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Abstract In the past decade, the use of null models has
become widespread in the testing of ecological theory.
Along with increasing usage, null models have also become
more complex particularly with regard to tests of significance. Despite the complexity, there are essentially only two
distinct ways in which tests of significance are conducted.
Direct tests derive a p value directly from the null distribution of a test statistic, as the proportion of the distribution
more extreme than the observed value of the test statistic.
Indirect tests compare an observed value of a parameter to a
null distribution by conducting an additional analysis such
as a chi-square test, Kolmogorov–Smirnov test, or regression,
although in many cases, this additional step is not necessary.
Many kinds of indirect tests require that the null distribution is
normal whereas direct tests carry no assumptions about the
form of the null distribution. Therefore, when assumptions are
violated, indirect tests may have higher type I and II error rates
than their counterpart direct tests. A review of 108 null model
papers revealed that direct tests were used in 56.5% of studies
and indirect tests used in 45.5%. A few studies used both types
of test. In general, the randomization algorithms used in most
null models should produce normal null distributions, but this
could not be confirmed because most studies did not present
any description of the null distribution. Researchers should be
aware of the differences between direct and indirect tests so as
to better use, communicate, and evaluate null models. In many
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cases, direct tests should be favored for their simplicity and
parsimony.
Keywords Critical value . Randomization . Statistical
distribution . Test statistic . Type I error

Introduction
The use of null models has become common in testing
ecological theory. Topics and recent examples include
trait-mediated coexistence and niche divergence/partitioning
(Ackerly et al. 2006; Zimmermann et al. 2009), structure of
complex food webs and interaction networks (Bascompte
and Melian 2005; Bluthgen et al. 2008; Burns and Zotz
2010), community assembly (Cornwell et al. 2006; Adams
2007), phylogenetic community structure (Helmus et al.
2007; Mouillot et al. 2008; Ingram and Shurin 2009;
Kembel 2009), local–regional species diversity relationships
(Arita and Rodriguez 2004), and native–exotic diversity
relationships (Fridley et al. 2004; Hulme 2008). This list is
certainly not exhaustive, but it does indicate the variety of
research areas where null models have been applied to test
predictions of theory. Along with increased usage, null
models have also become increasingly complex, particularly
with regard to significance testing.
Most null models are statistical tests of a null hypothesis
(occasionally, “null models” are used to simulate an ecological process without any accompanying test of significance).
A parameter estimate or test statistic is calculated for a set of
observed data. The null model then provides the probability
(i.e., a p value) of obtaining an equal or more extreme value
by chance and under the conditions specified by the null
model, meant to represent some null hypothesis. Over the
years, two distinct approaches for conducting the test of
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significance (i.e., deriving the p value) have emerged, but
heretofore, this critical distinction has not been recognized.
The p value can be obtained directly from a null distribution of a test statistic or indirectly from an alternative significance test applied to the null distribution. In both approaches,
observed data are randomized or simulated so as to produce
the null distribution. In the direct approach, the p value is
taken as the proportion of the null distribution that is more
extreme (on either tail) than the observed value of the test
statistic. In the indirect approach, an additional step is performed. After producing the null distribution, a test of significance is conducted by comparing the observed value to the
mean of the null distribution (or by comparing an entire
distribution of observed values to the null distribution)
(Fig. 1). In essence, the indirect approach does not recognize
the null distribution as a distribution of a test statistic but rather
takes the null distribution as a set of simulated parameter
estimates that is compared to the observed estimate(s) using
chi-square tests, t tests, regression, or other parametric tests.
Essentially, an indirect test takes an inherently non-parametric
approach (i.e., data randomization to produce a null distribution) and turns it into a parametric test of significance.
This distinction between direct and indirect tests has
important implications for the use and communication of
null models. Specifically, indirect tests often require additional assumptions about the form (normality) of the null
distributions and all other assumptions that accompany chi-

Fig. 1 Steps in using a null model to test a null hypothesis. An indirect
test differs from a direct test in having an additional step, specifically
using a statistical test of inference to obtain a p value instead of
obtaining it directly from the null distribution

square tests, t tests, and regression. When these assumptions
are violated, the p value from a test may not be reliable
(Quinn and Keough 2002). Direct tests do not require any
assumption about the form of the null distribution; therefore,
direct tests are preferable to indirect tests in most cases.
Even when assumptions are met, indirect tests may result
in unnecessary computational complexity because a direct
calculation of the p value is always possible. The purpose of
this review is to elaborate the differences between direct and
indirect tests and appeal to researchers to use direct tests for
their parsimony and ease of communication.

