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The nonparametric Wilcoxon Rank Sum (also known as the Mann-Whitney U) and the permutation t-tests
are robust with respect to Type I error for departures from population normality, and both are powerful
alternatives to the independent samples Student’s t-test for detecting shift in location. The question
remains regarding their comparative statistical power for small samples, particularly for non-normal
distributions. Monte Carlo simulations indicated the rank-based Wilcoxon test was found to be more
powerful than both the t and the permutation t-tests.
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Introduction
Adams and Anthony (1996) and
Ludbrook and Dudley (1998) agreed with this
view, and asserted that the reason permutation
tests have higher power than nonparametric
counterparts is because of the use of actual data
instead of ranks. However, in a Letter to the
Editor published in The American Statistician,
Higgins and Blair (2000) demurred, and
countered that statistical power is not lost via
ranking data.
The same point was made previously by
Blair (1985), “I have never seen an assertion of
parametric power superiority accompanied by a
citation to support the position. This is not too
surprising since the statistical literature does not
support such a position” (p. 4-5). This sentiment
was echoed by Sawilowsky (1993) via an
analogy:

When testing for shift in location, Blair and
Higgins (1985b) and Sawilowsky (1992; see
also 1990) demonstrated that the nonparametric
Wilcoxon Rank Sum test (also known as the
Mann-Whitney U) is more powerful than the
two independent samples Student’s t test for data
obtained from non-normal populations. For
example, the Wilcoxon test can be up to four
times more powerful than the t-test when the
data are sampled from an exponential
distribution (Sawilowsky & Blair, 1992).
Permutation techniques are also
distribution-free (Bradley, 1968; Edgington,
1995; Maritz, 1981; Mielke & Berry, 2001). In
this context, they require independence (Good,
1994; Maritz, 1981), exchangeability (Boik,
1987; Commenges, 2003; Good, 2002),
continuity of the distributions (Edgington,
1995), and homogeneity of variance (Boik,
1987). Regarding their power properties, Good
(1994), among many other authors, postulated
that permutation methods are superior in terms
of comparative power as compared with
nonparametric procedures.

Both an accomplished opera singer
sings and an off-key beginning tuba
player plays dots and dashes of the
International Morse code. While
some may consider the opera
singer’s notes to be sounds of
music, there is, in fact, no more
information in those dots and
dashes than in the off-key notes of
the beginning tuba player, with
respect to the code. If the
complexity and subtlety of what is
often imagined to be included in
interval scales is noise and not

Michèle Weber is a private scholar in San Jose,
California.
Email:
mi.fatal-weber@att.net.
Shlomo Sawilowsky is a professor of
educational statistics, and editor of JMASM.
Email: shlomo@wayne.edu.

10

WEBER & SAWILOWSKY
repeating the experiment for one million
repetitions per study parameter. The power
portion of the study was based on 1,500
repetitions per experiment. The reduction in
repetitions was required due to the CPU time
necessary
for
permutation
intensive
computations. The means were shifted by μ =
.2σ, .5σ, .8σ, and 1.2σ of the respective
distribution.

signal, parametric tests will have no
more information available than a
rank test, and will be less efficient
by trying to discriminate a signal
from noise when in fact there isn’t
any. (p. 398)
Purpose of the study
Higgins and Blair (2000) opined that the
Wilcoxon test is more powerful than the
permutation t-test (and Student’s t-test) when
testing for shift in location. They postulated that
the power properties of the permutation statistic
follow the spectrum of the native test, not the
nonparametric alternative. The purpose of this
study, therefore, is to determine if indeed the
permutation t-test follows the power properties
of the two independent samples Student’s t, or if
it is fact superior to the nonparametric Wilcoxon
Rank Sum test.
The resolution of this debate will have
considerable impact on real data analysis with
small samples in applied research. The rationale
for selecting an optimum method for statistical
analysis resides in the importance of detecting a
treatment effect or naturally occurring condition,
even it is subtle, assuming that it exists. The
ability to detect the effect is quantified by the
statistical power of the test. This makes the
study of the comparative power properties of the
permutation technique very important in applied
research, where the effect size of treatments or
interventions is oftentimes very small.

