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L E T T E R  T O  T H E  E D I T O R

Magnitude‐based Inference is not Bayesian and is not a valid 
method of inference

When people thought the earth was flat, they 
were wrong. When people thought the earth was 
spherical, they were wrong. But if you think that 
thinking the earth is spherical is just as wrong 
as thinking the earth is flat, then your view is 
wronger than both of them put together.1 

Isaac Asimov

Recently, Diong2 wrote a commentary for the Scandinavian 
Journal of Medicine and Science in Sports critiquing a study 
by Pamboris et al3 for not correctly interpreting confidence in-
tervals that contained zero. Pamboris et al4 wrote a response 
letter in return, seeking to rebut Diong's critique and arguing 
that they were appropriately implementing Magnitude‐based 
Inference (MBI), which they argue is “based on Bayesian infer-
ence and [the] conclusions are robust.”4 They neglect, however, 
that multiple statisticians5-7 including Bayesian statisticians8,9 
have strongly critiqued and even called for rejection of MBI as 
a method of inference. In this commentary, we hope to resolve 
some of that ambiguity and concisely explain why MBI is not a 
robust method of statistical inference.

In their response letter, Pamboris et al4 correctly note that 
Diong2 defined confidence intervals inaccurately. However, 
Diong's definitional error does not undermine her central 
argument, which is that the original authors have reached 
conclusions that are not justified by the data. Pamboris et al 
compared slow dynamic stretching (SDS) to fast dynamic 
stretching (FDS) in an 18‐person crossover design.3 They 
concluded that “SDS showed greater improvement than FDS 
in both neuromechanical and sensorimotor performance,” 
but the differences observed between conditions in this small 
sample were completely consistent with random variation 
due to sampling variability, as we will show. As with numer-
ous papers in the sport and exercise literature, the use of MBI 
led the authors to reach overly optimistic conclusions.

Pamboris et al4 claim that their conclusions are justified 
because the “interpretation of our results was according to the 
recommended MBI procedures,” but MBI is not an established 
statistical method. To date, MBI has never been published in a 
statistical journal10-12 nor have equations with formal notation 
ever been provided. Instead, MBI is implemented in Microsoft 

Excel spreadsheets, solely available from www.sport sci.org, 
with no clear documentation or version control.13,14 Pamboris 
et al4 also fail to cite the numerous critiques of MBI from 
statisticians in the academic literature5-9 and in the popular 
press.15,16 Further, their arguments neglect that MBI has been 
questioned or outright banned by major sports medicine jour-
nals.17,18 Prima facie, this evidence should make one skeptical 
about the legitimacy of MBI. Using the Pamboris et al paper3 
as a motivating example, we will give a brief review of MBI 
and explain why it is not a robust method of inference.

1 |  WHAT IS MBI?

As a method, MBI arose from an understandable desire to 
put more emphasis on effect sizes and estimation. MBI clas-
sifies results into three categories of effect size: harmful (or 
negative), trivial, and beneficial (or positive). Pamboris et al3 
defined as trivial any values between −0.2 and +0.2 in stand-
ardized effect size units, the default values recommended 
by MBI's creators,10,11 and, in our experience, the values se-
lected by the vast majority of MBI practitioners.

MBI next assigns probabilities that the true effect is either 
beneficial (positive), trivial, or harmful (negative). For exam-
ple, Pamboris et al3 report a 74% chance that SDS improves 
positional error relative to FDS (their table 33). These proba-
bilities are derived from an interpretation of confidence inter-
vals and P‐values that we will demonstrate is incorrect. In the 
MBI Excel spreadsheets, MBI calculates one‐sided P‐values 
from standard hypothesis tests.5 The one‐sided P‐value for 
benefit gives the probability that the observed data (or values 
more extreme) would have arisen if the intervention was not 
beneficial (eg, true effect ≤ 0.2). For example, a P‐value of 
0.10 tells us that an effect at least as large as the one in our 
sample had a 10% chance of arising if the intervention was 
not beneficial. This can be written as:

Recall that the “|” symbol means “given that” or “condi-
tioned on.” Also, note that for simplicity, we will use “data” 

P−value=P (data|true effect≤0.2)=10%
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to denote the observed value and all values more extreme. 
As is taught in all introductory statistics classes, the P‐value 
does not tell us the probability that the true effect is beneficial 
or not beneficial given the data:

Yet, this is exactly how MBI interprets it. MBI concludes 
that there is a 10% chance that the intervention is not ben-
eficial and a 90% chance that it is beneficial. Interpreting 
P‐values in this way is equivalent to interpreting frequentist 
confidence intervals as if they were Bayesian credible inter-
vals; we will later show why this is incorrect.

Interestingly, Pamboris et al appear to be unaware of 
the math underlying the spreadsheets as they state in their 
response letter4 that their inferences “have nothing whatso-
ever to do with NHST [null hypothesis significance testing].” 
In fact, the MBI probabilities are calculated based on stan-
dard hypothesis tests. The spreadsheets used by Pamboris et 
al implement two one‐sided t tests with non‐zero null val-
ues.5 This was shown mathematically by Welsh & Knight.5 
To confirm this, we simulated data from a randomized trial 
with n = 10 per group and a normally distributed outcome 
(with SD 1.0 and means of 0.1 and 0 in the experimental and 
control groups, respectively). When we analyzed these data 
in the MBI spreadsheet for comparing two means (xCom-
pare2groups.xls), we got a probability of benefit of 35.603%. 
When we ran Welch's t test for unequal variances with 
H0 = 0.2 and one‐sided (for benefit) in SAS version 9.4, we 
got a P‐value of 0.64397. 1‐0.64397 = 0.35603.

