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ABSTRACT 

Multivariate parametric and nonparametric techniques are two broad statistical 

methods for testing independence among continuous random variables. In this 

thesis, multivariate parametric and nonparametric techniques were performed to 

tests for independence using multivariate data collected from Human 

Development Report 2005. Three parametric tests, Hotelling’s T2, Wilks Lambda 

and Canonical correlation analysis were performed. Wilcoxon, Friedman, 

Kendall’s and Cochran are the nonparametric analysis performed. The results 

show that parametric and nonparametric tests of hypothesis yield the same results. 
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CHAPTER ONE 

1.01     INTRODUCTION  
Testing hypothesis is very important in any statistical analysis. However, 

many considerations enter into the choice of statistical inference. Statistical 

testing often refers to the concepts of parameter (mean, standard deviation, 

correlation) and reference population (multinomial distribution). However, 

the multinormal distribution and others play a key role in using parametric 

tests. If the data are not normal, however, it does not make sense to 

compute statistics such as the mean, or standard deviation. To make a good 

choice we must consider the manner in which the sample of scores were 

drown, the nature of the measurement or scaling which was employed in 

the definitions of the variables involved (i.e. in the scores). All the above 

assumptions are useful in determining which statistical test is most 

appropriate for analyzing one set of data.  

 

In practice, we often encounter more complex situations when measures of 

associations for more variables are required. In that situations, the 

multivariate test procedures are very useful for us. However, in some cases 

measurements may represent attributes of psychological characteristics 

while others represent attributes of physical characteristics. We then require 

a test of independence between pairs of vectors, where the vectors have 

different measurement scales and dimensions. For instance if xi
T = (xi xj) i = 
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1, 2, . . . . . . . . . n, j = 1, 2  . . . . . . . . . . n for n denotes a sample size of 

vector pairs, where x1
2 and x1

2 were continuous vector of dimension p and q 

respectively. The test is Hо xi
1 and xj

2 are independent against the 

alternative. Hı xi
1 and xi

2 are not independent.  

Testing for independence between continuous random variables is an old 

approach but important and has been the subject of much interest. Many 

thorough investigations on their efficiency have been given by many 

authors. Gieser and Randles (1997) Takinen, kanlainen and Oja (2003a) 

taskinen et al (2003b) Genest and Verret (2003) Chernoff Savage and 

Hodges-Lehrnann (1956) Hallin and Puri (1958) Hallin and Paindanceine 

(2002a, b and 2003) on multivariate inferences using both or either 

parametric or nonparametric methods.  

 

All these reviewed seems to accord much interest on an adequate 

generalization of rank and signs. The reason for this interest is the 

confusion people make since ranks and sign are independent and intimately 

related and exchangeable. They (ranks and signs) were inherently confined 

to the analysis of independent observation. 

 

1.02   Multivariate Parametric Test     
A parametric statistical test specifies conditions about the parameters of the 

population from which the sample was drawn. This means that the 
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parametric model considers that the population distribution should have a 

particular form (e.g. a normal distribution) and also involves hypothesis 

about population parameters. The meaningfulness of the results of a 

parametric test depends on the validity of these assumptions.  

However, the most powerful tests are those having most extensive 

assumptions. The parametric tests, for example the T2 test, for it to be 

applied, the underlying conditions should be satisfied.  

 

 The observations must be drawn from normally distributed 

populations.  

 The observation must be independent  

 The mean effects must be additive  

 The populations must have the same variance-covariance matrices 

and  

 The variables involved must have been measured in at least an 

interval scale.  

If these conditions are met in the data under analysis, one can choose T2 or 

Wilks lambda test. In addition to the above conditions, data measured in 

interval (data identify subjects by non-relative rank in a scale: that can be 

represented along a number line, there is no Absolute – Zero and the 

number are non-relative e.g. IQ achievement, Aptitude, etc), or ratio scales 
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(data identified subjects by quantification, number that can represent equal 

units, and the range from an absolute zero point e.g. time, weight, distance, 

temperature) may be analyzed by parametric methods.  

The meaningfulness of the results of a parametric test depends on the 

validity of these assumptions. Therefore, when those assumptions are valid, 

these tests (parametric) are most likely of all tests to reject H0 when it is 

false. Parametric tests are also generally more flexible, capable for example 

of dealing with a mixture of categorical and continuous variable, which is 

not possible with nonparametric tests. Bralley JV (1968)   

 
1.03   Multivariate Nonparametric Tests  

Nonparametric tests are distribution free, that is to say they do not assume 

that the samples were drawn from a population with a specific distribution 

and because of this, nonparametric statistics are useful not only when 

variables are categorical, but also when parametric data do not conform to 

the multinomal distribution.  

Nonparametric method is defined as a statistical method which can be used 

on data that is:  

a. ordinal scale of measurement  

b. a nominal scale of measurement  

c. an interval or ratio scale of measurement where the distribution 

function of the random variable producing the data are unspecified 
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(or specified except for an infinite number of unknown parametric). 

Conover (1999).  

Thus, a nonparametric statistical tests (otherwise called distribution-free 

test) is a test whose model does not specify conditions about the parameters 

of the population from which the sample was drawn, hence, it is not 

meaningful to look for normalization or distribution on an interval scale. 

Nevertheless, certain assumptions are associated with most nonparametric 

statistical tests, that is, the observations are independent and the variables 

under consideration have underlying continuity.  

These assumptions are not as strong as those associated with parametric 

tests. Moreover, nonparametric tests do not require strong measurement as 

required for the parametric tests. Most nonparametric tests apply to data in 

an ordinal scale (data identified subjects by position in a  series range by 

height, order finished in a race, academic standing in class, measurement of 

average, mean) and some apply also in a nominal scale (data which identify 

subjects by category or name, gender, ethnicity, class, hair colour). 

Nonparametric data types are called nominal or ordinal. However, if one or 

more of the assumptions (of parametric) have been violated, then it is 

capital important to transform data into a format that is compatible with the 

appropriate nonparametric test. This is because the parametric tests 

generally provide a more powerful test of an alternative hypothesis than 
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nonparametric counterparts. If one or more of the underlying parametric 

test assumption is or (are) violated, the power advantage may be negated. 

 
1.04   Advantages of Nonparametric Test.  

The nonparametric tests have the following advantages among others.  

Dallal GE (1988).  

a. Nonparametric tests are stable for treating sample made up of 

observations from several different populations.  

b. Nonparametric tests are distribution free i.e. they do not require any 

assumption to be made about population following normal or any 

other distribution.  

c. Generally they are simple to understand and easy to apply when the 

sample sizes are small.  

d. Many nonparametric methods make it possible to work with very 

small samples. This is particularly helpful to the researcher 

collecting pilot study data or to medical researcher working with a 

rare disease.  

