
Introduction

Analysis of data from complex systems as ecosystems
and ecological communities requires multivariate methods,
for it may be impossible to understand complex behaviour by
examining the system in pieces. Multivariate methods for ex-
ploratory analysis are well known in different contexts. How-
ever, multivariate methods for testing differences among
group mean vectors and factor interactions (i.e., multivariate
analysis of variance - MANOVA) are used much less fre-
quently. MANOVA based on conventional statistics and nor-
mal theory (Hotelling 1931, Wilks 1932) is often hindered by
the assumption that the variables have multivariate (joint)
normal distribution of errors, which is unrealistic in many
contexts (Bradley 1968, Edgington 1987, Orlóci 1993). 

Randomization or permutation tests are much less lim-
ited by assumptions. They rely on distribution free statistics
and on algorithms that use systematic or random data permu-
tations to generate alternative outcomes for the chosen test
statistic under a true null hypothesis and, based on these, find
the probability that will or will not support rejection of the
null hypothesis. As for the distinction between permutation
and randomization tests, there is no consistency in the litera-
ture in the definition of the terms. It seems some authors sim-
ply prefer one term than another and thus I will use them in-

terchangeably. The roots of randomization testing are found
in the works of Fisher (1951), Kempthorne (1952, 1955), but
the available computational environment in those days lim-
ited the use of the techniques and thus, under simplifying as-
sumptions, standard statistical tables became a shortcut to
finding the probabilities that the statistical tests required (Pil-
lar and Orlóci 1996). It was only with the advent of fast and
affordable personal computers that the methods became
practical. Permutation tests have been described earlier
(Bradley 1968, Edgington 1969a,b, 1987) but with emphasis
on the analysis of experimental univariate data, and are re-
viewed in biological contexts (Crowley 1992, Potvin and
Roff 1993, Manly 2007). Different tests have been devised
for multivariate comparisons of groups of units in mensura-
tive (observational) or manipulative experimental designs
(Mantel and Valand 1970, Mielke et al. 1976, Clarke 1993,
Pillar and Orlóci 1996, Legendre and Anderson 1999, Mielke
and Berry 1999, Anderson 2001, McArdle and Anderson
2001, Mielke and Berry 2001, Manly 2007). Despite its in-
creasing importance in ecological data analyses, with a few
exceptions there is little information available in standard
statistical textbooks and introductory statistical courses. Per-
haps a healthy bit of suspicion is preventing acceptance, and
this is an important reason why statistical accuracy and
power of these methods need to be demonstrated.
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A hypothesis test should be accurate, i.e., it should pre-
sent a type I error equal or acceptably close to the test’s a
priori significance level when the null hypothesis (H0) is true.
In addition, it should have sufficient power to detect differ-
ences of groups when they do exist (when H0 is false). How
permutations of the observation vectors should be done in or-
der to achieve an accurate test is straightforward for one-fac-
tor analysis of variance: The vectors are simply permuted
among the units and their corresponding group labels, for un-
der a true null hypothesis the association of a given observa-
tion vector to a given group is arbitrary, and thus any combi-
nation of observation vectors can theoretically be associated
with any of the group labels (Edgington 1987, Pillar and Or-
lóci 1996, Manly 2007). For two-factor analysis of variance
different permutation options involve unrestricted permuta-
tion of raw data, or permutation of some form of residuals, or
restricted permutation (Anderson and ter Braak 2003, Torres
et al. 2010). The accuracy and power of different solutions
can be evaluated empirically by data simulation. 

The choice of the test statistic may be critical for the ac-
curacy and power of a randomization test. Also, some test
statistics may be equivalent, such as the Fisher F-ratio and
the sum of squares between groups or within groups, which
in a randomization test for one-factor analysis of variance
will give identical probabilities with the same data and per-
mutations (Edgington 1987). For multivariate data, T2

(Hotelling 1931) and Wilks’ lambda statistics (Wilks 1932)
have been used; these are influenced by correlations between
the variables (Anderson 2001). Several other test statistics
have been proposed for multivariate data, such as the sum of
squares within groups in Ward’s E statistics (Romesburg
1985), sum of squares between groups (Qb, Pillar and Orlóci
1996), the pseudo F-ratio (Anderson 2001), the average rank
of between-group dissimilarities in ANOSIM (Clarke 1993),
or the weighted average Euclidean distance within groups in
MRPP (Mielke and Berry 2001). Warton and Hudson (2004)
suggested that for multivariate abundance data there was no
advantage in using distance-based statistics (such as the Qb)
over scale-invariant statistics such as the univariate ANOVA
F statistic summed over all variables (SUM-F) or the Wilks’
lambda statistic derived assuming completely independent
variables (LR-IND). The MRPP statistic has also been
pointed out as being “more powerful” than sums of squares
(Zimmerman et al. 1985, Mielke and Berry 2001). However,
a thorough evaluation of the accuracy and power of these dif-
ferent choices for ecological data is still lacking.

