Null hypothesis significance testing (NHST)
has had a long and conflicted history from
its introduction in the early 1900’s to its
recent more disputed role (Anderson et al.
2000, Wasserstein and Lazar 2016,
Benjamin et al. 2018) For decades, NHST
was the dominant approach to inferential
statistics across a variety of disciplines
including physiology (Curran-Everett and
Benos 2004, Ludbrook 2013), ecology
(Yoccoz 1991, Stephens et al 2007),
psychology (Nickerson 2000), and human
health (Stang et al. 2010) and, despite the
increasing popularity of alternative
approaches such as, information-theoretic
techniques (Burnham and Anderson 2002),
the use of effect sizes with associated
confidence intervals (Gardner and Altman
1986) and Bayesian techniques (Hobbs and
Hooten 2015), it continues to be widely
used. However, NHST has been criticized
and 1dentified as contributing to the
reproducibility crises in several disciplines
(Aarts 2015, Baker 2016). Most recently,
800 scientists and statisticians signed a
‘manifesto’ calling for the concept of
‘statistical significance’ to be abandoned
(Amrhein et al 2019).

The list of criticisms of NHST is long and
varied (Johnson 1999, Anderson et al. 2000,
Burnham and Anderson 2014, Levine et al.

2008, Dushoff et al. 2019, McShane et al
2019). Most criticisms rest on three
fundamental properties of NHST and p-
values — (1) that effect size is not an explicit
consideration so that meaningful effects can
be overlooked at small sample sizes and
trivial effects can be determined to be
statistically significant at large samples
sizes, (2) that Type Il errors are not
considered and (3) that p-values don’t
provide what researchers want - error
probability statistics (i.e. estimates of the
probability of making a mistake when the
null is rejected or not).

The ongoing debate about the use and
relevance of p-values has been driven, in
part, by the two competing schools of
thought (i.e. Fisher versus Neyman-Pearson)
on p-values — using them as inductive
inference tools that provide evidence for or
against a hypothesis or to set a threshold
(usually p<0.05) as a behavioral, decision-
making tool (Mayo 2018) to reject the null
or not (i.e. identify the evidence as
‘statistically significant’ or not). When
scientists recommend abandoning ‘statistical
significance’ they are opposed to the concept
of a rejection threshold. But, the severest
critics also oppose using p-values as
evidence for or against hypotheses.
However, practitioners have used and



continue to use p-values in a way that
combines both philosophies (Kennedy-
Shaffer 2019) — using p-values to make
decisions about whether to reject or fail to
reject a null hypothesis and as a measure of
how convincing a rejection is (i.e. if the p-
value is small then the null can be rejected
with increased confidence).

Why 0.05?: There are two possible types of
errors in NHST, rejecting the null when the
null is true (i. e. Type I) or accepting the null
hypothesis when it is false (i.e. Type IT).
The objective of setting a statistical
threshold in NHST is to control the long-run
probability of Type I errors. Choosing 0.05
as the threshold causes many, if not most, of
the problems associated with traditional
NHST. Fisher, Neyman, Pearson (and most
of the rest of the world) considered an
arbitrary statistical threshold to be a bad idea
but they did not reject a considered
significance threshold (Mayo 2018). So,
while not all researchers are prepared to
abandon the concept of statistical
significance, there is a consensus that a
‘one-size-fits-all’ rejection threshold should
be abandoned.

There have been many attempts to address
criticisms of NHST and p-values. In fact,
Neyman and Pearson (1933), in their
seminal paper, recommended that the critical
rejection regions should consider Type 11
error rates by only setting a rejection
threshold for the ‘most powerful test’ (i.e.
the alternative hypothesis that was most
likely under the observed data). Savage
(1961) noted the relationship between alpha
and beta and suggested that if a researcher
could identify a combination of alpha and

beta that they preferred, then one could
select an optimal alpha for a particular
sampling design. However, Savage did not
discuss the grounds on which a preference
might be based. Cornfield (1966) expanded
on this and asserted that minimizing a linear
function of alpha +beta was a logical
consequence of adhering to the likelihood
principle and noted that using a linear
function meant that differences in cost of
Type I and II errors could be incorporated.
More recently, Gannon et al (2019) have
suggested a similar goal of minimizing the
combination of Type I and II error
probabilities by controlling for effects of
sample size on Type II error probabilities. In
addition, there have been attempts to
incorporate Type I and Type II errors and
their relative costs into environmental
decision making (Mapstone 1995,
Munkittrick 2002, Field et al. 2005). There
have also been suggestions for using a
combination of p-value and effect size
thresholds to decide when to reject the null
(Goodman et al. 2019). Further, here have
been other attempts to place p-values in the
context of sample size and effect size
(Betensky 2019, Fraser 2019) including
‘second generation’ null hypotheses, which
set composite nulls that include no and
trivial effects sizes (Blume et al. 2019).

