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Statistical significance

L very high are more likely to achieve statistical significance. The bias induced by the significance filter increases
OW power

as power decreases. Here we sought to quantify the estimation bias associated with low power and to contrast it
with the type M error, which assesses the same phenomenon from a different perspective.

Methods: We used simulations to quantify estimation bias in relation to power among statistically significant
results. We computed the type M error, relative bias (ratio of the estimated mean differences and the true value),
and proportions of results with various levels of over- and under-estimation.

Results: For a medium effect size (Cohen's d of 0.5), overestimation of the mean difference was moderate at high
power (>80%): relative bias was <1.13, about 65% of estimates were roughly accurate (between 0.75 and 1.25
of the true value), and sign errors were virtually absent. In contrast, at low power (<30%), overestimation was
strong (relative bias >1.78), and almost no estimates were roughly accurate. Sign errors became noticeably
prevalent only at very low levels of power (<10%). In all situations, the relative bias had a lower magnitude than
the type M error.

Conclusion: Low-power statistically significant results may consist entirely of magnitude errors, sign errors, and
type 1 errors with high risk of strong overestimation (double effect). Readers should beware positive results from
low-power analyses.

Key findings

- Considering only statistically significant results is a source of bias in the estimation
of an effect; the magnitude of this bias and its relationship with the power of the

) . . ) Introduction
analyses are considered using a simulation study.
What this adds to what was known? In public health and clinical research, the evidence is mainly pro-
duced by testing hypotheses on data. Typically, in a clinical trial one
- This bias is function of the statistical power, and is particularly important in low may hypothesize that two drugs have different effectiveness on a health
power analyses (e.g., interim analyses, secondary analyses, small sample size o s . .
studies) outcome. Once data are collected, a statistical test can either provide a
- The relative bias has advantageous properties for interpretation compared to the statistically significant result or not. The statistical significance is usu-
commonly cited metric type M error. ally assessed from a p-value. A low p-value indicates that study data are

poorly compatible with the null hypothesis being that the two drugs
have actually the same effectiveness. Commonly, p-values below 0.05
lead to the rejection of the null hypothesis and to the conclusion that an

What is the implication and what should change now?

- Readers should not mostly consider significant results and critically assess results in

situations where low statistical power was likely. effect exists; the result is then said to be statistically significant. A non-
- Researchers should report all conducted analyses, regardless of their statistical statistically significant result means that the test failed to reject the null
significance hypothesis: the lack of statistical significance is not the evidence of the

Editors should publish all submitted results, regardless of their statistical

A absence of effect [1]. Beyond merely detecting an effect through a sta-
significance

tistical test, estimating its magnitude (for example, a mean difference or
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a risk ratio) is essential to interpret the clinical relevance of the findings
[2]. The magnitude of the estimated effect and the statistical signifi-
cance are related: the larger the observed effect—whether negative or
positive—the less compatible it tends to be with the null hypothesis and
the more likely it is to be statistically significant. Therefore, the set of
statistically significant estimates is not representative of all estimates.
Statistical significance also depends on the sample size: for the same
observed effect (and observed standard deviation), the p-value decreases
as the sample size increases.

The ability of a study to detect an effect when it truly exists is one of
its fundamental characteristics. Through sample size calculation, most
phase 3 clinical trials are designed to achieve a statistically significant
result on the primary outcome with a statistical power of 0.8 or 0.9. In
other words, they aim for an 80% or 90% probability of rejecting the null
hypothesis if the treatment truly has the assumed level of efficacy—this
probability being what defines statistical power. Nevertheless, low-
power analyses abound in clinical research [3,4]: analyses of second-
ary outcomes or safety events in clinical trials [5], subgroup analyses
[6], interim analyses [7], phase 2 trials [8], trials that were terminated
due to recruitment problems [9], and various types of observational or
hypothesis-generating studies. Since the distribution of effect estimates
depends on the sample size, the likelihood of obtaining an estimate far
from the true effect is higher when the power is low than when it is high.
Moreover, as power decreases, the proportion of statistically significant
results diminishes, and these results become increasingly poorly repre-
sentative of the set of all estimates. Thus, low power greatly amplifies
the poor representativeness of statistically significant estimates. Low
power also increases the chance of statistically significant results to have
the wrong sign. For example, when the true mean difference (delta) is
positive, low-powered studies are more likely to produce a statistically
significant estimate that is negative. This is called a type S (sign) error
[10]. Unlike a type 1 error, which incorrectly rejects the null hypothesis
(i.e. wrongly concludes an effect exists), a type S error correctly rejects
the null hypothesis but with an estimated effect in the wrong direction.