The central purpose of this paper is to assess the accuracy
and power of randomization tests in one-factor multivariate
analysis of variance, using different test statistics and an ex-
tremely large amount of simulated data with a broad range of
specified conditions. I address questions about the relative
test statistic performance. In this respect, I compare scale-in-
variant statistics (SUM-F and LR-IND, Warton and Hudson
2004) to the weighted average of within-group distances
(MRPP, Mielke and Berry 2001) and the sum of squares be-
tween groups (Qb, Pillar and Orlóci 1996) derived from dif-
ferent distances measures. For that, I use continuous or count

data, differing in the number of variables, sample size, group
variance and size heterogeneity, correlation structure, mean
abundances and levels of aggregation.

Material and methods

Test statistics in randomization testing

The methods are based on two sets of information. The
first is the matrix of n units described by q variables and the
second is one or more (here limited to a maximum of one)
factors with discrete states defining k groups of units. In dis-
tance-based methods an n-by-n dissimilarity matrix obtained
from the first matrix is needed for computing the test statistic
according to the k groups. I restrict the assessment to evalu-
ations using Euclidean, Chord, Manhattan and Bray-Curtis
distances (for definition of these measures see, e.g., Legen-
dre and Legendre 1998, Podani 2000). Resemblance matri-
ces of Manhattan and Bray-Curtis distances may not hold
Euclidean properties (Gower and Legendre 1986), however
McArdle and Anderson (2001) demonstrated that sums of
squares may still be validly computed for any type of dissimi-
larity irrespective of their Euclidean properties.

For distance-based MANOVA we evaluated accuracy
and power using as randomization test criterion the sum of
squares between groups (Qb) computed according to (Pillar
and Orlóci (1996):

Qb = Qt – Qw

where

is the total sum of squares of n(n-1)/2 pair-wise squared dis-
similarities between n sampling units and

is the sum of squares within k groups, such that 

where d2
hi|c are pair-wise squared dissimilarities of nc units

belonging to group c. In one-factor analysis, the k groups are
given by the states of the factor being considered.

The partitioning of the total sum of squares based on the
distance matrix is not novel and has been used before in the
published literature (e.g., Edwards and Cavalli-Sforza 1965,
Orlóci 1967). Computing sum of squares from a Euclidean
distance matrix is equivalent to (but simpler than) doing it
from group centroids based on coordinates and deviations
from centroids as used by others (Romesburg 1985, Edg-
ington 1987, Manly 2007). Further, computing sums of
squares on distances is more flexible in that it allows choices
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among different dissimilarity measures (Anderson 2001). In
addition, it is not constrained by the kind of variables de-
scribing the units, for appropriate resemblance measures also
exist for binary, qualitative and mixed data types.

The distinction made by Warton and Hudson (2004) be-
tween distance-based and variable-based statistics is in most
cases only computational. For instance, within-groups sum
of squares computed from Euclidean distances (Qw) is
equivalent (i.e., will give identical values) to Ward’s E statis-
tic (Romesburg 1985). As a matter of fact, with univariate
data, Qb and Qw computed from Euclidean distances are
identical to the between-groups and residual sum of squares
calculated the usual way in classical ANOVA. 

In one-factor analysis, since the total sum of squares is
invariant over permutations, Qb and the sum of squares
within groups (Qw or Ward’s E) will give identical prob-
abilities for the same permutations and therefore are equiva-
lent statistics in randomization testing. Further, it can be
demonstrated that the pseudo F-ratio described by Anderson
(2001) as PERMANOVA’s F = Qb/Qw is equivalent to Qb as
a permutation test statistic in one-factor multivariate analysis
of variance. 

