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Robustness and power of the parametric t 
test and the nonparametric Wilcoxon test 
under non-independence of observations 
Wolfgang Wiedermann1 & Alexander von Eye2 

Abstract 
A large part of previous work dealt with the robustness of parametric significance tests against non-
normality, heteroscedasticity, or a combination of both. The behavior of tests under violations of 
the independence assumption received comparatively less attention. Therefore, in applications, 
researches may overlook that robustness and power properties of tests can vary with the sign and 
the magnitude of the correlation between samples. The common paired t test is known to be less 
powerful in cases of negative between-group correlations. In this case, Bortz and Schuster (2010) 
recommend the application of the nonparametric Wilcoxon test. Using Monte-Carlo simulations, 
we analyzed the behavior of the t- and the Wilcoxon tests for the one- and two-sample problem 
under various degrees of positive and negative correlations, population distributions, sample sizes, 
and true differences in location. It is shown that already minimal departures from independence 
heavily affect Type I error rates of the two-sample tests. In addition, results for the one-sample tests 
clearly suggest that the sign of the underlying correlation cannot be used as a basis to decide 
whether to use the t test or the Wilcoxon test. Both tests show a dramatic power loss when samples 
are negatively correlated. Finally, in these cases, the well-known power advantage of the Wilcoxon 
test diminishes when distributions are skewed and samples are small.  
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s-
tical inference about differences in means ( t test), a good deal of research fo-
cused on the properties of the t statistic. When the assumptions of normality, homosce-

-sample t test was 
shown to be the optimal procedure for the comparison of means from independent sam-
ples (Hodges & Lehmann, 1956; Randles & Wolfe, 1979). However, in empirical data, 
violations of one or more assumptions might exist, and robustness properties of signifi-
cance tests are of great interest. Early theoretical findings suggest that the two-sample t 
test is fairly robust against violations of the normality assumption (e.g., Bartlett, 1935). 
This result was confirmed in numerous simulation studies (e.g., Borneau, 1960; Neave & 
Granger, 1968; Posten, 1978, 1984; Rasch & Guiard, 2004). Although the two-sample t 
test is able to protect the nomi -normality, considerable 
evidence exists that the nonparametric Wilcoxon-Mann-Whitney U test is robust and 
even more powerful under various non-normal distributions (Hodges & Lehmann, 1956; 
Neave & Granger, 1968; Randles & Wolfe, 1979). In addition, it has been demonstrated 
that the two-sample t test is robust against violations of equality of variances when sam-
ple sizes are equal (e.g., Hsu, 1938; Scheffè, 1970; Posten, Yeh & Owen, 1982, 
Tuchscherer & Pierer, 1985; Zimmerman, 2006). When both, variances and sample sizes 
are unequal, the probability of the Type I error exceeds the nominal significance level if 
the larger variance is associated with the smaller sample size, and vice versa (Moder, 
2010; Wiedermann & Alexandrow t 
test (Welch, 1938, 1947) is recommended as an adequate alternative (see also a recent 
reminder of Rasch, Kubinger & Moder, 2011).  
Although it is well known that the two-sample t test assumes independent observations, 
less attention has been paid to non-independence. Here, the distinction of between-group 
and within-group dependency has to be made. Between-group dependence refers to the 
fact that observations of two samples are correlated (for example, data obtained from a 
matched samples design or repeated observations). For the analysis of repeated meas-

