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a b s t r a c t

Null models of species co-occurrence are widely used to infer the existence of various ecological pro-
cesses. Here we investigate the susceptibility of the most commonly used of these models (the C-score in
conjunction with the sequential swap algorithm) to type 1 and type 2 errors. To do this we use simulated
datasets with a range of numbers of sites, species and coefficients of variation (CV) in species abundance.
We find that this model is particularly susceptible to type 1 errors when applied to large matrices and
those with low CV in species abundance. As expected, type 2 error rates decrease with increasing num-
bers of sites and species, although they increase with increasing CV in species abundance. Despite this,
power remains acceptable over a wide range of parameter combinations. The susceptibility of this ana-
lytical method to type 1 errors indicates that many previous studies may have incorrectly reported the
existence of deterministic patterns of species co-occurrence. We demonstrate that in order to overcome
the problem of high type 1 error rates, the number of swaps used to generate null distributions for smaller
-score
matrices needs to be increased to over 50,000 swaps (well beyond the 5000 commonly used in published
analyses and the 30,000 suggested by Lehsten and Harmand, 2006). We also show that this approach
reduces type 1 error rates in real datasets. However, even using this solution, larger datasets still suffer
from high type 1 error rates. Such datasets therefore require the use of very large numbers of swaps,
which calls for improvements in the most commonly used software. In general, users of this powerful
analytical method must be aware that they need surprisingly large numbers of swaps to obtain unbiased

n bio
estimates of structuring i

. Introduction

Most ecological processes, including competition (e.g. Gotelli
t al., 2010), predation (e.g. Bell et al., 2010), parasitism (e.g.
hilpott, 2005), mutualism (e.g. Frederickson et al., 2005), and dif-
erences or similarities in resource use (e.g. Ellwood et al., 2009;
oldaway and Sparrow, 2006) lead to species not occurring at

andom with respect to one another. It is common for ecological
tudies to infer these processes from patterns of species presence
nd absence across a number of locations. There are several met-
ics that can be used to describe patterns of co-occurrence, and

tatistical testing is usually carried out by comparing an observed
etric to a distribution of the metric under the null hypothe-

is (Connor and Simberloff, 1978). The use of such null models
f species co-occurrence is on the increase (Appendix A), making
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tic communities.
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it particularly important to understand their statistical proper-
ties.

Despite the existence of several analytical methods for assessing
patterns of species co-occurrence, the majority of analyses employ
the checkerboard score, or C-score, in conjunction with the sequen-
tial swap algorithm (Stone and Roberts, 1990). The C-score counts
the number of pairs of species occurring exclusively on separate
sites for all pairs of species and sites, while the sequential swap
is used to create null matrices while maintaining the number of
species per site and the number of occurrences per species. Out of
a total of 78 data-driven studies of ecological co-occurrence found
during a search of the literature (Appendix A), 54 used the C-score
metric, and out of the 51 of these that reported the randomisation
algorithm, 40 used the sequential swap. This is due in part to the
availability of free software to carry out null model analyses (Gotelli
and Entsminger, 2007) for which the C-score and sequential swap

(fixed-fixed algorithm) are the most powerful analytical method
(Gotelli, 2000).

The studies employing the C-score and sequential swap cover
a wide range of ecological concepts and taxonomic groups. For
example, the method has been used to study the effects of habi-

dx.doi.org/10.1016/j.ecolmodel.2010.06.013
http://www.sciencedirect.com/science/journal/03043800
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Fig. 1. The distribution of 271 matrix sizes from 47 publications (see supplementary
Appendix F for sources). The broken line denotes the range of matrix sizes inves-
tigated in this study (10–100 sites, 10–100 species). Previous studies of error rates
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swaps in published studies (Appendix D)), 30,000 (which has been
ave used small matrices: Gotelli (2000), 17 species 19 sites and 11 species 25 sites;
ehsten and Harmand (2006), 201/291 matrices with fewer than 50 species and
ites. Note the logarithmic scales on the x and y axes.

at fragmentation on geckos (Luiselli et al., 2007), the impacts of
nvasive ant species on native communities (Gotelli and Arnett,
000), the effects of fire regimes on ungulates (Klop and Goethem,
008) and to identify areas of species endemism (Giokas and
fenthourakis, 2008). Gotelli and McCabe (2002) carried out a meta-
nalysis of published presence/absence matrices using the C-score
nd sequential swap and found that there was less co-occurrence
n biological communities than one would expect by chance.

