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Statistical tests in publications of

The Wildlife Society

Steve Cherry

The 1995 issue of The journal of Wildiife Man-
agement (the Journal) has >2,400 Pvalues. | believe
that is too many. In this article I argue that authors
who publish in the Journal and in the Wildlife Soci-
ety Bulletin (the Bulletin) are overusing and misus-
ing hypothesis tests. They are conducting too many
unnecessary tests, and they are making common mis-
takes in carrying out and interpreting the resulis of
the tests they conduct. A major cause of the overuse
of testing in the fournal and the Builletin seems to be
the mistaken belief that testing is necessary in order
for a study to be valid or scientific.

The opinions presented below are not new or
unique. The eagerness with which scientists em-
braced testing has been questioned before, with |
critic labeling the atiraction a religion (Salsburg
1985). It may be surprising to many wildlife re-
searchers to learn that some of the strongest critics
of testing are statisticians. The statistician Frank
Yates wrote, “It [statistical testing] has caused sci-
entific research workers to pay undue attention to
the results of the tests of significance they perform
on their data . . . and too little to the estimates of the
magnitude of the effects they are estimating” (Yates
1951:32). Cox (1977) began his article on signifi-
cance testing with “Overemphasis on tests of signifi-
cance at the expense especially of interval estima-
tion has long been condemned....” In the Presi-
dent's Address at the 1996 meeting of the Western
North American Region of the Biometric Society,
Professor John Nelder [amented the “malign influ-
ence of Pvalues” and asked, “Why do editors think
that P-value dominated analysis constitutes a scien-
tific procedure?” There have been recent attacks on
testing in psychology and epidemiology (Tukey
1969: Rothman 1986: Simon 1986: Rosnow and
Rosenthal 1989; Cohen 1990, 1995; Goodman 1992,
1993). Others have criticized the use of testing in

ecalagy (Yoccoz 1991, Johnson 1995). 1 will offer
little new outside of bringing these ideas to wildlife
professionals who publish, read, and review articles
in the Journal and the Bulletin. 1 should add that
many authors and reviewers learned how to do sta-
tistics from statisticians, and so statisticians who
teach this material (and [ am one of those) must
share blame for the current state of affairs.

I will discuss 4 major problem areas. The first is
the widespread use of testing in situations where it is
not warranted. The second is the apparent confusion
over power and its interpretation. This confusion is
leading authors to draw the wrong conclusion when
they observe high Pvalues and low power. The third
is how authors assess the validity of assumptions of
the tests they use. The fourth is the widespread use
of fixedHevel testing. I cestrict my comments to sim-
ple procedures like #tests, and simple lincar regres-
sion, because most wildlife researchers are familiar
with these.

I do not make a distinction between Fisherian sig-
nificance testing and Neyman-Pearson hypothesis
testing. The manner in which tests are carried out in
the fournal and the Bulletin is a hybrid of these 2 ap-
proaches. The distinction has been addressed else-
where and readers who are interested can refer to
Caohen (1990), Goodman (1992), and Moore and Mc-
Cabe (1993). It is worth pointing out that the 2 ap-
proaches are different. Fisher thought the alternative
hypothesis, Type I and II errors, and power ridicu-
lous concepts. P-values and their interpretation
played no role in the Neyman-Pearson theory.

Unnecessary tests

Many of the tests reported in the Journal and the
Bulletin are unnecessary. Three specific categories
have been chosen to illustrate this point: testing in
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habitac-use-availability studies, testing in regres-
sion, and testing biologically insignificant or abvi-
ous results.

Habitat-use—availability studies

Neu et al. (1974) has been cited hundreds of times
in the published literature. The times it has been
cited in unpublished theses and reports surely num-
ber in the thousands. The approach recommended
in Neu et al. {1974) starts with a chi-square goodness-
offit test to determine if animals are selecting habi-
tats in proportion to their availability. If the null hy-
pothesis of random. use is rejected, then a set of si-
multaneous (typically) 95% confidence intervals is
constructed to determine which habitats are being
selected and which are being avoided.