-
that only one sample of research units is drawn from the underlying population of inter-
est and the construct of interest is measured repeatedly (for details see Rasch, Kubinger 
& Yanagida, 2011). In contrast, within-group dependence means that scores are correlat-
ed with other scores within the same group (for example, if subjects influence each oth-

error rates of the two-sample t test are strongly affected. It is important to note that the 
different types of dependencies can have different effects on the behavior of parametric 
significance tests. For positive between-group correlations (e.g., higher scores in a base-
line assessment are associated with higher scores in a follow-up assessment), the proba-
bility of a Type I error falls below the nominal significance level. In contrast, positive 
within-group correlations (e.g., higher scores obtained in a subset of the sample are asso-
ciated with higher scores in another subset of the same sample) increase the Type I error 
rates (Cochran, 1947; Lissitz & Chardos, 1975; Zimmerman, Williams & Zumbo, 1993; 
Zimmerman, 1997). Paired data (i.e., data exhibiting a non-zero between-group correla-
tion) can easily be analyzed using statistical tests developed for the one-sample problem. 
Given that difference scores follow a normal distribution, the paired t test (essentially a 
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one-sample t test performed on differences of sample values) is the optimal significance 
test (Hodges & Lehmann, 1956; Randles & Wolfe, 1979).  
Several studies have shown that the paired t test is highly robust against violations of the 
normality assumption with respect to the Type I error (e.g., Herrendörfer, Rasch & 
Feige, 1983; Posten, 1979; Rasch & Guiard, 2004). However, for various non-normal 
densities, the nonparametric Wilcoxon-matched-pairs-signed-ranks test has proven to be 
robust and more powerful (Blair & Higgins, 1985). It is important to note that, although 
these test statistics were developed for paired data, the tests still assume independent 
observations within samples. Previous studies reported heavily biased Type I error rates 
in cases where observations systematically carry information about other observations 
(Chlaß & Krüger, 2007; Guiard & Rasch, 2004; von Eye, 1983, 2004). The present study 
focuses on between-group dependencies. 
In practical data analysis, researchers may overlook that negative between-group correla-
tions can have different effects on both two-sample and one-sample tests than positive 
between-group correlations. Only few studies analyzed the behavior of significance tests 
considering positive as well as negative correlations (for an exception see Zimmerman, 
1997, 2012). This seems surprising considering that the occurrence of negative between-
group correlations may be a common result of matching pairs. To give an example, Hays 
(1994) states that personality dominance of married couples might be negatively corre-
lated, if highly dominant women tend to marry men with lower tendencies for dominance 
and vice versa.   
In this article, we ask questions concerning the consequences of negative between-group 
correlations. Bortz and Schuster (2007) indicate that the paired t test is less powerful 
under negative correlations, which is in line with simulation results of Zimmerman 
(1997). The authors recommend using the nonparametric Wilcoxon test instead (Bortz & 
Schuster, 2007, p. 125). The current study aims to systematically investigate the behavior 
of the parametric t- and the nonparametric Wilcoxon tests, developed for the one- and the 
two-sample problems, under various degrees of positive and negative between-group 
correlation, various sample sizes, and various distributions. It will be shown that these 
tests perform virtually identically with respect to the power to detect true differences 
between samples. 

Methods 

In this article, we report results from a Monte-Carlo study in which we focus on dependen-
cies between groups (e.g., matched pairs or repeated observations). To perform the simula-
tions, a program was written using the R statistical environment (R Core Team, 2012) that 
varied four factors: Between- n), and 
difference in means (µ1  µ2). The following sections describe the factors in detail. 
Between-group correlation. To mimic violations of the between-group independence 
assumption, correlations between two samples y1 and y2 
induced by adding a multiple of one random variate to another. The multiplicative con-
stant c was chosen to obtain the desired correlation. Let y1, y2, and z be independent 
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standard normally distributed variables with zero means and unit variances. If 

 
(1

c , 1
1 21

y czx
c

 and 2
2 2

 
1

y czx
c

follow a standard normal distribution 

with a between- m-

was invoked and then the scores of x1 were multiplied by ( 1). 
Type of distribution. N(0,1) distributed variables were generated using the Ziggurat 
method of Marsaglia and Tsang (2000). Next, the normal variates were transformed to 
simulate various non-normal distributions. The following four non-normal shapes were 
realized (see, for example, Evans, Hastings & Peacock, 2000): 

 Uniform distribution: Uniformly distributed variates were generated using a proba-

bility integral transformation: '2 '1 exp / 2
2

x

u F x x dx , where x and F 

denote the standard normally distributed random variable and the cumulative distri-
bution function of the standard normal distribution, respectively. Resulting variates 
are expected to exhibit a skewness of 0 and kurtosis of 1.8. 

