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Abstract

Gelman and Carlin (2014) introduced Type S (sign) and Type M (magnitude) errors to highlight

the possibility that statistically significant results in published articles are misleading. While

these concepts have been proposed to be useful both when designing a study (prospective) and

when evaluating results (retroactive), we argue that these statistics do not facilitate the proper

design of studies, nor the meaningful interpretation of results. Type S errors are a response to the

criticism of testing against a point null of exactly zero in contexts where true zero effects are

implausible. Testing against a minimum-effect, while controlling the Type 1 error rate, provides a

more coherent and practically useful alternative. Type M errors warn against effect size inflation

after selectively reporting significant results, but we argue that statistical indices such as the

critical effect size or bias adjusted effect size are preferable approaches. We do believe that Type

S and M errors can be valuable in statistics education where the principles of error control are

explained, and in the discussion section of studies that fail to follow good research practices.

Overall, we argue their use-cases are more limited than is currently recognized, and alternative

solutions deserve greater attention.

Keywords: Type M error, Type S error, Error Control, Hypothesis Testing, Bias

Correction
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Rethinking Type S and M Errors

Neyman-Pearson hypothesis testing is a widespread approach to statistical inferences in

the social sciences. Power analyses have increased to 30% across all articles that conducted a

quantitative primary analysis across psychological disciplines, with an adoption of 46.7% in

experimental psychology (Vankelecom et al., 2025). Using a pre-specified alpha level is

increasingly common with the adoption of preregistration of statistical analysis plans (J.

Ferguson et al., 2023). As a consequence of its popularity, Neyman-Pearson hypothesis testing is

commonly criticized, and critics regularly propose alternative statistical procedures to interpret

results. One criticism of null hypothesis tests is that the null hypothesis is never true (Cohen,

1994). Gelman and Tuerlinckx (2000) argue that because it seems unlikely that effect sizes are

ever exactly zero for continuous data, it is uninteresting to control the probability of a Type 1

error. After all, if the null is never true, researchers do not need to worry about incorrectly

claiming there is an effect, when there is no effect. They propose to compute the Type S error, or

‘sign error’, which quantifies the long-run frequency that a significant effect in the opposite

direction of the true effect size is observed. The probability of a Type S error is at most 2.5% (the

probability of an extreme result in the tail of the distribution opposite to the true effect), and in

practice often trivially small. They argue that Type S error rates are “the relevant error rate for

statistical analyses in the social and behavioral sciences” (p. 388). Gelman and Tuerlinckx (2000)

also propose to report the Type M error, which quantifies the extent to which effect size estimates

are overestimated due to selection bias. For example, a Type M error of 2 indicates that the

absolute average effect size estimates after all non-significant studies are removed will be twice

as large as the true effect size. Gelman and Carlin (2014) suggest that Type M errors are useful to

understand that significant effect sizes from underpowered studies are almost certain to be a huge

overestimate of the true effect. Gelman and Carlin (2014, p. 644) say that problems with Type S



RETHINKING TYPE S AND M ERRORS 5

errors become a concern “when power is less than 0.1” and Type M errors become a concern

“when power is less than 0.5”.

Before criticizing the proposed use of Type S and M errors, it is important to

acknowledge several points of agreement. First, we agree with Gelman and Tuerlinckx (2000)

that it is uninteresting to test against a null hypothesis of no effect when it is highly unlikely that

the true effect size is zero. However, we believe this problem should be addressed by performing

a minimal effect test for superiority against a range of values that is considered practically

equivalent to zero. Such tests against a non-nil-null hypothesis have been suggested for more

than half a century (Hodges & Lehmann, 1954; Lakens, 2021; Nunnally, 1960; Serlin & Lapsley,

1985). We also agree with Gelman and Carlin that performing an a priori power analysis based

on estimates of a previous study or an expected effect size is not best practice, and leads to bias

(Albers & Lakens, 2018). However, we see no problem with what is currently considered best

practice - performing an a priori based on a smallest effect size of interest (SESOI) - just because

the true effect size might be smaller than the SESOI. Trivially small effect sizes are scientifically

uninteresting, and researchers should not be interested in detecting effects that are too small to

matter (Lakens, 2022).