In clinical research, statistically significant results are more likely to
be published [11]. This can be explained by several factors including the
preference for journals to publish studies with statistically significant
results and researchers, discouraged by such practices, not attempting to
publish non-significant results [12]. Consequently, the published results
are not representative of all research findings and may give readers a
distorted picture of a drug's effect. The magnitude of this distortion on
the effect size (a standardized estimate of the effect) and its relationship
with the power have been examined using a metric called the type M
(magnitude) error [10,13]. This metric quantifies the inconsistency
between the true and the estimated effect size in the extreme situation
where only statistically significant results are considered and non-
statistically results are discarded, that is the results are filtered on
their statistical significance. The type M error has been shown to be close
to 1 (i.e. no distortion) for a power close to 100% (almost all estimated
effect sizes are statistically significant) and to increase substantially
when the statistical power decreases.

Technically, the type M error is the mean of the absolute values of the
statistically significant effect sizes divided by the true effect size [10,13].
It does not correspond to the definition of a bias which is the difference
between the expected value of the estimate and the value of the true
value. The literature suggests that the type M error represents the extent
to which the effect sizes of statistically significant results overestimate
the true value, hence being also coined the exaggeration ratio. However,
the exaggeration can be misinterpreted as being only due to the signifi-
cance filter [14]. For example, for a true Cohen's d = 0.2 under a two-
sided t-test (alpha = 0.05) and a power of 10%, the type M error is
around 3.5. It would be a mistake to assume that filtering on statistically
significant results in a 3.5-fold exaggeration of the expected effect size
because, in the absence of a filter on statistical significance, the same
computation with the same power leads to a value of 1.4, not 1. Another
limitation of the type M error is that it is defined on standardized effects,
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whereas clinical research more commonly interprets raw metrics such as
mean differences. The magnitude and practical implications of bias in
raw units differ from those in standardized units. For these reasons, we
propose a more direct, intuitive and interpretable metric that directly
quantifies the bias specifically attributable to significance filtering in the
natural units of interest.

Here we quantify the bias in the estimation of a difference in means
due to the significance filter with varying statistical power using simu-
lations, and compare the magnitude of that bias to the type M error. We
also estimate the probability of type S errors as a function of statistical
power. Several conditions are tested in order to understand the behavior
of this in situations encountered in clinical research (one-sided statisti-
cal test, unbalanced group sizes, unequal variances, alpha risk lower
than 0.05, Welch's t-test or z-test rather than Student's t-test).

Methods

Setup

We conducted a simulation study based on the replication of a su-
periority randomized trial that compares a new treatment to usual care.
The efficacy of the new treatment is assessed by a difference in means (e.
g., mean values of diastolic blood pressure (DBP) in patients with
hypertension).

Simulations

Briefly, data (sample means and standard deviations) of a large
number of studies were randomly generated for statistical powers
ranging from 6 to 95% under a true mean difference of 0.2, 0.5 and 0.8.
The true pooled standard deviation was set to 1 such that the true values
of Cohen's d were equal to the mean difference and correspond to effect
sizes commonly deemed low, medium and high respectively [15]. The
distribution of the statistically significant effect was thus assessed.

In details, for each generated study, the size of the two samples (for
instance representing patients on usual care and on experimental
treatment) was determined by the power calculation with a normally
distributed outcome variable. In the power calculation, the mean dif-
ference between the populations and the standard deviation in each
group were set to the true values. There is no loss of generality by
considering a true pooled standard deviation of 1. For example, an
outcome variable might be a difference in DBP (ADBP) between baseline
and follow-up. If we assume a standard deviation of 10 mmHg for ADBP,
the investigated scenarios correspond to true mean differences in ADBP
of 2, 5, or 8 mmHg between the interventions.