 Logistic distribution: Uniformly distributed variates (u) were transformed using 
log / (1 )x u u  and are expected to show a skewness of 0 and a kurtosis of 4.2. 

 Gumbel distribution: Uniformly distributed variates were transformed using 
log logx u . The resulting distribution is expected to show an elevated skew-

ness and a kurtosis of 1.14 and 5.4, respectively.  
 Exponential distribution: Exponentially distributed values were obtained applying 

log 1x u  and are expected to show a skewness of 2 and a kurtosis of 9. 

 
Differences in means. To analyze Type I error rates as well as the power of the signifi-
cance tests, constants were added to one sample to produce the following differences in 
means: µ1  µ2 = 0, 0.25, 0.50, 0.75. 
Sample size. The number of observations (n) varied from 30 to 250, in increments of 20. 
For each experimental cell of the 5 (distribution shapes) x 17 (correlation) x 12 (sample 
sizes) x 4 (differences in means) design 5000 repetitions were realized. In each repeti-
tion, the samples x1 and x2 were evaluated using the two-sample t test, the (standard 
normal-approximated) Wilcoxon-Mann-Whitney U test, the paired t test, and the (stand-
ard normal-approximated) Wilcoxon test. Thus, a total of 20,400,000 test statistics for 
each significance test were retained and further analyzed applying standard ANOVA 
techniques (for an example see, von Eye, 2004). All significance tests were performed 
non- . To evaluate the robust-
ness of Type I error rates, a 20% r
significance test is considered robust if the empirical Type I error rates do not exceed the 
interval 4  6%. The results presented in Figures 2  4 were obtained using 50,000 repe-
titions. The implemented R program is freely available from the authors upon request. 
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Results 

Type I error 

Due to the large quantity of simulation outcomes, results of the Type I error simulation 
n = 30, 150, 250. Findings for the 

experimental conditions not shown here are very similar to the presented results and can 
be obtained from the authors upon request. Tables 1 and 23 show the Type I error rates of 
the four significance tests for the five distributions. Each entry gives the relative fre-
quency of rejecting the null hypothesis. As expected, all tests are very well able to pro-

significance tests of the one-
sample problem are able to keep Type I error rates close to the 5% level, also as ex-
pected. In contrast, the test statistics of the two-sample procedures are heavily biased in 
these cases.  
Two different effects were observed depending on the sign of the population correlation. 
For negatively correlated samples, the probabilities of a Type I error are far above the 
nominal significance level for the two-sample t test and the U test. However, both tests 
become overly conservative for positively correlated samples (i.e., the Type I error rates 
fall far below 5%). Again, this holds for normal as well as for non-normal distributions. 
Figure 1 illustrates that the magnitude of these biases varies with the magnitude of the 
correlation. It can be seen that the percentiles of the two-sample t statistic are not inde-
pendent of the level of population correlation which leads to biased decisions concerning 
the null hypothesis (Figure 1, left panel). In contrast, the t values of the paired t test are 
unaffected by the degree of correlation (Figure 1, right panel).  
To investigate the sensitivity of the simulated test statistics to the factors of the simula-
tion, we employed ANOVAs. Table 3 summarizes the ANOVA results using the corre-
sponding t and z values as dependent variables. Due to computational limits, the ANO-
VAs were restricted to n n-
crements of 0.4. Each of the 150 cells of the resulting 6 (sample size) x 5 (correlation) x 
5 (distribution) design contains 5000 observations. Due to the large number of observa-

instead of p-values. In the analyses of the one-sample procedures, the source of variation 
explains virtually nothing of the variation in means of the simulated t and z distributions 

t and z 
values remain unaffected by the simulation parameters. The ANOVA results for the two-
sample tests suggest that the strength of correlation has the largest impact on the mean t 
and z values. R² estimates for the two-sample t and U test were 0.141 and 0.143, respec-
tively. The remaining factors of the simulations did not affect the distributions of the test 
statistics. 
 

