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Breaking Free of Sample Size Dogma to
Perform Innovative Translational Research
Peter Bacchetti,1* Steven G. Deeks,2 Joseph M. McCune2
Innovative clinical and translational research is often delayed or prevented by reviewers’
expectations that any study performed in humans must be shown in advance to have
high statistical power. This supposed requirement is not justifiable and is contradicted
by the reality that increasing sample size produces diminishing marginal returns. Studies
of new ideas often must start small (sometimes even with an n of 1) because of cost and
feasibility concerns, and recent statistical work shows that small sample sizes for such
research can produce more projected scientific value per dollar spent than larger sample
sizes. Renouncing false dogma about sample size would remove a serious barrier to
innovation and translation.
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tens of thousands of dollars) and may put human subjects at considerable risk or require
sacrifice of nonhuman primates, conditions
that make large studies impractical and potentially unethical (3). Lastly, it is not possible
to predict what will happen in a first-time
intervention, so focus on any one specific
hypothesis—as required for conventional
power calculations—might not adequately
reflect the potential value of the study.
BAD SOLUTIONS
Those entrusted with reviewing, approving,
and funding early studies often expect standard power-based sample size justifications.
Investigators and statisticians resort to a variety of strategies to meet this expectation for
innovative studies, often manipulating calculations to justify a sample size that was really
chosen for other reasons (4–9). Because every sample size produces 80% power under
some set of assumptions, it is easy to provide
a fabricated rationale for a sample size. For
example, if costs and practical reasons dictate
group sizes of no more than 10, a proposal
might state:
In order to detect a difference in means of
3.2, assuming a standard deviation of 2.4, we
calculated that 10 subjects per group would
be needed.

To be more honest, one might provide a
calculation without actually saying how the
sample size was chosen:
Assuming a standard deviation of 2.4, our
proposed sample size of 10 per group will
provide 80% power to detect a difference in
means of 3.2 or greater.

Our sample size of 10 per group will provide
80% power as long as the ratio of the difference in means to the standard deviation is
1.3 or greater.

Such an abstract mathematical fact has no
real connection to the particular study to be
performed and is therefore no more relevant
than would be the ritual recitation of any other abstract fact, such as “2 + 2 = 4.”
Omitting any mention of how sample size
was chosen or justified avoids dishonesty
but invites reviewers to question whether
a sample size is large enough. Labeling the
study a “pilot” or “exploratory” may or may
not deflect such criticism. Reviewers might
ignore explicit (and accurate) assertions that
uncertainty prevents any meaningful power
calculation. Justifying a study as providing
the information needed for future sample
size calculations is sometimes reassuring to
reviewers, but this justification is a misconception (10, 11): If an initial study leaves substantial uncertainty about the primary issues
to be investigated, then it will leave even more
uncertainty about the assumptions needed
for conventional sample size calculations.
This uncertainty about assumptions is an inherent flaw in the conventional approach (1).
By enabling the conduct of innovative
studies, the above tactics have served a useful purpose. We point out their flaws with
some trepidation because we do not wish to
make justifying sample size any harder than
it already is. Nevertheless, trying to navigate
an innovative study through the sample size
minefield is currently haphazard, unpleasant,
and often unsuccessful. The end result is a
biomedical research enterprise that makes it
difficult to translate novel findings from the
laboratory into the clinic.
STARTING SMALL MAKES SENSE
There is little theoretical or empirical support for the conventional requirement that
every study must have at least 80% power.
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THE PROBLEM
Early studies of new ideas that have undergone little or no previous research, such as
the first investigation in humans or nonhuman primates, is required to bring basic discoveries from the laboratory to the clinic.
These studies may lack any preliminary data
and, for practical reasons, are usually small.
Unfortunately, grant reviewers and regulatory committees often downgrade or reject
these proposals because they may be “underpowered” or have “inadequate” sample size.
Such criticisms reflect the “threshold myth”
(1)—an incorrect presumption that there is a
sample size below which a study is doomed.
In reality, small sample sizes can have scientific merit even if they do not meet conventional requirements for statistical power, and
valid sample size choices can be made for
cost or feasibility reasons alone (2).
Conventional power calculations provide
precise sample sizes—but only by using precise assumptions. Accurately specifying such
precise assumptions is challenging for any
study and almost always impossible for early
clinical studies. Because small differences in
the assumptions produce large differences in
the resulting calculated sample size (1), uncertainty about assumed values makes it difficult for the conventional approach to guide
sample size choices. Furthermore, investigators cannot ignore cost and feasibility, conditions that are often the real determinants of
sample size. Early translational studies tend
to have a high per-subject cost (sometimes