Magnitude‐based Inference provides the following 
qualitative descriptors for the probabilities: 0.5% is most 
unlikely; 0.5%‐5% is very unlikely; 5%‐25% is unlikely; 
25%‐75% is possible; 75%‐95% is likely; 95%‐99.5% is very 
likely; and 99.5% is most likely.10,11 MBI also deems effects 
unclear when the probabilities of harm and benefit are both 
elevated, typically ≥5%, which is equivalent to the 90% con-
fidence interval overlapping both the harmful and beneficial 
ranges. Accordingly, in their tables, Pamboris et al3 label 
effects as “unlikely,” “possible,” “likely,” “very likely,” and 
“unclear.”

2 |  HOW HAVE STATISTICIANS 
CRITICIZED MBI?

Statisticians have noted several problems with MBI, in-
cluding that it lacks a sound mathematical foundation, 
incorrectly interprets frequentist statistics (P‐values and 
confidence intervals), and gives overly optimistic infer-
ences, increasing the risk of finding spurious effects, espe-
cially when using small samples.

Magnitude‐based Inference was first introduced in the 
peer‐reviewed literature in 2006.10 The method was later crit-
icized in the same journal by the statisticians Richard Barker 
and Matthew Schofield, who argued that the only way to 
make probabilistic statements about true effects—such as: 
“There is a 90% chance that the intervention is beneficial”—
is to adopt a fully Bayesian approach.8 They also noted that 
MBI draws incorrect, and overly optimistic, inferences from 
confidence intervals, as shown in Figure 1.

For example, in the Pamboris study,3 participants experi-
enced an average 39.8% improvement in muscle strain in the 
SDS compared with the FDS condition with 90% confidence 
interval of −16.9% to 96.5% (Figure 1). According to MBI 
methodology, this gives the conclusion that SDS is “likely 
beneficial” compared with FDS. But the correct interpre-
tation of this confidence interval (assuming that −16.9% is 
within the trivial range) is that SDS is “not harmful” relative 
to FDS (Figure 1). As such, concluding that “SDS showed 
greater improvement than FDS in both neuromechanical and 
sensorimotor performance” is not warranted.

In 2015, another pair of statisticians—Alan Welsh and 
Emma Knight—again raised the alarm about MBI.5 The 
mathematical formulas implemented in the MBI spread-
sheets are not published anywhere, so Welsh and Knight 
painstakingly extracted the algorithms from the cells of the 
Excel spreadsheets. They showed that, among other issues, 
the method leads to inflated rates of Type I error. Recall that 
Type I errors are false‐positive errors.

In response to this critique, MBI's creators published a 
2016 paper in the journal Sports Medicine claiming that MBI 
has better Type I and Type II error rates than standard hy-
pothesis testing.19 This claim is dubious at face value, since 
Type I and Type II error necessarily trade off. Indeed, stat-
istician Kristin Sainani (co‐author of this paper) used both 
math and simulation to definitively disprove their claim.6 She 
showed that, for typical usage, MBI yields unacceptably high 
Type I error rates and that MBI's sample size calculators are 
tuned to maximize Type I error.

The crux of Welsh and Knight's, and Sainani's argu-
ments is that MBI inflates the risk of concluding benefit for 
ineffective interventions. Like statistical significance test-
ing, MBI provides thresholds of evidence. Instead of high-
lighting P < 0.05 or P < 0.01, MBI practitioners highlight 
“possible” or “likely” effects. For example, Pamboris et al3 
call out one “likely” and several “possible” differences be-
tween SDS and FDS (see their table 3)3 and use these find-
ings to justify their conclusion that “SDS showed greater 
improvement than FDS in both neuromechanical and sen-
sorimotor performance.” But MBI's evidentiary thresholds 
are extremely weak.20 Using math and simulation, we esti-
mate that—for the way MBI is typically applied in the lit-
erature—the “possible” bar is comparable to using a 
significance threshold as high as P < 0.60, and the “likely” 

P (true effect≤0.2|data)≠P (data|true effect≤0.2)≠10%
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bar is comparable to using a significance threshold as high 
as P < 0.25.1  This means that when an intervention is com-
pletely ineffective, MBI practitioners will find false‐posi-
tive “possible” effects as much as 60% of the time and 
false‐positive “likely” effects as much as 25% of the time. 
Unfortunately, MBI practitioners have not been informed 
that these levels of evidence are weak: Pamboris et al, for 
instance, insist that “our conclusions are robust.”4

In fact, the evidence that Pamboris et al3 present to support 
their claims is weak. Though Pamboris et al3 did not present 
standard P‐values for their comparisons, it is easy to calculate 
these from the confidence intervals provided. The P‐value gives 
important information about the level of evidence that the data 
provide regardless of whether one performs a binary signifi-
cance test. For example, Pamboris et al3 found that SDS has a 
“likely beneficial” effect on muscle strain compared with FDS. 
We back‐calculated the two‐sided P‐value for this comparison 
(for the null hypothesis of true effect = 0) as P(T17≥(39.8%/32.4%) 

or T17≤(−39.8%/32.4%)) = 0.24.2 This means that if there was 
truly no difference between the conditions, we would have seen 
a difference of 39.8% or bigger in nearly a quarter of studies just 
by chance. Note that all other between‐condition comparisons 
(eg, torque) were associated with even higher P‐values, mean-
ing they represent even weaker levels of evidence.