Third, we agree that publication bias is a systemic problem in the social sciences, which

leads to inflated effect sizes in the scientific literature. In situations where no assumed plausible

effect size under the alternative hypothesis is available, reporting the critical effect size (e.g.,

Perugini et al., 2025) may offer a more informative perspective than computing a Type M error,

which relies on such an assumption. Finally, we recognize that it is valuable to retrospectively

evaluate how informative studies in a literature are, especially in fields where good research

practices are uncommon. However, we believe a sensitivity power analysis combined with bias

correction methods such as p-uniform (Van Aert & Van Assen, 2018) or a maximum likelihood

estimate for a truncated distribution (Anderson & Maxwell, 2017; Taylor & Muller, 1996) are
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more insightful. Finally, the last two authors have co-authored scientific articles promoting Type

S and M errors (Altoè et al., 2020; Bertoldo et al., 2022), and co-created the R package PRDA

that computes Type S and M errors for different designs (Callegher et al., 2021). They were

invited to co-author this article to guarantee fair and nuanced arguments by incorporating internal

criticism into this project (Lakens, 2020). The last two authors found the discussions that shaped

the manuscript intellectually rewarding, and the discussions confirmed the view - also expressed

in the paper - that Type S and M errors, though not without limitations, can serve as useful

concepts to foster critical reflection and statistical awareness. Like many tools in scientific

practice, their usefulness does not lie solely in their technical properties, but in researchers’

ability to understand their logic, reflect on their limitations, and apply them thoughtfully.

Type 1, Type 2, Type 3, and Type S errors

Type 1 errors occur when the null hypothesis is true, but a statistically significant result is

observed. The null hypothesis in a two-sided test is that the population effect size is 0. The

alternative hypothesis is that there is an effect - either in the positive or negative direction. After

observing a statistically significant result the correct claim is that the null hypothesis can be

rejected, and we can act - with a maximum error rate of α - as if there is a non-zero effect.

Because no directional claims are made in a correctly performed two-sided null hypothesis test,

sign errors are impossible in two-sided hypothesis tests. There are other tests where sign errors

can’t occur, such as an omnibus F-test used to detect differences between groups, as the F-

distribution is based on squared deviations and only has positive values.

Researchers sometimes incorrectly make a directional claim after a two-sided test, which

can lead to what Kaiser (1960) has referred to as an error of the third kind. An error of the third

kind occurs when H0 is false, a statistically significant effect is observed in the opposite

direction of the true effect, and researchers make a directional claim. The correct way to make

directional claims is to perform a one-sided test. If researchers want to make a claim about an
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effect in the positive or negative direction, they should follow Kaiser’s (1960) proposal to

perform two one-sided null-hypothesis tests, one in the positive direction, and one in the negative

direction, each at α/2 (see also Leventhal & Huynh, 1996). This would not change the

conclusions researchers draw in practice compared to the current widespread use of two-sided

tests, but it would make these conclusions logically coherent.

According to Gelman and Tuerlinckx (2000) effects are never exactly zero. This leads

them to argue that it is uninteresting to perform a null-hypothesis test, or to control the Type 1

error rate. They propose to remove effects of 0 from the possible effect sizes that can be

observed. This creates a situation where all effects are true effects, either in the positive or the

negative direction. A statistical test now has two possible results:  Effects in the opposite

direction as the true effect size are correctly rejected, or effects in the true direction are

incorrectly rejected - a Type S error. Type S errors can be computed for any test that makes

claims based on a threshold (for closed form formula, see Lu et al., 2019), but in this article we

will focus on frequentist hypothesis tests. We set the alpha level for the test to 0.05 in all

examples below. 