Also, Qb is equivalent to the average distance within
groups used in multiresponse permutation procedures
(MRPP, Mielke et al. 1976, Mielke and Berry 2001) when
the distance computed within MRPP is based on squared
rather than non-squared distances. Evaluations here were
performed with the MRPP test statistic (Mielke and Berry
2001) defined as the weighted average dissimilarity within k
groups

where

and dhi|c are pair-wise non-squared dissimilarities of nc units
belonging to group c. Only the Euclidean distance was used
in this case. None of the data commensuration methods de-
scribed in Mielke and Berry (2001) was involved in the com-
putation of the MRPP test statistic. 

Mielke and Berry (2001) have claimed that MRPP com-
puted based on non-squared distances is more robust than on
squared distances (and therefore Qb) for data distributions
with extreme values. One advantage of Qb is that it can be
partitioned among factors and interaction(s) in multifactorial
designs or among orthogonal contrasts between groups (Pil-
lar and Orlóci 1996). Though MRPP used in regression
analysis of linear models can handle factorial designs
(Mielke and Berry 2001), the procedure is less straightfor-
ward than it is with Qb. Furthermore, Qb is equivalent to the
sum of squares computed on all canonical eigenvalues in dis-
tance-based redundancy analysis (RDA, Legendre and An-

derson 1999) and therefore it is unnecessary, not to mention
more computationally demanding, to use RDA (see also
McArdle and Anderson 2001). 

Evaluations also used scale-invariant statistics: the clas-
sical univariate ANOVA F statistic summed over all vari-
ables (SUM-F) and the Wilks’ lambda likelihood-ratio statis-
tic derived by Warton and Hudson (2004) assuming
completely independent variables, that is,

where n is the number of units, q the number of variables, and
Qtj and Qwj are respectively total sum of squares and within
groups sum of squares for variable j. If Qwj = 0, variable j was
ignored in the computation of LR-IND and SUM-F.

Random permutations

If the null hypothesis (H0) is true, the observation vector
in a given unit is independent of the group to which the unit
belongs. The observed data set is seen as one of the possible
permutations of observation vectors among the units and
their groups in the data matrix. The observation vectors con-
tain q variables and are permuted intact, preserving the cor-
relation structure in the data. Over permutations, when using
Qb as test criterion, Qt remains constant and is only redistrib-
uted between Qb and Qw. For the same reason, there is no
need to recalculate the dissimilarities for each permutation;
the dissimilarity matrix is only rearranged according to the
permutation, analogously to the permutations performed in a
Mantel test.

Thus, the basis of randomization testing is to randomly
permute the data according to H0 and for each of these per-
mutations compute the test criterion (e.g. Qb

0), comparing it
to the value of Qb found in the observed data. The probability
P(Qb

0  Qb) will be given by the proportion of permutations
in which Q0

b  Qb. For the MRPP, since d measures within
group dispersion, the probability is instead represented by
P(0  ).

The collection of all possible permutations, the reference
set, can be generated systematically, but depending on the
number of units the computation demand may be too high to
consider all possible permutations. A random but still large
sample of this reference set is sufficient for generating the
probabilities (Hope 1968, Edgington 1987). The larger the
number of random permutations, the closer the P-values will
be to the ones that would be obtained in complete systematic
data permutation. The observed data set is included as one of
these permutations (see Hope 1968), thus determining a
minimum probability of 1/B, where B is the number of per-
mutations. 

H0 will be rejected if P , where  is the significance
level chosen for the test. If H0 is rejected, we conclude that
the groups differ, with an error probability of P. In practice
however, P may be used as a measure of the plausibility of
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H0, instead of comparing it to an absolute  threshold
(Lehmann 1993).

Evaluating the tests’ accuracy and power

The randomization tests described above were evaluated
using simulated data matrices varying with regard to speci-
fied group mean differences and several other data choices.
The estimation of type I error or power for a given combina-
tion of simulated data choices was based on an extremely
large number of randomization tests (1,000,000 in some
cases; 20,000 in others), each with a new generated data set.
The proportion of H0 rejection estimated the type I error
when using data sets with no specified mean differences be-
tween groups, and the power (1-, where  is the probability
of committing a type II error) when any difference was speci-
fied. In all cases the threshold used for H0 rejection was  =
0.05. The randomization tests used 20 random permutations
(B = 20), which was adequate for the purpose of evaluating
accuracy and power at this  = 0.05 threshold. With B = 20
the minimum probability will be P = 1/20 = 0.05 when the
test statistic value for the observed data is the most extreme
among the B values. The true probability in this extreme case
is P  0.05, but it is enough for the rejection of H0. The pro-
portion of H0 rejection (in this case over one million or
20,000 sets of data) is the only information needed in type I
error and power evaluation, and it may be any value between
0 and 1. For this purpose B  1/ (e.g., for  = 0.01, B should
be at least 100). It is important to note that such a small B
would not be adequate in ordinary use of randomization test-
ing, when interpretations are based on the results of one test
only and not on the basis of many thousands or more, as is
the case here.