Data generation

When the experimental treatment is actually effective, the data were
randomly generated as follows:

a) Set a true mean difference of 0.2, 0.5 or 0.8 and determine the true
standard deviations that lead to a pooled standard deviation of 1 and
thus a true Cohen's d of 0.2, 0.5 or 0.8 (see Appendix 1).

b) Compute the sample size needed to achieve a given level of power by
using the classical formula for the comparison of means shown in
Appendix 1 (e.g., with effect size 0.2, two-sided type 1 error 0.05,
and power 80%, the required sample size is 2 x 394, for power 50%
the required sample size is 2 x 193, and for power 0.20 the required
sample size is 2 x 63).

c) Determine the parameters of the distributions of sample means
(normal distribution) and standard deviations (chi-squared distri-
bution) corresponding to the sample size computed in a). The dis-
tributions are shown in Appendix 1.

d) For each study arm, randomly generate a sample mean and a stan-
dard deviation from the distributions determined in c).
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e) Repeat step d) 500,000/power times. Because our analyses solely
rely on significant results, this procedure leads to an expected
number of statistically significant results of 500,000. This ensures
precise estimations of the bias.

The steps b) to e) were repeated for statistical powers ranging from 6
to 95%. This process was used to generate data under three conditions:
1) true standard deviation equal and balanced groups (base case sce-
nario), 2) true standard deviation equal and unbalanced groups with an
allocation ratio 1:4, 3) balanced groups and unequal true standard de-
viations with a ratio 1:2. The sample size calculation in step b) takes into
account the imbalance between groups. To obtain the desired true
Cohen's d, the true standard deviation was set to 1 in the condition with
equal standard deviations, and to \/ (5/3) and 2\/ (5/3) in the condition
with unequal standard deviations.

Analysis of generated data

We analyzed the randomly generated data of each study using
several statistical procedures. The default procedure consisted of a two-
sided t-test assuming equal variances and with an alpha threshold of
0.05. The other procedures with an alpha threshold of 0.05 were: one-
sided t-test, Welch's t-test, z-test. The two-sided t-test with an alpha
threshold of 0.01 was also investigated. The scenarios that we investi-
gated are a combination of the condition under which data are gener-
ated and of the statistical procedure that was applied to determine the
statistical significance. They are summarized in Table 1.

For each procedure, the following metrics were calculated solely on
the statistically significant results:

- Type S error rate: this corresponds to the proportion of estimates that
have the wrong sign (i.e. negative estimate of the mean difference
while the true mean difference is positive)

- Type M error: the ratio between the mean of absolute Cohen's d es-
timates and the true Cohen's d.

- Relative bias: the ratio between the mean estimated deltas (means

differences) and the true delta. Here, the signs of the deltas are

preserved in order to reflect the actual bias in estimation.

Relative positive (respectively negative) bias: the ratio between the

mean of positive (respectively negative) deltas and the true delta.

The positive bias was also categorized into what we deemed mod-

erate underestimation (bias between 0 and 0.75), roughly correct

estimations (0.75 to 1.25), moderate overestimation (1.25 to 2), and
strong overestimation (>2).

Table 1
Investigated scenarios in the simulations.

Conditions of data generation Statistical procedure to identify

significant results

Scenario Standard Groups size Statistical Alpha One/
deviations test threshold two-

(SD) sided

1 equal balanced t-test 0.05 two-
sided

2 unequal (1:2) balanced t-test 0.05 two-
sided

3 equal unbalanced t-test 0.05 two-
(1:4) sided

4 equal balanced z-test 0.05 two-
sided

5 equal balanced Welch's t- 0.05 two-
test sided

6 equal balanced t-test 0.05 one-
sided

7 equal balanced t-test 0.01 two-

sided
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We describe the above metrics for each of the effect size (0.2, 0.5 and
0.8) as a function of power.

Mixture of alternate and null hypotheses

Because in real life one does not know the true effect, we considered
the situation where multiple tests are performed (e.g., multiple clinical
trials of various treatments), some of them with a true effect in favour of
the experimental treatment, and some without effect. In the latter case, a
result can be statistically significant solely by chance (type 1 error). To
produce effectiveness estimates when there is no effect in reality, we
proceeded as described above (scenario 1 in Table 1), except that both
samples were drawn from the same population (i.e. same mean and
same standard deviation), that corresponds to a true mean difference of
0. The statistically significant results were classified as type 1 error with
correct sign (with respect to the true mean difference), and type 1 error
of wrong sign. The distribution of statistically significant estimates was
obtained for all results. The proportion of estimates that were generated
from a true mean difference of 0 was 25, 50 and 75%. The other esti-
mates were generated from a true mean difference of 0.5. The standard
deviation was set to 1 so that corresponding Cohen's d were 0 and 0.5
respectively.