Results
Type I Error Rates
The Type I error rates, which have been
extensively studied elsewhere, are briefly
repeated here to demonstrate the veracity of the
Fortran program. All Type I error results
replicated well-known characteristics of the
tests. The Student’s t-test yielded conservative
Type I error rates under population nonnormality. For example, the Type I error rates
for the exponential distribution for n1 = 5, n2 =
15 was 0.0276. Similarly, the result for the Chisquare distribution (df = 1) was 0.0180.
However, the Type I error rates for all
conditions studied for the Wilcoxon Rank Sum
test and the permutation t-tests were within
sampling error of nominal alpha.
Power Results
The comparative power results for the
normal distribution also replicated well-known
results in the literature. The t and the
permutation t-tests’ statistical power were nearly
indistinguishable. The Wilcoxon Rank Sum
test’s power was either the same, or slightly less,
as noted, for example, in Figure 1. As suggested
by asymptotic theory, the maximum power
advantage of the two t-tests over the Wilcoxon
test was only about 0.04.
The results for the exponential
distribution (μ = σ = 1) with the different shifts
in location, as reflected in Figure 2,
demonstrates the Wilcoxon test is more
powerful than the t and permutation t-tests, of
which the latter two have essentially the same
power. As shown in Figure 3, the power
properties for the Chi-square distribution (df =
1) indicates the same power advantages for the
Wilcoxon Rank-Sum test, with the t-test and

Methodology
A Fortran program was written to study the
properties of the two independent samples
Student’s t test, the permutation t test, and the
Wilcoxon Rank Sum test. Nominal alpha was set
to α = 0.05. The sample sizes studied were n1 =
n2 = 10; n1 = 5, n2 = 15; n1 = n2 = 20; and n1 =
10, n2 = 30. Data were drawn from a normal
distribution (μ = 0, σ = 1), exponential
distribution (μ = σ = 1) and Chi-square
distribution (df = 1).
The Type I error portion of the study
was conducted by drawing samples with
replacement for the various combinations of
sample sizes and distribution, conducting the
hypothesis tests, recording the results, and
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Figure 1: Shift vs. Power in the Normal Distribution for Sample Sizes n1 = n2 = 20
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Figure 2: Shift vs. Power in the Exponential Distribution for Sample Sizes n1 = n2 = 20
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Figure 3: Shift vs. Power in the Chi-square Distribution (df = 1) for Sample Sizes n1 = n2 = 10
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Figure 4: Shift vs. Power in the Chi-square Distribution (df = 1) for Sample Sizes n1 = 5 & n2 = 15
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permutation t-test presenting nearly identical and
substantially less statistical power. As indicated
in Figure 4, the power results for the Chi-square
distribution (df = 1) and unequal sample sizes
indicated the permutation test became more
competitive than the Student’s t-test, but both
tests remained considerably less powerful than
the Wilcoxon Rank-Sum test.
Conclusion
Although Edgington (1995), Good (1994), and
many others have presumed that the permutation
t-test would be considerably more powerful than
nonparametric tests, such as the Wilcoxon RankSum test, the results of this Monte Carlo
simulation did not support their opinion. These
results pertain to the detection of a treatment
modeled as a shift in location parameter, and of
course, are based on the distributions, sample
sizes, and the α level studied.
The primary answer provided by this
simulation study is that the permutation test, in
the context of the two independent samples
layout, follows the depressed power spectrum of
the Student’s t-test, and not the superior
spectrum afforded by the Wilcoxon test.
Therefore, workers in applied research would be
better served, when testing hypotheses of shift in
location parameter, to use the nonparametric test
instead of the permutation test.
Secondary
results,
interestingly,
confirmed that the permutation t-test provides
considerable power advantages over the
Student’s t-test for unbalanced sample sizes
(e.g., Lu, Chase, & Li, 2001).
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