Data simulation with specified distributional properties

In one set of evaluations, continuous data with n units
and q variables were simulated holding normally distributed
variables with specified correlation structure, variance and
mean in each group of units. It has been shown that the cor-
relation structure, at least for bivariate data, affects the power
of permutation tests with MRPP (Mielke and Berry 1999,
2001). The procedure for generating data with known corre-
lation structure, adapted from Peres-Neto and Jackson
(2001), is based on the Cholesky decomposition of the speci-
fied q-by-q correlation matrix for each group of nc units; the
resulting upper triangular matrix is then premultiplied by an
nc-by-q matrix with random values drawn from a normal dis-
tribution with zero mean and unit variance, yielding an nc-
by-q data matrix sought for the group. By concatenating
these matrices, an n-by-q matrix is created, which is in fact a
simulated random sample drawn from normally distributed,
centered and standardized variables arranged in data sets
with known correlation structure. The values in each group
were then multiplied by the specified standard deviation
(equal or heterogeneous between groups) and added to the
specified group mean. Simulated data sets had the following
correlation structures: (1) uncorrelated variables with ex-

pected pairwise correlation coefficient r = 0 for all variables;
(2) variables positively correlated with pairwise r = 0.8 for
all variables; (3) all variables highly correlated (r = 0.8) in
one group of units and uncorrelated in another (r = 0); (4)
variables forming two groups, with r = 0.8 for within-group
correlations and r = –0.8 for between-group correlations.
These correlation structures reflect different intrinsic dimen-
sionalities: In (1) the data will have a larger number of intrin-
sic dimensions than in (2) and (4), for the same number of
variables. In (2) unit group differences will be along the main
axis while in (4) unit group differences will be orthogonal to
the main axis of variation in the data space.

In another set of evaluations, count-data matrices were
generated with values drawn at random from a negative bi-
nomial distribution, allowing different levels of data aggre-
gation (variance larger than the mean). The negative bino-
mial distribution has been widely used to model species
abundances (White and Bennets 1996, McArdle and Ander-
son 2004, Warton et al. 2012). The computational function
implemented for drawing random values from the negative
binomial distribution (Galassi et al. 2003) requires two pa-
rameters: (1) a probability k, where k < 1 is the mean/variance
ratio (k = 2, as k decreases the distribution becomes more
aggregated); (2) a parameter r = k/(1-k). See Appendix 1 for
examples of simulated data using these parameters. In power
evaluations the parameter k was adjusted to keep constant the
defined 2 for each group as specified mean differences be-
tween groups increased; in this way, possible confounding
effects of mean and variance differences were overcome. 

Using the above mentioned methods, type I error in one-
factor designs, comparing two groups of units, was assessed
with simulated data defined by combinations of choices in
number of units (7-20), group sizes (balanced to very unbal-
anced), number of variables (1-30), group variances (homo-
geneous to very heterogeneous), error distribution (normal,
negative binomial), correlation structure between variables
(only for continuous data, see above), and mean abundances
and levels of aggregation (only for count data). Mean abun-
dances () ranged from 1 to 8 and inverse levels of aggrega-
tion (k) from 0.1 to 0.9. With each data set the following test
statistics were computed: Qb on Euclidean (Qb-EUD), Chord
(Qb-CHOR), Manhattan (Qb-MAN) and Bray-Curtis dis-
tances (Qb-BRAY), MRPP on Euclidean distances (MRPP-
EUD), SUM-F and LR-IND. The test was deemed accurate if
type I error was within 99.9% confidence limits (0.05 ±
0.00072 with 1,000,000 tests or 0.05 ± 0.00507 with 20,000
tests). Power was evaluated with data simulated with a se-
lected range of values for some of the abovementioned data
choices.

A relative centroid distance (cjk) was used in power com-
parisons among simulation choices generating data with dif-
ferent scales. It was defined as cjk = bjk/aj, where bjk is the
centroid distance between group mean vectors specified a
priori for groups j and k, and aj is the range of values in the
simulated data for group j over all variables averaged over
the tests. In all cases, group j was the group for which the
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specified group means for the variables were kept the same
as for type I error evaluation.