Despite this extensive use, only limited work has been carried
ut to investigate how susceptible this analytical method is to type
and type 2 errors. Gotelli (2000) assessed error rates for a range

f metrics and swap algorithms, including the C-score and sequen-
ial swap, but did so using only a single small data matrix (<30 sites
nd <30 species) for each type of error. However, the current litera-
ure on null model analysis of species co-occurrence includes many
nalyses of much larger matrices (Fig. 1). Although the sequen-
ial swap has been shown to be slightly conservative compared
o completely randomized matrices (Lehsten and Harmand, 2006),
his was not looked in relation to any properties of the matrices
hemselves and the matrices used in this analysis were rather small
201/291 with fewer than 50 sites and species). It has been noted
hat for large matrix sizes (large numbers of species and sites) the
-score becomes particularly susceptible to type 1 errors (Ulrich
nd Gotelli, 2007) but this has not been formally investigated.
or has there been any work carried out on the effects of vari-
nce in species abundance on error rates for this method or indeed
ny other metric/algorithm combination for analysing patterns of
pecies co-occurrence. It is therefore of vital importance to know
ow often this widely used method gives false positive results and
ow powerful it is at detecting trends when applied to a variety of
atasets.

Here we investigate type 1 and type 2 error rates for the C-
core when used with the sequential swap algorithm. We do this
y applying it to large numbers of simulated matrices in which
pecies are either randomly assigned to samples (to assess type 1
rrors) or where there is some structure to the matrices (to assess
ype 2 errors). We vary the size of the data matrix (number of

pecies and sites) and the coefficient of variation (CV) in species
bundance in order to assess the effects of these parameters on
rror rates. To counter problems with high type 1 error rates we
nvestigate the effect of increasing the number of swaps used to
delling 221 (2010) 2237–2242

generate the null distribution against which the observed value of
the metric is compared. This is done for both real and simulated
datasets. We also generate and test some extremely large matrices,
to see whether this further exacerbates the problems with type 1
errors.

2. Materials and methods

Error rates were tested using computer-generated species/sites
matrices of a range of dimensions (10–100 species, 10–100 sites,
both in steps of 10). Species abundances in these matrices were
log-normally distributed with a range of coefficients of variation
(CV: 0, 1, and 10). Species abundances from a wide range of com-
munities follow a log-normal distribution (Magurran, 2004). The
mean number of occurrences per row for any matrix was half the
number of sites for that matrix, i.e. the fill was 50% for all matri-
ces. Matrix fill is known to have an effect on the outcome of null
model analyses of species co-occurrence (Ulrich and Gotelli, 2007).
Consequently, we concentrate here on the lesser-known effects of
matrix size and CV in species abundance.

Type 2 errors were assessed by applying the null model test
to ordered matrices that were then progressively disordered and
retested. Ordered matrices (noise = 0) were constructed as “perfect
squares” with two sets of species co-occurring exclusively within
their own sets (Appendix B). For CVs greater than 0, this was not
possible and the equivalent maximally ordered matrices were used
(Appendix B). To introduce noise we swapped randomly selected
pairs of cells within each row (i.e. we swapped around the sites
at which species were observed) following Gotelli (2000). Each
pair was only swapped once and the noise of any given matrix is
defined as the proportion of cells swapped in each row. For exam-
ple, for a 20 × 20 matrix, five pairs of cells would be swapped to
give a noise level of 0.5. Noise ranged from 0.0 to 0.8 in steps of
0.2 (a noise level of 1.0 being equivalent to the completely ran-
dom matrices used in testing the type 1 error (see below)). One
thousand matrices were generated for each combination of param-
eters, making a total of 2 million matrices. Each matrix was tested
for a significant C-score using 5000 (the default for EcoSim) and
30,000 (recommended by Lehsten and Harmand, 2006) random-
izations per matrix, fixed column and row sums (as recommended
by Ulrich and Gotelli, 2007), and the sequential swap randomiza-
tion algorithm. We estimated power by recording the number of
times p < 0.05 for either tail.