However, none of these proposed an
analytical method for combining Type I and
IT error probabilities to identify an ‘optimal’
alpha. Mudge et al.(2012) developed an
approach to setting the statistical threshold
for NHST — optimal alpha - that rather than
controlling long-run probability of Type I
errors, minimizes the cost or probability of
making a Type I or II error for a specific test



(see explanation below). Optimal alpha is
the rejection threshold at which researchers
will make the fewest mistakes when they
reject or fail to reject the null. So, optimal
alpha appears solidly situated in the
Neyman-Pearson school — designed to
minimize error probability, albeit the error
probability that researchers are most
concerned about, the probability of making a
mistake for a particular test. However,
optimal alpha is actually a combination of
the Fisherian and N-P philosophies. It is
explicitly designed to address how to make
the best decisions (behavior) but also
provides a measure of how strongly you
should favour the best decision (inference).
‘Optimal’ alpha provides a measure of the
“severity” of the test - sensu Mayo - because
the rejection threshold provides an estimate
of the probability that the researcher is
making an error when they reject or fail to
reject the null. When the probability of error
is small, the test is severe and when it is not,
the test is weak.



Understanding how optimal alpha is
estimated is easier if we start with two
simplifying assumptions, (1) that the costs
of Type I and II errors are equal and (2) that
the prior probabilities of the null and
alternate hypotheses are equal. These
assumptions are not necessary for estimating
optimal alpha but they make the initial
explanation easier to understand.

The objective of optimal alpha is to
minimize the probability of making an error
(either Type I or II). This implies that we
are trying to identify the statistical threshold

where the probability of making an error is
smallest. If we assume that the prior
probability of Hyo = Ha = 0.5, then we want
to minimize (0.5 * a+ 0.5 * B) = (o + B)/2,
where a is the probability of making a Type
I error and B is the probability of making a
Type II error. We multiply each of a and 3
by 0.5 because, in the simple example, we
are assuming that the prior probability of
each is 0.5.

There is an inevitable negative relationship
between a and B (Figure 1). However, the
shape of that relationship depends on the
sampling design, the critical effect size and
the type of statistical test used.
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Figure 1: The non-linear relationship between a and . The relationship between a and 3 for an
independent 2-sample, 2-tailed t=test with n; = n2 = 10 and critical effect size=1 ¢



Estimating power or beta (i.e. 1 — power)
requires knowledge of the 1. statistical test,
2. sample size, 3. critical effect size, 4.
variability unexplained by the alternative
hypothesis model, and 5. alpha (Cohen
1988). However, if the statistical test,
sample size, critical effect size and
variability are known, it is a simple process
to vary alpha and calculate the associated
beta. Optimal alpha uses the proposed
sample size, variability estimate and critical
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effect size to build a curve describing the
relationship between o and (a + B)/2. We
then identifiy the o value that minimizes (a
+ B)/2 (Figure 2).

The result is that in using optimal alpha, we
set a threshold that will minimize the
probability of making a mistake when we
choose to accept or reject the null. However,
one key difficulty lies in identifying the
critical effect size.

TR
ll-l-."'l‘l"i“!i.lll'-'

0.2

0.1

0.0

Figure 2: Determination of optimal o from the a priori combined probabilities of Type I and II
error. A and o for independent 2-tailed, 2 sample t-tests (n1 = ny). Data are for 3 (dotted line).
10 (solid line) and 30 (double line) samples per group, with critical effects sizes of 1 ¢ where, ®
= (o + B)/2 (i.e. average of Type I and Type II error). Drop lines indicate the minimum o and its

associated value for a.



Critical effect size: A t-test tests for a
difference in mean values between two
groups - the effect size is the difference in
mean values between the two groups. An
ANOVA tests for the ratio of among-group
to within-group variability. Critical effect
size is a more difficult concept than ‘effect
size’ because it assumes that researchers can
identify precisely the size of an effect that
‘matters’ (Munkittrick et al. 2009). That is,
the size of an effect below which researchers
are content to act as if it there is no effect
and, at or above which, they will act as if the
effect is ‘real’. The critical effect size is
subjective and often in the eye of the
beholder — the size of the effect of effluent
on river fish populations that “matters” may
be very different for recreational fisherman
who use the river, operators of the company
that release the effluent and people who use
the product produced by the company that
releases the effluent.

