
CORRESPONDENCE 405

CORRESPONDENCE

405

Dear Editor:
In the May 2000 issue of JSA, Thomas Gray (Gray, 2000)

calls our attention to a report by L. Wilkinson (Wilkinson, 1999)
that represents the deliberations of the distinguished 12-member
Task Force on Statistical Inference, American Psychological As-
sociation Board of Scientific Affairs. Some of the issues raised by
Wilkinson are the weakness of the null hypothesis (H0) and the
improper use and interpretation of it, and the use of other proce-
dures, such as the confidence interval, that do a better job. Gray
points out that there has been a slight improvement over time in
JSA with regard to the reporting of reliability statistics and an
unfortunate increase in statistical significance testing (SST, also
known as null hypothesis significance testing, NHST) in assess-
ing research. Because of JSA’s use of SST, it is necessary to
understand the limitations of SST and to examine alternatives.
Before I proceed, let it be said that not everyone agrees with the
Wilkinson committee, including some of its members. SST and
NHST are used interchangeably in the following discussion.

A major concern in the Wilkinson article is the nature of H0

and the failure to realize what it cannot do. Kirk (1996) provides
the three most often cited criticisms: “Null hypothesis signifi-
cance testing and scientific inference address different questions.
In scientific inference, what we want to know is the probability
that the null hypothesis (H0) is true given that we have obtained a
set of data (D); that is p(H0/D). What null hypothesis significance
testing tells us is the probability of obtaining these data or more
extreme data if the null hypothesis is true, p(D/H0).” The one,
p(D/H0), does not imply the other, p(H0/D). “A second criticism
of null hypothesis significance testing is that it is a trivial exer-
cise. . . . Because the null hypothesis is always false, a decision to
reject it simply indicates that the research design had adequate
power to detect a true state of affairs, which may or may not be a
large effect or even a useful effect. . . . A third criticism of null
hypothesis significance testing is that by adopting a fixed level of
significance, a researcher turns a continuum of uncertainty into a
dichotomous reject-do-not-reject decision” (pp. 747-748). The first
and third criticisms seem clear, but the second is something many
of us have never considered. It requires elaboration, and the reader
is directed to Kirk (1996). All of the following material concerns
SST and NHST (i.e., the null hypothesis, H0).

Some experts have vehement feelings about the use of SST.
Rozeboom, (1997, p. 335) is a colorful example: “Null-hypoth-
esis testing is surely the most bone-headedly misguided proce-
dure ever institutionalized in the rote training of science students.”
Others (e.g., Cohen, 1997) have similar opinions that are prob-
ably as strongly felt, but Rozeboom surely gets our attention. Since
I also am addicted to hyperbole, I enjoy Rozeboom’s comments.

However, we might profit from reading one 10-line paragraph on
the history of SST in Rothman (1986, pp. 115-116), after which
we might not see it as so boneheaded. Even Cohen (1990) ac-
knowledges support for H0 when discussing its origins in agricul-
ture. He writes (p. 1307), “[It] offered a decision scheme,
mechanical, and objective, independent of content, and led to clear-
cut yes/no decisions. . . . The outcome of an experiment can quite
properly be a decision to use this rather than that amount of ma-
nure. . . . But we do not deal in manure, at least not knowingly.”
Yates (1951) offers a calm and competent analysis of the prob-
lems of statistical significance testing (p. 32), ending with, “Tests
of significance are preliminary and/or ancillary” (p. 33), implying
that much more is required.

The adjuncts and alternatives offered to SST are confidence
intervals, effect size, power analysis, and Bayesian Inference.
Strangely, all of these depend to some extent on “misguided . . .
institutionalized . . . rote training” (i.e., α = 0.05, or some such
value). The Wilkinson committee wants us to be judicious in our
use of α and NHST. Allow me to discuss each of these alterna-
tives in a bit more detail.

Confidence intervals

The confidence interval (CI) suggests a solution because it
implies that additional samples will produce the parameter of in-
terest (e.g., the sample mean) within the limits of the interval (1 –
α), where α could be 0.05, hence the CI would be 0.95. We do
not know where in the CI the parameter is located, or if in fact it
is there at all, but we are “confident” to the extent of 95%. If the
interval does not contain zero, we can interpret this as the tradi-
tional SST. Concisely, the advantages of CIs are: “Confidence
intervals convey information about magnitude and precision of
effect simultaneously, keeping these two aspects of measurement
closely linked. The use of p values, or ‘significance’ testing, blurs
these concepts so that the focus on measurement is lost” (Rothman,
1986, p. 121). The combination of NHST and confidence interval
uses the same units of measurement as the data and therefore
make trivial results difficult to ignore (Kirk, 1996).