Type 1 error rates were assessed by applying the C-score test
to randomly generated matrices. All matrices were randomly filled
with the constraint of following the relevant species abundance
distribution. Five thousand matrices were generated for each com-
bination of species/sites/CV giving a total of 2 million matrices. Each
matrix was tested using the same settings as for type 2 errors. To
give an estimation of the type 1 error, we recorded the number
of times p < 0.05 for each tail for each combination of parameters.
Proportions of matrices falling into the upper and lower tails did
not differ (results not presented) and so the combined p-values are
presented here. For such a test the type 1 error should therefore be
in the region of 0.1.

We tested how the number of randomizations affects type
1 error rates by varying the number of swaps used to gener-
ate null distributions of the C-score. Specifically, we used 5000
swaps (the default in the widely used software EcoSim (Gotelli
and Entsminger, 2007) and the most commonly used number of
suggested by Lehsten and Harmand, 2006 as being sufficient for
the majority of matrices), and 50,000 (the largest number possi-
ble in EcoSim). We also tested ten real data matrices ranging in
size from 31 to 93 species and 30 to 147 locations. These were
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ig. 2. Type 2 errors incurred by the C-score method of assessing patterns of speci
ariation in species abundance. Type 2 errors were estimated by progressively ran
000 swaps were used to generate null matrices for testing the significance of the m
Appendix C).

ollated from the datasets available with the freeware Nestedness
emperature Calculator Program (Atmar and Patterson, 1993). We
sed the subset of datasets with more than 30 species distributed
cross more than 30 sites. In order to test the effect of the num-
er of swaps on type 1 error rates, we used 1000 swaps, following
he methods used in a meta-analysis conducted by Gotelli and

cCabe (2002), and 50,000 swaps, the largest number possible in
coSim.

While the majority of analyses in the literature are conducted
n matrices within the range of 10–100 sites and 10–100 species
Fig. 1), the analysis of much larger datasets is becoming more com-

on. We tested the type 1 error rates for 1000 randomly generated
atrices with 900 sites and 400 species. The largest number of sites

n a matrix analyzed using null model techniques found during our
iterature survey (Fig. 1) was 890 (Helmus et al., 2007) while the
argest number of species was 399 (Behnke et al., 2005). A matrix
f 900 sites and 400 species therefore represents the maximum size
f matrices currently analyzed using null models. We employed an
ntermediate CV in species abundance of 1, and carried out the anal-
sis once using 30,000 swaps to generate null matrices and once
sing 50,000 swaps.
Generation and randomization of matrices was carried out with
simple C program run on CamGrid, a distributed computing

esource maintained by the University of Cambridge, UK. Analysis
f real datasets was carried out in R, using the oecosimu function
n the vegan package (Oksanen et al., 2009).
occurrence for a range of numbers of sites, numbers of species and coefficients of
ing ordered matrices. All errors are given for a critical p-value of 0.1 (two-tailed).

. Increasing numbers of swaps beyond 5000 had no effect on the power of the tests

3. Results

The C-score statistic proved to be very powerful at detecting
patterns, even at high noise levels (Fig. 2). As would be expected,
power decreased with increasing noise and decreasing numbers of
sites and species, but also decreased with increasing CV in species
abundance. Power was greater than 0.8 for most combinations of
sites and species up to a noise level of 0.6. Even with 80% of the cells
in each row randomized, power was still high for larger matrices.
The number of swaps had little effect on the power of the test (Fig. 2,
Appendix C).