If one believes effect sizes of 0 do not exist, it is no longer possible to perform a two-

sided nil-null hypothesis test. Gelman and Tuerlinckx (2000) instead recommend to perform two

simultaneous one-sided tests: One test in the positive direction, and one test in the negative

direction. To understand Type S errors, it is useful to consider the most extreme scenario where

the effect size is not zero. If there is an infinitesimally small positive effect, the statistical power

of the test is practically indistinguishable from the alpha level of 0.05. Effects will be rejected in

the positive direction with a probability of 0.025 in the long run (correct rejections), and effects

will be rejected in the negative direction with a probability of 0.025 in the long run (Type S

errors). The only difference between a Type S error and a Type 1 error in this scenario is that

Gelman and Tuerlinckx have removed the value of 0 from the distribution of possible effect
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sizes. A Type 1 error consists of all significant test results for values ≤ 0, while a Type S error

consists of all significant test values < 0. As any point in a continuous distribution has 0

probability, excluding the value of 0 will not change the long-run probabilities. The difference

between a Type 1 error and Type S error in this extreme scenario is purely conceptual.

When two one-sided tests are performed and the null is false, the Type S error rate is at

most α/2. Gelman and Turelinckx prefer to express the Type S error rate as a proportion of the

significant results and “believe that this conditional probability is the appropriate error rate to

consider, since our primary concern is to understand the frequency properties of claims with

confidence”. In the infinitesimal effect case the statistical power of the test is 0.05 and the Type S

error is 0.025, so the rate of Type S errors as a proportion of significant results is 0.025/0.05 =

0.5. In the extreme case where power is as low as the alpha level, 50% of significant results are

sign errors.

This conditional probability is similar to the false discovery rate, which is the expected

proportion of false positives among all positive findings. Just as Type 1 errors only occur when

the null hypothesis is true, the false discovery rate only occurs when the null hypothesis is true.

But once again, removing the value of 0, which itself has 0 probability, does not change the long-

run false discovery rate. If researchers believe the null is true, a Type 1 error (a rejection of

positive effects, when there is a positive effect) will be observed with a probability of 0.025, and

a correct rejection (a rejection of negative effects, when there is a positive effect) will occur with

a probability of 0.025. From all positive findings (0.025 false positives + 0.025 true positives =

0.05 positive test results) 50% are false positives. Therefore, the false discovery rate is 50% in

the two one-sided testing procedure. The maximum conditional Type S probability is identical to

the false discovery rate, with the conceptual difference that it excludes the value of 0 from the

hypothesized values. Type S errors differ from Type 1 errors and false discovery rates in that they

can be computed for a range of assumed true effect sizes. But as Type 1 error rates are already
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small, Type S probabilities quickly become even smaller, and as the true effect size is unknown,

the added value of presenting a range of Type S error rates remains unclear.

Should effects of 0 be considered impossible?

Note that it is somewhat peculiar to completely exclude the possibility that effect sizes of

0 exist in a hypothesis test. After all, one could just as easily argue that in continuous data, no

true effect size is exactly 0.5, but no one would propose to remove 0.5 from the space of

hypothesized values. Researchers have also disagreed with the idea that effect sizes are never

zero, with Krueger and Heck (2019) stating that: “for many questions humans ask of nature, the

null (or any particular tested hypothesis) may in fact be true.” Frick (1995) concludes that “for

some experiments, the null hypothesis is possible”. And Hagen (1997) drives home the criticism

even more forcefully: “If, as some have claimed, the null hypothesis is always false, we would

be foolish, indeed, to spend time conducting statistical tests that can only tell us what we already

know. But we need not feel foolish. As far as I can tell, the claim has never been sustained by

either statistical or logical arguments”. Neither side can provide empirical support for or against

the hypothesis that the null hypothesis is never true, as we can’t measure the entire population for

all effects scientists want to study. The claim that the null is never true is scientifically

unfalsifiable.

It seems difficult to justify why one would believe the null is never true, while there is no

doubt that an effect size of 1×10⁻³² can be true. Instead of discussing which effect sizes can be

true, a more sensible concern is the idea that all variables are connected through theoretically

uninteresting causal structures that result in non-zero correlations between variables (especially

in observational studies). In psychology, this idea is referred to as the crud factor (Meehl, 1990;

Orben & Lakens, 2020). The crud factor has been one argument to move beyond null hypothesis

significance tests, and instead test against a range of theoretically or practically uninteresting
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effect sizes around zero by performing a minimum-effect test, or a test for superiority (Lakens et

al., 2018).