Effect size

Effect size (Cohen, 1962, 1988) controls for the fact that a
large enough sample will reject H0 even when the effect is so
small that it has neither social nor scientific importance. The ef-
fect size (ES) thus emphasizes social and scientific importance.
The ES is the alternative hypothesis. It specifies in advance how
large a result (e.g., the difference between a treatment and a con-
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trol) will be acceptable to the researcher. Also, if an ES is pro-
vided in a report, readers can then decide how important the re-
sult is to them.

How does one determine effect size? Personal experience, an
examination of the literature, meta-analysis, intuition, estimations
from theory and accepted convention about what represents small,
medium and large effects are the general approaches (Cohen, 1988,
1997; Murphy and Myors, 1998). For example, Cohen (1988, 1992)
suggests ESs of d = .2, .5 and .8 as conventions for small, me-
dium and large effect sizes for t tests. The merits of effect size
are discussed by Kirk (1996, pp. 749-750), including the interpre-
tation of the conventions and other uses of them, such as estimat-
ing sample size. Particularly helpful are Kirk’s formulas for
computing “effect magnitude” (defined below) from the t and F
tests (Kirk, Table 3, columns 2 and 4). Misinterpretation of the
meaning of rejection of H0 has been endemic among users of t
and F and a source of severe criticisms of H0.

Also very accessible is Cohen’s (1992) “A Power Primer” ar-
ticle in which he laments the lack of power analyses in research
literature, gives an overview of the effect size construct and then
provides two tables along with descriptive text. Table 1 presents
computation of eight (8) ES indexes (d, r, q, g, h, w, f and f2) and
their values for small, medium and large effects. In addition,
Cohen’s Table 2 provides the required sample sizes for Power =
.80 at three levels of α (.01, .05, .10) and three levels of effect
size (small, medium, large) (see “Power Analysis” below). Cohen’s
Table 2 provides the above information for each of the eight tests
of Table 1, along with 1 through 6 degrees of freedom for chi-
square, 2 through 7 groups for ANOVA and 2 through 8 indepen-
dent variables for multiple correlation.

Kirk (1996) discusses a related matter, effect magnitude, which
includes measures of effect size, strength of association and some
others. He lists a large number of such indicators and provides
algebraic conversions among various measures of effect magni-
tude and guides to their interpretation. It should be noted that new
students are often taught statistical “tests,” such as the Pearson
Product Moment Correlation r and the t test. In reality, r is an
estimate of strength of association (and can be considered an ES),
whereas the t test is the statistical test used to evaluate whether
the r is itself “significant”; and when we report the results of a t
test, it would behoove us to provide an ES (r, d, something) or
confidence limits. Kirk (pp. 748-749) points out the need for
strength of association measures, citing Peters and Van Voorhis
(1940): “The F and z tests employed with the analysis of variance
do not directly indicate the strength of the relation that is present,
but only its reliability.” In other words, the problem has been
known for a long time (see Keppel, 1991; Yates, 1951).

Strength of association may be thought of as the amount of
variance of the dependent variable accounted for by the indepen-
dent variable or, more generally, the variance shared among vari-
ables. One measure of this is the analyses of variance components
(Scheffé, 1959), which for simple experimental designs, even out-
side of agricultural experiments, are easy to calculate and inter-
pret (Keppel, 1991; Scheffé, 1959).

“Big effects are more impressive than small effects” (Abelson,
1995, p. 46), and effects expressed in the raw response units can
have immediate meaning to the investigator. Raw response units
are those in which the original measurements were made (e.g.,
inches, percent, mg/dl). There are, of course, disadvantages to

raw response units in expressing effect sizes, in which case the
standardized unit is preferred. An example of a standardized unit
would be the difference between the control and the treated di-
vided by the common standard deviation (see Kirk, 1996, pp.
750-751, for definitions of the standard deviation). Thus, the stan-
dardized effect size is independent of the original response scale,
and can be compared to other response scales similarly trans-
formed. The difference between original and standardized units is
the difference between concrete and abstract and which is used
depends on one’s goal.