Using 5000 swaps to generate null matrices, the proportion of
type 1 errors increased both with number of sites and number of
species but decreased with higher CV in species abundance (Fig. 3).
As the critical p-value for the two-tailed test is 0.1, the accept-
able type 1 error for this test is also 0.1. The region with error of
less than 0.1 was restricted to matrices with very small numbers
of species and sites. For large matrices, particularly at low CVs in
species abundance, type 1 errors were unacceptably large (Fig. 3).

Running the analysis using 30,000 swaps instead of 5000
reduced the type 1 error rate substantially (Fig. 3) without affect-

ing the power of the test (Appendix C). Type 1 error remained
acceptable over a much wider range of species/site combinations,
while still being lowest at high CV in species abundance. For exam-
ple, for a matrix with 100 species and 100 locations with a CV in
species abundance of 1, type 1 errors decrease from 0.164 with
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ig. 3. Type 1 errors incurred by the C-score method of assessing species co-co-occur
s presented in Fig. 2, but for a range of numbers of swaps used to generate null ma

000 swaps to 0.116 with 30,000 swaps. However, type 1 errors
till increased slowly with matrix size, with error rates reaching
.12 for the largest matrices at CVs in species abundance of 0 and
. Carrying out the analysis using 50,000 swaps further decreased
ype 1 error rates, but large matrices still exhibited errors above
he 0.1 threshold (Fig. 3).

Analysis of ten real data matrices also showed type 1 errors
o be a smaller problem when larger numbers of swaps are used
Fig. 4). For two of the three datasets for which the 50,000 swaps
onsensus was for non-significance, one of the ten 1000 swap
ests on the same datasets returned a significant result. For the

ther seven datasets for which the 50,000 swaps consensus was
or significance all of the 1000 swap tests also returned significant
esults.

ig. 4. Null model analyses of ten large real matrices using 1000 swaps and 50,000
waps. Each analysis was carried out ten times for both numbers of swaps. The
roken line indicates the critical p-value of 0.05. Datasets from Atmar and Patterson
1993)—A: Amazfish, B: Bajahall, C: Gbfish, D: Newzbird, E: Perthp, F: Polyante, G:
olyantt, H: Qcbirds, I: Sofinbrd, and J: Wausnail.
for the same range of matrix sizes and coefficients of variation in species abundance
.

For very large simulated matrices (900 locations, 400 species),
type 1 errors were very high. Using 30,000 swaps to generate null
distributions of the C-score metric, 40.0% of random matrices gave
false positive results, while using 50,000 swaps, 32.3% of random
matrices gave positive results.

4. Discussion

As expected, the test was more powerful for larger matrices for a
given noise level. But the probability of incorrectly detecting a sig-
nal in truly random data (type 1 error) also increased with matrix
size, confirming the suspicions of Ulrich and Gotelli (2007). This is
problematic, as we have the unusual situation in which it is worse to
have a larger sample size (i.e. more locations and species). It may
be the case that the sequential swap algorithm does not sample
the total possible set of matrices with fixed row and sum totals in
an unbiased way. Such a bias in the algorithm was noted before
by Manly and Sanderson (2002), who claimed that the sequen-
tial nature of the randomized matrices produced means that they
are not independent and therefore do not sample the entire uni-
verse of possible matrices. But Gotelli and Entsminger (2003) were
unable to replicate this result, and suggested that this was due in
part to an incorrect implementation of the method by Manly and
Sanderson (2002) who used means and standard errors of null dis-
tributions to test significance values, rather than the distributions
themselves. Gotelli and Entsminger (2003) therefore reasserted
that the sequential swap is a suitable algorithm to use for the gener-
ation of null matrices. However, both Manly and Sanderson (2002)
and Gotelli and Entsminger (2003) used only very small matri-
ces (15 species at 15 sites), for which we found type 1 errors to
be acceptable in our study. If the randomization algorithm over-
sampled the middle ground of possible C-score value matrices for
larger matrices, this would result in a greater probability of accept-
ing the observed C-score as being significant. The bias would be

greater the larger the matrix, as the number of iterations carried
out by the sequential swap algorithm remains the same, but the
number of possible null matrices increases.