Instead of performing a test that rejects effect sizes of 0, researchers can specify a

smallest effect size of interest, and test whether they can statistically reject all effects that are

deemed too small to matter. Minimum-effect tests resolve most of the problems researchers have

with nil-null hypothesis significance testing (Lakens, 2021), including the concern that the null is

never true. If researchers do not believe it is scientifically interesting to reject effects of exactly 0

they can test whether effects in a range around 0 can be rejected. For example, Ferguson and

Heene (2021) empirically show that correlational effects in aggression research are unlikely to

ever be exactly 0, and established a correlation of r = 0.1 are a lower bound for hypothesis tests

in this research field. A directional minimum-effect test against r ≤ 0.1 is rejected if the lower

bound of the 90% confidence interval around the observed correlation is larger than 0.1 (Lakens

et al., 2018). Minimum-effect tests are a better solution than arbitrarily excluding a point value of

0 from the range of effects that are considered possible. If minimum-effect tests are adopted, the

idea of a Type S error is no longer needed, as it is equivalent to a Type 1 error for one-sided tests

against a non-nil-null hypothesis.

Should researchers report Type S errors in scientific articles?

Whereas Gelman and Tuerlinckx (2000) only discuss the relevance of Type S errors

relative to Type 1 errors, Gelman and Carlin (2014) take an additional step and suggest that it is

useful to compute and report Type S error rates for specific studies. To compute a Type S error

researchers need to specify what they believe is the true effect size. Gelman and Carlin suggest

using a literature review or other available data. They provide an example where the original

author observed an effect of 8 percentage points. Gelman and Carlin do not believe this finding

can be correct, and retrospectively compute the Type S error based on effect sizes they believe

are more likely to be true: 0.1, 0.3, and 1 percentage point. When they compute the Type S error
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for the much smaller effects they deem plausible, the probability of a sign error can be quite

large as long as the statistical power is low.

Is it useful to compute and report Type S errors in this way? One problem with

retrospective design analysis is that if a skeptic wants to argue that an effect size is unreliable, a

retrospective design analysis will practically never prove them wrong. For any effect where a

skeptical reader feels the need to question the scientific claim by performing a retrospective

design analysis, there will be substantial uncertainty about the true effect size. In these cases, the

literature (or any other external data) will rarely - if ever - provide strong constraints on how

small effect sizes can plausibly be. This means a skeptical reader can always find reasons to

perform a retrospective design analysis for very small effect sizes, which make it easy to claim

that there is a high probability of a sign error. If the skeptic was wrong, a retrospective design

analysis would practically never tell them they are wrong, and claims about high Type S error

rates are therefore rarely severely tested.

To conclude this section, we have strong conceptual issues with Type S errors (removing

0 from the range of possible distributions is difficult to justify, and the long run probability of

Type S errors is identical to the well-established Type 1 error rate and false discovery rate), as

well as practical concerns (the test can too easily lead to a foregone conclusion). Type S errors

mainly point out how uninformative studies with low statistical power are, and a null hypothesis

test might not be an interesting question to ask. If researchers want to address these concerns, a

better solution is to specify a non-nil-null hypothesis (e.g., considering all effects between −0.1

and 0.1 as practically equivalent to 0) and perform an a priori power analysis for the smallest

effect size of interest. After the data is in, the Type S error is at most 2.5%, as is the Type 1 error.

Researchers should always make a claim while acknowledging the maximum possible Type 1

error rate (e.g., 2.5% in an one-sided test with an alpha level of 0.025) and any quantification of
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how much lower the Type S error might be, depending on weakly informed guesses of the true

effect size, comes with great uncertainty.