The chi-square test followed by construction of the
intervals if the null hypothesis is rejected is an exam-
ple of a hierarchical, multiple-comparisons proce-
dure. The testing procedure is logically flawed in this
case because it is possihle to reject the null and not
find evidence of selection or avoidance in the inter-
vals, and it is possible to fail to reject the null hypoth-
esis and find evidence of selection or avoidance in the
intervals. Hochberg and Tamhane {1987} referred to
such problems as a lack of coherence and consonance
and considered any procedure lacking coherence to
be fatally flawed. This in itself leads to the conclusion
that wildlife researchers should avoid the testing pro-
cedure, but there is a second problem with the ap-
proach that is even more fundamental: animals do not
choose hahitats in proporction to their availability.
Why conduct a test to determine if they do?

The question of hahitat-use-availability is more
properly approached as an estimation problem. That
is, researchers should not be asking the question “Are
animals using habitats in proportion to their availabil-
ity,” but rather “How much time are animals spend-
ing in the available habitats.” One approach to an-
swering this question is to omit the test and simply
construct the set of confidence intervals. If the rele-
vant assumptions are met, the intervals are valid re-
gardless of the outcome of the test (Byers et al. 1984,
Cherry 1996). One can compare the available pro-
portions with the endpoints of the intervals to see
which habitats are being selected or avoided.

[ believe that it is better to avoid the question of
testing altogether. However, if one treats the confi-
dence interval procedure as a test with the same null
and alternative hypotheses as in Neu et al. (1974) the
probability of a Type I error is being controlled (con-
servatively) at a rate equal to 1 minus the simultane-
ous confidence level. The standard large sample in-
tervals used in Neu et al. (1974), and explained fur-

ther in Byers et al. (1984), may not be the best to use.
Cherry (1996) discussed some alternatives. Tukey
(1991) offered further justification for the use of in-
tervals in multiple-camparisons procedures. Many of
the alternatives to the Neu et al. (1974) method suffer
from the same problem, notably the increasingly
popular method of Aebischer and Robertson (1993).
There are approaches to the problem of habirtat se-
lection that rely on more sophisticated methods, but
constructing a set of intervals is easy to do and there
will be many times when it is a perfectly reasonable
thing to do.

Testing in regression

One of the more common figures to appear in the
Journal and the Bulletin shows the results of con-
ducting a simple linear regression of a response vad-
able on an explanatory variable. The figure shows the
data and some or all of the following: a regression line
and the estimated equation, a P-value, and an R-
squared value. The P-wvalue provides evidence that a
significant relationship exists and the R-squared value
is a measure, seemingly, of the goodness of the fit. In
particular, the R-squared value seems to be under-
stood as a measure of the predictive capability of the
model. The null hypothesis is that the slope parame-
ter in the model is equal to 0. The alternative is that
the slope is not equal to 0. In the majority of cases in
the Journal and the Bulletin, these are uninteresting
hypotheses. The null is false; a relationship does ex-
ist. The more interesting question is *What is the re-
lationship?” In general, there is little mention of the
standard error of the siope of the regression line, but
that is far more important for answering the real ques-
tion of interest than the P-value or the R-squared
value. The lack of this appropriate measure of uncer-
tainty is particularly puzzling in articles where the
main use of the published regression results is predic-
tion (e.g., Millspaugh and Brundige 1996). The R-
squared value does not provide an adequate measure
of the predictive capability of a model (Neter et al.
1996:82-83). It is possible to have a high R-squared
value and still have prediction intervals so wide as to
be practically useless. A regression equation to be
used in prediction should always be accompanied by
the associated prediction intervals, or enough infor-
mation to allow readers to construct them.