 1.05   Disadvantages of Nonparametric Tests.  
Nonparametric tests have  some disadvantages, and the disadvantages are as 

follows:  

i. The major disadvantages of nonparametric techniques is contained 

in its name. Because the procedures are nonparametric, there are no 

parameters to describe and it becomes more difficult to make 
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quantitative statements about the actual difference between 

populations.  

ii. Nonparametric procedures throw away information. The sign test for 

example, uses only the signs of the observations. Ranks preserve 

information about the order of the data but discard, the actual values. 

Because information is discarded, nonparametric procedures can 

never be as powerful as their parametric counterparts when 

parametric tests can be used.  

1.06   Purpose of the Study. 
i. To find out if there exist any relationship between indexes of human 

development report using both parametric and nonparametric tests.  

ii. To equally test for independence using both multivariate parametric 

method and nonparametric method to see if it can produce the same result.  

iii. To find out similarities/difference between the two statistical 

methods based on the result of the analysis used in this thesis.  

iv. To analyze statistically, multivariate data by using parametric and 

nonparametric tests for independence 

1.07   Limitation of the Study  
The study contained in this thesis extends from these existing literatures 

providing both parametric and nonparametric multivariate tests of 

independence. Asymptotic tests based on person’s spearman’s Kendall’s 

Coefficient, Wilks test, signed rank test, Wilcoxon rank sum test, kruskal-

wallis test, serial rank tests, locally most powerful tests of independence for 
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specific copula model, testing independence for multivariate data using 

Bootstrap, testing for independence in high dimensions etc. Thus, while the 

emphasis is on test of hypothesis, it is useful to consider their asymptotic 

relative efficiency in order to demonstrate the excellent performance of 

these methods. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.01   INTRODUCTION   
Multivariate analysis deals with observation on more than one variable 

where there are some inherent interdependence between variables. There 

are wide variety of multivariate techniques. The choice of the most 

appropriate method depends on the type of data, the problem, and the sort 

of objectives which are envisaged for analysis. The review in this chapter 

extends from the existing literature by providing both multivariate 

parametric and nonparametric test for independence.   

2.02   Multinormality Theory  
Multivariate analysis lays too much interest on the assumption that all random 

vectors come from multivariate normal distribution. By definition, the probability 

density function of a normal variable with mean and variance 2 is given by  

x

f (x) = (22) exp – ½ (x-)(2)-1(x-) 

Then the extension to p-variate is 

         xxxf
n

112
1

2
2
1exp2)(   
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The reasons for its (normal distribution) preference in the multivariate case 

are among others. (Hollander M and Wolfe DA, 1973) 

(a) The multivariate normal distribution is entirely defined by its first 

and second moments. 

(b) The multivariate distribution is an easy generalization of its 

univariate counterpart, and the multivariate analysis runs almost 

parallel to the corresponding analysis based on univariate normality.  

(c) Linear functions of a multinormal vector are themselves univariate 

normal.  

(d) In the case of normal variables, zero correlation implies 

independence and pair wise independence implies total 

independence.  

(e) Equiprobability contours of the multivariate distribution are simple 

ellipse, which by a suitable change of coordinates can be made into 

circle.  

(f) When the original data is not multinormal, one can often appeal to 

central limit theorems which prove that certain functions such as the 

sample mean are normal for large samples.    

2.03 Parametric versus non-parametric statistics in the 
analysis of randomized trials with non-normally 
distributed data. 

The following ideas are the contributions and conclusions gotten from Andrew J 

Vickers, Wolfowitz, (1942) Siegel & Castellan, (1988) & Dr Matthew Ellis 
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(2002).  It has generally been argued that parametric statistics should not be 

applied to data with non-normal distributions. Empirical research has 

demonstrated that Mann-Whitney (Wilcoxon) generally has greater power than 

the t-test unless data are sampled from the normal. In the case of randomized 

trials, we are typically interested in how an endpoint, such as blood pressure or 

pain, changes following treatment. Such trials should be analyzed using 

ANCOVA, rather than t-test. The objectives of this study were:  

a)  to compare the relative power of Mann-Whitney and ANCOVA;  

b)  to determine whether ANCOVA provides an unbiased estimate for 

the difference between groups;  

c)  to investigate the distribution of change scores between repeat 

assessments of a non-normally distributed variable. 

Introductory statistics textbooks e.g A statistical approach to testing mutual 

independence of ICA Recovered sources, typically advise against the use of 

parametric methods, such as the t-test, for the analysis of randomized trials 

unless data is approximated to a normal distribution. Altman (1948) for 

example, states that “parametric methods require the observations within 

each group to have an approximately Normal distribution, if the raw data 

do not satisfy these conditions a non-parametric method should be used”  

a.  In some cases, central limit theorem is invoked such that parametric 

methods are said to be applicable if sample size is suitably large: “for 
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reasonably large samples (say, 30 or more observations in each sample)  the 

t-test may be computed on almost any set of continuous data”. 

b. The rationale for recommending non-parametric over parametric 

methods, unless certain conditions are met, is rarely made explicit. But 

techniques for statistical inference from randomized trials can only fail in 

one of two ways: they can inappropriately reject the null hypothesis of no 

difference between groups (false positive or Type I error) or inappropriately 

fail to reject the null (false negative or Type II error). Hence any 

recommendation to favor one technique over another must be based on the 

relative rates of these two errors. 

Empirical statistical research has clearly demonstrated that the t-test does 

not inflate Type I (false positive) error, Andrew JV Vickers (1942). In a 

typical study, Heeren et al examined the properties of the t-test to analyze 

small two-group trials where data are ordinal, such as from a five point 

scale, and thus non-normal.  

c.  They found that where there was truly no difference between groups, 

Siegel and Castellan (1988), the t-test would reject the null hypothesis close 

to 5% of the time. Thus, concern over the relative advantages of parametric 

and non-parametric methods has focussed on Type II error  

d.  Typically, researchers have created a large number of data sets, in 

which observations were created from a distribution incorporating a 

difference between groups. Each data set is then analyzed by both 
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parametric and non-parametric methods in order to calculate the proportion 

of times the null hypothesis is rejected (that is, the power). Mathew Ellis 

(2002). 