Gelman and Carlin (2014) argue that a retrospective design analysis can reveal that ‘a

study was too small to be informative’. But this seems misguided. If a significant effect was

observed in a well-performed test we can reject the null with a maximum Type 1 error rate of

2.5%, which is small enough to take the result seriously. The study might have had very low

power to detect an effect, but if it happened to detect an effect with the desired maximum Type 1

error rate, the fact that the study had a low probability to yield an informative outcome a priori

no longer matters. The observed effect size might be measured inaccurately, and inflated due to

selection bias (see Type M errors below), but a researcher can claim that the probability that

random noise is mistaken for a true effect is very small.

The Type S error rate will only raise a red flag for studies with incredibly low statistical

power. When the Type S error is high, the design is uninformative (e.g., when the Type S error

rate is at its maximum of 2.5%, the study has a statistical power of merely 5%). But when the

Type S error is low, the design is often still uninformative. The Type S error drops to negligible

levels when the statistical power of the test is still unacceptably low. For example, Simonsohn

(2015) considers a test with less than 33% power severely underpowered, but with 33% power

the probability that a significant result is in the wrong direction is only 0.1%.

Effect size inflation and Type M errors

Lane and Dunlap (1978) examined the impact of selection bias on the inflation of effect

size estimates. When only statistically significant results are shared, the effect size estimate

based on these studies is inflated, as smaller non-significant effects are removed from the

scientific literature. In general, how much effect sizes are inflated in the presence of selection

bias is a function of the power of the test. The lower the statistical power - for example because

population effect sizes or sample sizes are smaller - the more significant effect sizes will be

inflated. Figure 1 shows the expected effect size distribution for an alternative hypothesis with a
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true effect size of Cohen’s d of 0.5. With a sample size of 40 participants in each group, a two-

sided independent t-test will yield a statistically significant result if the observed effect size is

larger than d = 0.445. If there is extreme selection bias for statistically significant results the

scientific literature would consist of effect sizes to the right of d = 0.445. Instead of having

access to the full distribution of expected effects, the literature will represent a truncated

distribution, where all values smaller than 0.445 are removed from the distribution of expected

effect sizes.

Figure 1

Expected effect size distribution under the alternative hypothesis, assuming a true effect size of

0.5 (dashed central line). With a sample size of 40 participants per group, a two-sided

independent t-test yields a statistically significant result when the observed effect size exceeds d

= 0.45. The shaded area represents the subset of effect sizes published under selection bias.
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This type of bias has been discussed extensively in the literature (Anderson & Maxwell,

2017; Begg & Mazumdar, 1994; Hedges, 1984). Both (Hedges, 1984) as Taylor and Muller

(1996) have developed a statistical model that computes bias-adjusted effect size estimates when

estimators are selected from a ‘censored’ or ‘truncated’ distribution. This method creates a model

of what the full distribution would have looked like, and estimates the effect size if there was no

selection bias. Anderson, Kelley, and Maxwell (2017) apply this method to compute an adjusted

estimate of the noncentrality parameter, and use it to show how a priori power analyses can be

adjusted for selection bias.

Gelman and Carlin (2014) propose another approach to increase awareness of effect size

inflation due to selection bias. They compute a ratio between the average absolute effect size

estimates from statistically significant effects, and the assumed true effect size, which they refer

to as a Type M (magnitude) error. Because Type M errors do not quantify error rates (i.e., the

probability of an incorrect claim) but the bias in an estimator, we prefer Gelman and Carlin’s

alternative term for Type M errors: the ‘exaggeration ratio’. The exaggeration ratio is a function

of the statistical power of a test. When power is close to 100% all tests of true effects will be

significant, no effect sizes are removed due to selection bias, and the exaggeration ratio will be 1,

indicating that the design will in the long run yield unbiased effect size estimates. As power is

practically always less than 100%, the exaggeration ratio will typically be larger than 1,

indicating that effect sizes selected for statistical significance will be inflated. Altoè et al. (2020)

note that when power reaches at least 80% the average overestimation of the effect size tends to

be just above 10%, which they consider practically negligible. As such, one may see the

exaggeration ratio as a complementary perspective on the information conveyed by statistical

power, shifting the focus from hypothesis testing to effect size estimation.

The exaggeration ratio is computed based on properties of the design of the study, and the

assumed true effect size. The design (e.g., the sample size, type of test, and the alpha level)
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determines the critical effect size, or the smallest effect size that can be statistically significant.