Power analysis

Power is defined as 1 – β, where β is the probability of mak-
ing a Type II error (acceptance of H0 when it is false). Thus,
Power is the probability of avoiding a Type II error (Power “is
the long-run frequency of acceptance of H1, if H1 is true”;
Sedlmeier and Gigerenzer, 1989, p. 309). H1 is the alternative
hypothesis. Power analysis is usually performed at the start of
research but it is also useful afterwards. It has some distinct ad-
vantages, one of which is that it can be used to test for minimum
effects, thereby avoiding Kirk’s second criticism of H0 and also it
can be used to test H0. The minimum-effect hypothesis tests the
smallest treatment difference that the investigator will accept.
Power is itself related to sensitivity, effect size and decision crite-
rion. Any three of these four variables can be used to determine
the missing element. Sensitivity is a function of sample size (e.g.,
number of subjects), quality of measures, and research design.
Sample size is generally cited as the most important: the larger
the sample, the more likely the study is to find significant effects.
Power also increases as effect size increases. Decision criteria
refers to the “ level. The more lenient the decision criteria (e.g.,
0.05 is more lenient than 0.01), the greater the power. For a de-
tailed presentation of power analysis see Murphy and Myors
(1998), and for an accessible and easily tracked presentation, as
well as a ready made table for quick power evaluations at the
conventionally acceptable power level of .80, see Cohen (1992).
Another criterion measures the percentage of variance accounted
for by the independent variable (PV). There are a number of these,
appropriate to different statistics. Murphy and Myors suggest that
power should be above .50 and power of .80 or above is ad-
equate. Nevertheless, these power settings are arbitrary, as is α =
.05. Their Table 2.2 (p. 47) and the accompanying discussion
provide approximate equivalents of their PV for small, medium
and large effects in terms of three conventional criteria, r, d and
f 2. R2, adj. R2 and ω2 also are measures of the proportion of
variance accounted for (Maxwell and Delaney, 1990).

Bayesian inference

“Bayesian statistical methods support inferences without refer-
ence to either significance tests or confidence intervals. . . . This
class of methods entails the use of prior information and empiri-
cal data to generate posterior distributions that in turn serve as the
basis for statistical inference” (Pruzek, 1997, p. 287). Pruzek of-
fers an elementary example and walks us through calculations
that are simple and understandable. The Bayesian analysis re-
quires three steps: (1) generation of a prior distribution; (2) col-
lection of empirical data; (3) combining the prior distribution with
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the likelihood distribution (based on the empirical data) to form a
posterior distribution, which is used to make inferences about the
parameter (e.g., mean) of interest. The posterior distribution rep-
resents the locus of the parameter being investigated. The poste-
rior distribution has a credible interval, two points on the horizontal
axis, that looks like a confidence interval except that the credible
interval represents the location of the population parameter with a
determined (e.g., 95%) probability (Rindskopf, 1997, p. 322). The
confidence interval, on the other hand, tells us where the sample
estimate of a parameter lies given our idea of the value of the
population parameter with a 95% probability (Mulaik et al., 1997,
p. 71). It seems to me that the credible interval tells us where the
population parameter lies, while the confidence interval tells us
where future sample estimates will be.

Bayesian statistics have always left me mystified and doubt-
ful. The doubt comes from the use of prior information, which is
described as subjective. The subjective idea seems to run counter
to the purpose of statistics, which is to supply objectivity in form-
ing conclusions about the outcome of research. But the subjective
part does not have to be too subjective. Pruzek’s analysis sug-
gests that the source of one’s subjective opinion might be some-
thing along the lines of effect size, prior experience with similar
work, expert opinion, meta-analysis and so forth. It is what is
done with this information that is different. One estimates values
for the parameter of interest and for each of two constants which
represent the range of the parameter. The mean of the subjective
distribution and its variance are provided by simple algebra from
these estimates. The prior distribution (subjective estimates of the
parameters) is combined with the likelihood distribution (the em-
pirical data), again by simple algebra, which leads to the posterior
distribution, with its new mean and variance. The posterior distri-
bution is supposed to supply better estimates than results based
solely on the original empirical data. A true and impressive appli-
cation of the Bayesian approach appears in Sontag et al. (1998,
pp. 82-85): a nuclear bomb lost in the Mediterranean Sea was
found when traditional approaches failed.

Harlow (1997) presents a survey of opinions put forth in the
14 chapters of What If There Were No Significance Tests? Her
survey sounds like the development of the prior distribution. She
then summarizes: “Focusing on a dichotomous decision would
contribute little to the development of strong theories or sound
judgement; lacks the precision of either confidence interval, ef-
fect sizes or power calculations; is less informative than goodness
of approximation assessment (procedures used in structural equa-
tion modeling, SEM) or the use of specific, realistic and nonzero
hypotheses; and is less thorough than either replication, meta-
analysis or Bayesian inference. . . . It seems, the overriding view
on this issue is that NHST may be overused and unproductive,
particularly when used as a simple dichotomous decision rule”
(p. 12).