For matrices with high CV in species abundance, type 1 errors
are less pronounced than in those with low CV, which is reassur-
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ng as most real datasets fall into this category. But it is also more
ifficult to detect real trends in high-CV matrices. This overall ten-
ency towards acceptance of the null hypothesis when dealing with
igh CVs in species abundances may be due to the smaller number
f potential checkerboard pairs in these matrices. In the extreme
ase, if half of the species were present in all sites and the other half
ere absent from all sites, the observed number of checkerboard
airs would be zero and all possible randomizations would yield
he same result. If most species occur at all or very few sites, then
here will be a low probability of getting a significant result, regard-
ess of whether or not a signal is really present in the data. This
attern also indirectly indicates the effects that different species
bundance distributions (SADs) will have on statistical error rates.
ull model analysis of SADs with high evenness (e.g. the broken

tick) will be more susceptible to type 1 errors than those with low
venness (e.g. the log series).

Taxa that are highly species-rich or those that are often sampled
cross a large number of locations will be particularly suscep-
ible to type 1 errors. In the literature survey that we carried
ut (Fig. 1), there were nine publications for which the number
f species plus the number of sites was greater than 300. These
omprised publications involving surveys of plants, ants, fishes,
iatoms, parasitic helminths and terrestrial isopods. In addition,
tudies comparing the species co-occurrence patterns between
reas with differing relative abundance distributions will find that
reas with high CV in species abundance are less likely to be struc-
ured than those with low CV in species abundance. For example,
isturbed habitats often support communities with less even rel-
tive abundance distributions than those supported by pristine
abitats (Hill and Hamer, 1998). Consequently, analyses of the
hanges in patterns of species co-occurrence in response to habi-
at conversion should be carried out with an awareness of this
roblem.

The tendency to reject falsely the null hypothesis can be over-
ome by using a larger number of swaps to produce the null
istribution of the C-score. This has only a minimal effect on the
ower of the test. The number of swaps needed to give accept-
ble type 1 error rates for a particular dataset, given its size and
V in species abundance, can be judged by inspection of Fig. 3 or
y using the code provided in Appendix G. It is of vital importance
hat this analytical improvement be implemented, as most analyses
urrently use only 5000 swaps and there is no overall correlation
etween the size of matrices and the number of swaps used in
nalyses (Appendix D).

However, for large datasets, even the large number of swaps
nvestigated in our study (50,000) is not enough: type 1 errors
emain unacceptably high. Therefore, we would recommend that
hen analyzing large datasets, a correspondingly large number of

waps are used. In these cases, the analysis should be repeated with
rogressively larger numbers of swaps until the p-value stabilizes
Appendix E). The current EcoSim software (Gotelli and Entsminger,
007), does not allow for numbers of swaps larger than 50,000.
or such analyses, the R function oecosimu (Oksanen et al., 2009)
n the vegan package can be used, although it is relatively slow
ue to its implementation in pure R code (as opposed to a pre-
ompiled Delphi routine). Alternatively, a custom version of the
coSim software incorporating larger numbers of swaps is cur-
ently available on request from its authors and a version will be
ublicly released in the summer of 2010 (Gary Entsminger, pers.
omm.).
. Conclusions

We have demonstrated that the most widely used method of
etecting non-random species co-occurrence is highly vulnerable
delling 221 (2010) 2237–2242 2241

to type 1 errors, particularly when dealing with large numbers of
sites and species, and with low CVs in species abundance. This indi-
cates that many previous analyses may have reported structure in
matrices in which species occur at random with respect to each
other. We recommend increasing the number of swaps to over
50,000 in order to overcome this problem and allow the continued
use of this powerful community analysis tool.
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