The assumed true effect size determines the extent to which effect sizes that are selected for

significance will be inflated. The smaller the assumed effect size, the larger the exaggeration

ratio. The exaggeration ratio (Gelman & Carlin, 2014) is not intended to correct individual effect

sizes. If the average absolute unbiased effect size estimate is 0.5, and the average biased effect

size estimate is 1, the estimated effect is on average 2 times larger than the true effect size. But

this exaggeration ratio of 2 applies to the average effect size estimate, and not to any individual

effect size. It is not correct to simply divide each observed effect size estimate by the

exaggeration ratio and treat it as a bias-adjusted effect size estimate.

Despite the fact that the authors never intended the exaggeration ratio to be used to adjust

individual effect sizes, researchers have misused Type M errors for this purpose. In the following

example, Shem-Tov et al. (2024) note that the Type M error rate quantifies an average inflation,

but still misuse it to adjust the observed effect size: “following the procedure proposed by

Gelman and Carlin (2014), we estimate an average potential exaggeration ratio of 1.2 in the

effect of enrollment to MIR on rearrests within one and four years. In other words, on average,

our estimates might indicate that the impact of enrollment to MIR causes a reduction of 23.4

percentage points while the true effect is a reduction of 19.5 percentage points.” Similarly,

Gajendran et al. (2022) write: “the modest Type M exaggeration ratio of 1.27 indicates the

possibility that the communication medium effect is overestimated by a factor of 1.27, which is

inconsistent with the effect being an unlikely result.” However, the average inflation is not the

same as the inflation in any individual study, and the inflation might be much larger or smaller

for this specific study.

There are statistical approaches that perform a bias-adjustment on a single biased effect

size (Hedges, 1984; Taylor & Muller, 1996). The approaches developed by Hedges (1984) and

Taylor and Muller (1996) attempt to adjust effect size estimates for selection bias by taking the
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observed effect size, and based on a model for selection bias, return the maximum likelihood

estimate for the effect size after correcting for bias. Anderson and colleagues (2017) have

implemented this bias correction method in the BUCSS R package to provide a priori power

analyses for bias-adjusted effect size estimates. The p-uniform technique developed by Van

Assen and colleagues (2015) uses a similar model for selection bias as Hedges (1984), and will

estimate an unbiased effect size estimate for a single study. Although this has not been pointed

out explicitly in the literature, the corrections based on BUCSS and p-uniform are practically

identical (see the supplemental material) and therefore we will only discuss adjustments using p-

uniform.

To illustrate why this misuse of Type M errors fails to adequately adjust observed effect

sizes for bias we simulated 100.000 independent t-tests with a true effect size of d = 0.5, 40

observations per group, equal variances, and an alpha level of 0.05, and removed all non-

significant test results to introduce selection bias. The distribution in the left pane Figure 2 shows

the effect size distribution of observed effect sizes when only statistically significant results are

available (green), and the missing non-significant results (grey). Given the sample size, only

effects larger than d = 0.445 will be statistically significant, and all effects smaller than d = 0.445

are missing from the truncated distribution. The middle pane shows the distribution if individual

effect sizes are adjusted by the exaggeration ratio. Large observed effects are adjusted downward

a lot, but smaller observed effect sizes not sufficiently adjusted downward. In the right

distribution, we compute adjusted effect sizes based on p-uniform. When applying p-uniform in

its intended context of meta-analyses, users are recommended to replace negative estimates by

zero (Van Aert et al., 2019). This solution is less ideal when analyzing single studies because too

many estimates will be set to 0, which negatively biases the estimate. Instead, we follow the

recommendation by Anderson and colleagues (2017) and remove negative estimates in Figure 2.

The bias-adjusted effect size estimates from p-uniform do not perfectly match the unbiased
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distribution, but provide estimates that are on average much closer to the true effect size. This

simulation shows that although the exaggeration ratio can be used to educate researchers about

the risk of inflation, it can’t be used to adjust individual effect sizes for selection bias, as some

researchers in the literature have done.