Testing obvious hypotheses

The 2 problem areas discussed above dealt with
this topic in some fashion. I wish to go further and
address the unnecessacy testing (or at least the un-
necessary reporting of the results of testing) in 2
cases: (1) testing when there is no difference or ef-



fect of biological significance, and (2) testing when
the results are obvious. The main message is this: it
is not necessary to test every result,

Introductory statistics texts {e.g., Moore and Mc-
Cabe 1993) often point ¢ut that statistically signifi-
cant results do not necessarily mean that one has
found something of importance. Observed biologi-
cally insignificant effects do not need to be tested. 1
realize that the determination of what constitutes a
biologically significant result is subjective. But re-
searchers should at least look at the results of their
studies and ask themselves if the observed effects
are biologically meaningful before carrying out tests.
One clear-cut example can be found in Franklin and
Johnson (1994.:255) where a 2-sample #test was con-
ducted when the 2-sample means had the same
vajlue.

Pre-test power calculations can provide some guid-
ance in determining if an observed effect is biologi-
cally significant {insignificant). There is little reason to
test an observed effect if it is less than the biclogically
meaningful effect specified in the power calculation.

Testing can be avoided when differences are obvi-
ously going to be statistically significant or insignifi-
cant. Leif (1994) compared survival rates, predation
rates, and nesting success of wild versus pen-raised
pheasants (Phasianus colchicus). Most of the ob-
served differences were so large (e.g., pen-reared sur-
vival rate estimated at 7.8 £ 2.4% SE vs. wild survival
rate estimated at 54.6 + 6.6% SE) that testing was not
needed to conclude the differences were ceal. The
reported rates and standard errors were sufficient.
Another example can be found in Hyvirinen and Ny-
grén {1993} in which a comparison of copper and
zinc concentrations in the livers of newborn and
older moose (Adlces alces) calves is made. Their Fig-
ure 2 showed quite clearly that there was a differ-
ence. The graphical evidence was overwhelming,
and a test was not required.

I am not advocating that researchers pore over
their data in a search for significance. This is not ap-
propriate. But researchers should have well-defined
questions to answer, and some idea of the biological
differences and effects that are of interest to them be-
fore beginning a study. They do not necessarily need
a statistical test to determine if the differences or ef-
fects they are looking for exist or do not exist.

Some might contend that it does no harm to carry
out tests and report the Pvalues anyway, but T dis-
agree. Tests should be conducted onily when and
where necessary. Cluttering up the pages of the
Journal and the Bulletin with hundreds of unneces-
sary P-values leads to a perception that they are a re-
quired part of valid scientific research and that inves-
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tigators cannot be trusted to draw a valid conclusion
on the basis of the biological or visual evidence
alone. This is simply not true. Another consequernce
of the overemphasis on testing is that investigators
may be forced to carry out difficult, sophisticated
analyses in order to get a result published even when
the effect is obvious. As Cox and Snell (1981 24) put
it, “...pressures to apply...tests of significance to to-
tally obvious results should be resisted.”

Misunderstanding power

There has been an increase in reporting the power
of statistical tests in the Journal and the Bulletin.
Power is the probability of rejecting the null hypoth-
esis when it is false. It is a function of the Type I er-
ror rate, the sample size, and the effect size. Typi-
cally power calculations are carried out prior to run-
ning a study. Acceptable levels of error for both Type
I and Type Il errors are specified and the sample size
necessacy to achieve those levels is determined. Typ-
ical levels for Type 1 error rates are (.05 or 0.10, and
typical acceptable error rates for Type Il errors are
0.20 or 0.10 {corresponding to power of ¢.80 or 0.90,
respectively). Also needed in this preliminary power
calculation is a decision by the investigator(s) as to
what constitutes 2 meaningful effect size, i.e., a pre-
liminary power calculation requires researchers to
consider in an explicit way just what constitutes a bi-
ologically significant result. Thart is one of the most
beneficial aspects of computing power. If the results
of the initial power calculations reveal that one needs
an unacceptably large sample to detect 2 meaningful
difference at the specified error rates, then the only
options are ta adjust those rates or to adjust the defi-
nition of a biologically significant effect. It may tuen
out that the results of the power calculation imply
that the study is not worth doing.