Data simulation with distributional properties of field
data

Simulated data sets for one-factor designs were also gen-
erated with distributional properties of grassland community
data (Pillar et al. 1992). The original data comprised 60 0.25-
m2 stand units, described by abundances of 60 species (vari-
ables), located on four relief gradients and categorized ac-
cording to relief position (top, convex, concave, lowland);
group sizes were unbalanced and group variances were in
some cases heterogeneous (see Table 1, for details). The fol-
lowing a posteriori power analysis, relevant only for abun-
dance data, was then applied:

 (1) Calculate for each variable i the mean xij and variance
sij

2 within each group j and the mean xi and variance si
2

across the groups, which in this case were defined by one fac-
tor (relief position, Table 1). 

(2) Generate for each variable i and unit h a new obser-
vation yhi|j = b, where b is a random value drawn from the
negative binomial distribution, with parameter k set as k =
xij/sij

2 when within group variance sij
2 > 0, as k = xi/si

2 when
sij

2= 0, or k = 0.99 when these computed k values were not
smaller than 1. Parameter r for drawing a random value from
the negative binomial distribution was defined as r = [xi +
w(xij – xi)]k(1 – k), where w is the specified weight for testing
type I error or power indicating the proportion of the existing
effects in the original data; if w = 0 a data set with the condi-
tions specified by H0 is maintained; if w > 0 power is evalu-
ated, and if w = 1 the expected group means in the simulated
data will match the original data. 

 (3) Perform randomization tests with the data using the
chosen statistics. 

(4) Repeat steps (2) to (3) many times (in this case
20,000), recording the proportion of H0 rejection. 

In other power analyses with the same grassland data set,
a balanced number of units in each group was obtained by
pooling units on the same gradient, within same relief posi-
tion, averaging accordingly each species abundance values
and thereby generating a data matrix of 16 grassland units, in
which mean/variance ratios tended to be higher (see Table 1).
The same procedure described above was then applied.

Randomization tests evaluated in this paper were imple-
mented in the software MULTIV written by the author
(available at http://ecoqua.ecologia.ufrgs.br). A computer
program in C++ was specifically written for the purpose of
performing the simulations and additional tests. The func-
tions gsl_ran_gaussian and gsl_ran_negative_binomial
from the GNU Scientific Library (Galassi et al. 2003) were
used for drawing random values from the normal and nega-
tive binomial distributions. 

Results

In most cases with homogeneous variances (Table 2) the
tests were accurate, with type I error within 99.9% confi-
dence limits for P = 0.05. However, small inaccuracies, es-
pecially with MRPP-EUD, were discernible with continuous
data when all variables were highly correlated in one group
of units (r = 0.8) and uncorrelated in another (r = 0). With
heterogeneous variances (standard deviation ratio 1:3) type I
error inaccuracies were found with all test statistics, but se-
verely inflated type I error occurred when using MRPP-EUD
on continuous data, and with count data using scale invariant
SUM-F, LR-IND, and all distance-based statistics except Qb-
EUD (see Table 2 for some of these and Appendices 2 and 3
for full results). Although it was generally more accurate than
the other statistics, Qb-EUD did show slight to moderate in-
accuracies with single- or few-variable count data (note that
these inaccuracies were much greater using the other test sta-
tistics). With unbalanced group sizes, relatively minor inac-
curacies occurred with univariate count data, and with con-
tinuous data where the groups had sharply different
correlation structures (Table 2). The results with unbalanced

Table 1. Properties of grassland community data (Pillar et al. 1992) used in a posteriori power analysis. All species or a subset of the
least frequent ones was used. Relief position was categorized in four groups (see b). Balanced group sizes were obtained by pooling
units on the same gradient, within the same relief position. Variance homogeneity among groups was tested by randomization (An-
derson 2006), a method analogous to Levene’s test.
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group sizes combined with heterogeneous variances will be
presented later.