Where data are sampled from a normal distribution, the t-test has very 

slightly higher power than Mann-Whitney, (Wilconxon) the non-parametric 

alternative. However, when data are sampled from any one of a variety of 

non-normal distributions, Mann-Whitney is superior, often by a large 

amount. Bridge and Sawilowsky, for example, concluded that" "the t-test 

was more powerful only under a distribution that was relatively symmetric, 

although the magnitude of the differences was trivial. In contrast, the 

[Mann-Whitney] held huge power advantages for data sets which presented 

skewness". Many workers have linked results showing the superiority of 

non-parametric methods for non-normal distributions to claims that data 

rarely follow a normal distribution. 

It is arguable, however, that these prior investigations are flawed. The t-test 

and Mann-Whitney are used for continuous variables such as blood 

pressure, depression, weight or pain. Most commonly, we are interested in 

seeing how these variables change following an intervention. This reflects 

clinical practice where the patient presents with a problem and asks the 

doctor to help improve it. In a typical study, a patient with hypertension, 

obesity or chronic headache is randomized to drug or placebo to see 

whether the drug is effective for reducing blood pressure, weight or pain. 
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The researchers might report that, say, blood pressure fell by 5 mm in the 

placebo group but by 14 mm in the drug group. Indeed, trials in which we 

are interested only in post-treatment scores where change is not of interest, 

are rather rare, being primarily confined to iatrogenic symptoms such as 

post-operative pain or chemotherapy vomiting. 

There are two implications for methodological research on the relative 

value of parametric and non-parametric techniques. First, we should worry 

about the distribution of change scores. It seems likely that change from 

baseline would approximate more closely to a normal distribution than the 

post-treatment score. This is because change scores are a linear 

combination and the Central Limit Theorem therefore applies. As a simple 

example, imagine that baseline and post-treatment score were represented 

by a single throw of a die. The post-treatment score has a flat (uniform) 

distribution, with each possible value having an equal probability. The 

change score has a more normal distribution: there is a peak in the middle 

at zero – the chance of a zero change score is the same as the chance of 

throwing the same number twice, that is 1 in 6 – with more rare events at 

the extremes – there is only a 1 in 18 chance of increasing or decreasing 

score by 5. 

Moreover, where an endpoint is measured at baseline and again at follow-

up, the t-test is not the recommended parametric method. Analysis of 

covariance (ANCOVA), where baseline score is added as a covariate in a 
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linear regression, has been shown to be more powerful than the t-test. It has 

several additional advantages:  

(i) it adjusts for any chance baseline imbalances;  

(ii) it can be extended to incorporate randomization strata as co-variates, 

which has been shown to increase power; 

(iii)  it can also be extended to incorporate time effects where measures 

are repeated. 

In this paper, they used more rational comparison between parametric and 

non-parametric methods: ANCOVA and Mann-Whitney. Such a 

comparison does not appear to have been reported previously. He aimed to 

compare relative power of the two methods under a variety of distributions. 

As a secondary objective, He aimed to determine whether ANCOVA 

provided an unbiased estimate for the difference between groups where 

data did not follow a normal distribution. A third, overarching aim was to 

investigate the distribution of change scores between repeat assessments of 

a non-normally distributed variable. 

2.04 A review of method of comparison using Mann-
Whitney and ANCOVA 

Polynomials were developed to simulate five archetypal non-normal 

distributions for baseline and post-treatment scores in a randomized trial. 

Simulation studies compared the power of Mann-Whitney and ANCOVA 
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for analyzing each distribution, varying sample size, correlation and type of 

treatment effect (ratio or shift) Andrew et al, (2002). 

The starting point for this study was to obtain archetypal data sets for 

analysis. Andrew et al, (2002) follow Bridge in choosing empirical rather 

than theoretical distributions. They examined the distribution of a large 

number of empirical data sets and cross-referenced these with those 

described by Micceri, who systematically obtained 440 data sets from the 

psychological and educational domains. The most common distribution 

appeared one with moderate positive skew. As an exemplar, they used a 

headache severity index from a large (n = 401) randomized trial of 

headache prophylaxis. This distribution was also used with scores reversed, 

to create a distribution with moderate negative skew. A second pain data 

set, this time from a trial on athletes with shoulder pain, provides an 

example of a more uniform distribution. Data on Ki67, an antigen that is a 

marker for cell proliferation, were obtained from a randomized comparison 

of two normal treatments for breast cancer. The distribution for Ki67 is 

comparable to Micceri's “extreme asymmetry distribution”. For extreme 

negative skew, they used data from the physical functioning scale of the 

SF36, again taken from the headache trial. As a comparison group, data 

were also drawn from a normal distribution with a mean of 5 and a standard 

deviation of 1. 
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For each of the distributions, they created a polynomial that converted 

normal data to a distribution with an approximately similar shape. For 

example, the distribution with moderate positive skew in was simulated by 

sampling x from the normal and creating a new variable equal to 

14.8+16.5x+7.5x2-1.15x3, rounded, like the original scale, to the nearest 

0.25. The simulation distributions were compared to the empirical 

distributions by visual inspection and comparison of the standard deviation, 

skewness and kurtosis. 

To run the simulations, a bivariate normal (mean 0, standard deviation 1) 

with a specified correlation was created for a trial of a given sample size 

equally divided in two groups. The polynomial was applied and a treatment 

effect introduced. The treatment effect was one of two forms: a shift, for 

example, scores in the treatment group were reduced by two points; and a 

ratio, for example, treatment group scores were reduced by 20%. Results 

were then analyzed by Mann-Whitney and ANCOVA, with p-values 

obtained by asymptotic approximation for the Mann-Whitney test. In some 

simulations, t-tests and ANCOVA of log-transformed data were applied. 

The t-test and Mann-Whitney used the follow-up score if correlation was 

less than 0.5 and the change score otherwise. This maximizes the power of 

these tests and might be seen as favoring unadjusted tests on the grounds 

that the correlation between baseline and follow-up scores is not known 

when the protocol for statistical analysis is written. Note that the correlation 
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cited in the results is the correlation between baseline and follow-up in the 

control group. Some previous workers have used the overall correlation 

using both groups when investigating the properties of ANCOVA. The 

difference between these two values was small in the context of our 

simulations, for example, a correlation of 0.5 in the control group was 

equivalent to a correlation of 0.476 for both groups combined. 

Simulations were repeated 1000 times for each combination of sample size 

(10, 20, 30, 40, 60, 100, 200, 400, 800) and correlation (0.1, 0.2, 0.3 ... 0.9) 

using Stata 8.2 (Stata Corp., College Station, Texas). The exception was 

extreme asymmetry data for the Ki67 biomarker. The baseline and post-

treatment distributions had quite different shapes and different polynomials 

were used to model each. This constrained the range of possible 

correlations, hence only the empirical correlation observed in the original 

study was used, 0.4, with 5000 iterations. 