Claims from MBI studies are being propagated in the 
literature as definitive findings. In their discussion section, 
Pamboris et al3 cite a previous study21 that they say: “found a 
decrease in muscle fascicle strain combined with an increase 
in muscle stiffness.” This reference is to an MBI study that 
provided similarly weak levels of evidence for its conclusion. 
Yet, the findings are not qualified as being based on weak ev-
idence, but instead are presented as conclusive. When these 
claims are wrong, they are false‐positive errors.

MBI's creators have argued against these various critiques 
not in the peer‐reviewed literature, but on their personal web-
site, which is primarily trafficked by sports scientists, not 
statisticians.22 This creates the illusion of an active debate, 
when in fact MBI has no support from the mainstream statis-
tical community. It is important to note, additionally, that their 
counterarguments have never questioned the math presented by 
statisticians.5,6,8,9 Rather, in response to these various critiques, 
MBI's creators have focused on attacking classical frequentism 

1 Using the math and simulations from Sainani 20186, we calculated the 
Type I error rates (when true effect = 0) for the “possible” and “likely” 
thresholds for a variety of scenarios. The error rates change depending on 
study design, variance, sample size, and MBI parameters, but—when using 
values similar to what we have seen in MBI studies in the literature—were 
as high as 25% for the “likely” threshold and 60% for the “possible” 
threshold. In the literature we reviewed, MBI practitioners predominantly 
used small studies (median effect size for single group studies was 14 and 
for multi‐group studies was 10 per group), set the maximum risk of harm at 
5%, and treated both directions equivalently.

2 The 90% confidence interval for muscle strain is: 39.8%±56.7%. standard 
error = 56.7/T17,0.05 = 56.7/1.75 = 32.4%. T17 =

39.8%

32.4%
= 1.23, two‐sided 

p‐value = 0.24

F I G U R E  1  This figure shows the appropriate inferences that can be drawn from different 95% confidence intervals (or 90% for a lower level 
of confidence, as in the Pamboris paper3) based on how they fall relative to the harmful, trivial, and beneficial ranges and contrasts these with the 
incorrect inferences that MBI draws. Shaded 90% confidence interval is similar to the confidence interval, −16.9% to 96.5%, for improvement in 
muscle strain for SDS versus FDS in the paper by Pamboris et al3. They used this finding as well as several “possibly” beneficial findings to justify 
their conclusion that “SDS showed greater improvement than FDS in both neuromechanical and sensorimotor performance.” Figure is based on 
Barker and Schofield8
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and then shifted their description of MBI. In response to Welsh 
and Knight's paper,5 they wrote that “MBI is quite possibly the 
ideal frequentist‐Bayesian hybrid.”12 More recently, they have 
begun to describe MBI as purely Bayesian as a method to avoid 
critiques of MBI. On their website, they write:

We advise researchers to describe their infer-
ences about magnitudes as the legitimate refer-
ence Bayes with a dispersed uniform prior when 
submitting manuscripts to any journal banning 
MBI.22

Pamboris and colleagues’ response letter adopts this tac-
tic,4 claiming “Our inferences are Bayesian” despite never 
describing the methods as Bayesian in the original paper.3 
In the sections that follow, we will explain what a Bayesian 
analysis is and why MBI is not a valid Bayesian analysis.

3 |  WHAT IS A BAYESIAN 
ANALYSIS?

As previously described, P‐values give the probability of the 
observed data (and all more extreme values) given a null hy-
pothesis such as “the true effect is not beneficial” or “the true 
effect is 0”:

The P‐value is not the probability that the true effect is or 
is not beneficial given the data:

The latter quantity is what we would often like to know, 
but we cannot infer this probability directly from the data. 
Rather, we have to apply Bayes’ rule, which requires addi-
tional information (in red):

The additional information in the numerator is called the 
“prior probability” and reflects our beliefs about the true 
effect prior to conducting the study. Probabilities about the 
data are called the “likelihood” function. Combining the like-
lihood function and the prior probability gives the “posterior 
probability,” which is what we want to know. For simplicity, 
this is often written as:

Bayesian analysis of data does not calculate a single 
probability alone, but instead calculates a full probability 

distribution. Using the posterior probability distribution, 
Bayesians can compute “credible intervals” which give the 
probability that the true effect falls within a certain range. 
For example, a 90% Bayesian credible interval of −1.5 to 5.0 
tells us “There is a 90% chance the true effect lies between 
−1.5 and 5.0.” Interpreting a P‐value as a Bayesian posterior 
probability is equivalent to interpreting a confidence interval 
as a Bayesian credible interval.

Finally, it is important to note that just because a posterior 
distribution can be calculated that does not make it neces-
sarily valid or reliable. The prior distribution represents an 
assumption about the nature of reality. As with any model 
assumption, the prior distribution must be explained, justi-
fied, and tested.

4 |  WHY IS MBI NOT A BAYESIAN 
ANALYSIS?

The MBI spreadsheets make inferences solely based on 
frequentist statistics.5 They do not implement any type of 
Bayesian analysis. What MBI does is to interpret frequentist 
statistics as if they were Bayesian statistics. In this section, 
we will explain why this is not an acceptable approach.

A defining feature of a Bayesian analysis is the incor-
poration of a prior probability distribution. As previously 
mentioned, frequentist statistics give probabilities about data 
given a hypothesis (eg, “The probability of the data if the 
intervention were equivalent to control is 10%.”). The prob-
lem is that we would prefer to obtain the probability of a hy-
pothesis given the data (eg, “There is a 90% chance that the 
intervention is beneficial.”). Bayesian statistical methods cal-
culate these probabilities by incorporating additional infor-
mation beyond what the data alone provide. This additional 
information is called the “prior probability distribution.” As 
described above, the choice of prior can greatly affect the re-
sults, particularly when dealing with small samples.