Results

Unless specified otherwise, all results are reported for a comparison
of means between two independent groups of same size and same
variance, using a two-sided Student t-test, with a threshold alpha of 0.05
(scenario 1 in Table 1), and with a true effect size of Cohen's d = 0.5
(considered as medium).

As per Table 2, type S error rate only reaches values above 1% with
the statistical powers below 20%, and is virtually non-existent for
powers above 70%. Both type M error and the relative bias are close to 1
with high statistical power, and increase as the power decreases. The
relative bias was around 1.15 for a power of 80%, that is commonly
targeted in clinical trials, and showed a strong bias for a power of 10%.
The relative bias was systematically lower than the type M error but the
contrast was sensitive only for low powers. Examples of distributions of
effectiveness estimates (mean differences) under various levels of power
are shown in Fig. 1. With a power of 10% (Fig. 1a), the distributions of
significant estimates resemble bimodal bell-shaped distributions. The
left part corresponds to negative significant estimates and the right part
to positive significant estimates. The difference between the mean of all
statistically significant results and the true value represents the absolute
bias on the effectiveness estimates induced by significance filtering.
With higher powers (50% in Fig. 1b and 90% in Fig. 1c), negative sig-
nificant estimates are rare and the distribution of positive significant
estimates approaches a truncated distribution.

When the power was less than 30%, less than 5% of the positive
significant estimates were roughly correct (i.e. that did not deviate from
the true value by more than 25%) (Table 3). While a high power

Table 2
Type S and M error, and the relative bias considered all significant results for
different statistical power, with a true effect size of Cohen's d = 0.5.

Power Type S error rate (%) Type M error Relative bias (delta)
0.1 5.5 4.74 2.86
0.2 0.5 2.35 2.12
0.3 0.1 1.88 1.78
0.4 <0.1 1.60 1.55
0.5 <0.1 1.44 1.41
0.6 <0.1 1.31 1.29
0.7 <0.1 1.21 1.20
0.8 0 1.14 1.13
0.9 0 1.06 1.06
0.95 0 1.03 1.03
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a)

ias

Fig. 1. Distributions of all deltas, from a population with a true delta of 0.5 and
standard deviation in both groups of 1 (Cohen's d = 0.5), with the statistically
significant deltas in green under a power of a) 10%, b) 50% and c) 90%. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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prevented strong overestimations, the risk that a positive significant
estimate be twice as high as the true value exceeded 10% for power less
than 40%. With a very low power (10%), a strong overestimation was
almost systematic (92.3%). As power decreased, not only did the type S
error rate increase, but the magnitude of significant negative estimates
also increased as well.

Similar relationships between the type S/M errors, relative bias and
power were obtained for Cohen's d values of 0.2 and 0.8 but with
different magnitudes (see Appendices 2 and 3). However, at the same
level of power, the type S error rate and the type M error increased with
the true effect size but the relative bias decreased. The contrast is
particularly striking for a very low power (10%): the type M error ranged
from 3.64 for Cohen's d = 0.2 to 11.16 for Cohen's d = 0.8 and the
relative bias ranged from 3.22 to 2.13. In more technical terms, this
contrast is explained by the fact that in order to maintain a given power,
varying Cohen's d requires a change in the sample size; increasing
Cohen's d require smaller sample size. In turn, smaller sample sizes lead
to sample standard deviations of greater amplitude with noticeably
more extreme values (high values or very close to zero). When a sample
standard deviation is close to zero, it increases the chance for a statis-
tically significant result. As a result, a very small sample delta could be
statistically significant with a very small sample standard deviation.
These values contribute to reducing the relative bias. On the other hand,
Cohen's d value is computed using the standard deviation (as denomi-
nator), so an extreme standard deviation that nears zero is not only
likely to generate a statistically significant result but also to lead to an
extremely high value of Cohen's d. Since type M error is calculated based
on Cohen's d, maintaining a constant power while increasing Cohen's
d will increase type M error. The joint distribution of sample standard
deviation and delta or Cohen's d under different sample size is shown in
Appendix 4.