Results were compared between different methods using the "relative 

efficiency" (RE) measure. This gives the relative number of patients 

required for a study analyzed using parametric methods so that power was 

equivalent to the non-parametric alternative. Hence an RE of 1.25 indicates 

that a particular trial analyzed by parametric statistics would have to accrue 

25% more patients than if it were to be analyzed non-parametrically; an AE 

of 0.80 would indicate that the parametric method was superior by an 

equivalent amount. The RE is calculated from observed power of the tests, 
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that is, the proportion of simulations in which the p-value was less than the 

α of 5%. Where (1-βnp) and (1-βp) are the observed powers from the 

simulations for the non-parametric and parametric test respectively. 

Note that, although it is arguable that the null hypotheses for different tests, 

say the t-test and Mann-Whitney, are technically different, the conclusions 

drawn by investigators of a randomized trial given a particular p-value will 

be the same, regardless of the analytic method used. Hence direct 

comparison of the power of different tests is justified in this setting. 

2.05  Their Results: Andrew J. Vickers et al (1942) 

Change between skewed baseline and post-treatment data tended towards a 

normal distribution. ANCOVA was generally superior to Mann-Whitney in 

most situations, especially where log-transformed data were entered into 

the model. The estimate of the treatment effect from ANCOVA was not 

importantly biased. 

2.06  Their-Observations: Andrew J. Vickers et al (1942) 
ANCOVA is the preferred method of analyzing randomized trials with 

baseline and post-treatment measures. In certain extreme cases, ANCOVA 

is less powerful than Mann-Whitney. Notably, in these cases, the estimate 

of treatment effect provided by ANCOVA is of questionable 

interpretability. 



 20

2.07  Testing for Independence in High Dimension  
Since multivariate inference involves often a large number of variables, the 

proposed test is like a solution to this problem. Test for independence in 

high  dimensions can be used either when the number of variables exceeds 

the sample size. In this section, testing for independence of the variable 

having a multivariate normal distribution with covariance matrix  is 

considered. For example, suppose we have a random sample y1 

………….yn which is used to compute the usual unbiased sample 

covariance matrix S and the sample correlation matrix R. The likelihood 

ratio test for complete independence, which tests for the diagonality of the 

covariance matrix, rejects this hypothesis of independence for small values 

of | R | Morrison (2005) so this procedure is not appropriate for high 

dimensional data since | R | = 0  

Wherever m > n (m number of variable, n sample size). The general 

problem is if the vector y consists of k subvectors y(i) …………. y(k) with 

mi variable in the ith subsector, and we wish to test the hypothesis that the k 

subsectors are independent. We are testing that the  has the form  

 

 11       12       1k                     11     0         0 

 =  21       22       2k       =         0       22       0 

 k1       k2       kk               0       0           kk 

where ij is Mi x Mj: the likelihood ratio test Morrison (2005) based on  
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Where S has been portioned as was  for complete independence.  

The likelihood ratio test is not valid when m > n.  

(i) Complete Independence 

Suppose pij is the (ij)th  element of the covariance matrix .  Then the null 

hypothesis of complete independence can be written as  

Ho:Pij = 0  for i > j  

A statistic for testing this hypothesis is the sum of squared sij’s for i > j  so, 

under Ho we have  
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A statistics with mean zero under Ho is  
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Under Ho we have also  

    









m

i

i

j
ijiinmmm PP

n
nntVar

2

1

1

22
4

2 122
   

and so tnm/Pnm will have mean 0 and variable 1 under H0 

(2) Independence of K sets of variables  

 our null hypothesis is H0: ij = 0, i > j under H0 we have  
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Beerstecher, et al, (1950).  
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The statistics with 0 mean under H0 is  
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And also we have  
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This method can be used in testing the biochemical data Beerstecher, et al, 

(1950).  

2.08  Testing Independence of Multivariate data using Boot 
strap  

The test can be used to check independence of many factors in an 

experiment. Both parametric (likelihood test) and nonparametric tests can 

be used for the same data.  

 The null hypothesis is H0 :  = diag (11,
  22, 35

 …….nm) 

Versus  

 Hı: not H0  

 Where  = (Pij)nxm i= 1……n,  j= 1…….n 

Under the null hypothesis the likelihood ratio test statistic is based on a 

random sample from  

 
 

aij
n

A
isTUN  

where A = (aij), for i=1, . . . n 

                               j=1, . . . m 

is the maximum likelihood estimator of .  
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CHAPTER THREE 

    MATERIALS USED FOR THE STUDY  

3.01  Data Set  
The data set used in this work, listed as Appendix A, consists of eight (8) 

indicators variables selected from 38 African Countries (HDR 2005). 

 These indicators are  

 1. HDI   Human Development Index 

 2. EI  Education Index  

 3. GDP/Index  Gross Domestic Product Index  

 4. LEI  Life Expectancy Index  

  5. HPI-I  Human Poverty Index values (%) 

 6. PNUIWS Population not Using Improved Water Sources  

 7. AIR   Adult Illiteracy Rate 

 8. PBNS  Probability at birth of not surviving to age 40 (%).  

In the indicators table, countries and areas are ranked in descending order by 

their human development index, value or by their human poverty index. The 

indicators present both either or both similarities or differences. The group of 

human development Index includes indicators such as LEI, EI, GDP, HDI and 

the second group includes HPI, PNUIWS, AIR, PBNS.   

(1)  The human development index (HDI): This measures ‘the average 

achievements in a country in three basic dimensions of human 

development, once the dimension indices have been calculated, then  
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the HDI is a simple average of the three dimensions indices.  

HDI = ⅓ (Life expectancy Index LEI + Education Index  

El’ + Gross Domestic Product Index ‘GDP’)  

(2)  The Human Poverty Index (HPI): While the HDI measures average 

achievement, the HPI measures deprivations in the three basic dimensions 

of human development captured in the HDI.  

The formula for calculating the HP1-I include  

(i) Probability at birth of not surviving to age 40(times 100) (PBNS).  

(ii) Adult Illiteracy rate (AIR)  

(iii) Unweighted average of population not using improved water sources 

and unweighted children under age five.  

(3)  Education Index (El). This is one of the three indices on which the human 

development index is built. It is based on the adult literacy rate and the 

combined primary, secondary and tertiary gross enrolment rate. In addition 

the adult illiteracy rate (AIR) can also be calculated as 100 minus the Adult 

literacy rate.  