Examples of direct and indirect tests
The primary purpose of most null models is to produce data in
a form that would be expected in the absence of the particular
process or force that presumably (according to the alternative
hypothesis) causes structure in the observed data. Inasmuch as
they exist and affect the observed data, other processes are
allowed to contribute structure to the null pattern as well.
Indeed the null model and pattern should include these other
processes so that the process of interest can be isolated and
tested (Tokeshi 1986; Wilson 1995; Gotelli and Graves 1996;
Gotelli and McGill 2006; Moore and Swihart 2007).
Typically, the null distribution is created via a repetitive process (1,000–10,000 iterations) of data randomization. A given
parameter of interest (e.g., mean) is calculated for each random dataset and compiled into the null distribution. The null
distribution represents the values of this parameter that could
be obtained if the process of interest (specified in the null
hypothesis) had no structure-producing effect on the data.
In a direct test, the p value is the proportion of random
datasets that produce a value of the test statistic that is as
extreme or more extreme (on either end of the null distribution, corresponding to one-tailed tests) than the observed
value (Fig. 2). In an indirect test, the p value is not derived
directly from the null distribution. Instead, a test of significance is applied to the null distribution. For example, some
researchers (Thornber and Gaines 2004; Frank van Veen and
Murrell 2005; Farias and Jaksic 2009; Manzaneda and Rey
2009; Okuda et al. 2009) have fit confidence intervals
directly on the expected value or mean of the null distribution. In this approach, the observed value (i.e., the parameter
estimated on the observed data) is then compared to this
confidence interval. If the observed value is outside the
confidence interval (greater than the upper confidence limit
or less than the lower limit), then the p value is reported as
the significance level (or twice the significance level if the
test is two-tailed). This method of conducting tests of significance is only valid if the null distribution is normal (or
approximately normal) because parametric confidence intervals assume a normal distribution.
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Fig. 2 In this hypothetical null model, a direct test is used to compare
the observed co-occurrence of two species (N1,2 037) among N total
number of sampling sites to the co-occurrence that would be expected
if the two species were randomly dispersed among the sites (i.e., the
null distribution). The proportion of the null distribution to the left of
an observed value provides the probability that the two species would
co-occur at fewer sites based solely on random dispersion whereas the
proportion to the right of an observed value (gray shading) represents
the probability that the two species would occur at more sites based
solely on random dispersion. In this example, species 1 and 2 are
significantly and positively associated (P1,2 00.035) whereas species
1 and 3 (N1,3 017) are neither positively nor negatively associated
(P1,3 00.215). See Veech (2006) for more details

Indirect tests have also been conducted by calculating
standardized effect sizes (SES) from null distributions and
using the SES to infer significance (Ulrich 2004; Arrington
et al. 2005; Ulrich and Gotelli 2007; Azeria et al. 2009;
Englund et al. 2009), although this also requires normality
of the null distribution. In this approach, the observed value
of the parameter estimate (e.g., C score in analyses of
nestedness of species presence/absence matrices) is standardized on the null distribution by subtracting the expected
value (mean of the null distribution) from the observed
value and then dividing by the standard deviation of the
null distribution. The observed value is significant (at an
alpha level of 0.05) if its standardized value is greater than
1.96 (or less than −1.96) as these correspond to the 95%
confidence limits for a standard normal distribution.
Indirect tests are sometimes carried out as Kolmogorov–
Smirnov tests or regressions of observed vs. expected values.
K–S tests are based on a test statistic (often denoted as D and
asymptotically distributed as a chi-square) that represents the
difference between an observed cumulative distribution and
any hypothetical cumulative distribution (e.g., normal, exponential). Practitioners that use this approach compare their
observed data to the distribution produced by the null model
and infer statistical significance (i.e., non-random structure) in
their observed data if the K–S test statistic is significant (e.g.,
Schoener 1984; Buston and Cant 2006; Kohda et al. 2008).
Regression has also been used to assess the relationship
between observed data and expected data (produced by the
null model). These researchers are typically interested in
whether the null model (and the processes that it simulates)
can produce the pattern in the observed data as evidenced by a
large or significant coefficient of determination or positive
regression coefficient (e.g., McCain 2004, 2005; Burns