The simulations showed that – irrespective of test statis-
tic - with balanced group sizes and uncorrelated variables
with homogeneous variances, power with contagious count
data was similar to that with continuous data drawn from a
normal distribution (Fig. 1a,d), and was affected by the levels
of aggregation (Fig. 1c). Also, there was a clear effect of the
number of uncorrelated variables on power when group dif-
ferences in each variable were kept constant, which with
more variables resulted in increased group centroid distance
(Fig. 1b). Furthermore, the correlation structure of variables
affected power: the more correlated the variables the lower
the power, but when all correlations were positive the test sta-
tistics had similar results (Fig. 1e), while when the variables
were arranged in two negatively correlated groups this ten-
dency was more pronounced with the Qb-BRAY and less with
the MRPP-EUD test statistics (Fig. 1f). Additional results
show that for all test statistics type I error was inaccurate
(lower than ) with small sample sizes up to 12 units, both
with count and continuous simulated data (Appendix 4 for
Qb-EUD; similar results not included were found using the
other test statistics). As expected, the power of the test in-

creased with larger sample sizes and this became more evi-
dent with smaller group differences (Appendix 5).

Further examining the effect of variance heterogeneity,
inflated type I error increased sharply at standard deviation
ratios beyond 1:2, reaching values higher than 0.6 ( = 0.05)
with count data when SUM-F, LR-IND, Qb-BRAY and
MRPP-EUD were used (Fig. 2a). This effect was not evident
with Qb-EUD aside from slight inaccuracies at extremely
high standard deviation ratios, and was intermediate for Qb-
CHOR and Qb-MAN. Logarithm transformation of the data
(Fig. 2b) did not correct the problem, and indeed inflated the
type I errors even further, even with Qb-EUD. With continu-
ous data drawn from the normal distribution the effect of
variance heterogeneity on type I error inflation was absent or
less prominent, except for Qb-BRAY and particularly for
MRPP-EUD, the latter which produced extremely high
(nearly 1) type I errors at standard deviation ratios beyond
1:2 (Fig. 2d,e). Similar results (Appendix 6) were found for
continuous data with variables highly correlated (r=0.8) in
one unit group and uncorrelated in another group. Variance
heterogeneity reduced power with count and continuous data
(Fig. 2c,f) and the effect was less pronounced with Qb-BRAY
and absent for MRPP-EUD.

Figure 1. Power of randomiza-
tion tests for group mean dif-
ferences in one-factor
MANOVA with count (a-c) or
continuous data (d-f) and the
effect of the level of aggrega-
tion, correlation and number of
variables. Simulated data had
20 units and, except for (b) 10
variables, with increasing (a, d)
or constant (b-c, e-f) differ-
ences between two equally
sized groups. In (a-c) random
counts were drawn from the
negative binomial distribution
with means ranging from rare
(=0.1) to abundant (=8) in
the same data set and inverse
aggregation level k = 0.5 (a-b)
or varying (c) for equal group
means and adjusted to keep
equal group variances accord-
ing to the specified group
means. In (d-f) random values
were drawn from normal distri-
bution with s = 1 in both
groups. In (a-d) variables were
uncorrelated, and in (e-f) they
were set to increasing correla-
tion levels in both groups,
which were all positive in (e)
and in (f) variables formed two
groups, with increasing posi-
tive within-group and equally
increasing negative between-
group correlations.
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Figure 2. Effect of variance
heterogeneity on type I error
and power in one-factor MA-
NOVA randomization tests for
group mean differences with
count (a-c) or continuous nor-
mal data (d-f). The secondary
axis in (d) is for MRPP only.
Variables were uncorrelated in
(a-d, f) and highly correlated
(r=0.99) in both groups in (e).
In (b) data were log trans-
formed (y = log(x +1). Simu-
lated data had 20 units in 2
balanced groups, and 10 vari-
ables. Relative centroid dis-
tance for power was ca. 0.6 in
(c, f). Counts drawn from
negative binomial distribution
varied 80-fold from rare to
abundant variables in one data
set and the parameter k in the
groups was set from 0.5:0.5
for equal, to 0.94:0.06 for very
unequal variances. Dashed
lines indicate 99.9% confi-
dence limits around 0.05.