Figure 2

Comparison of the observed effect sizes (green), with the grey area illustrating missing non-

significant values), and bias-adjusted effect sizes using two methods: the Type M exaggeration

ratio (yellow) and p-uniform (brown).

All approaches to adjust effect sizes for bias due to selective reporting rely on overly

simplistic models of bias, depend on strong assumptions that are almost always violated, and for

these reasons, bias-adjusted effect size estimates rarely correspond to empirically observed effect
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sizes from unbiased studies (Kvarven et al., 2020). These problems are even more pronounced

when a bias-adjusted effect size estimate is calculated for a single effect size due to the large

variability in a single effect size estimate. Bias-adjusted effect size estimates that differ

substantially from the unadjusted effect size should not be regarded as the true unbiased effect

size, but as a strong motivation to perform an unbiased replication study.

Reporting the critical effect size might provide an alternative approach to increase

awareness about effect size inflation due to selection bias. Reporting a critical effect sizes has

benefits over reporting the exaggeration ratio (Perugini et al., 2025). The critical effect size is the

smallest effect size that could reach statistical significance. As the exaggeration ratio, it is

computed based on the study design. The critical effect size highlights how selecting statistically

significant results will remove all effect sizes smaller than the critical effect size. Reporting a

critical effect size does not provide a single numerical estimate of how much the effect is

inflated, which prevents the misinterpretation of the exaggeration ratio that we observed. Critical

effect sizes also warn against interpreting non-significant results as the absence of an effect, as

they highlight that there is a range of true effects below the critical effect size that would leas to

non-significant results. And finally, critical effect sizes are also useful in studies with very high

statistical power. In such studies, the exaggeration ratio would be negligible, but the critical

effect size would increase awareness that even trivially small effects will be statistically

significant, which will make researchers reflect on which effects are large enough to be

meaningful.

The Use of Type S and M Error in an “Imperfect” Science

Although Type S and M errors might not be particularly informative to report in a result

section, given the more informative alternatives (i.e., minimum-effect tests and bias-corrected

effect size estimates), they may still be valuable as a tool to reflect on the problems that emerge

when studies are underpowered and/or selectively reported. Due to resource constraints,
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researchers may sometimes perform studies with very low power for the main effect of interest.

Consider a PhD student who can at most collect 20 participants per group for an independent

two-sided t-test, and expects a true effect size of d = 0.4. An a priori power analysis reveals that

the statistical power is a mere 23%. With such a high probability of uninformative results, one

might argue that the study should not be performed. However, the study is part of a grant

proposal that funds the research of the PhD student, and their supervisor wants to complete the

promised data collection, regardless of the low statistical power. Under these suboptimal

conditions the student could reflect on the Type S and M error rates in a preregistration. They

could compute a Type S error, which indicates that there is still a probability of 0.3% that a

statistically significant effect in the wrong direction is observed. Perhaps more informatively, the

PhD includes the Type M error, warning readers that statistically significant effects will on

average be inflated with a ratio of 2.07, meaning that on average any significant effect would be

overestimated by 100%. This should make researchers aware of the fact that due to the

underpowered nature of the study, the effect size estimate can not be taken at face value,

especially if the effect size will only be interpreted if it is statistically significant.

A second use-case of a Type S and M error is in highly exploratory research where

researchers opportunistically search for statistically significant effects without correcting for

multiple comparisons. The effects that researchers explore in such a scenario will include very

small effect sizes. As the study is not designed to detect such small effects, statistical power for

many exploratory tests will be very low. For example, if researchers design a study to have 80%

power for a Cohen’s d of 0.5 in an independent two-sided t-test, only effects larger than d = 0.35

will be significant. Thus, when researchers selectively focus on statistically significant effects in

exploratory analyses, the resulting effect size estimates will, on average, be exaggerated. If

researchers explore small effects where the true Cohen’s d is 0.25, or even 0.15, significant

effects will on average be exaggerated by a factor of 1.84 or 2.9, respectively. Researchers could
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report the Type M error to warn readers that in addition to a high probability that significant

effects are false positives, effect sizes are likely to be overestimated, and remind readers that

results from exploratory analyses should be treated as hypotheses that need to be severely tested

in follow-up studies (Ditroilo et al., 2025).