Type I and II error
In any statistical test, type I (rejecting a true null hypothesis)
and II (accepting a false null hypothesis) errors can arise when
assumptions of the test are violated particularly if the violations alter the form of the test statistic’s distribution. Indeed, a
major assumption is typically that the test statistic (t, F, χ2
among others) follows a specific distribution. Therefore, indirect tests from null models must adhere to the assumptions just
as they would if the test of significance were being applied
outside the context of a null model (Fig. 3). However, direct
tests do not rely on any assumptions about the form of the null
distribution. In direct tests, the p value is simply some percentile of the null distribution regardless of its shape. To be sure,
direct tests have some rate of type I and II error. The type I
error rate is inherent in the alpha or significance level chosen
by the researcher, and the type II error rate is also determined
by the structure of the data and the power of the test. In
general, when applied to particular datasets, all significance
tests inherently have type I and II error rates at some nominal
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800

Frequency

10

2006; Jankowski and Weyhenmeyer 2006). These approaches
are indirect in that the p value comes from the K–S test (or
regression) instead of directly as a percentile of the null
distribution of a test statistic. For example, the indirect
regression-based approach of McCain (2004, 2005) for testing
species diversity gradients has an alternative in the direct test
of Veech (2000) and Connolly et al. (2003).
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Fig. 3 The null distribution for a hypothetical test statistic, D,
simulated as a Poisson distribution, PðxÞ ¼ ½ðlx =x!Þel  10 þ 2
where λ00.05 and x0rnd[0, 1,000], with 10,000 iterations. Multiplication by 10 rescales the variable, and the addition of 2
places a minimum bound. At the significance level, α 00.05, the
critical value of the test statistic from a direct test, is 10.14. Any
observed value ≥10.14 would be significant (p<0.05). The null
distribution is clearly non-normal, so an indirect test should not
be used. For example, an observed value of 10.14 represents an
SES of 1.65 with p00.0985 (not p00.05); an indirect test based
on SES would conclude no significant effect (p> 0.05) and thereby represents a type II error. Type I errors are also possible when
the SES is significant while the p value from a direct test is not
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level. However, use of indirect tests on non-normal null
distributions can increase these rates of error compared
to their rates when using direct tests (Fig. 3).
When a null distribution is normal, the p value obtained
from a direct test is approximately equivalent to the p value
obtained from a simple indirect test such as converting an SES
value to its corresponding p value from a standard normal
distribution. In a greater context, previous authors (Fisher
1935; Hoeffding 1952; Kempthorne and Doerfler 1969;
Romano 1989; Efron and Tibshirani 1998; Manly 1998) have
demonstrated that randomization (permutation, resampling,
Monte Carlo) tests and their parametric counterparts have
equivalent error rates when the randomized distribution of
the test statistic is normal. Therefore, the direct and indirect
tests of null models have the same rates of type I and II error
when the null distribution is normal. Although many parametric tests have greater power than non-parametric rank-based
tests (e.g., Mann–Whitney test, Kruskal–Wallis test), the
direct test described here is not rank based and so does not
have de facto less power than the indirect (parametric) test.
In every null model, the structure of the null distribution (i.
e., its shape) is due to the observed data, randomization
process, and the parameter of interest. Most null models likely
produce null distributions that are normal (Fig. 2) given that
the normal distribution is the outcome of most unconstrained
randomization routines (Manly 1998). This is also the reason
that bootstrapping (resampling with replacement) generally
works for estimating non-parametric measures of spread (e.
g., variance, standard error, confidence intervals) for a dataset
(Efron and Tibshirani 1998). However, when the randomization process of a null model is restricted, contingent, and
heavy with stipulations about how the data are randomized
(e.g., Bascompte and Melian 2005; Christian et al. 2006;
Wonham and Pachepsky 2006; Blanchet et al. 2010), then
the resulting null distributions may be other than normal. In
addition, some metrics may give non-normal distributions
(Efron and Tibshirani 1998). For example, the net relatedness
index and nearest taxon index of Kembel and Hubbell (2006)
often produce distributions that are right skewed (Swenson et
al. 2006). The convex hull volume is a multivariate metric used
to examine the effects of habitat filtering on the dispersion of
species traits in plant communities (Cornwell et al. 2006). For
these types of metrics, it may be more appropriate to use direct
tests, as in Prado and Lewinsohn (2004), Cornwell et al. (2006),
and Swenson et al. (2006), given that direct tests do not require
that the null distribution has any particular form.
Often times, indirect tests are not needed; the researcher
can appropriately derive a p value directly from the null
distribution (i.e., the direct test). However, a particularly
useful application of indirect tests is in calculating standardized effect sizes. These allow comparisons among multiple
tests based on different null distributions (Gotelli and
McCabe 2002). This comparison is possible because the