This type of statement, however, may still
give the misleading impression that the calculation motivated the choice of sample size.
Also, each of the above statements must provide specific values for the standard deviation
(2.4) and difference in means (3.2), which are
often completely unknown and just chosen
to produce the desired result. Because such
numbers can easily be challenged by reviewers, often with the fatal consequence that the
study is not funded, generic “standardized effect sizes” may be invoked instead:

toward follow-up studies that further develop the idea, such as fashioning or refining
a practical intervention that can be widely
used or examining a more heterogeneous
population. Also, independent validation of
promising initial results is essential. For the
more common situation, in which the idea
unfortunately turns out to be off-target, a
larger sample size would also be wasteful.
Although evidence that an idea is not viable
has value, this information can often be ascertained from a smaller study.
In intermediate cases that are neither a
breakthrough nor off-target, a larger initial
study would produce added value. Nevertheless, a small initial study produces value by
informing follow-up studies. A recent example of a small yet successful study is a report
of intentional infection of a single human patient with an intestinal parasite as a treatment
for ulcerative colitis (19). Although the sample size precluded any finding with a P value
less than 0.05, this study was still interesting
enough for publication in Science Translational Medicine. For a truly novel, first-time
study, it is impossible to predict which of
Idea is breakthrough

Value produced

Cohen proposed using 80% power for sample size calculations in 1965 (12), offering
this as “a conventional value … when no
other basis is available” and adding, “Like all
conventions, this value is arbitrary.” More
recently, even papers that explicitly condemn the conduct of trials with <80% power
have acknowledged that this requirement is
merely traditional (13, 14), and challenges
to the requirement (1–3) have not elicited
any cogent responses.
Setting a goal that must be met regardless
of cost or other practical constraints ignores
the reality of diminishing marginal returns:
each additional human or nonhuman subject adds less value than the previous one
(1–3). The most cost-efficient study might
therefore be one with a small sample size,
producing more projected scientific value
relative to cost than larger studies would.
Although the projected value of a scientific
study is difficult to precisely define, diminishing marginal returns are present for any
reasonable definition, including statistical
power (2). Diminishing returns might seem
unsurprising and in accordance with “common sense,” but the conventional approach
contradicts this: It assumes that there is a
substantial marginal increase in value upon
reaching an “adequate” size, which is the
threshold myth we noted previously (1).
A previous paper (2) showed with detailed mathematical derivations that diminishing marginal returns are especially
pronounced for innovative early clinical
studies and that this justifies the use of smaller sample sizes for such studies than for later,
confirmatory studies. This justification can
be understood less formally by considering
three distinct possible outcomes for a study:
a breakthrough, a complete failure with no
reason to perform a follow-up study, and an
indeterminate outcome (Fig. 1). When performing early studies, scientists always hope
that the idea will be a breakthrough, producing new treatments or promising research
directions. Although infrequent in history,
breakthroughs—such as development of insulin therapy (15, 16), development of the
smallpox vaccine (17), and the first case of
an HIV cure (18)—have helped make gamechanging advances in the prevention and
treatment of human disease. In these cases,
initial studies were carried out in single subjects or families, and a larger n would not
have been much more persuasive. When initial results turn out to be so promising, the
resources that might have been consumed by
a large initial study are often better directed

Idea has some promise

Idea is oﬀ-target

0

Sample size

Large

Fig. 1. How sample size inﬂuences the scientiﬁc
or practical value that a study can be expected
to produce, under three diﬀerent scenarios.
Numeric labels on the axes are absent because
speciﬁc values will diﬀer for diﬀerent studies,
but the qualitative relationship illustrated applies to all studies of new ideas. When the idea
is a fundamental breakthrough, this will usually be apparent from a relatively small study.
A much larger sample size does not produce
much additional value. Similarly, when the
idea is completely oﬀ-target, this will usually
be apparent from a relatively small study. In
intermediate cases, larger sample sizes might
add value. However, increasing sample size still
produces diminishing marginal returns.

the three outcomes in Fig. 1 will emerge; accordingly, to avoid a sample size that could
be wastefully excessive, a small initial sample
size would seem to be a good place to start.