                                                                                                                         
3 See tables and figures at the end of this contribution. 
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Power 

Tables 4 and 5 show the probabilities of rejecting the null hypothesis for a true effect of 
µ1  µ2 = 0.5 (representing the power of the significance tests) for n = 30, 50, and 70. 
Again, results for the experimental conditions not shown are quite similar to the present-
ed findings. Results suggest that, first, the power of all significance tests increases with 
the sample size and the true mean difference, as expected. Second, for normal and uni-
form deviates, the parametric procedures are generally more powerful than their nonpar-
ametric counterparts.  
This pattern reverses for asymmetric distributions (Gumbel and exponential; see Table 
5). In these cases, the U test is more powerful than the two-sample t test and the Wilcox-
on test shows a power advantage over the paired t test. Furthermore, for the case of inde-

-sample t test is slightly more powerful than the paired t 
test. The same holds for the nonparametric procedures. Here, the U test consistently 
outperforms the Wilcoxon test. Comparing the power entries across the range of correla-
tions implemented in the simulations, it becomes evident that the paired t test dramatical-
ly loses power in case of negatively correlated samples. The magnitude of the power loss 
varies with the magnitude of the negative correlation and holds for all considered distri-
butions. The power loss is less pronounced for large true differences in means and large 
sample sizes. However, these are cases for which Schuster and Bortz (2010) recommend 
using the Wilcoxon test. However, the inspection of the power functions of the Wilcoxon 
test reveals a very similar power loss. Figures 2  4 show comparisons of the power 
curves of the Wilcoxon test and the paired t test for the four non-normal distributions and 
µ1  µ2 = 0.25, 0.50, and 0.75, respectively. Each line represents the difference between 
the observed power curves based on 50,000 repetitions. Values above zero indicate a 
power advantage of the Wilcoxon test, values below zero indicate a power advantage of 
the paired t test. Apparently, the power superiority of the Wilcoxon tests depends on type 
of distribution, degree of correlation, sample size, and true underlying effect size. For 
uniformly distributed populations, the well-known power advantage of the paired t test is 

more powerful than the paired t test. However, this power advantage decreases for strong 
positive correlations. For asymmetric distributions, the power differences tend to follow 
an inversely U-shaped curve. This implies that the advantage of the Wilcoxon test is 
more pronounced for moderately correlated samples. Most important is that the power 
advantage of the Wilcoxon test diminishes for negatively correlated samples. 
Finally, to further explore the sensitivity of the simulated test statistics, ANOVAs were 
performed. Table 6 shows the ANOVA results for the power simulation again using the t 
and z values as dependent variables. ANOVAs were restricted to a 6 (sample size: n = 

(effect size: µ1  µ2 = 0.25, 0.50, 0.75) design. Again, each of the 450 cells contained 
5000 observations.  
Model fit estimates varied from R² = 0.79 to 0.90 depending on the significance test 
analyzed (see Table 6). Again, due to the large number of observations for each cell, we 

p-values. As expected, the strongest effects result 
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for sample size (partial 1  µ2

and, only for the one-
Average t and z values increase with the correlation between the two variables, the sam-
ple size, and the mean differences. In addition, the mean difference significantly interacts 

0.23). The analyses of the test statistics of the paired t test and Wilcoxon test further 

see Table 6). Figure 5 shows the average t and z values for the interaction effects. Appar-
ently, test statistics of the paired t test and the Wilcoxon test increase with sample size 
and mean difference. This effect is even more pronounced for high positive correlations. 