Figure 3. Power and type I er-
ror of randomization tests in
one-factor MANOVA for
group mean differences af-
fected by increasing unbal-
anced group size (a, b) and the
combined effect of unbalanced
group size and increasing vari-
ance heterogeneity (c, d). The
secondary axis in (d) is for
MRPP only. Simulated data
sets had 20 units, in 2 groups,
and 10 random variables
drawn from negative binomial
(a) or normal distribution (b-
d), with constant group differ-
ences for power and equal
means for type I error. In (c)
group sizes were 12 and 8 and
in (d) were 8 and 12, the first
group with fixed and the sec-
ond with increasing variance.
Dashed lines indicate 99.9%
confidence limits around 0.05.
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The power of the test declined with increased inequality
of group sizes (Fig. 3a,b); the effect was more distinct with
Qb-BRAY than for the other statistics for both count and con-
tinuous data. The combined effect of unbalanced group size
and variance heterogeneity (Fig. 3c-d) resulted in severely
inflated type I error when the smaller group was more dis-
persed, and the opposite when the larger group was more dis-
persed, irrespective of test statistic (except MRPP-EUD),
with more pronounced type I error inflation with SUM-F and
LR-IND, and extremely high inflation with MRPP-EUD.

The analysis based on the grassland data showed that the
tests were most accurate using Qb-EUD. Type I error was
slightly inflated with Qb-CHOR, SUM-F, LR-IND and
MRPP-EUD, but severely inflated with Qb-BRAY and Qb-
MAN (Fig. 4, full results in Appendix 7). All test statistics

reached 100% power at similar proportions of the original
effect (w) and the ones giving inflated type I errors showed
higher power at lower w. Accuracy was improved by pooling
units in order to get a balanced design out of an unbalanced
one.

Discussion

The simulations indicated a strong influence of test sta-
tistic on the accuracy and power of randomization tests for
group mean differences, particularly with aggregated count
data, as opposed to normally distributed data. In general, the
use of Qb-EUD as test statistic results in higher accuracy than
the other evaluated statistics, whether distance-based or
scale-invariant (i.e., SUM-F, LR-IND). Excepting Qb-EUD,
the most significant problem found in the simulations is un-
acceptably severe inflation of type I error under increasing
variance heterogeneity among groups with aggregated count
data. That is, where test statistics other than Qb-EUD are
used, groups of sampling units with high between-group het-
erogeneity in variance - but with mean vectors differing only
by chance - are likely to be declared as being different more
often than the nominal significance of the test. Though small
inaccuracies may not have major consequences, under het-
erogeneous variances for a nominal significance of  = 0.05,
type I error with these statistics in some cases were larger
than 0.2, and reached values greater than 0.6 with count data.
This problem is particularly pronounced with MRPP-EUD,
with nearly all tests wrongly rejecting H0 under high variance
heterogeneity conditions with continuous and count data. Se-
verely inflated type I error was also manifested for Qb-BRAY
and Qb-MAN in the simulations based on the grassland data
set. The poor performance of the statistics tested in this paper
(with the notable exception of Qb-EUD) is in sharp contrast
with results reported by Warton and Hudson (2004), where
none of the tested statistics, including the ones evaluated
here, were found to be inaccurate (but see Warton et al.
2012). A possible explanation for this discrepancy may be
the relatively “benign” range of conditions evaluated in the
data sets evaluated in Warton and Hudson (2004), which may
have been less “challenging” than the broad spectrum of ag-
gregation levels and variance heterogeneities used in the pre-
sent paper.

Results showed that the data correlation structure affects
test accuracy (Table 2) and power (Fig. 1e-f), which has been
demonstrated by Mielke and Berry (1999, 2001) for the
MRPP with bivariate data. When all variables are positively
correlated the group differences are along the main axis of
variation and the effect of the correlation level on power is
not influenced by the test statistic (Fig. 1e); when the vari-
ables are structured in two negatively correlated groups (Fig.
1f), the effect of the correlation level on power is more pro-
nounced for Qb-BRAY and less pronounced for MRPP-EUD
than for the other test statistics. Results also indicated an in-
teraction between the effects of correlation structure and
variance heterogeneity on test accuracy and power, espe-
cially for MRPP-EUD (see Figs. 2d-f), suggesting that this

Figure 4. Power analysis for the detection of group mean differ-
ences with simulated data generated with distributional proper-
ties of the grassland community data with unbalanced (a-b) or
balanced group sizes (c). Groups were defined by relief posi-
tion. The 60 stand units were described by all 60 species (a) or
the 30 least frequent ones (b), and in (c) a balanced design was
obtained by pooling units, generating a data matrix of 16 stand
units by 60 species. Proportion of original effect ranged from 0
(no effect, thus indicating type I error) to 1 (effect observed in
the original data). See Table 1, for details on data sets.
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test statistic is very sensitive to variance heterogeneity, with
the strength of this effect depending on differences in corre-
lation structure between groups. Though the simulations in
this case involved only continuous, normally distributed
data, by analogy we could expect the same effect with count
data. 