BETTER SOLUTIONS
We recommend alternatives to the powerbased approach for choosing and justifying
sample sizes for early studies of new ideas.
An established alternative in the statistical
literature is the “value of information” approach (4, 20, 21), but this has rarely been
used in practice. It calculates both the cost
and value that can be expected over a range
of sample sizes, choosing the one that maximizes value minus cost. The methods, however, may be too complex for frequent use
with early studies.
A more recent proposal is to examine
nine possibilities for the estimated effect
and confidence interval that a study may
produce (1). These possibilities result from
three different possible effect sizes (the one
that is expected or hoped for, no effect, and
a possibility in between) and three levels of
background uncertainty (best guess, high
uncertainty, and low uncertainty). A proposal then discusses how valuable the study
would be under each possibility.
Another recently developed approach
focuses on costs and diminishing returns
to select sample sizes that cannot be validly
criticized as “inadequate” because they produce more projected value per dollar spent
than any larger sample size (2). Although
the projected value of a study is difficult to
quantify, specific projections are not needed
for these methods: They rely only on the
fact that projected value has diminishing
marginal returns, which holds true regardless of how projected value is quantified (2).
For early studies, statistical arguments show
that such a sample size is a choice called
nroot. This is determined by examining the
projected total cost of the study at different
possible sample sizes and then choosing the
sample size that minimizes the ratio of total
cost to the square root of the sample size.
A spreadsheet performing the calculations
is available as a supplemental file for reference (1). The calculations are particularly
simple if the total study cost is the sum of
fixed costs, which do not depend on sample
size, plus a set cost per subject. In such a linear cost case, nroot is equal to the total fixed
study costs divided by the incremental cost
per subject.
Using nroot to plan a sample size can appropriately adapt to the cost concerns of
innovative studies. Higher incremental
costs per subject reduce nroot, reflecting the
practical reality that very high per-subject
costs make smaller sample sizes more desirable. When costs are extreme, nroot may be
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PROPOSAL REVIEWING
Sample size has a continuous, gradual impact on a study’s projected scientific value
(Fig. 1), so we recommend that reviewers
not focus on whether a proposed sample size
is “adequate” or “valid.” Criticism of sample
size will rarely improve a study, unless the
investigators have overlooked a method for
efficiently increasing it. In all but extreme
cases (such as study of an outcome that is
so rare that none are likely to be observed),
reviewers should instead assume that the
sample size choice is acceptable.
As a hypothetical example, suppose
promising results in an animal model with n
= 5 lead to a proposal to investigate a novel
method to reduce latent HIV in n = 8 human subjects. The investigators explain that
this sample size is equal to nroot and that it
represents a practical and cost-efficient
choice: Exactly this many participants are
willing, suitable, and already enrolled in an
existing study that has funded infrastructure to offset most of the costs. In order to
appease potential reviewers, the investigators might calculate—using the standard
deviation (SD) from the animal study—that