Discussion 

Numerous previous studies dealt with robustness and power properties of parametric and 
nonparametric tests under non-normality, heterogeneity of variances, or a combination of 
both. Comparatively less attention has been paid to the behavior of the significance tests 
in cases where independence assumptions are violated (cf. von Eye, 2004). In particular, 
negative correlations seem underresearched. For a recently published exception see 
Zimmerman (2012). However, those parts of Zimmer
negative correlations were restricted to normally distributed populations and sample 
sizes of 20, 25, 100, and 400. Furthermore, the study only focused on parametric signifi-
cance tests. Using a more complex simulation design, the current study aimed at a more 
systematic evaluation of parametric and nonparametric tests developed for the one- as 
well as the two-sample problem under various degrees of negative and positive correla-
tions, distribution shapes, sample sizes, and true differences in means.  
Several conclusions can be drawn from the present results: First, as expected, those 
significance tests originally developed for the two-sample problem produce seriously 
biased decisions concerning the null hypothesis when samples are correlated. These 
results replicate earlier findings (e.g., Zimmerman et al., 1993). For example, even the 

0.1 between normally distributed samples produced Type I 
error rates which were outside the chosen robustness interval of 4  6%. This holds for 
both, the two-sample t test and the nonparametric U test, and implies that even modest 
departures from independence can make results of these tests hard to interpret. In addi-
tion, whether these tests are too liberal or too stringent depends on the sign of the popula-
tion correlation, which is also in accordance with previous studies (Zimmerman, 1997, 
2012).  
In contrast, the significance tests developed for the one-sample problem kept the nominal 

over the entire range of the simulated correlations. We conclude that 
both procedures, the paired t test and the Wilcoxon test, have nonparametric properties 
with respect to between-group correlation. However, it is important to note that the tests 
still rely on the assumption of within-group independence. The nonparametric property 
of the paired t test does not hold for within-group correlations. Von Eye (1983, 2004) 
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found that the Type I error rates of the one-sample t test are far above (below) the nomi-
nal significance level in cases of positive (negative) within-group correlations. Quite 
similar results were observed for the Wilcoxon test (Chlaß & Krüger, 2007). 

1  2 > 0 the two-sample t 
test constantly outperforms the paired t test because the two-sample t test employs 2n  2 
degrees of freedom instead of n  1 degrees of freedom of the paired t test. A quite simi-
lar effect can be observed for the U test and the Wilcoxon test which can be explained by 
the different ranking approaches and resulting number of possible ranks. The Wilcoxon 
test computes n signed ranks of difference scores. In contrast, the U n 
possible ranks to the original scores, which increases the sensitivity for true differences 
(Iman, Hora & Conover, 1984). The power superiority of the U test might be better un-
derstood from the perspective of rank transformation theory (Conover & Iman, 1981). It 
can be shown that various nonparametric tests are asymptotically equivalent to the corre-
sponding parametric tests performed on ranks replacing the original scores. Thus, the 
Wilcoxon test and the paired t test, performed on signed ranks replacing difference 
scores, will suggest equivalent statistical decisions. Similarly, the two sample t test, 
performed on ranks, only rejects the null hypothesis when the U test does. Hence, the 
explanation based on differences in degrees of freedom holds for the nonparametric 
procedures as well. 
Third, the ANOVA results for the power simulation suggest that the power of the paired 
t test heavily depends on the true differences in means and the strength of correlation 
which is in line with previous results (e.g., Zimmerman, 1997). The latter can be ex-
plained by the fact that the variance of differences is defined as 

2 2 2
1 2 1 22 ( , )d cov x x , where 2

1  and 2
2  denote the variances of x1 and x2, and 

1 2( , )cov x x  denotes the covariance term of x1 and x2 (Hays, 1994). Thus, a strong positive 
relationship (i.e., a rather large covariance term) reduces the standard error of differ-
ences. In contrast, high negative correlations lead to rather large standard errors, which 
in turn lead to a loss in power to detect true differences. In these cases, Bortz and Schus-
ter (2010) argue that the Wilcoxon test should be applied instead. The current results take 
exception to this recommendation. The simulated power functions of the Wilcoxon test 
show that the procedure also loses power when between correlations are negative. The 
inspection of Figures 2  4 shows that the power loss can sometimes be even greater than 
that of the paired t test. As a consequence, for uniformly distributed samples, the power 
advantage of the paired t test is even more pronounced than for negatively correlated 
samples. Furthermore, the well-known power superiority of the Wilcoxon test for 
skewed densities (cf. Blair & Higgin, 1985) diminishes for strong negative correlations 
in smaller samples. Therefore, researchers should not use the direction of correlation as a 
basis for choosing between the two procedures. 