The Use of Type S and M Errors in Statistics Education

Statistical misconceptions are widespread among researchers, and selective reporting is

still too common. Type S and M errors can serve as effective educational tools to challenge such

misconceptions and promote a deeper reflection on the risks involved in statistical inference

under conditions of low power and selective reporting. The idea of a Type S error can help

students grasp why it is incorrect to make directional claims after a two-sided test (Cho & Abe,

2013). It also provides an opportunity to discuss why one-sided tests are necessary for directional

hypotheses, and why it is good practice to perform two one-sided tests at α/2(Kaiser, 1960;

Leventhal & Huynh, 1996). Rather than teaching Type S errors as statistical quantities to

compute and report in a manuscript, instructors can use them to emphasize the importance of

aligning statistical decisions with the inferential goals. Instructors may also introduce the idea

that when power is very low, even the direction of a statistically significant result can be

misleading. This message may resonate more with students than visualizing power curves.

The concept of an exaggeration ratio is especially helpful when introducing students to

the consequences of publication bias and selective reporting. Even without delving into the

mathematical derivation, Figure 1 clearly shows how filtering for significance results in inflated

effect size estimates. This can serve as a foundation for teaching the idea that significant effects

from studies with low power are not only uncertain, but often systematically overestimated. The

same idea can be taught through the concept of a critical effect size (Perugini et al., 2025) by

illustrating how low power limits which effect sizes can be reliably distinguished from random

noise. In follow-up courses, teachers could introduce the exaggeration ratio as a function of the
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statistical power of the test, and explain the limitations of studies with low power. We have often

heard the statement ‘If the power of a study is low, the main risk is failing to detect an effect that

is actually present’, which overlooks the risk that a statistically significant effect from a study

with low power may be substantially overestimated. Another common misconception that Type

M errors can prevent is the idea that “If the sample is small and the result is statistically

significant, the effect must be large”, which fails to acknowledge that the effect can be small, and

that all effects selected for significance are substantially inflated. The Type M error can also be

used to explain the difference between the inferential goals of hypothesis testing and estimation,

revealing that tests that reject the null hypothesis inform us about the presence of an effect, but

do not provide accurate effect size estimates. In more advanced courses, instructors may

introduce tools for bias detection (e.g., funnel plots, p-curve analysis) or methods to compute

bias-adjusted effect size estimates (Bartoš & Schimmack, 2020; Simonsohn et al., 2014; Stanley,

2017; Van Assen et al., 2015).

When taught properly, the concepts of Type S and M errors can help to bridge the gap

between statistical theory and the realities of scientific practice. They offer a narrative that aligns

with the goals of open and rigorous science: understanding the risks of false directional claims,

exploratory tests without error control, the limitations of studies with low power, bias in the

published literature, and emphasizing the value of reporting all research findings, for example

through study registries or Registered Reports. Teaching students to think about the inferential

claims they can - and cannot - make is important to improve their statistical literacy, and will

bolster the critical thinking skills of students when they read claims in the scientific literature.

Conclusion

Gelman and Carlin (2014) propose to compute Type S and M errors for planned or

performed statistical tests (see also Altoè et al., 2020). However, both for conceptual and

practical reasons we see limited value in quantifying Type S errors and the exaggeration ratio (or
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Type M error) for individual studies. We share the general concern that researchers should design

informative studies, and be cautious when interpreting the results from studies with low power,

especially when combined with selection bias. Type S and Type M errors can be used to create

awareness of the limitations of studies where researchers did not follow best practices, and they

can play a role in statistics education to improve students’ understanding of how uninformative

studies with low power are. However, we believe there are more useful alternative statistical

approaches to address these concerns. Instead of reporting Type S error rates, researchers should

perform tests against a range of values considered theoretically or practically equivalent to 0.

Instead of reporting Type M errors, researchers should report bias-corrected effect size estimates

provided by methods such as p-uniform, and report the critical effect size.
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