Power calculations are also done in a post-test situ-
ation if the results of the test fail to yield significant
results. This is a common situation in the Journal
and the Bulletin. In either case it is inappropriate for
authors to claim that there is no effect if the resules of
a test yield a nonsignificant P-value and low power.
In other wards, fajling to reject the null hypothesis of
no effect is not the same thing as accepting the null
hypothesis.

For example, Cotter and Gratto (1995:95) stated,
“Adulr hens did not produce...” and reported the re-
sults of a test with a Pvalue of Q.92 and power of
0.17. It is important to understand what this means.
They were saying that if a specified biologically
meaningful difference existed prior to testing, then
they had an estimated 17% chance of detecting it



950 Widiife Society Bulletin 1998, 26(4):947-953

with their sample size. However, the claim of no ef-
fect was not warranted because they had little
chance of detecting the effect even if it had existed.
Cotter and Gratto (1995) appeared to have con-
ducted post-test power analyses. Wilson et al. {1995)
reported that pre-test power calculations vielded
power of 0.27. They then reported 97 P-values, most
of which led to the conclusion that there was no ef-
fect. However, given that the 97 null hypotheses
were all false and the specified biologically meaning-
ful effects actually existed, they would have made
fewer Type I errors determining significance by flip-
ping a fair coin 97 times and denoting heads signifi-
cant and tails not significant. This criticism is not
meant to imply that Wilson et al. {1995) did not learn
something useful from their study. But nonsignifi-
cant statistical results from tests with power equal to
0.27 did not shed any light on what they did learn.

Testing assumptions

Statistical tests come with an assortment of as-
sumptions. Most researchers are aware of these.
However, it is all too common to find the assump-
tions ignored. Even when authors do evaluate the ad-
equacy of assumptions, they tend to focus on the
wrong ones and ignore the most important one. By
way of example, the subsequent discussion deals
mostly with the commonly conducted pooled vari-
ance 2-sample #test.

The relevant assumptions for the pooled variance
2-sample i-test are that the data must be in the form of
2 simple random samples from 2 nermally distributed
populations with the same variance. It is not uncom-
mon to read that the assumption of normality was
checked. This is frequently followed by reports of
some kind of transformation or a switch to a non-
parametric test. However, if one has a large enough
sample to conduct 2 meaningful test of normality one
probably does not need to be worried about nonnor-
mality. The distribution of the test statistic in the
pooled #test will follow a Student’s ¢ distribution if
the sampling distribution of the sample means is nor-
mal, the variances of the 2 populations are equal, and
if the 2 samples are simple random samples from the
2 target populations. The only way to ensure this
with small sample sizes is to require that the data be
normally distributed, and with small sample sizes in-
vestigators generally have to live with this assump-
tion because there is no good way to test it. How-
ever, the Central Limit Theorem implies that with
large enough sample sizes the sampling distcibutions
of the sample means will be approximately normal
regardless of the distribution of the underlying popu-

lations. What is large enough? There is no clear-cug
answer. It is always dangerous to give prescribed
guidelines, but if sample sizes are >40 (for each sam-
ple) one typically does not need to worry about non-
normality. The test is remarkabty robust for sample
sizes 215, particularly if the 2 sample sizes are nearly
equal (Moore and McCabe 1993). Most normality
tests have low power when sample sizes are small
enough for nonnormality to be a problem in a ttest.
If the sample size is large enough for the normality
test to have sufficient power to detect nonnormality,
then the sample size is probably large enough for the
sampling distributions of the sample means to be ap-
proximately normal. In short, most of the normality
tests reported in the Journal and the Bulletin are un-
necessary. Investigators should check for nonnor-
mality but visual assessmemt using normal probability
plots is almost always adequate. Further, probability
plots are more likely to highlight outliers, which tend
to be more of a problem than general skewness.