null distributions all get converted to a standard normal
distribution removing any effect of scale or unit of measurement in producing differences among the null distributions
and possible differences among test outcomes. Standardized
effect sizes from different null distributions are directly
comparable. Multiple SES values can be averaged to test
for patterns over multiple null model tests in a framework
similar to meta-analysis (Gotelli and McCabe 2002; Gotelli
and Rohde 2002; Nipperess and Beattie 2004; HornerDevine et al. 2007). However, normality of the null distribution is required when calculating SES (Fig. 3). Standardization
alone does not normalize a distribution; it only rescales the
distribution to have mean00 and SD01. Therefore, although
most null models likely produce null distributions that are
normal, verifying the normality of a null distribution is a good
idea prior to calculating standardized effect sizes.

Literature review
I conducted a literature review to assess the frequency of use of
direct and indirect tests in studies using null models. I examined
108 papers from seven ecological journals (Appendix S1). I
found papers by doing a keyword search in ISI Web of Science
on “null distribution” or “null model” appearing in the title or
abstract of papers published in the seven journals between 2000
and 2010. I read the Methods and Results sections of each
paper to identify the type of test that was used. Papers that were
clearly review articles or that used null models as processsimulation models (and hence did not do significance testing)
were excluded. The 108 papers were compiled from American
Naturalist, Ecology, Ecology Letters, Global Ecology and
Biogeography, Journal of Animal Ecology, Oecologia, and
Oikos. This list does not include all the journals that publish
null model papers; however, it does include many of the major
publishers and is a representative set of ecological journals.
Direct tests were used in 56.5% of the studies, and
indirect tests were used in 45.4% (4.6% of the studies used
both types of test). Because most authors did not provide
any description of the form of their null distributions, it was
not possible to assess how often indirect tests may have
been misapplied. Inappropriate use of indirect tests may
not be a widespread problem if most null models tend to
use unrestricted randomization algorithms and test statistics
that are free to vary over a wide range of possible values.
Nonetheless, researchers that use indirect tests in their null
models need to be aware of their limitations.

Conclusion
Null models have a long history of testing the predictions of
ecological theory. In fact, the null model approach was born
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out of the 1970s debates concerning the role of interspecific
competition in determining the coexistence of species in the
same ecological communities (Diamond 1975; Connor and
Simberloff 1979, 1983; Diamond and Gilpin 1982; Gilpin
and Diamond 1982). As recognized by these authors, the
possibility that competition might prevent coexistence stems
directly from one of the very first theories of ecology: the
principle of competitive exclusion and limiting similarity
(Gause 1934; Hutchinson 1959). Since then, null models
have proven to be valuable tools.
The earliest null models all used indirect tests. For example, Simberloff (1970) was perhaps the first to generate a
null model distribution by randomization; he used a t test to
compare whether observed species/genus ratios were significantly different from the set of ratios represented by the null
distribution. Many other studies (e.g., Simberloff 1978;
Connor and Simberloff 1979; Strong et al. 1979;
Simberloff and Boecklen 1981; all of the null models included in Strong et al. 1984) also used randomization or
analytical probability-based solutions to find expected values (of a test statistic) that the observed value could be
compared to through an indirect test. Tokeshi (1986)
appears to be the first researcher to have used a direct test
(sensu Fig. 2) and thus to have also recognized that the
distributions produced by null models are essentially
distributions of test statistics.
The distinction between direct and indirect tests presented in this paper will enable clearer communication and
understanding of null models. In the past decade, use of null
models has become much more common. Null models have
become more intricate with details on the tests of significance not always explained well, particularly for indirect
tests. Simply stating whether the test is direct or indirect will
greatly assist others in understanding and evaluating the null
model. Most importantly, researchers should consider carefully whether an indirect test is needed. In many cases,
direct tests will suffice and be easier to communicate.
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