(4)  GDP Index (Gross domestic product). It is based on GDP per capital (PPP) 

(Purchasing power parity).  

(5)  Population not using improved water sources (PNUIWS) is a  percentage 

calculated as 100 minus the percentage of the population using improved 

water source.  
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The main purpose of Human Development Report is to assess the state of human 

development across the globe by providing a critical analysis of a specific theme 

each year. It combines thematic policy analysis with detailed country data that 

focus on human well-being.  

The report presents statistical information that has been built up through the 

collective effort of many Organization such as:  

- Food and Agricultural Organization (FAO)  

- United Nations Educational, Scientific and Cultural Organization  

(UNESCO)  

- United Nations Statistics Division (UNSD)  

- World Bank  

- World Health Organization (WHO)  

- Government Documents  

- Journal articles and other scholarly publications.  

These organizations collect data from national sources or through their own survey 

and make it internationally comparable as possible. These data allow classification 

of countries in four ways: In major world aggregate, by region, by human 

development level and income.  

3.02  Software Used.  
For the analysis of data collected SPSS 13 statistical  

programme was used for its appropriateness.  
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3.03    Methodology  

3.04   Hotelling’s T2 Test  

The Hotelling’s T2 test assesses the statistical significance of the difference 

on the means of two or more variables. Hotelling’s T2 test is the 

generalization to P variables of the univariate t-test. The test statistic is 

presented as: If X1 ……….Xn ~Np (U, ) with P = 1. The Statistic is  

T2 =    0
1
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Then the significance of T2 is determined by using the fact that, in the null 

hypothesis case of equal population mean, the transformed statistic is  
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The two sided Hotelling test rejects H0 in favours of the  
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3.05     Wilks’ lambda Test  

Wilks’ lambda test is test statistic that is used in multivariate hypothesis 

testing especially with regard to the likelihood-ratio test (MANOVA). It is 
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used to test whether there are differences between the means of identified 

groups of subjects on a combination of dependent variables. It is a direct 

measure of the proportion of variance in the combination of’ dependent 

variable, that is unaccounted for by the dependent variable (the grouping 

variable or factor). If a large proportion of the variance is accounted for by-

the-independent-variable,-then-it-suggests-that-there-is-an-effect-from-the-

grouping-variable-and-that-the-groups-have-different-mean-values.-Wilks-

Lambda-is-an-inverse-criterion,-so-a-lower-lambda-()-value-means-that-

there-is-a-greater-treatment effect. This means that, when the dependent 

variable are not inter-correlated, less variance is explained by the within 

groups effects and more variance is explained by the between groups effect. 

Under the null hypothesis, the statistic is: 
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Wilk’s lambda statistic can be transformed to a statistic which has 

approximately an F distribution. This makes the P-value calculated easier. 

We shall use the distribution approximations of or X2 to obtain significance levels. 

The null hypothesis is rejected at  level if  
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3.06    Canonical Correlation Analysis  
Canonical correlation analysis is an additional procedure for assessing the 

relationship between variables. Specifically, this analysis allows us to 

investigate the relationship between two sets of variables. In this analysis, 

linear combinations of canonical variables are created for each data set such 

that the correlations between canonical variables of the two data sets are 

maximized. The hypothesis tested is 12 = 0, which means that the two sets 

of variables are uncorrelated with one another. The statistic is under the 

assumption of normality, and the likelihood ratio statistics for testing the 

null hypothesis, given by  
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The null hypothesis is rejected for small 2/n at  level.  

3.07    Wilcoxon signed-ranks test  
The test is used when it is assume that the difference is ordinal. The 

Wilcoxon signed ranks test, rank all the difference (d’s) between pairs from 

the two groups and affix for each rank the sign of difference. Under the null 

hypothesis we expect that the sum of positive ranks will be equal to the sum 

of negative, otherwise the null hypothesis is rejected. The statistic is 

obtained using a linear function of the ranks of Euclidean norms of the 

transformed vectors. 

Therefore, the test statistic for testing the null hypothesis of independence 

is obtained as follows for i =1, 2, ………….., n for p and q dimensional 

standardized sign vectors based on the first and second components 

)2(
1

)1(
1 XandX    



 30

Let 
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R  and 
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The Wilcoxon test of independence with test statistic is then  
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For the value of T computed if the P associated is equal to or less than that 

 level, then the null hypothesis is rejected in favour to the alternative. To 

perform this test, the data of appendix A is transformed into two groups of 

variables (HDI and HPI) regarding to the sets of variables above, and we 

refer to it as appendix B. The eight variables become two broad variables.  

3.08.  Friedman two way analysis of variance test.  
This method compares several related samples and can he used as a non- 

parametric alternative to the two ways ANOVA. The power of this method 

is with small samples but it is the best method for non-parametric two way 

analysis of variance with sample, sizes above five. This method allows a 

follow-up comparison between individual parameters, and it is therefore, 

recommended that this test be used for the analysis of ranks or scores. In 

this situation the data are cast in two way table having N(38) rows and K(8) 

columns. The data of the test are ranks. The scores in each row are ranked 

separately. The test determines whether it is likely that the different 

columns of ranks (samples) came from the same population. If the null 
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hypothesis (that the samples have all been drawn from the same population 

or populations with the same median) is true then the distribution of ranks 

in each column would be a matter of chance, and thus we will expect all the 

ranks from 1, 2,………..,N to appear in all columns with about equal 

frequency. Therefore if the null hypothesis is false, the rank totals would 

vary from one column to another. 

The Friedman test determines whether the ranks totals for each parameter 

differ significantly from the values, which would be expected by chance 

and also tests whether the K related samples come from the same 

population with respect to ranks. When the number of rows and/or columns 

is large enough, the following statistic is approximately distributed as Chi-

square (X 2
r ) with K-l degree of freedom.  
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and that X 2
r  is distributed approximately as Chi-Square with df= K-1 only 

when the number of rows/or columns is large.  

The probability of occurrence under the null hypothesis associated with 

observed values of X 2
r  depends on the size of N and K and by reference to 

the X 2
r  distribution with df=K-l. Then if the probability is equal to or less 

than that a (table), the null hypothesis is rejected we will use this test to 

determine the independence of variables HDI, LEI, El, GDP, PNUIWs, 

AIR, PBNS, HPI.  
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3.09  Kendall’s W Test.  
Kendall’s coefficient of concordance W measures the relationship among several 

rank-ordered variables for N objects or individuals. The analysis is conducted on 

a table which contain, in each column the ranks of the N objects on one of K 

variables. As a solution to the problem of measuring relation between several K-

sets of rankings. Friedman (1937) has shown that, when the number of rows 

and/or columns is large enough, the following statistics is approximately 

distributed as X2 with k – 1 degree of freedom.  
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Where R1 is the sum of the ranks for row 1: this is Friedman’s Statistics for two-

way analysis of variance by ranks. Kendall’s coefficient of concordance can be 

obtained by transforming the Friedman’s X2 statistics as follows.  