Fig. 2 represents the relative bias as a function of power for different
scenarios (see Table 1). The relative bias was significantly higher when
using a one-sided Student t-test (scenario 6) instead of a two-sided test at
same power (scenario 1) and it was significantly lower when using a
significance level of 0.01 (scenario 7) instead of 0.05. When the ratio of
the sample size differed from 1:1, using a 1:4 ratio instead (scenario 3),
the relative bias only marginally increased. The same happened when
using a z-test instead of the t-test (scenario 4). Replacing the equal-
variance Student t-test with Welch's t-test (scenario 5), or varying the
ratio of the two group's standard deviations (scenario 2) only produced
negligeable changes in relative bias and the corresponding curves are
not shown in Fig. 2.

The consideration of a mixture of estimates of null and positive true
mean differences allowed the consideration of type 1 errors among
statistically significant results. Type 1 errors were symmetrical about the
null value and increased in proportion as power decreased (Fig. 3). For
any proportion of estimates of a true null mean difference (25, 50, 75%),
below a power of 30 or 35%, the statistically significant results consisted
almost entirely of overestimation errors, sign errors, and type 1 errors.
However, the distribution of these errors depends on the proportion of
true null hypothesis, with a greater type 1 error rate with increasing with
the frequency of null hypotheses. For a frequency of 25% (Fig. 3a) and a
power close to 5%, the sign errors were as frequent as type 1 error with a
negative estimate.

Discussion

While analyses that have a high probability of detecting a clinically
meaningful effect yield predominantly accurate estimates when the re-
sults are statistically significant, this is not the case of low-power ana-
lyses: when power is 30% or less, approximately correct statistically
significant results are rare. The relative bias was further exacerbated
when the effect size was low but was always very high for powers as low
as 20%, even for an effect size of 0.8, with at least a 2-fold increased
estimate. It is noteworthy that even at high levels of power (>80%) only
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Table 3

Relative bias of statistically significant deltas when only considering the positive or the negative deltas, as a function of power. In addition, the proportions of cat-
egories (moderate underestimation, roughly correct estimate, moderate overestimation and strong overestimation) of relative bias for positive deltas are reported. The
results are shown for a Cohen's d of 0.5.

Positive deltas

Power Relative bias Relative bias Moderate Roughly Moderate Strong
in negative deltas underestimation correct estimate overestimation overestimation
(RB 0-0.75) % (RB 0.75-1.25) % (RB 1.25-2) % (RB > 2) %
0.1 —2.54 3.18 <0.1 0.4 7.2 92.3
0.2 -1.73 2.14 <0.1 0.6 42.1 57.3
0.3 —1.43 1.78 0 4.0 71.2 24.8
0.4 -1.21 1.55 <0.1 18.3 71.2 10.5
0.5 —1.06 1.41 <0.1 36.7 58.3 5.0
0.6 —0.96 1.29 <0.1 51.7 46.1 2.1
0.7 -1.22 1.20 0.8 61.0 37.3 0.9
0.8 - 1.13 5.0 64.6 30.1 0.3
0.9 - 1.06 11.9 65.1 23.0 <0.1
0.95 - 1.03 13.9 66.7 19.3 <0.1
2.51

7]
O
O 204 —— Scenario 1 (all by default)
() —— Scenario 3 (ratio sample size 1:4)
Z —— Scenario 4 (z-test)
e
C_U Scenario 6 (one-sided)
&J Scenario 7 (alpha = 0.01)
1.5
1.04

T T T T T T T

00 01 02 03 04 05 06 07 08 09 10
Power

Fig. 2. Relative bias as function of statistical power for different conditions. Only simulations with sample size in both compared groups of five or greater are shown.
The scenario 1 (default options, in black) corresponds to a two-sided Student t-test with a threshold alpha of 0.05, comparing two groups of equal sample sizes and
equal variances. Each modified parameter was changed while keeping all the other ones as per their default setting. The ratio of sample sizes in both groups was
changed to 1:4 (scenario 3, red), the test statistic was changed to the z-test (scenario 4, purple), the test was changed to a one-sided test (scenario 6, blue), and the
alpha threshold was changed to 0.01 (scenario 7, green). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)

about 65% of statistically significant results yield an approximately plus/minus 25% of the true value). The remainder represent moderate
accurate estimate of effectiveness (defined here as an estimate within overestimation, which predominates at power of 80%, or moderate
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Fig. 3. Proportions of estimation errors among statistically significant results as a function of power, under a proportion of tests with a true null effect of a) 25%, b)
50%, and c) 75%. For the other tests, the true effect was set to Cohen's d = 0.5. Areas corresponding to type 1 errors are hatched.
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underestimation, which becomes increasingly prevalent as power ap-
proaches 100%. To help researchers, a Shiny app is available to calculate
with simulations the relative bias, the type S and M errors at the
following web link: https://c-jaksic.shinyapps.io/small_power bias/.
The R function used in this app is shown in Appendix 5.