Pamboris and colleagues equate MBI to “Bayesian infer-
ence with a default prior.”4 But “default prior” is not suffi-
cient detail for a scientific paper. For example, a common 
“default” choice when comparing means is the Cauchy prob-
ability distribution (which looks like a normal distribution 
but has more area in the tails). Even then, there is not a single 
Cauchy distribution—there is an infinite number determined 
by the distribution's scale parameter. A Bayesian employing 
a Cauchy prior would perform a sensitivity analysis to deter-
mine how the choice of scale parameter affects the results. 
MBI practitioners do not specify a prior and do not reflect 
on how the choice of prior might affect their results. This is 
because they do not actually incorporate a prior.

Magnitude‐based Inference attempts to simply bypass 
the prior. Rather than using the central Bayesian formula: 
posterior ∝ likelihood × prior, MBI instead assumes that 

P−value=P (data|true effect≤0.2)

P (data|true effect≤0.2)≠P (true effect≤0.2|data)

P(true effect≤0.2|data)=
P(data|true effect≤0.2)P(true effect≤0.2)

P(data)

posterior ∝ likehood×prior
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posterior  =  likelihood in all cases, and thus that frequen-
tist P‐values and confidence intervals can be given a direct 
Bayesian interpretation. In MBI, P‐values are interpreted as 
Bayesian posterior probabilities or, equivalently, confidence 
intervals are interpreted as Bayesian credible intervals. There 
are several problems with this: (1) MBI users are never re-
quired to specify or justify their prior, think about its impli-
cations, or perform sensitivity analyses to gauge the effect 
of the choice on their results; and (2) For simple problems, 
such as comparing means with a known standard deviation, 
confidence intervals are equivalent to credible intervals (and 
P‐values to posterior probabilities) when one assumes a 
“flat” (or “uniform”) prior.8,23 But flat priors are unrealistic 
for most applications in biomedicine and sports science, as 
we will explain below.

Magnitude‐based Inference has been described as a 
Bayesian analysis with a flat prior,10 but writings on MBI 
fail to inform users of the implications of a flat prior. A flat 
prior means that literally all effect sizes are equally likely. 
This is an unrealistic assumption in biomedicine because it 
implies that almost every intervention has a substantial effect, 
many have impossibly large effects, and all of these effects 
are equally likely.23-25 A flat prior will almost always lead 
to overly optimistic inferences because—by starting with the 
assumption that the intervention almost certainly works (has 
a non‐trivial effect)—it stacks the deck in favor of finding 
a non‐trivial effect. As Zwet23 writes: “The uniform prior 
is not realistic at all in the context of bio‐medical research. 
Consequently, its use leads to overestimation of the magni-
tude of the regression coefficient and overconfidence about 
its sign.” As Greenland24 states: “…a flat prior is generally 
nonsensical in scientific terms and suboptimal for both fre-
quentist and Bayesian decision and inference; at most flat 
priors only serve to bound results from optimized or sensible 
priors.”

For instance, Pamboris et al3 report that stretching in-
creased isometric torque, a measure of muscle force, from 
91 to 95 Newton meters (Nm). A flat prior implies that it is 
just as likely that stretching would reduce torque to zero, or 
conversely, create superhuman strength with post‐stretching 
torque being 1000 Nm. This is obviously a completely un-
realistic assumption. Flat priors are particularly unrealistic 
for sports science as empirical data show that effect sizes in 
sport and exercise science are predominantly small.26-28 In 
fact, MBI is specifically advertised as a tool that is needed 
because small effects predominate in sports science.22

Greenland has demonstrated that frequentist P‐val-
ues and confidence intervals can be viewed as providing 
bounds on Bayesian posterior probabilities when assuming 
a prior symmetric around the null.25 We indeed believe that 
MBI probabilities provide an upper limit for a Bayesian 
posterior probability. In other words, when MBI returns 
“50% chance of beneficial” what this actually means is 

that 50% is the maximum chance that the intervention is 
beneficial. The choice of any other prior (assuming priors 
symmetric around the null) will lead to a lower probability. 
This means that using MBI as currently implemented will 
almost always present an overly optimistic picture of an 
intervention's effectiveness.

It is easy to see that interpreting all frequentist confidence 
intervals as Bayesian credible intervals (or, equivalently, 
interpreting all P‐values as Bayesian posterior probabili-
ties) will lead to overly optimistic inferences. Just imagine 
if all the 95% confidence intervals in the medical literature 
were suddenly interpreted as Bayesian credible intervals (as 
MBI would allow you to do29-31!). This would imply that at 
least 97.5% of all significant beneficial results would repre-
sent true positives, which runs directly counter to what we 
know to be true based on the current reproducibility crisis in 
biomedicine.32-35

Finally, it is important to recognize that MBI's eviden-
tiary thresholds (eg, “likely” and “possible”) represent weak 
levels of evidence whether taking a frequentist or Bayesian 
perspective. “Likely” beneficial effects typically correspond 
to what Bayesians would consider “anecdotal evidence” of 
an effect.36

5 |  PRACTICAL ISSUES WITH 
THE USE OF MBI

In addition to the theoretical issues with MBI, we believe 
that its use encourages poor statistical practices. Researchers 
performing MBI analyses overwhelmingly use the MBI 
Excel spreadsheets. Unfortunately, the black box approach 
that these spreadsheets promote means that researchers are 
neither exposed to the statistical theory claimed to underpin 
MBI (Bayesian inference), nor the computational procedures 
involved in generating the test statistics, creating confusion 
regarding the methods used and results produced. For exam-
ple, in their response letter, Pamboris et al4 make the bizarre 
claim:

We have used the pre‐post parallel groups trial 
spreadsheet, as this calculation tool compares 
the difference from pre‐ to post‐changes be-
tween the slow and fast dynamic stretching con-
dition thus eliminating type I error4 (emphasis 
added).