WNKx
NK
xW )1(

)1(
2

2




  

The above expression can be expressed as  
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Kendall’s W statistics is simply the variance of the row sums of ranks R: divided 

by the maximum possible value that variance can take: this occurs when all 

variables are in total agreement. Hence, the Kendall coefficient of concordance, 

W, provides an indication of the association between several rankings of different 

parameters. W ranges between 0 and 1 with 1 designating perfect concordance, 

and 0 indicating no agreement or independence of samples. The Friedman two-
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way analysis of variance and the Kendall Coefficient of concordance are linearly 

related Siegel and Castellan, (1988) and as such provide, similar results. They 

address hypothesis concerning the same data and they use the same x2 Statistics 

for testing. They differ only in the formulation of their respective hypothesis. An 

extension of the Friedman test does however allow multiple comparisons of 

different ranks, thus enabling the user to identify significant differences-between 

the important of paranieters ranked. As in the case for the Kendall, statistics 

data have to be converted to rank prior to analysis and modifications exist 

for tied ranks. The null hypothesis (Ho) subjected to testing is that the row 

sums R; are equal or, in other words, that the K sets of ranks are 

independent of one another. The X 2 statistics is compared to a X 2
 value 

read in a table of critical values of X 2for N- 1 degree of freedom. When X 2 

is small than the critical value X 2 (that is to say probability larger than ) 

the null hypothesis that the row sums Ri are equal cannot be rejected. This 

leads to the conclusion that the K variables are independent and differ in the 

way they rank the N objects. On the contrary, X2 X 2
 (that is probability 

smaller than or equal to ). Indicates good agreement among the variables 

in the way they rank the objects.  

3.10     Cochran Q Test  
The Cochran Q test for K related samples, provides a method for testing 

whether more than one sets of frequencies or proportions differ 

significantly among themselves. The test is particularly suitable when the 

data are in a nominal scale or are dichotomized ordinal information. If the 
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data of the research can be arranged in two way table consisting of N rows 

and K columns. It is possible to test the null hypothesis that the proportion 

(or frequency) of responses of a particular kind is the same in each column, 

except for chance differences. If the null hypothesis is true, that is if there is 

no difference in the probability of success under each condition the 

statistics is 

 

 



 








 N

i

N

i

k

i

k

LLK

ZZK
Q

1 1

2
11

1

2

1
)1(

 

 
which is distributed as X 2
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Where Zj is the total number of “success” in ith column, 

Z  is the mean of the Z j  

Li is the total number of ‘success” in ith  row. The above formula is  
equivalent to  
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The probability associated with the occurrence under the null hypothesis of  

values as large as an observed Q may be determined by reference to tabular. 

If the observed value of Q is equal to or greater than that of tabular. 

Then for α level and a value of df= K-1, the null hypothesis is rejected in favour 

to the alternative hypothesis.  
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CHAPTER FOUR  

ANALYSIS 

4.01    Hoteling’s-T2-Test  
  

  Hoteling T2 test of independence  

Table 4.1 Analysis of Variance for Hoteling T2 test of independence 

Source of Variation Sum of Sq DF Mean Square F 

Between People 10787.8279 37 291.5629  

Within People 128271.8686 266 482.2251  

Between Measures 102106.0608 7 14586.5801 144.3840 .0000 

Residual 26165.8078 259 101.0263  

Total 139059.6965  303 458.9429   

                                                              Table 1 

Hotelling’s T-Squared 1342.9892 F = 160.7439 Prob. = .0000  

Degrees of Freedom: Numerator = 7  denominator = 31  

From Table 1, the null hypothesis, that is variables are statistically independent, is 

rejected at-= 0.05. This mean that the indicators:  

HDI, EL, LEI, GDPIlndex, HPI, PNUIWS, AIR, PBNS are not independent 

meaning that they are correlated  
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4.02    Wilks’ Lambda test  

Table 4.2:  Wilks’ Lambda test of independence for human development 

index report  

Multivariate  Tests of Significance  ( S = 4, M = 2, N = 14)  

Test Name Value  Approx. F Hypoth. DF Error DF Sig. of F 

Pillais 2.14185  9,50962 16,00 132,00 000 

Hotellings 53,25485 94,86020 16,00 114,00 ,000 

Wilks ,00137  44,11116 16,00 92,29 ,000 

Roys ,97601    

     

The null hypothesis is Ho:variables are independent against the alternative.  

The result from Table 2 indicates that small value ^ of  0.00137 implies that 

the null hypothesis is rejected at  = 0.05 level. That is variables are not 

independent. The interpretation of this is that the indicators HDI, LEI, El, 

GDP, HPI, PNUIWS, AIR, PBNS are interrelated. 
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4.03    Canonical correlation analysis  

Table 4.3a:  Canonical correlation test of independence for human 

development report analysis  

Correlations for Set-i  

 HDI El LEI GDP 

HDI 1.0000 .8030 .8174 .8957 

El .8030 1.0000 .3918 .6074 

LEI .8174 .3918  1 .0000 .6881 

GDP .8957 .6074 .6881 1.0000 

Table 4.3b:  Canonical correlation test of independence for human 

development report analysis   

 HPI PNUIWS AIR PBNS 

HPI 1.0000 .6098 .8368 .6652 

PNUIWS .6098 1 .0000 .3260 .5053 

AIR .8368 .3260 1.0000 .2166 

PBNS .6652 .5053 .2166 1.0000 

Correlations Between table 4.3a and 4.3b   
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 HPI PNUIWS AIR PBNS 

HDI -.9155 -.6161 -.6770 -.7958 

El -.8772 -.3836 -.9516 -.3531 

LEI -.6805 -.5085 -.2584 -.9852 

GDP -.7372 -.6642 -.4655 -.6860 

   

Canonical Correlations results for the analysis 

1  .988  

2  .962  

3  .491  

4  .013  

Test that remaining correlations are zero:  

 Wilks Chi-SQ DF Sig. 