Whether the two populations of interest one wishes to compare have
the same variance, or whether the samples are of the same size does not
seem to affect in any significant way the relative bias, nor dos the sta-
tistical test in use (classical t-test, Welch's t-test, or z-test). However,
using a one-sided instead of a two-sided test increases the relative bias.
This occurs because, if the posited alternative hypothesis correctly as-
sumes a positive difference, no negative estimate can be statistically
significant. Consequently, this exclusion eliminates estimates that could
mitigate the inflation of positive estimates, thereby increasing the
overall bias. Finally, reducing the alpha threshold diminishes the rela-
tive bias provided that the statistical power is maintained. Indeed, to
maintain a desired statistical power, lowering the alpha level requires an
increase in the sample size. This larger sample size results in more stable
estimates that are less likely to reach extreme values that would pull the
bias toward higher values.

At a more technical level, previous studies investigated the exag-
geration caused by the significance filter on the effect size [13,16,17]
using the Type M error. Instead, the present research used the relative
bias on mean difference to quantify this phenomenon. In addition, we
assessed the relative bias under various conditions related to the sample
and to the statistical tests. The type M error was found to be systemat-
ically higher than the relative bias, especially when the power was low,
and more sensitive to the effect size. This metric is the mean of the ab-
solute values of statistically significant standardized effect sizes relative
to the true value. Unlike our relative bias measure, the type M error is on
the standardized effect scale, which is less commonly interpreted in
clinical research. In contrast, the relative bias directly reflects the extent
of inaccuracies on the scale used to draw conclusions. As a result, we
recommend to methodologists interested in this phenomenon to use the
relative bias as a direct measure of the effect of statistical significance
filtering on the expected estimate rather than the type M error.

At low power, results are either accurate but statistically non-
significant, or statistically significant but inaccurate, whether exagger-
ated or of the wrong sign. In scientific research, a wealth of results is
constantly being published. Each analysis being performed tests a null
hypothesis, although the true effect is always unknown. When the true
effect is null, the issue is the type 1 error rather than a relative bias.
When only looking at statistically significant results from analyses under
a mix of null and non-null true effects, the type 1 errors become
increasingly prevalent at low levels of power. While high-powered an-
alyses yield non negligible type 1 errors when the proportion of tests
with a true null effect is high (75%), it is the low-powered analyses that
tend to produce the most concerning outcomes whatever the proportion
of tests with a null true effect. When this proportion is low (25%) and
power is low, the concern is more about the overestimation than the type
1 error. This highlights the problematic nature of low-powered analyses,
in a context when significance filtering is a reality, ultimately under-
mining the generation of reliable knowledge.

The simulation study we conducted examines the impact of signifi-
cance filtering on effect estimates. The conditions we analyzed, how-
ever, remain theoretical. In practice, filtering results based on statistical
significance is less extreme, as non-significant findings are also pub-
lished. Moreover, the power calculation used in our simulation relies on
the true values of the mean difference and standard deviation. In real
settings, these parameters are unknown, and sample size calculations
are typically based on the smallest clinically relevant difference rather
than the assumed effect size. Finally, the true power of an analysis is
always unknown. Despite these limitations, the results we present pro-
vide a useful indication of the order of magnitude of the bias introduced
by the significance filter under various conditions, and they offer valu-
able insight to inform real-world decision-making. Altogether these

Global Epidemiology 11 (2026) 100250

results indicate that application of statistical significance testing (or any
procedure which highlights estimates that exceed a certain threshold) to
observations from a sample size associated with an priori low-power test
should be avoided, or if encountered in publications, met with scepti-
cism [18]. Since significant results are more likely to be published [11]
and cited [19], treatment effects reported in published low-powered
studies are more likely to be exaggeratedly large. This also contributes
to the lack of reproducibility of much research [18,20,21], since a sta-
tistically significant result from one underpowered analysis is unlikely to
be reproduced in the next. The low-power bias should also be kept in
mind when considering systematic reviews [22]. Incorporating low-
powered studies in meta-analyses improves the precision of the pooled
estimate but, in case of publication bias, aggregating several under-
powered studies will yield a biased pooled estimate.