This statement is erroneous—Type I error is not eliminated 
by comparing pre‐ and post‐changes. Also, their reference to 
MBI as a “Bayesian analysis with a default prior” without any 
explanation of its implications suggests a lack of understanding 
of Bayesian statistics. Finally, their claim that their inferences 
“have nothing whatsoever to do with NHST”4 suggests a lack 
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of awareness that the Excel spreadsheets implement standard 
hypothesis tests.

MBI encourages this lack of critical thinking, fostering 
instead the application of “statistical rituals.”37 Rather than 
exercising judgment over the validity of their statistical 
methods, researchers instead heedlessly transcribe results 
generated through the calculations of the MBI spreadsheets. 
MBI is not alone in operating as a black box (indeed, many 
programs allow users to implement statistical methods the 
users do not understand), but MBI critically lacks rigorous 
review and documentation. As we have mentioned, MBI's au-
thors have never presented a mathematical formulation of the 
method and the method has never been published in a statisti-
cal journal. MBI's supporting documentation is also limited. 
Tracking the workflow through the various dependencies 
within the spreadsheets is at once confusing and time‐con-
suming, and subject to following the often‐verbose instruc-
tions and explanations—a “note” attached to one spreadsheet 
cell is over 800 words long. This can be contrasted with other 
statistical software, where code and documentation are re-
viewed, critiqued, and published in the mainstream literature 
(eg, the Journal of Statistical Software).

An example of this cookbook approach is in the transfor-
mation of variables. In reviewing numerous MBI papers, we 
have noticed that authors commonly log‐transform their data 
with little explanation given other than that they did so to 
“deal with the non‐uniformity of errors.”38-43 This phrase is 
not conventional statistical language at all: a Google search 
reveals that it is used on www.sport sci.org and then almost 
exclusively in MBI papers in the sports medicine literature. 
In most cases, there is no indication that authors have actu-
ally examined their data distributions or checked assumptions 
such as normality and homogeneity of variances to warrant a 
log transformation. While it is sometimes appropriate to log‐
transform, it should not be done indiscriminately or without 
justification. Log transformation can make the results diffi-
cult to interpret (eg, what would it mean to say that a certain 
type of warm‐up improves the log of race time by 0.8?). Use 
of logs can also make it harder to check simple numbers, thus 
making it easier for numerical errors and inconsistencies to 
go undetected.

Pamboris et al3 log‐transformed all but two of their vari-
ables, with no explanation for these choices. The log trans-
formation makes their tables extremely difficult to follow 
and we believe has introduced inconsistencies in the in-
ferences. For example, muscle strain changed by −38.00% 
in the SDS condition (see their table 1) and −13.20% in 
the FDS condition (see their table 2), which—presumably 
due to the log transformations—somehow translates to a 
between‐condition difference of 39.80% (see their table 
3).3 This 39.80% is reported alongside a standardized ef-
fect size of 0.50, with no explanation of how the standard-
ized effect size was calculated. Worryingly, the confidence 

interval for the raw data, 39.80% ± 56.70%, yields different 
inferences than the confidence interval for the effect size, 
0.50 ± 0.89. The back‐calculated P‐value from the former 
is 0.24 but from the latter is 0.32, demonstrating inconsis-
tency. Furthermore, we can use the effect size confidence 
interval to directly calculate the MBI beneficial probabil-
ity as follows: p(T17>(0.50‐0.20)/(0.89/1.75)) = 72%. But 
this does not match the value given in the table, which is 
80%. Finally, it is unclear as to why the confidence inter-
vals are symmetric: if confidence intervals were built on 
the log‐transformed data and then back‐transformed (ex-
ponentiated), one would expect the confidence intervals to 
be asymmetric.

Researchers that use the MBI Excel spreadsheets fre-
quently neglect to provide adequately detailed descriptions 
of their methods, precluding appraisal of their validity. We 
note that in the Statistical Analysis section of their article, 
Pamboris et al3 simply state which spreadsheets they used 
and then cite a webpage (www.sport sci.org) that only pro-
vides instructions for how to use the spreadsheets, not the 
mathematical theory that underpins them, nor the compu-
tations that produce the results.13 This makes it hard to vet 
or replicate the results. For example, we cannot determine 
whether Pamboris et al3 used the correct analysis for com-
paring the SDS and FDS conditions. When comparing 
conditions in a crossover trial, one needs to account for the 
within‐person correlation. Pamboris et al3 say they used the 
“pre‐post parallel groups trial spreadsheet” for this analysis, 
but having downloaded and scrutinized the spreadsheet13—
which appears intended only for independent groups—it is 
unclear whether it correctly handles correlated observations. 
Indeed, we suspect that the MBI approach used treats cor-
related observations as independent, a basic statistical error 
described in any introductory statistics course.

Curiously, the necessity for thorough specification of 
methods is conceded to some degree in a commentary ap-
pended to the spreadsheets on the www.sport sci.org website:

Data analysis through use of the spreadsheet 
will require careful description in the meth-
ods section of submitted manuscripts to satisfy 
those reviewers committed to more traditional 
statistical significance44 (emphasis added).