However, we should all consider critical
effect sizes when null hypothesis
significance testing. Traditional NHST
allows us to ignore effect size and what we
considerto be ‘critical’ effect sizes. By
contrast, to estimate optimal alpha
researchers must identify at least one critical
effect size.

Our original advice was, if there is no
objective rationale for a single critical effect
size (and there rarely is) researchers should
identify a small, a medium and a large effect
size. The ‘small’ effect should be the effect
below which it is difficult to imagine that
any stakeholder would care. The ‘large’
effect size is the effect at which it is difficult
to imagine that any stakeholder would

conclude it does not matter and the
‘medium’ effect size would be intermediate
to the ‘small’ and ‘large’ effect size. Three
critical effects sizes implies three optimal
alpha values. This is still a viable approach
but we now propose a dramatically different
approach, which identifies the critical effect
size for which the observed p-value would
be the optimal alpha.



Using optimal alpha in this way, researchers
would no longer simply reject or fail to
reject the null hypothesis, but instead would
identify the critical effect size, based on an
observed p-value, the test and the sample
size, for which the best decision would be to
reject the null hypothesis. Thus, the
observed p-value would be interpreted as
‘evidence of an effect as large or smaller
than the effect size for which the observed
p-value was the optimal alpha’. This would
be used to reject or fail to reject the null
based on the effect size the researcher or
reader believes is important.

For example, 0.79 SD is the critical effect
size for a 2-tailed, 2-sample t-test with a
sample size of 20 in each group if the
observed p-value of 0.136 was the optimal
alpha.

Thus, there is more evidence for an effect
size of 0.79 SD’s or smaller than ‘no effect’.
If the researcher or reader believes that 0.79
SD’s is biologically significant then they
should reject the null hypothesis of no
effect. If they believe the effect needs to be
larger than 0.79 SD’s to be considered
biologically significant, then they would fail
to reject the null of no effect. So, optimal
alpha could be used as Neyman and Pearson
recommend — to make decisions, and meets
the explicit objective of minimizing the
probability/cost of making a mistake. More
informally, it would be interpreted as “there
is more evidence of an effect as large as 0.79
SD’s or smaller, than of no effect and more

evidence of no effect, than an effect larger
than 0.79 SD’s.

For a second example, 2.2 SD’s as the
critical effect size for a 2-tailed, 2-sample t-
test with a sample size of 20 in each group if
the observed p-value of 0.001 was the
optimal alpha.. This would be interpreted as
“there is more evidence of an effect as large
as 2.2 SD’s or smaller than of no effect and
more evidence of no effect than an effect
larger than 2.2 SD’s.

However, we can do better than simply
identify the effect size at which to reject the
null given the observed p-value — we can
also make inferences about the strength of
that evidence.

Characterizing evidence strength using
optimal alpha: So, optimal alpha does more
than simply provide the best decision-
making approach because the absolute value
of the optimal alpha can also be used to
make inferences about the ‘severity’ of the
test (Mayo 2018). Optimal alpha is
estimated by identifying the statistical
rejection threshold (i.e. alpha) at which the
probability of making either a Type I or II
error is minimized for a given critical effect
size. This implies that when optimal alpha
is estimated there is also an optimal beta (i.e.
the probability of making a Type II error
when the rejection threshold is set at the
optimal alpha) and an optimal overall
probability of error (i.e. (optimal a + optimal
B)/2). Thus, when the observed p-value is <
optimal a, the magnitude of optimal alpha
provides an estimate of evidence strength. If



optimal alpha is very small and the observed
p-value is less than optimal alpha then the
evidence against the null is very strong. By
contrast, if optimal alpha is very large and
the observed p-value is less than optimal
alpha the evidence is weak. Similarly, if the
null is accepted and optimal beta is small,
then the evidence for the null is strong,
while if optimal beta is large, the evidence
in support of the null is weak.