Below we introduce some recommendations to researchers, journal
editors and readers of medical research articles. For a concise summary
of our recommendations, see Fig. 4.

Reducing the statistical significance threshold well below 0.05 as
commonly done in genome-wide association studies [23] or in interim
analyses of clinical trials [24] only further decreases power and accen-
tuates the resulting bias. For this reason, we would not recommend its
use. Statistical procedures that shrink estimates toward the null value
can help correct overestimation on average [14], but such procedures
are currently rarely used. Our advice to researchers would be to resist
temptation and outright avoid conducting low-power analyses. If low-
power analyses were nonetheless performed, all results should be re-
ported, regardless of statistical significance, and statistically significant
findings should be accompanied by a caveat regarding possible over-
estimation. In meta-analyses, researchers should investigate publica-
tion bias using appropriate methods and interpretate the results
accordingly.

We recommend that journal editors not factor in statistical signifi-
cance when deciding on accepting a paper for publication, and that they
ensure that all low-power analyses that were planned are published,
regardless of significance. Such an approach would also remove some
obstacles to unbiased publication by being more welcoming of non-
significant results, which are too often self-censured by discouraged
researchers [25].

To readers of medical research articles, it is hard to identify whether
one analysis is underpowered. Performing a power calculation for each
analysis is theoretically possible but impracticable. But some identifi-
able situations are more at risk in clinical studies. In trials, although the
power of the primary outcome analysis is most often controlled by the
design, some contexts may lead to a lower power: early stop for efficacy
since it is conducted only on part of the planned total sample size, failure
to enroll the planned number of participants since a sample smaller than
planned is analyzed, an event rate much lower than anticipated in the
power calculation. For other analyses, the power is not controlled by the
trial design. Subgroup analyses, which are restricted to a smaller sample,
and analyses of safety events which are often infrequent, are likely un-
derpowered. Regarding secondary outcomes tests, because no power
calculation is typically conducted, the power can greatly vary across
them. As the number of secondary outcomes increases, the risk for the
readers to encounter underpowered analyses increases. For observa-
tional studies, the task is more difficult because the planned power is not
always reported. Nevertheless, the sample size remains an important
element to assess: a large cohort of several thousand patients is less
prone to low power than a small study. Moreover, statistically signifi-
cant differences that are very large (maybe too large to be true, to the
reader's eye) should trigger a red flag. Any findings that are unusually
ground-breaking, surprising, or that stand out from results published to
date, are similarly suspect. In all cases, beware the authors' ability to
articulate a coherent explanation for the finding post hoc. More gener-
ally, avoid distinguishing study results as notable or not, based on sta-
tistical significance.
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Practical guidance

To readers

Be mindful of low power findings: Treat results from analyses with low statistical power
(e.g., interim analyses or trials stopped before reaching planned sample size) with
caution, as they are more likely to produce exaggerated effect estimates.

Consider precision and consistency: Give greater weight to estimates with narrow
confidence intervals and the findings that are consistent across independent studies

rather those relying on single small of underpowered analyses

To investigators

Avoid conducting underpowered studies: Design studies with adequate sample size and
power for the primary outcome. If constraints prevent this, justify limitations explicitly
and treat estimates as exploratory

Report all analyses: Publish complete results for preplanned and post hoc analyses,
including null and imprecise findings.

Assess publication bias when conducting meta-analyses: Use appropriate tools (e.g.,
funnel plots) and report how potential publication or reporting biases may affect pooled

estimates.

To editors

Do not base editorial decisions on statistical significance: Evaluate manuscripts on
methodological quality, levels of precision in estimates, and relevance rather than
whether results are statistically significance. This would also reduce selective reporting
from investigators and nonpublication due to discouragement.

Require and publish planned analyses: Require pre-published statistical analyses plan
and ensure all prespecified analyses are reported regardless of the result, and that post

hoc analyses be justified.

Fig. 4. Practical guidance for readers of scientific publications, investigators and editors.
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