative ranks which will be studied as a future works. Also 

effect of number of comparisons in constructing simultaneous confidence intervals for all 

the three methods will be an interesting topic to be discussed.  
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