There is a theme here: MBI should be described in what-
ever terms are necessary for wider acceptance. We believe it 
self‐evident that careful description of methods is essential for 
all scientific articles submitted for publication and especially 
so when the study authors are using unconventional and unval-
idated methods. How else are we as peers to judge the validity 
of their approach? Suggestions that sufficient disclosure is nec-
essary merely to appease reviewers of any particular statistical 
inclination stands antithetical to the drive for an open research 
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culture45 and contributes nothing to remedying the reproduc-
ibility problems in scientific research.32-35

6 |  CONCLUSION

Magnitude‐based Inference has admirable goals. 
Researchers should pay less attention to statistical signifi-
cance and more attention to effect sizes and precision. The 
devil is in the details, however, and MBI does not solve the 
problems associated with statistical significance testing. 
For the mathematical and practical reasons listed above, 
MBI increases the number of false‐positive findings in the 
literature, does not have a reproducible implementation, 
and does all of these things with a pastiche of Bayesian 
rigor. Thus, far from being a methodological remedy, MBI 
actually hurts reproducibility.

Despite regular criticism, the alleged benefits of MBI have 
led many teams of researchers to uncritically apply MBI in 
their own work. MBI's creators even write on their website22:

MBI has become popular in exercise and 
sports science, because we have provided 
the tools, and the tools provide the research-
ers with an avenue for publishing previously 
unpublishable effects from small samples22 
(emphasis added).

The problem with small studies is that chance variation 
has a greater relative effect on findings, making it more diffi-
cult to distinguish real effects from noise. Indeed, it is easily 
demonstrated that we should have less faith in the results of 
a small study irrespective of whether the results are to reject 
or not reject the null hypothesis. MBI increases the risk of 
false positives—interpreting noise as signal—and it is dou-
bly problematic that proponents of MBI specifically advocate 
this as an advantage of their method in the setting of small 
samples.

Statistical methods used in medical research studies are 
reported first in the methodologic literature and are often 
subject to considerable discussion, debate, and testing. For 
instance, see the legitimate debate about significance test-
ing and its appropriate use in different fields of study.46,47 
In some cases, statistical methods are proposed that are later 
found to be invalid by other statisticians, and their use is then 
dropped. With MBI, a circuitous path of self‐citation sug-
gests rigorous methods development, but deeper digging re-
veals this is not the case. MBI has never been published in a 
statistical journal where its strengths and weaknesses could 
be empirically tested and debated by individuals versed in 
methods for the evaluation of statistical methods.48 Instead, 
papers on MBI have only been published in sports medicine 
journals or on the website www.sport sci.org. This history can 

also be seen in how critiques of MBI5,6 are met with coun-
terarguments19,49 that fail to directly address the criticisms 
raised or math presented20 and never result in modifications 
or adaptations to the method. Instead, proponents of MBI 
have continually shifted the goal‐posts—for example, first 
claiming that MBI has superior Type I and Type II errors19 
and then claiming that Type I and Type II errors are irrelevant 
because MBI is a Bayesian method.22

We have also been struck how MBI proponents have ad-
opted language found more typically in cultural and politi-
cal battles than in science. For instance, in a blog post50 that 
starts “I am not a qualified statistician,” Buchheit states that 
“MBI changed my life” and describes critiques of MBI using 
phrases such as “battle of position or power,” “close minded‐
attitudes,” and “like … battles of religion.” Without engaging 
substantively with any criticism of MBI, Buchheit says that 
he “trust[s] the analytical foundations of MBI” and that this 
“trust is based on the following: [Batterham] and [Hopkins] 
are amongst the most highly cited researchers in exercise and 
sport, their knowledge of the inference literature is clearly be-
yond reproach.” This is us‐and‐them talk: “they” (established 
statisticians) are close‐minded and using their power against 
“us” (MBI users), good people who can be trusted; yes, every 
reputable statistician who has examined MBI has concluded 
it to be invalid, but (with a strange sort of logic) that just 
shows how biased “they” are.

To their credit, the creators and proponents of MBI have 
a deep concern for statistical practices in sport and exercise 
science and have highlighted legitimate issues: over‐reliance 
on statistical significance, erroneous “acceptance” of the 
null hypothesis, persistent publication bias, and chronically 
under‐powered studies are all problems. However, correct 
identification of a problem does not provide a solution and 
there are plenty of means for addressing these problems 
while using valid statistical methods.

Regardless of the method of inference, we also need to fix 
more basic issues: errors in experimental design, data integ-
rity, data cleaning and checking, basic statistical literacy, and 
basic logical reasoning.51 We need better statistical education 
so that researchers understand the strengths and limitations of 
valid analysis methods. We also need a healthy dose of statis-
tical respect. Applied statistics is its own discipline with rig-
orous pipelines for methodological development. Researchers 
should not feel safe behind MBI's claim of producing a result 
consistent with a “default prior.”48 Flat priors represent very 
specific assumptions about the nature of reality, and those 
assumptions are (almost always) wrong for sports scientists. 
Furthermore, if one is to adopt a prior, it needs to be done in 
a Bayesian analysis with appropriate justification and sensi-
tivity testing. MBI ignores the specification of a prior com-
pletely and is thus definitively not Bayesian.