n = 8 will provide 80% power if the true rate
of HIV reduction is at least 30% per year.
(We believe that this calculation is essentially meaningless, because the n of 5 in the
animal study leaves huge uncertainty about
the SD, which in turn has a huge impact on
the calculated sample size.)
Upon review of this proposal, a referee
rejects it, arguing that it must be carried out
with at least n = 16 in order to provide 80%
power if the true rate of decrease is 22%.
Because the referee feels that 22% would be
large enough to be important and n = 8 only
provides 50% power in this case, the sample
size is “inadequate,” and the study is fatally
flawed. This type of criticism is based on the
threshold myth and can prevent important
research from happening. In reality, the fact
of diminishing marginal returns implies
mathematically that a study with n = 8 has
more than half as much projected value as
one with n = 16; at much less than half the
cost, this is therefore an acceptable sample
size. To justify n = 8 less mathematically,
note that if the treatment is very successful
(for example, >50% reduction per year, as
shown in the top line of Fig. 1), this will be
about as clear from studying n = 8 subjects
as it would be from studying many more.
Eight will also seem sufficient if the treatment does not work at all (as shown in the
bottom line of Fig. 1).
ANALYSIS, INTERPRETATION, AND
PUBLICATION OF EARLY STUDIES
Conventions for analysis and interpretation have grown out of a formal statistical
hypothesis-testing paradigm that emphasizes distrust of any unplanned analyses or
pursuit of unexpected issues, along with
primary or exclusive focus on whether P <
0.05. This general approach has been criticized as unreliable, wasteful of information,
harmful to scientific progress, and contrary
to the original statistical theories that supposedly support it (23–28), but it remains
engrained in research culture (29, 30). As in
the case of sample size, existing conventions
are especially inappropriate for early, highly
innovative studies, in which the potential
for unexpected findings is high and where
interpretation should focus on estimated effects and the uncertainty around them (as
shown by confidence intervals) and whether
the ensemble of results have a coherent and
plausible biological explanation. We therefore recommend that investigators pursue
all issues of potential interest regardless of
whether they were prespecified, avoid for-

mal adjustments to P values for “multiple
comparisons” (31, 32), and adjust methods and designs in response to early results
when necessary. These actions all have some
potential to increase the risk of a spurious
finding with P < 0.05, adding to the need for
cautious interpretation (33), along with full
reporting of which results were unexpected,
analyses that were undertaken but judged to
be uninteresting, and any interim analyses
and resulting adaptations made during the
study. In addition, independent confirmation is particularly important for results of
unplanned analyses, when many analyses
were performed, or when interim adaptations were needed.
To prevent distortion of the scientific
record, investigators should always disseminate results, even when they are disappointing or ambiguous. This is easier to overlook
when a study is small and speculative, but
it remains crucial. Selective dissemination
will increase the apparent proportion of
small, innovative studies in which striking results later prove to have been random flukes, creating an illusion that small
sample size causes “false positive” results.
The policy of some journals to accept any
methodologically sound study can facilitate publication of small “negative” studies,
as long as being small is not itself judged to
be a methodological flaw. Also, the study
registration system at ClinicalTrials.gov facilitates reporting of basic results (see http://
clinicaltrials.gov/ct2/info/results). We believe that determined researchers can find
a way to publish or otherwise disseminate
results, but stronger incentives with less expensive and easier ways of doing this might
be needed before investigators will approach
the ideal of consistent dissemination of all
studies’ results.
CONCLUSIONS
As we have argued in this Perspective, the
demand for conventional sample size calculations raises substantial barriers to the conduct and completion of innovative, bench-tobedside translational research. Enforcement
of the requirement for at least 80% power has
no valid justification and is especially inappropriate for early translational studies investigating new ideas. Practical considerations,
including the costs of larger versus smaller
sample sizes, inevitably drive sample size
choices, and the reality of diminishing marginal returns implies that this is scientifically
valid. Indeed, the use of nroot determined only
by costs is reasonable for innovative studies.
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very small (even n = 1), but in such cases
larger sample sizes will often be impractical.
Reviewers and funders must then evaluate whether a small and expensive study is
worthwhile.
Although we recommend using nroot for
innovative studies, sample sizes larger than
nroot might also be justifiable, especially
when the idea is promising enough that the
money spent to increase sample size above
nroot produces added projected value that exceeds the added expense (22). Large studies
may be practical for some innovative ideas,
and we advocate more tolerance regarding
sample size rather than a new form of kneejerk intolerance directed at highly innovative studies with large sample sizes.
The preceding approaches are valid and
worthy of consideration; nevertheless, investigators may simply choose a sample size
that has worked well for similar past studies. This approach lacks a theoretical justification but appeals to common sense. Such
choices will generally seem reasonable and
be affordable, making them a suitable solution in many cases. These commonsense
sample size determinations are familiar to
most who carry out these types of studies,
but they are difficult to justify to reviewers
and regulators looking for an approach that
seems more rigorous and objective.

PERSPECTIVE
Acceptance of this and other alternatives to
current conventions would remove a formidable barrier to the conduct of innovative
translational research.
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