Thus, in the first example, we conclude that
the evidence for an effect of 0.79 SD’s or
less is weak because optimal alpha = 0.136
and the evidence against an effect larger
than 0.79 SD’s is weak because optimal beta
=(0.166. That is, if the null is true, the
probability of rejecting the null is 0.136,
which implies a relatively high probability
of making a mistake, and if the alternate is
larger than 0.79 SD’s, the probability of
accepting the null is 0.166, again a relatively
high probability of making a mistake. By
contrast, for the second example we have
strong evidence of an effect of up to 2.2
SD’s because optimal alpha = 0.001, which
implies a small probability of rejecting the
null if it is true and strong evidence that the
effect is not larger than 2.2 because optimal
beta = 0.0008, a small probability of
accepting the null if the effect is larger than
2.2 SD’s.

Relative cost assumptions: It isn’t necessary
to assume that Type I and II errors have
equal costs. If users believe the costs of
Type I and II errors are different and they
are able to estimate the costs of Type I and II
errors or, at least, the relative costs, the
optimal alpha function can incorporate that
information so as to minimize the cost rather
than the probability of making an error. The
optimal alpha function does this by
weighting the errors. For example, if Type
IT errors are twice as costly as Type I errors
the algorithm finds the statistical threshold
that minimizes the function (o+2*p)/2. If
Type I errors are twice as costly as Type II
errors the algorithm minimizes the function
(2*a+p)/2.

Prior probability assumptions: Nor is it
necessary to assume prior probabilities of Ho
=Ha =0.5. Choosing prior probabilities of
Ho =Ha = 0.5 is analogous to choosing a
vague or uninformative prior in Bayesian
analysis. However, while optimal alpha is
not explicitly Bayesian, it can incorporate
Bayesian principles by making minor
adjustments to the minimizing function. For
example, if the prior probabilities of Ho and
Ha are estimated to be 0.3 and 0.7,
respectively, the algorithm finds the
statistical threshold that minimizes the
function equal to 0.3*a + 0.7*f.



Because optimal alpha is set in a simple
Bayesian context — that is, estimating
optimal alpha requires selecting prior
probabilities of the null and alternate
hypotheses - rejection thresholds are treated
as error probabilities (and ARE error
probabilities, if the priors are correct). Thus,
researchers make decisions about rejecting
or failing to reject the null based on a
statistic that is directly relevant to the
decision — the probability of making a
mistake when they choose. Further, optimal
alpha explicitly incorporates Type II errors
because the objective of optimal alpha is to
minimize the probability or cost of both
errors. Optimal alpha is a function of
sample size and will always be lower for
strong than weak tests because the minimum
probability of the combined errors will at a
higher alpha for weak than strong tests.
Optimal alpha also explicitly incorporates
effects sizes because estimating the Type II
error probability requires defining a critical
effect size or sizes. So, when we fail to
reject the null for a particular optimal alpha
that optimal alpha is associated with a
defined effect size. Similarly, when we
reject the null for a particular optimal alpha
the null is an implied composite null. By
minimizing the probability of making a Type
I or II error for a defined effect size we are
implying that it is not a mistake to fail to
reject the null when the effect is smaller than
the defined critical effect size. We are in
essence, saying that we should set the
rejection threshold as if the null includes
every effect from 0 up to, but not including,

the critical effect size. But, we must be
cautious, here — the formal null hypothesis
has not changed. We are still testing a null
of zero effect against some alternate but the
rejection threshold is being set to minimize
the probability of making either error and
failing to reject the null if the effect is
smaller than the critical effect size will not
be treated as an error.:

Would using optimal alpha change
anything?: Optimal alpha addresses key
criticisms of NHST but — does it matter? Is
there any evidence that using optimal alpha
would regularly result in different
conclusions that using o= 0.05? This is
really the key question — would using
optimal alpha instead of traditional NHST
change what ecologists believe about the
world. Early pilot studies suggests using
optimal alpha would change conclusions.

Pilot Study 1: Houlahan et al (2018) used
linear regression to model the relationship
between variability in community
abundance and species richness (after
controlling for mean abundance) for 91
different data sets. That is, logV'S= logSR +
logCA. where V'S is variance in community
abundance, SR is species richness and C4 is
mean community abundance. We then
estimated p-values for each of those 91
relationships using the statistical threshold
of a=0.05 and used an asterisk to denote
which of the 91 studies achieved statistical
significance. Here, we have returned to
those studies, calculated optimal alpha for
each of the 91 linear regressions and



identified how many times we would have
reached a different conclusion than we
reached in that paper.

We were unable to identify a single critical
effect size and selected 3 effect sizes, small,
medium and large, r=0.2, r=0.5 and r =
0.8, respectively. For all optimal alpha
calculations we assumed prior probabilities
where Ho = Ha = 0.5 and that Type [ and II
errors had equal costs.