In general, inaccurate (lower than ) type I error seems
to be associated with lower power. In several instances, the
simulation results have shown that test statistics giving such
inaccurate type I errors had lower power than those that were
accurate under the same data simulation choices. The oppo-
site was the case for inflated type I errors: a test with an in-
flated type I error may appear to have higher power when it,
in reality, does not. Therefore, power and type I errors should
not be interpreted separately and the inaccuracy indicated by
type I error is necessarily also reflected in power. This rela-
tionship is reflected in the performance of Qb-BRAY and
MRPP-EUD, which showed higher power with increased
variance heterogeneity due to the inherent bias of these two
statistics (Fig. 2c,f). Based on these results, the higher power
reported for LR-IND and SUM-F by Warton and Hudson
(2004), and the supposed advantages (i.e., lower sensitivity
to extreme values) of MRPP-EUD inferred by Zimmerman
et al. (1985), Mielke and Berry (1999, 2001) should both be
taken cautiously since power alone, without consideration of
accuracy, may be misleading. Likewise the same caution is
necessary with log transformation, which Warton and Hud-
son (2004) reported to give higher power, but which both this
paper and McArdle and Anderson (2004) have found to pro-
duce inflated type I errors (Fig. 2b). 

The results thus suggest avoiding the use of SUM-F, LR-
IND, MRPP-EUD and the other distance-based statistics
tested here - excepting Qb-EUD - in permutation tests for
group mean differences, for they may produce unacceptably
inflated type I errors under scenarios that are common in eco-
logical data, such as high variance heterogeneity and levels
of aggregation. This conclusion contradicts recommenda-
tions made by Warton and Hudson (2004) regarding the use
of SUM-F, LR-IND with abundance data. Furthermore,
MRPP-EUD presented a much higher type I error inflation
than the other statistics when increased variance heterogene-
ity was combined with unbalanced group sizes (see Fig. 3c-
d). 

In addition to problems with type I error inflation under
heterogeneous variances, Qb-BRAY showed lower power
compared to Qb-EUD in extremely unbalanced designs. The
advantage of adopting Qb as a test statistic is the freedom to
choose the most appropriate distance measure for the data at
hand (Anderson 2001). However, the use of the Bray-Curtis
measure, very popular among ecologists, and Chord dis-
tances (with count data) should not be recommended for the
computation of Qb in distance-based MANOVA, unless
group variances are homogeneous. Furthermore, the use of
MRPP based on within-group averaged (non-squared)
Euclidean distances (MRPP-EUD) should not be recom-
mended except for “well-behaved” data sets, with homoge-

neous variances and homogeneous correlation structures
across groups. Otherwise, Qb-EUD or an equivalent statistic
(e.g., F-ratio) should be used. In summary, the results sug-
gest that, in one-factor MANOVA, Qb-EUD is the most ro-
bust of the tested statistics, combining both power and accu-
racy.

It is well known that the Euclidean distance will attribute
a low dissimilarity to sites with low total abundances that are
in fact very different in composition, with consequences in
exploratory analysis (Orlóci 1978). This is likely the case in
the simulations with highly aggregated count data and may
explain the small to moderate inaccuracies when simulated
count data contained a small number of variables (Table 2).
Nevertheless, Qb-EUD was the most robust of the tested sta-
tistics for one-factor MANOVA in spite of the known limi-
tations of the Euclidean distance. A deeper examination of
this apparent paradox would be out of the scope of this paper.

It may be argued that tests that are inaccurate with het-
erogeneous group variances are actually detecting an effect
(unequal dispersion) that is indeed ecologically relevant. For
instance, MRPP-EUD is recognized as an omnibus test
(Mielke and Berry 2001) that could detect both unequal
group means (locations) and unequal dispersions. Neverthe-
less, if the null hypothesis is rejected in a test of group mean
differences, one expects that the differences result from un-
equal locations and not unequal dispersions. A specific test
for unequal dispersions exists (Anderson 2006) which could
be applied in combination with the tests that may confound
these effects, but it will not tell anything about locations and
thus will not solve the confounding problem when the in-
flated type I error in the test of unequal locations using the
abovementioned statistics is caused by unequal dispersions.
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Electronic Appendices 1-7 

Data examples, details on data simulation, full simulation re-
sults and supplemental figures, all referenced in the paper.
The file may be downloaded from the web site of the publish-
er at www.akademiai.com.
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