1 .001 214.193 16.000 .000 

2 .057 92.967 9.000 .000 

3 .759 8.972 4.000 .062 

4 1.000 .006 1.000 .939 

           

From the canonical correlation results of the analysis, 0.988 and 0.962 are very 

close to one. Therefore, an overall conclusion can be made, and this can be due to 

the strong relationship between the first two variables (HDI and El). On the other 
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hand the last two canonical correlation 0.491 and 0.013 are low, this implies that 

the variables corresponding have less impact (LEI and GDP) on the relationship.  

Also the comparison of the obtained and the tabulated values for the chi-square at 

 = 0.05 level indicate that only the last two canonical variate are significant. This 

means that the null hypothesis is accepted at these two variables with canonical 

correlation not different from zero. The zero canonical correlation implies 

independence between the sets of variables. So, the two sets of variables are not 

fairly independent. The conclusion is to reject the null hypothesis that the two sets 

of variables are independent.  

4.04    The Wilcoxon signed-ranks sum test  

Table 4.4a:  Wilcoxon signed ranks test of independence for human 

development report  

  N  Mean Rank  Sum of Ranks  

HPI WILCOXON -  Negative Ranks  2 a  1.50  3.00  

HDI WILCOXON  Positive Ranks  149b  77.00  11473.00  

 Ties  Oc    

 Total  151    

      

a. HPI WILCOXON < HDI WILCOXON  

b. HPI WILCOXON> HDI WILCOXON  

c. HDI WILCOXON = HPI WILCOXON  
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Table 4.4b:  Wilcoxon signed ranks test of independence for human 
development report   

 HPI 

WILCOXON 

HDI 

WILCOXON 

Z 

Asymp.Sig.(2-table) 

-10.654B 

.000 

       

a.  Based on negative ranks.  

b.  Wilcoxon Signed Ranks Test  

From Table 4.4a, the Z value is -10.654 and the p-value associated from the 

tabular (2-tailed) is less than that  = 0.05. So, the null hypothesis is 

rejected. This mean that variables are not independent, thus we can 

conclude that Human development index and Human poverty index are 

related to each other.  
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4.05   The Friedman two way analysis of variance test 
 

Table 4.5a:  Friedman multivariate test of independence for human development 
report analysis 

Ranks  

HDI  2.53  

El  3.30  

LEI  2.30  

GDP/lndex  2.08  

HPI  6.55  

PNUIWS  6.29  

AIR  6.82  

PBNS 6.13 

  
Table 4.5b:  Friedman multivariate test of independence for human development 

report analysis 
 

Test-Statisticsa 

N 

Chi-square 

df 

asymp.Sig. 

38 

199.932 

7 

.000 

   

Result from Table 4.5a indicates that the null hypothesis is rejected at = 

0.05 level, meaning that the variables are not independent, the interpretation 

of this is that the 8 indicators are related.  
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4.06   Kendall’s W test  

Table 4. 6:  Kendall’s W test of independence for human development report 

Test Statistics  

N 38 

Kendall’s 752 

Chi-square 199.932 

Df 7 

Asymp.sig 000 

   

a. Kendall’s Coefficient of Concordance  

From Table 4.6, the null hypothesis that is variables are independent is, 

rejected at = 0.05 level of significance. This implies that the variables are 

not independent, meaning that all the indicators of interest are correlated.  
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4.07   Cochran Q test  

Table 4.7:  Cochran Q test of independence for human development report 

Analysis of Variance for human development report 

Source of Variation Sum of Sq. DF Mean Square Q Prob. 

Between people 10787.8279 37 291.5629   

Within People 28271.8686 266 482.2251   

Between Measures 102106.0608 7 14586.5801 211.7394 .0000 

Residual 26165.8078 259 101.0263   

Total 139059.6965 303 458.9429   

Table 4.7 indicates that the null hypothesis is rejected at  = 0.05 level. Meaning 

that the variables are not independent so indicators are related to each other.  
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CHAPTER FIVE 

5.01    SUMMARY AND CONCLUSION  

5.02     Summary  

In this research work multivariate parametric and non parametric tests for 

independence were performed using multivariate data collected from World 

Bank on Human Development Report. The null hypothesis (Ho: variables 

are independent) is rejected for both the selected parametric (Hotelling’s T2, 

Wilks Lambda, Canonical correlation analysis) and non parametric 

(Friedman, Kendall W. Wilcoxon and Cochran Q) tests. 

 

5.03     Conclusion  

Multivariate parametric and non parametric are two statistical methods of 

inference. Multivariate parametric methods depend upon the assumption of 

a specific distributional form for example an approximate multivariate 

normal distribution. And data for these method will be interval or ratio 

scales. On the other hand the multivariate non parametric method is 

referred to as distribution free method using ordinal or normal data and 

even interval and ratio data when the distributional assumption is 

unspecified. The analysis of the data from human development report using 

both methods yields the results. From the parametric test of independence, 

Hotelling’s T2, 
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Wilks Lambda and Canonical correlation analysis the null hypothesis that is 

variable are independent and is rejected in favour of the alternative. From 

the nonparametric test, Wilcoxon signed-ranks, Friedman, Kendall and 

Cochran, the null hypothesis is also rejected at the same levels of 

significant so both methods yield the same result. But a multivariate 

parametric method for example, Canonical correlation analysis have some 

times an advantage over nonparametric method. That is, if the null 

hypothesis is rejected, it shows which of the components hypothesis led to 

the rejection of the null hypothesis.  As well as knowing that the null 

hypothesis should be rejected, one could enquire which specific linear 

combination led to its rejection. This work has equally shown us the 

similarities and differences between parametric and non parametric method 

in analyzing specific data.  

5.04    Recommendation 

The essence of this work is to expose the relationship between component 

of human development reports.  The result shows that the education index 

and poverty index are closely related. Hence, assistance need to be given to 

Countries with high poverty indices in terms of their educational 

institutions. 
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APPENDIX-A 
HUMAN DEVELOPMENT INDEX      