Magnitude‐based Inference has certain superficial similar-
ities with Bayesian statistics. But you cannot send a baseball 
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team to England and describe them as cricket players just be-
cause they try to hit a ball with a bat. The incorrect claim that 
MBI is a Bayesian analysis is similarly just not cricket and 
does real damage. This claim has led Pamboris et al4 to assert 
that, “Nevertheless, readers may be assured that our analysis 
based on Bayesian inference methods and our conclusions are 
robust.” As we have shown however, conclusions drawn from 
“possible” or “likely” results in MBI are neither Bayesian nor 
robust. MBI is not a valid nor reproducible method of statis-
tical inference and should not be used.

ACKNOWLEDGEMENTS

This work was supported by: National Cancer Institute P30‐
CA008748. KLS, KRL, and PRJ contributed equally to the 
work with authorship order being determined by a random 
number generator in R.

Kristin L. Sainani1

Keith R. Lohse2,3

Paul Remy Jones4

Andrew Vickers5

1Department of Health Research and Policy, Division of 
Epidemiology, Stanford University, Stanford, California

2Department of Health, Kinesiology, & 
Recreation, University of Utah, Salt Lake City, Utah

3Department of Physical Therapy & Athletic 
Training, University of Utah, Salt Lake City, Utah

4Department of Sports Medicine, Norwegian School of Sport 
Sciences, Oslo, Norway

5Department of Epidemiology and Biostatistics, Memorial 
Sloan Kettering Cancer Center, New York, New York

Correspondence
Andrew Vickers, Department of Epidemiology and 

Biostatistics, Memorial Sloan Kettering Cancer Center, New 
York, NY.

Email: vickersa@mskcc.org

ORCID

Kristin L. Sainani   https://orcid.
org/0000-0003-0614-303X 

REFERENCES

 1. Asimov I. The relativity of wrong. The Skeptical Inquirer. 
1989;14:35‐44.

 2. Diong J. Confidence intervals that cross zero must be interpreted 
correctly. Scand J Med Sci Sport. 2019;29:476.

 3. Pamboris GM, Noorkoiv M, Baltzopoulos V, Mohagheghi AA. 
Dynamic stretching is not detrimental to neuromechanical and sen-
sorimotor performance of ankle plantar flexors. Scand J Med Sci 
Sport. 2019;29:200‐212.

 4. Pamboris GM, Noorkoiv M, Baltzopoulos V, Mohagheghi AA. 
Response to letter to the editor by Diong 2018 “Confidence inter-
vals that cross zero must be interpreted correctly”. Scand J Med Sci 
Sport. 2019;29:478.

 5. Welsh AH, Knight EJ. “Magnitude‐based inference”: a statistical 
review. Med Sci Sports Exerc. 2015;47:874.

 6. Sainani KL. The Problem with “Magnitude‐Based Inference”. Med 
Sci Sports Exerc. 2018;50:2166‐2176.

 7. Curran‐Everett D. Magnitude‐based Inference: good idea but 
flawed approach. Med Sci Sports Exerc. 2018;50:2164‐2165.

 8. Barker R, Schofield M. Inference about magnitudes of effects. Int 
J Sports Physiol Perform. 2008;3:547‐557.

 9. Mengersen KL, Drovandi CC, Robert CP, Pyne DB, Gore CJ. 
Bayesian estimation of small effects in exercise and sports science. 
PLoS ONE. 2016;11:e0147311.

 10. Batterham AM, Hopkins WG. Making meaningful inferences 
about magnitudes. Int J Sports Physiol Perform. 2006;1:50‐57.

 11. Hopkins WG, Marshall SW, Batterham AM, Hanin J. Progressive 
statistics for studies in sports medicine and exercise science. Med 
Sci Sports Exerc. 2009;41:3‐12.

 12. Batterham AM, Hopkins WG. The case for magnitude‐based infer-
ence. Med Sci Sports Exerc. 2015;47:885.

 13. Hopkins WG.Spreadsheets for analysis of controlled trials, cross-
overs and time series; 2017. https ://sport sci.org/2017/wghxls.htm-
Accessed March 22, 2019.

 14. Hopkins WG.Spreadsheets for analysis of controlled trials; 2006. 
https ://sport sci.org/2006/wghco ntrial.htm Accessed March 22, 2019.

 15. Aschwanden C, How NM.Shoddy Statistics Found a Home in Sports 
Research; 2018. https ://fivet hirty eight.com/featu res/how-shoddy-
stati stics-found-a-home-in-sports-resea rch/ Accessed April 4, 2019.

 16. Tabb M.Inside the weird world of online fitness advice that’s hard 
to debunk with real science; 2019. https ://qz.com/15725 56/can-
you-tell-bad-fitne ss-advice-and-brosc ience-from-real-scien ce/Ac-
cessed April 4, 2019.

 17. Nevill AM, Williams AM, Boreham C, et al. Can we trust 
“Magnitude‐based Inference”? J Sports Sci. 2018;36:2769‐2770.

 18. Gladden L. editorial note to batterham and hopkins letter and 
Sainani reponse. Med Sci Sports Exerc. 2019;51(3):601.

 19. Hopkins WG, Batterham AM. Error rates, decisive outcomes and 
publication bias with several inferential methods. Sports Med. 
2016;46:1563‐1573.

 20. Sainani KL. Response. Med Sci Sports Exer. 2019;51:600.
 21. Pamboris GM, Noorkoiv M, Baltzopoulos V, Gokalp H, 

Marzilger R, Mohagheghi AA. Effects of an acute bout of dy-
namic stretching on biomechanical properties of the gastrocne-
mius muscle determined by shear wave elastography. PLoS ONE. 
2018;13:e0196724.