When a suitable transformation cannot be found,
researchers often use nonparametric mecthods. The
Mann-Whitney U test is a frequent choice for a non-
parametric 2-sample test. One of the assumptions of
the test is that both samples come from populations
with the same distribution with one shifted to the
right of the other. If one distribution is skewed and
the other is symmetric, the test is not appropriate.
The Mann-Whitney test is more sensitive to viola-
tions of its distributional assumption than the 2-sam-
ple t-test. I have never seen an example of an article
in the journal or the Bulletinin in which an author
ar authors attempted to determine if the distribu-
tional assumption, or any other assumption (one of
which is equal variances), of the Mann-Whitney test
was met for their data. Nonparametric implies distri-
bution free, not assumption free. Johnson (1995) dis-
cusses this and other problems associated with the
use of nonparametric procedures in ecology.

The fear of nonnormality not only leads re-
searchers to unnecessarily transform their data or fall
prey to the “statistical siren” of nonparametrics
(Johnson 1993). It overshadows the more serious
problems caused by violation of the assumption of
simple random sampling. This absolutely critical as-
sumption receives scant attention, and examples of
inappropriately applied tests due to violations of this
assumption are COMMon.

Gorenzel and Salmon {1995) conducted tests to de-
termine if differences existed between urban roost
and nonrogst trees of crows (Corvus brachyrbyn-
cos). They tested for normality (although they had
quite reasonable sample sizes of 87 roost trees and 62
nonroost trees) and commented on how they han-



dled unequal variances. But the description of how
they sampled the nonroost trees makes it clear that it
was not a simple random sample. They gridded their
study area, chose grid squares at random, and then
randomly selected a nonroost tree in the grid. The
essence of simple random sampling is that every
sample of a specified size has an equal chance of be-
ing selected and this was not true for the nonroost
trees in this study. Thus, the standard errors of the
difference between the sample means could not be
computed using the standard formula, and any Ztests
conducted using such a standard error calculation
were invalid.

I do not wish to criticize the above authors too
harshly. Wildlife studies are inherently difficult and
getting adequate data is challenging. [ know that
wildlife researchers worry a great deal about getting
a representative sample from the population of inter-
est to them, and they have little if any control over a
host of potentially biasing factors. Frankly, if Goren-
zel and Salmon (1995) had explicitly noted that they
did not have a simple random sample of control trees
but were going to act as if they did I would not have
chosen their paper as an example. The point [ am
trying to make is that they invested a great deal of ef-
fort evaluating normality and equal variance assump-
tions and ignored the I assumption that is truly criti-
cal for the validity of their results.

Moaore and McCabe (1993:472-487) argued that, if
statistical inference is the goal, then researchers need
to have confidence in a probability model, ie., a
mathematical model that serves as an idealization of
the process that produced their data. The assump-
tion of simple random sampling ensures the proba-
bility laws apply. Wildlife researchers should be
aware that many of the statistical methodologies they
use were developed for analysis of data from ran-
domized controlled experiments and applications of
those methods to nonrandom data from observa-
tional studies must be done with a great deal of care.
I agree with Moore and McCabe (1993) that while sta-
tistical analysis of such data may be necessary, low P-
values alone provide little evidence against nuil hy-
potheses in these types of studies.

The myth of 0.05

Fixed-level testing is used almost without excep-
tion in the Journal and the Bulletin. The most com-
mon level of significance is & = 0.05. If the Pvalue
lies below this conventional level, then the typical
investigator will claim the presence of an effect.
Moaoare and McCabe (1993} argued that choosing a
level of significance in advance implies that research
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is a decision-making process. The goal of research is
not to make a decision, but to provide an incremental
increase in understanding. Decisions are made when
scientists as a group reach a consensus, after evaluat-
ing evidence from many studies.

