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SUMMARY

Hypothesis testing, as performed in the applied sciences, is criticized. Then assumptions that the author
believes should be axiomatic in all statistical analyses are listed. These assumptions render many hypoth-
esis tests superfluous. The author argues that the image of statisticians will not improve until the nexus
between hypothesis testing and statistics is broken.
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1. Introduction

According to Hacking (1965), Arbuthnott (1710) was the first to publish a test of a
statistical hypothesis. Hogben (1957), chapter 14, p. 324, attributed to Gavarret (1840)
the earliest use of the probable error as a form of significance test in the biological arena.
Hogben (1957), chapter 14, p. 325, also stated that Venn (1888) was one of the earliest
users of the terms ‘test” and ‘significant’. The form of the x?-distribution in the context
of goodness-of-fit tests was published by Pearson (1900). W. S. Gosset, using the
pseudonym ‘Student’ (1908), developed the ¢-distribution. The foundations of modern
hypothesis testing were laid by Fisher (1925), although the modifications propounded
by Neyman and Pearson (1933) are the generally accepted norm.

Today, the ritual testing of hypotheses is performed in many applied sciences and
their respected journals. Not surprisingly, many statistics journals are replete with
applications of null hypothesis tests or with theory that permits new applications of
hypothesis tests. Tests of hypotheses are seemingly performed because

(a) they appear to be objective and exact,

(b) they are readily available and easily invoked in many commercial statistics
packages,

(c) everyone else seems to use them,

(d) students, statisticians and scientists are taught to use them and

(e) some journal editors and thesis supervisors demand them.

Although many practising statisticians eventually come to the realization that
these tests are highly overrated, there are still many scientists and statisticians
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who promote the statistical testing of hypotheses as being integral to the scientific
method and scientific argument. This paper is yet another attack on the ubiquitous
hypothesis test, and several issues are discussed:

(a) the attitude of many scientists towards hypothesis tests;
(b) the fact that many people equate statistical methods with hypothesis testing;
(c) a ‘creed’ for the practising statistician.

2. Null Hypothesis Testing

Consider the simple case of comparing two treatment means. A researcher will
often have some idea of which size difference between the treatment means has
practical importance, but invariably the analysis will be a test of Hy: u, = py versus
Hi: py # . If the researcher has no preferred outcomes for the experiment then
Table 1 depicts the researcher’s possible states of mind. However, if the researcher is
actually testing some pet theory then an additional layer of complexity should be
superimposed on Table 1.

If the researcher is allowed some latitude then the discussion of the results will be
along one of the following themes.

(a) If a significant result is obtained

(i) Thisis good. It fits in with the researcher’s hopes and/or expectations. The
true difference between the treatment means is equated to the observed
difference.

(ii) This is bad. The researcher did not want this, but it is satisfactory because
the difference between the observed means is of no practical importance
anyway.

(iii) This is bad. The researcher did not want this, and does not know how to
explain it. Maybe it is just one of those type I errors.

(b) If a non-significant result is obtained

(i) Thisis good. It fits in with the researcher’s hopes and/or expectations. The
true difference between the treatment means is now equated to 0. The
researcher’s great pleasure that a type I error did not occur is not revealed,
nor the great pleasure that a larger sample could not be afforded.

(i) This is bad. The researcher did not want this, and does not know how to
explain it. The difference between the observed means is of considerable
practical importance. Maybe it is one of those type II situations, and the

TABLE 1
States of mind of a null hypothesis tester
Practical importance of observed difference Statistical significance of difference
Not significant Significant
Not important Happy Annoyed
Important Very sad Elated




STATISTICIAN’S CREED 403

researcher would have obtained a significant result had more funds been
available to increase the sample size.

Observe that many researchers equate the true difference to the observed
difference, or to 0, depending on the outcome of the significance test and the prior
expectations. However, if a statistically significant result is achieved then there are
some researchers who will incorporate confidence limits or standard errors in their
discussions.

A researcher who is given latitude will generally defend a scientific hypothesis by
appealing to scientific principles and rational argument. An accompanying statistical
analysis either provides support for the researcher’s position, which is naturally
regarded as good, or does not provide support, which causes the analysis to be
regarded as a nuisance and to be effectively dismissed and ignored.