We found that we would have reached a
different conclusion using optimal alpha in
28.8% of tests overall — 30.7% for the small
effect size, 29.6% for the medium and
26.3% for the large effect size. When we
were trying to detect a small effect size
optimal alpha rejected the null 24 times
when o= 0.05would have accepted and
accepted the null four times when p<0.05
would have rejected. By contrast, when we
were trying to detect a large effect size,
optimal alpha rejected the null when a= 0.05

would have accepted three times and
accepted the null when p<0.05 would have
rejected, 21 times.

Pilot Study 2: Journal articles published
between 2013 and 2018 were selected
haphazardly from Ecology, the flagship
journal of the Ecological Society of
America. We retained only articles that
tested null hypotheses using one of t-test,
regression, and ANOVA analytical
techniques, at a significance level of a=0.05.
To calculate optimal alpha we extracted
sample size (N) for regression analyses,
sample sizes (V; and N>) and type of t-test
(i.e. one, sample, two sample or paired and
one or two-tailed) for t-tests, and the
numerator and denominator degrees of
freedom for ANOVA’s. For all tests, we
extracted the reported p-value. We
calculated optimal alpha for one test from
each of the 100 articles. We used different
effects sizes for each of the tests (Table 1).

Table 1. Critical effect sizes for t-test, Regression, and ANOVA

Critical effect size

Test Small Medium Large

Regression =0.2 r=0.5 r=0.8

t-test d=0.2 d=0.5 d=1.0
ANOVA £=0.04 £=0.25 £=0.65

For all optimal alpha calculations we
assumed prior probabilities where Ho = Ha =
0.5 and that Type I and II errors had equal
costs. Conclusions reached using optimal
alpha versus p < 0.05 conflicted in slightly
more than 22% of tests (Table 2). When we
were trying to detect a small effect size

optimal alpha rejected the null 21 times
when o= 0.05 would have accepted and
accepted the null once when a= 0.05 would
have rejected. By contrast, when we were
trying to detect a large effect size, optimal
alpha rejected the null when o= 0.05 would
have accepted, three times and accepted the



null when o= 0.05 would have rejected, 22
times.

Table 2. Number of times optimal a with its three critical effect sizes reached consistent
and inconsistent conclusions compared to a =0.05 (N=100).

Differences in decisions made between standard a =0.05

Optimal a and optimal a in percentages
Disagree Agree
a1 small effect size 22% 78%
o2 medium effect size 20% 80%
a3 large effect size 25% 75%

Summary: These preliminary pilot studies
suggest that using optimal alpha rather than
a= 0.05 would result in different
conclusions in about 22-28.5 % of tests of
null hypotheses. We interpret this as
meaning that in 22-28% of tests
researchers made the wrong decision in
accepting or rejecting the null. We are not
suggesting that in 22 — 28% of tests the
researchers did not identify the true
hypothesis, because it is impossible to be
certain at the time that the test is run which
of the two hypotheses is true. However, we
are suggesting that when there are two
different approaches to decision-making
and one has been clearly demonstrated to
be superior, as is the case of optimal alpha
versus NHST using a= 0.05, then when the
decision made using the inferior method is
different than the decision that would have
been made using the superior method, the
researcher is making a mistake. They are
making a mistake because they are not
minimizing the probability of choosing the
wrong hypothesis. Neither approach
guarantees that we will make the right
choice but it is always a mistake not to use

the approach that will give us the greatest
probability of making the right choice.

Optimal alpha rescues NHST, but only
when NHST is appropriate: Optimal alpha
is useful in some contexts but barely
mitigates the problem that NHST is a blunt
tool. NHST makes sense in the early stages
of attempting to explain a pattern or set of
observations. As the science around a
question matures, we should no longer be
comparing and choosing between naive, low
information models of the world. We should
be choosing among more plausible, high
information, better tested models. As a
discipline matures, fewer questions should
be addressed with NHST because there are
fewer questions in the very early stages of
development. Using NHST for any
particular question is a sign of an immature
question and its common use on many
questions is a sign of an immature
discipline.