There is nothing sacred about @ = 0.05 (or any
other level). There is no clean demarcation between
finding an effect and not finding an effect. A Pvalue
provides a measure of the stwength of the evidence
against a specified null hypothesis. This is 2 continu-
ous scale of measurement with low Pwvalues provid-
ing more evidence than large ones. Authors would
serve their science better by giving the P-value and
commenting on what they believe they have learned,
leaving it to others to agree or disagree with them.
Time and replication will eventually determine who
is cotrect.

The only justification for choosing a fixed level & is
the role it plays in power calculations. But specifying
a level of @ in order to determine if a test has reason-
able power does not mean one has to rigidly adhere to
that level when evaluating the strength of the evi-
dence. 1 believe the worst thing about fixedlevel test-
ing is that scientists engaged in the incredibly messy
business of science (and field ecology is especially
messy) abdicate their responsibility to evaluate the sig-
nificance of a result to a canned, cookbook procedure.
Scientists should never, under any circumstances, let a
statistical procedure do their thinking for them.

Conclusions

It is easy vo criticize. It is harder to criticize con-
structively, because constructive criticism carries
with it the responsibility to offer recommendations
for improvement, [ offer some recommendations
here, recommendations that [ hope will prove to be
constructive.

My main recommendation is for wildlife re-
searchers to stop taking statistical testing so seri-
ously. I believe that most statisticians would agree
with Cox and Snell (1981:39) that testing has “a valu-
able but limited role to play in the analysis of daca."
The presence of some 2,400 P-values in volume 59 of
the Journal indicates that the use of testing by wild-
life researchers is hardly limited.

I make the following recommendations:

1. Investigators should determine if they are more
interested in estimation of effects or testing for
the presence or absence of effects. In most
studies estimation will be more important than
testing. Estimation requires investigators to
consider what quantitative characteristics best
measure the effects of interest followed by
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point estimates, standard errors, and confi-
dence intervals.

2. There is no reason to report the results of tests
on hypotheses that are obvigusly false, true, or
biologically insignificant. One does not neces-
sarily need a P-value to determine the signifi-
cance, or lack thereof, of a result,

3. Do not claim to have found no effect after fail-
ure to reject the null hypothesis on low power
tests. The results of nonsignificant low power
tests should not even be explicitly reported.

4. Test normality using graphical procedures.
Avoid the uncritical use of nonparametric meth-
ods. Be aware of the critical nature of the as-
sumption of simple random sampling and be
cautious in interpretation of results when this
assumption is violated (and it is always violated).

5. Do not decide to have found or not have found an
effect based on which side of 0.05 a Pvalue hap-
pens to lie. Pwalues represent a continuous scale
of measurement of the strength of evidence
against a specified null hypothesis. There isno 1
value to relieve researchers of their responsibility
in evaluating that evidence.

6. Learn and make use of the increasingly power-
ful tools available for initial data analysis. [ am
not suggesting that researchers go hunting for
interesting patterns in their data, and then test
hypotheses about those patterns using the data
that generated the hypotheses. 1 am suggest-
ing that if an expected effect does not show up
in the initial analysis, then it is probably not
worth testing for. Likewise, an expected effect
may show up so strongly in the initial analysis
that a test is not needed to determine if it is
real.

7. Leamn (really learn) the basics. The introductory
text by Moore and McCabe (1993:472-487) has
an excellent section on the use and abuse of tests.
Chatfield (1995%) is full of basic common sense ad-
vice on doing statistics. Cox and Spell (1981) is
another good source.

8. The Wildlife Society should explore ways to help
authors and reviewers conduct statistical analyses
more effectively. The Biometrics Working Group
might contribute advice. Editors and associate
editars of the Journal and the Bulletin could
help by making it clear that Pwvalues are not a pre-
requisite for publication.

Some may feel that [ have overstated the extent of
the problem. But these are problems of a2 fundamen-
tal nacure that are, or should be, topics of discussion
in introductory statistics courses. The failure to un-
derstand the basics of statistical practice, and conse-

quent misuse of statistics, diminishes the value of oth-
erwise good studies.
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