The Other Side of the Argument

Once upon a time the chairman of a Department of Sociology
said to me, “We can always depend on Professor X to come
down firmly on both sides of any issue.” The opinions of the
NHST opponents are not universal. Abelson, who was a member
of the group that produced the Wilkinson report, points out (1997a)
that NHST is useful in tests of goodness of fit to models and

should not be abandoned for this application. (For more on vari-
ous issues related to NHST, see Abelson, 1995.) Abelson (1997b,
p. 117) states succinctly, “(1) Although bad practice certainly has
characterized some significance testing, many of the critics of
significance tests overstate their case by concentrating on such
bad practice, rather than providing a balanced analysis; (2) Pro-
posed alternatives to significance testing, especially meta-analy-
sis, have flaws of their own; (3) Significance tests fill an important
need in answering some key research questions, and if they did
not exist they would have to be invented.”

Hagen (1997, p. 22) puts it this way: “The logic of the NHST
is elegant, extraordinarily creative, and deeply embedded in our
methods of statistical inference. It is unlikely that we will ever be
able to divorce ourselves from that logic even if someday we
decide that we want to. . . . The NHST has been misinterpreted
and misused for decades. This is our fault, not the fault of NHST.
I have tried to point out that the NHST has been unfairly ma-
ligned; that it does, indeed, give us useful information; and that
the logic underlying statistical significance testing has not been
successfully challenged.” But that is not the challenge to NHST.
The challenge is to the abbreviated, single use of it, and its conse-
quent misinterpretation.

Others have arguments against the elimination of NHST, for
example Chow (1988). Rindskopf (1997), despite being a Baye-
sian, says that the null hypothesis continues to be used because
researchers are “testing approximately the right thing under many
real circumstances, even if most researchers do not know the ra-
tionale” (p. 321). This statement may be damning with faint praise,
but to me it is more effective than Rozeboom’s histrionics.

It is often suggested that the solution to these problems is
computers. Computers are wonderful for reducing computational
drudgery. There are, however, several difficulties with the com-
puter solution: (1) one still needs to understand one’s statistics;
(2) one still has to choose the appropriate analysis; (3) one still
needs to understand the statistical packages; and (4) one still needs
to prove to oneself that the statistical program is correct. In the
end (5) one is still obligated to interpret one’s results correctly.
On this point, it has been my experience as faculty member and
referee that some researchers, including psychologists, use very
simple experimental designs, but do not analyze them correctly.
This may be a function of using computer packages. (The writers
of computer manuals write to impress their colleagues, not to
make the packages easy to use.) For example, psychologists like
to use the counterbalanced design (called the crossover design by
Cochran and Cox, 1950), which they often analyze as a simple
two-way, repeated measure design. Such an analysis vitiates the
values of the counterbalancing and leads to incorrect results when
the reason for counterbalancing proves to be significant. The rule
is that every design has a fixed and appropriate analysis. Devia-
tion from that analysis can only be successfully done when one
understands the design and knows what one is doing. There are
criteria for deviations (see Hays, 1988).

The Journal of Studies on Alcohol has a range of disciplines
larger than that projected by the Wilkinson Report. The report
emphasizes correlational analysis, because the committee’s inter-
est is in social psychology and in areas of direct application, such
as clinical psychology. Only passing reference is made to experi-
mental research. Very often the social significance of experimen-
tal research is of only distant concern to the researcher. That comes
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later, when the phenomenon being studied is well described, and
there is enough data to obtain an effect size by any of the meth-
ods suggested. Some of these disciplines from which the Journal
of Studies on Alcohol receives manuscripts have their own needs
and traditions in the use of statistics, all of which need to be
considered in evaluating their research.

Conclusion

The Wilkinson Report covers a large number of issues, but
attention here was limited to SST because of its complexity, the
long-running controversy surrounding it and its importance in as-
sessing research results. Having said that, we should attend seri-
ously to what the Wilkinson committee proposes and the arguments
of those who are against the elimination of SST. It is true that
users of SST can polish up their act by a few simple operations.
With this in mind we make the following recommendations and
suggest that associate editors and referees insist on compliance
when monitoring manuscripts:

• NHST should not be abandoned but should be accompanied
by confidence limits. Effect size, power analysis and Bayesian
posterior analysis are alternative measures and always accept-
able when properly used.

• Where possible, measures of the strength of association should
be reported.

• When effect sizes are used in the planning of research, their
source and justification should be reported.

• Whichever index of effect size is used, it should be interpreted
briefly and correctly for the reader.

• This last, although not covered in detail in this letter, is an
important point made by Gray (2000) and should be included
here in recommendations: Reliability statistics (psychometric
properties) should be evaluated on the research sample for as-
sessments and tests used in the research.

Finally, two caveats are worth quoting: “No statistical method
always works” and “Statistical methods are better conceived as
options than as commandments” (Abelson, 1997a, p. 14).
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Editor’s note: Dr. Carpenter, who served as both editor and editor
emeritus to the Journal of Studies on Alcohol, passed away on
February 27, 2001.