Finally, we hope that the insights from the current study might help to further improve 
already excellent introductory textbooks to statistics such as the one by Schuster and 
Bortz (2010). In addition, we would like to encourage future research on a family of 
significance tests developed by Zimmerman (2005, 2012), which currently seems to 
receive less attention in the social sciences. The basic idea behind these tests is to apply a 
modified version of the two-sample t test with a corrective term to account for the ob-
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served correlation between samples. The use of the corrective term seems to successfully 
resolve the problem of distorted Type I error rates. In addition, this modified two-sample 
t test shows a power advantage over the paired t test under several correlation scenarios 
due to the larger number of degrees of freedom. For a discussion concerning the larger 
number of degrees of freedom see also Wiedermann & Alexandrowicz (2011). 
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Figure 1: 

Probability plots for the simulated t distributions as a function of population correlation. 
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Figure 2: 

Differences in empirical power values between the Wilcoxon test and the paired t test as a 
function of population correlation for non-normal distributions ( 1  2 = 0.25). 

 

Uniform Distribution

Correlation

Po
w

er
 d

iff
er

en
ce

 (W
ilc

ox
on

 - 
pa

ire
d 

t)

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8

-0
.2

-0
.1

0.
0

0.
1

0.
2

n = 30
n = 50
n = 701 2 0.25

Logistic Distribution

Correlation

Po
w

er
 d

iff
er

en
ce

 (W
ilc

ox
on

 - 
pa

ire
d 

t)

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8

-0
.2

-0
.1

0.
0

0.
1

0.
2

n = 30
n = 50
n = 701 2 0.25

Gumbel Distribution

Correlation

Po
w

er
 d

iff
er

en
ce

 (W
ilc

ox
on

 - 
pa

ire
d 

t)

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8

-0
.2

-0
.1

0.
0

0.
1

0.
2

n = 30
n = 50
n = 701 2 0.25

Exponential Distribution

Correlation

Po
w

er
 d

iff
er

en
ce

 (W
ilc

ox
on

 - 
pa

ire
d 

t)

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8

-0
.2

-0
.1

0.
0

0.
1

0.
2

n = 30
n = 50
n = 701 2 0.25



Robustness and power of the parametric t test ... 49 

 
Figure 3: 

Differences in empirical power values between the Wilcoxon test and the paired t test as a 
function of population correlation for non-normal distribut 1  2 = 0.50).   
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Figure 4: 

Differences in empirical power values between the Wilcoxon test and the paired t test as a 
function of population correlation for non- 1  2 = 0.75). 
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Figure 5: 

Average test statistics of the paired t test and the Wilcoxon test as a function of correlation, 
sample size, and differences in means.  
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Table 1:  
Type I error rates for symmetric population shapes (  = correlation, t = two-sample t test, 

paired t = paired t test, U = Wilcoxon-Mann-Whitney U test, W = Wilcoxon-matched-pairs-
signed-ranks test, n = sample size). 
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Table 3:  
ANOVA results for the Type I error simulation. 
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Table 4:  
Relative frequencies of rejecting the null hypothesis for symmetric distributions (  = 

correlation, t = two-sample t test, paired t = paired t test, U = Wilcoxon-Mann-Whitney U test, 
W = Wilcoxon-matched-pairs-signed-ranks test, n = sample size, true differences in means:  

1  2 = 0.50). 
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Table 6: 
ANOVA results for the power simulation. 
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