Optimal alpha is an index of sampling
design quality: Each estimate of optimal
alpha comes with an estimate of the
optimal overall probability of making an
error. Optimal alpha estimates the



statistical rejection threshold that will
minimize the overall probability of making
an error but simply because the minimum
probability of error has been identified,
doesn’t mean that the probability of
making an error is acceptably low. If the
optimal overall probability of making an
error is 0.47 it means that, for a given
sampling design and a given critical effect
size there is no way to reduce the
probability of making an error below 0.47.
This implies that the sampling design is not
very good because the researcher will
make the wrong decision 47% of the time.
By contrast, if the optimal overall
probability of making an error is 0.002 it
means that the sampling design and chosen
critical effect size allow us to choose an
alpha that will reduce our probability of
making a mistake to 0.2%. This implies a
strong sampling design. So, the overall
probability of making an error is an index
of sampling design quality. There are two
caveats. First, the prior probabilities must
be approximately correct and second,
critical effect sizes must be carefully
considered.

Multiple comparisons corrections: Post-
hoc multiple comparisons corrections are
designed to control the probability of
making Type I errors. However, they are
ill-advised in all cases where beta and the
relative costs of Type I and II error have
not been explicitly considered. Multiple
comparisons corrections from the most
conservative like Bonferroni (Dunn 1961)
to the most liberal, like the false discovery
rate (Benjamini-Hochberg 1995) rarely, if
ever, consider the effect that reductions in
the test-wise alpha (say 0.05) to control for

the effects of multiple comparisons on the
experiment-wide probability of Type |
error, have on Type II error probabilities.
However, we know that any reduction in
Type I error probability will result in an
increase in Type II error probability. It is
indefensible to reduce Type I error
probabilities without addressing the effects
the reduction has on Type II error
probabilities and the relative costs of Type
I and II errors. Optimal alpha makes
multiple comparison corrections ill-advised
in all cases because optimal alpha is
designed to minimize the probability of
making an error on any kind and any
change to alpha increases the probability of
making an error. If the argument is that the
researcher is more worried about Type I
than Type II errors then quantify the
relative costs of Type I and II errors and
use optimal alpha to minimize the costs of
errors rather than the probability of errors.

Advantages of multiple critical effect
sizes: This is a fundamental difference
between traditional NHST and optimal
alpha — that the statistical rejection
threshold can only be reasonably set if a
critical effect size is set. When there is not
a single critical effect size we have
suggested using three critical effect sizes —
small, medium and large, but three is an
arbitrary choice. There is no reason not to
use more critical effect sizes and get a
more precise estimate of the likely size of
the effect and the strength of the evidence.
Setting multiple critical effects sizes allows
researchers to reach much more nuanced
conclusions (see example above). . For
any observed p-value in a particular analysis
it would be possible to reject the null for



some small enough effect size and accept
the null for some large enough effect size.
Using many critical effect sizes would
allow us to identify the effect size below
which the observed p-value would warrant
rejection of the null and above which
acceptance of the null was warranted. We
would only reach a definitive conclusion
when there was convincing evidence for
setting a single critical effect size. In the
large majority of studies there would be
multiple critical effect sizes and researchers
would always reach conclusions about the
strength of evidence for effects less than or
equal to a specific size and against effects
greater than a specifc size.

Expanding range of tests: One, to develop
code for a larger variety of statistical tests.
This would include mixed models and
randomization tests. Power can be
estimated through simulation so optimal
alpha could also be estimated with
simulation.

Assessing implications of using traditional
NHST versus optimal alpha: Our pilot
studies suggest that the gap between the
decisions ecologists make when using
NHST and the decisions they should make is
relatively large. That is, our early results
suggest that, if optimal alpha had been used,
ecologists would have reached a different
conclusion in 20 — 30% of tests. Further, in
all cases, the results and conclusions would

have been more precise, more nuanced and
more representative of the data if optimal
alpha had been used rather than traditional
NHST. This may have consequences for the
rate of progress in ecology but almost
certainly has more practical implications in
areas such as medical research (Blackwelder
1982, Kumbhare et al. 2019).

Conclusions: If the objective of null
hypothesis significance testing is to
maximize the probability of making the
correct decision when choosing between the
null and the alternative then not only is
optimal alpha superior to traditional NHST
approaches, it addresses most of the
concerns that have been raised about
traditional NHST. For that reason alone,
optimal alpha should replace traditional
NHST. But, we can use optimal alpha and
get more than simply a better decision — we
can fundamentally change how we approach
NHST so that all decisions about accepting
or rejecting the null identify the inflection
effect size where the evidence changes from
support for the null to support against the
null. Further, inferences based on optimal
alpha will include explicit comment about
the strength of the evidence for or against
the null at a specific effect size. The next
steps are to develop code for a wider variety
of statistical tests and provide easier access
to optimal alpha through a user-friendly
website.
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