Countries HDI EI LEI GDP/INDEX HPI PNUIWS AIR PENS 

Mauritius 0.75 0.77 0.77 0.76 16 0 15.8 5.4 

Libyan J 0.77 0.83 0.75 0.72 16.7 28 20.9 6.4 

Cape verde 0.7 0.75 0.74 0.63 20.9 26 26.4 10.4 

South Afri 0.7 0.87 0.48 0.75 18.7 14 15.1 24.4 

Algeria 0.69 0.69 0.74 0.66 23.5 6 33.4 10.5 

Egypt 0.63 0.62 0.7 0.59 31.7 5 45.4 10.3 

Morocco 0.59 0.49 0.7 0.59 36.4 18 52 11.8 

Zimbabwe 0.55 0.8 0.3 0.56 36.2 15 12 51.6 

Ghana  0.54 0.61 0.53 0.49 29.1 36 29.7 27 

Lesotho  0.54 0.75 0.38 0.49 25.8 9 17.1 35.4 

Kenya 0.51 0.71 0.44 0.39 31.8 51 18.5 34.6 

Comoros 0.51 0.51 0.57 0.44 29.9 4 40.8 20.6 

Cameroon 0.5 0.64 0.42 0.46 31.1 38 25.2 36.2 

Congo 0.5 0.74 0.44 0.5 30.7 49 20.5 34.8 

Togo 0.48 0.58 0.44 0.44 38.3 46 43.7 34.1 

Madagascar 0.46 0.59 0.45 0.35 38.6 53 34.3 31.6 

Nigeria 0.45 0.57 0.44 0.36 36.1 43 37.4 33.7 

Djibouti 0.44 0.5 0.32 0.53 34.7 0 36.6 42.3 

Sudan 0.43 0.49 0.51 0.32 34.8 25 43.1 27.3 

Mauritania 0.43 0.41 0.43 0.46 47.8 63 58.4 33.1 

Tanzania 0.43 0.61 0.44 0.27 32.4 46 25.3 33.3 

Uganda 0.43 0.59 0.3 0.41 41 50 33.9 48.4 

Congo 0.42 0.51 0.43 0.35 40 55 39.7 34.7 

Zambia 0.42 0.68 0.27 0.34 40 36 22.8 53.6 

Cote d'ivoire 0.42 0.43 0.38 0.47 42.9 23 54.3 40.2 

Senegal 0.42 0.36 0.47 0.44 45.9 22 63.6 28.5 

Benin 0.42 0.41 0.48 0.37 45.8 37 61 29.7 

Eritrea 0.41 0.44 0.45 0.36 44 54 47.3 31.7 

Gambia 0.39 0.39 0.35 0.46 49.6 38 64.3 40.5 

Malawi 0.39 0.64 0.26 0.3 43.4 43 40.8 50.4 

Rwanda 0.39 0.57 0.25 0.36 44.2 59 34.2 51.9 

Mali 0.37 0.36 0.44 0.34 47.8 35 60.2 38.5 

Central Africa 0.37 0.38 0.32 0.41 46.1 40 54.6 45.3 

Chad 0.35 0.38 0.34 0.36 53.1 73 59 41 

Guinea Biss 0.33 0.37 0.33 0.32 49.6 51 62.3 42.2 

Mozambique 0.32 0.36 0.25 0.36 48.3 40 56.8 49.2 

Ethiopia 0.32 0.34 0.32 0.31 57.2 76 62.6 43.6 

Niger  0.27 0.15 0.33 0.34 63.6 41 84.7 41.4 

 Source: Note on statistics in the human development report: World Bank (March, 2005) 

 GDP = Gross Domestic Product Index      

 EI    = Education Index       

 LEI  = Life Expectancy Index      

 HDI =  Human Development Index      

 HPI-1 = Human Poverty Index (%)     

 PNUIWS = Population Not Using Improved Water Sources (%)   

 PBN = Probability at birth of not surviving to age 40 (%)   

 AIR =  Adult Illiteracy rate       
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Appendix-B 
Data for Wilcoxon   

HDI  HPI 
0.75  16 
0.77  16.7 
0.7  20.9 
0.7  18.7 
0.69  23.5 
0.63  31.7 
0.59  36.4 
0.55  36.2 
0.54  29.1 
0.54  25.8 
0.51  31.8 
0.51  29.9 
0.5  31.1 
0.5  30.7 
0.48  38.3 
0.46  38.6 
0.45  36.1 
0.44  34.7 
0.43  34.8 
0.43  47.8 
0.43  32.4 
0.43  41 
0.42  40 
0.42  40 
0.42  42.9 
0.42  45.9 
0.42  45.8 
0.41  44 
0.39  49.6 
0.39  43.4 
0.39  44.2 
0.37  47.8 
0.37  46.1 
0.35  53.1 
0.33  49.6 
0.32  48.3 
0.32  57.2 
0.27  63.6 
0.77  0 
0.83  28 
0.75  26 
0.87  14 
0.69  6 
0.62  5 
0.49  18 
0.8  15 
0.61  36 
0.75  9 
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0.71  51 
0.51  4 
0.64  38 
0.74  49 
0.58  46 
0.59  53 
0.57  43 
0.5  0 
0.49  25 
0.41  63 
0.61  46 
0.59  50 
0.51  55 
0.68  36 
0.43  23 
0.36  22 
0.41  37 
0.44  54 
0.39  38 
0.64  43 
0.57  59 
0.36  35 
0.38  40 
0.38  73 
0.37  51 
0.36  40 
0.34  76 
0.15  41 
0.77  15.8 
0.75  20.9 
0.74  26.4 
0.48  15.1 
0.74  33.4 
0.7  45.4 
0.7  52 
0.3  12 
0.53  29.7 
0.38  17.1 
0.44  18.5 
0.57  40.8 
0.42  25.2 
0.44  20.5 
0.44  43.7 
0.45  34.3 
0.44  37.4 
0.32  36.6 
0.51  43.1 
0.43  58.4 
0.44  25.3 
0.3  33.9 
0.43  39.7 
0.27  22.8 
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0.38  54.3 
0.47  63.6 
0.48  61 
0.45  47.3 
0.35  64.3 
0.26  40.8 
0.25  34.2 
0.44  60.2 
0.32  54.6 
0.34  59 
0.33  62.3 
0.25  56.8 
0.32  62.6 
0.33  84.7 
0.76  5.4 
0.72  6.4 
0.63  10.4 
0.75  24.4 
0.66  10.5 
0.59  10.3 
0.59  11.8 
0.56  51.6 
0.49  27 
0.49  35.4 
0.39  34.6 
0.44  20.6 
0.46  36.2 
0.5  34.8 
0.44  34.1 
0.35  31.6 
0.36  33.7 
0.53  42.3 
0.32  27.3 
0.46  33.1 
0.27  33.3 
0.41  48.4 
0.35  34.7 
0.34  53.6 
0.47  40.2 
0.44  28.5 
0.37  29.7 
0.36  31.7 
0.46  40.5 
0.3  50.4 
0.36  51.9 
0.34  38.5 
0.41  45.3 
0.36  41 
0.32  42.2 
0.36  49.2 
0.31  43.6 
0.34  41.4 

 