In contrast, a researcher who has been constrained to adopt a formal hypothesis
testing approach is simply not permitted to assert that a treatment difference exists
unless it is accompanied by a statistically significant result. This has led to the absurd
situation in which a journal editor has confided that an author’s thesis is un-
doubtedly true, but the editor must reject the paper because the author’s ideas are
not supported by statistically significant results. Even ignoring the implications for
publication bias, is this good science, or is it statistics gone mad? Conjecture and
speculation, the life-blood of science, may be carefully expunged from a scientific
paper, and yet a purely mathematical paper in the field of number theory may be
riddled with conjectures.

Sadly, the discussion in many scientific papers revolves around the statistical
analysis instead of the science. The following problems exist.

(a) Hypothesis tests accompany most statistical analyses and often constitute the
sole analysis.

(b) Poor understanding of hypothesis tests often leads to their misinterpretation.
In particular, the roles of sampling variation and sample size are often
obscured.

(c) The hypothesis tests usually deal with silly null hypotheses which assert no
differences between treatments.

With regard to this last point, many scientists would like to see the roles of the null
hypothesis and alternative hypothesis reversed, i.e. they desire tests in which the null
hypothesis is Hy: u> # py and the alternative hypothesis is Hy: pp = p.

3. The Creed

Many analyses of variance indicate no significant differences between treatments,
yet the known biology, physics or chemistry of the situation suggests that the
treatments cannot have identical effects. Whether or not the reasons for a lack of
statistical significance are attributed to insufficient replication, should the researcher
adopt a formal statistical approach and not reject the null hypothesis? Or can the
researcher bypass the test of significance and report confidence limits, say, for the
treatment differences? Of course the confidence limits will include 0, but the upper
confidence limit may be the key number since it is an indication of the maximum
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plausible difference between the treatment means. Despite the apparent reasonable-
ness of the latter approach, there are some who either do not understand statistics
or do not understand science, or do not understand either, who rigidly adopt the
formal approach. It is frustrating to inform a scientific client that statistically the
client cannot assert that there are differences between treatments when any reas-
onable person knows that differences must exist.

A natural question is whether different treatments can ever have identical effects.
My answer is presented in the following creed which also incorporates some well-
known statistical wisdom.

Each statement of the nonalogue has an associated keyword:

(a) TREATMENTS —all treatments differ;

(b) FACTORS —all factors interact;

(c) CORRELATIONS —all variables are correlated;

(d) POPULATIONS —no two populations are identical in any respect;
(¢) NORMALITY —no data are normally distributed;

() VARIANCES —variances are never equal;

(g) MODELS —all models are wrong;

(h) EQUALITY —no two numbers are the same;

(i) SIZE —many numbers are very small.

4. Explanation of the Creed

The TREATMENTS, FACTORS, CORRELATIONS and POPULATIONS
beliefs apply to hypothesis testing of the ‘zero difference’ or ‘nil existence’ variety.
Throughout this paper such tests are referred to as zero hypothesis tests, being a
subset of more general null hypothesis tests which hypothesize a non-zero difference.

Many tests of hypotheses assume normality, linearity or constant variance.
NORMALITY, MODELS and VARIANCES simply assert that such assumptions
are always false. The NORMALITY and VARIANCES statements are special cases
of the MODELS belief.

EQUALITY and SIZE are really statements of mathematical fact rather than
subjective beliefs. In many respects EQUALITY is a synopsis of TREATMENTS,
FACTORS, CORRELATIONS and POPULATIONS. For those who consider
the creed to be too extreme, a measure theoretic interpretation can be given to
EQUALITY. From this viewpoint, if fand g are real numbers then it is impossible
for fto equal g, in the sense that Pr(f = g) = 0. An explanation of how the numbers f
and g are obtained is avoided. On this interpretation, two treatments can indeed have
the same effect, in the sense that such treatment pairs exist, but that the probability of
encountering such a pair of treatments is 0!

Continuity and non-finiteness are essential ingredients of the creed. Thus the creed
applies to situations where it is assumed that all observations derive from continuous
scales of measurement, or that observations derive from hypothetically infinite
populations. For example, the POPULATIONS belief is not applicable if population
D is defined to be the group of people who work in a particular building, population
E is defined to be the group of people who work in a different building and it is the
percentages of blind people which are being compared. In contrast, POPULATIONS
would be operative if the same populations were being compared for mean height,