 22. Hopkins WG, Batterham AM.Advice on the Use of MBI: A Comment 
on The Vindication of Magnitude‐Based Inference; 2018. http://sport 
sci.org/2018/Comme ntsOn MBI/wghamb.htm Accessed March 22, 
2019.

 23. van Zwet E. A default prior for regression coefficients. Stat 
Methods Med Res. 2018. [Epub ahead of print]. https ://doi.
org/10.1177/09622 80218 817792

 24. Greenland S, Interview with Sander Greenland. Examine.com 
Research Digest. 2018;49:12‐15.

 25. Greenland S, Poole C. Living with P values: resurrecting a 
bayesian perspective on frequentist statistics. Epidemiology. 
2013;24(1):62‐68

https://orcid.org/0000-0003-0614-303X
mailto:
mailto:vickersa@mskcc.org
https://orcid.org/0000-0003-0614-303X
https://orcid.org/0000-0003-0614-303X
https://orcid.org/0000-0003-0614-303X
https://sportsci.org/2017/wghxls.htm
https://sportsci.org/2006/wghcontrial.htm
https://fivethirtyeight.com/features/how-shoddy-statistics-found-a-home-in-sports-research/
https://fivethirtyeight.com/features/how-shoddy-statistics-found-a-home-in-sports-research/
https://qz.com/1572556/can-you-tell-bad-fitness-advice-and-broscience-from-real-science/
https://qz.com/1572556/can-you-tell-bad-fitness-advice-and-broscience-from-real-science/
http://sportsci.org/2018/CommentsOnMBI/wghamb.htm
http://sportsci.org/2018/CommentsOnMBI/wghamb.htm
https://doi.org/10.1177/0962280218817792
https://doi.org/10.1177/0962280218817792


1436 |   LETTER TO THE EDITOR

 26. Lauersen JB, Bertelsen DM, Andersen LB. The effectiveness of ex-
ercise interventions to prevent sports injuries: a systematic review 
and meta‐analysis of randomised controlled trials. Br J Sports Med. 
2014;48:871‐877.

 27. Lohse K, Buchanan T, Miller M. Underpowered and overworked: 
problems with data analysis in motor learning studies. J Mot Learn 
Dev. 2016;4:37‐58.

 28. Costigan SA, Eather N, Plotnikoff RC, Taaffe DR, Lubans DR. 
High‐intensity interval training for improving health‐related fitness 
in adolescents: a systematic review and meta‐analysis. Br J Sports 
Med. 2015;49:1253‐1261.

 29. Barrett S, McLaren S, Spears I, Ward P, Weston M. The influence 
of playing position and contextual factors on soccer players’ match 
differential ratings of perceived exertion: a preliminary investiga-
tion. Sports. 2018;6:13.

 30. Delaney JA, Thornton HR, Duthie GM, Dascombe BJ. Factors that 
influence running intensity in interchange players in professional 
rugby. Int J Sports Physiol Perform. 2016;11:1047‐1052.

 31. Liu H, Hopkins WG, Gómez MA. Modelling relationships between 
match events and match outcome in elite football. Eur J Sport Sci. 
2016;16:516‐525.

 32. Begley CG, Ioannidis JP. Reproducibility in science: improv-
ing the standard for basic and preclinical research. Circ Res. 
2015;116:116‐126.

 33. Science O. Collaboration. Estimating the reproducibility of psy-
chological science. Science. 2015;349:aac4716.

 34. Baker M. 1,500 scientists lift the lid on reproducibility. Nat News. 
2016;533:452.

 35. Munafò MR, Nosek BA, Bishop D, et al. A manifesto for reproduc-
ible science. Nat Hum Behav. 2017;1:0021.

 36. Sainani KL. Response. Med Sci Sports Exerc. 2018;50:2611.
 37. Gigerenzer G. Mindless statistics. J Socio‐Econ. 2004;33:587‐606.
 38. Phibbs PJ, Jones B, Roe G, et al. Organized chaos in late special-

ization team sports: weekly training loads of elite adolescent rugby 
union players. J Strength Cond Res. 2018;32:1316‐1323.

 39. Robineau J, Babault N, Piscione J, Lacome M, Bigard AX. Specific 
training effects of concurrent aerobic and strength exercises depend 
on recovery duration. J Strength Cond Res. 2016;30:672‐683.

 40. Roe GA, Darrall‐Jones JD, Till K, Jones B. Preseason changes in 
markers of lower body fatigue and performance in young profes-
sional rugby union players. Eur J Sport Sci. 2016;16:981‐988.

 41. Schroer AB, Saunders MJ, Baur DA, Womack CJ, Luden ND. 
Cycling time trial performance may be impaired by whey protein 
and L‐alanine intake during prolonged exercise. Int J Sport Nutr 
Exerc Metab. 2014;24:507‐515.

 42. Stanley J, Buchheit M, Peake JM. The effect of post‐exercise hy-
drotherapy on subsequent exercise performance and heart rate vari-
ability. Eur J Appl Physiol. 2012;112:951‐961.

 43. Tofari PJ, Cormack SJ, Ebert TR, Gardner AS, Kemp JG. 
Comparison of ergometer‐and track‐based testing in junior track‐
sprint cyclists. Implications for talent identification and develop-
ment. J Sports Sci. 2017;35:1947‐1953.

 44. Cox AJ.Commentary on spreadsheets for analysis of controlled 
trials; 2006 https ://sport sci.org/2006/ajc.htm Accessed March 22, 
2019.

 45. Nosek BA, Alter G, Banks GC, et al. Promoting an open research 
culture. Science. 2015;348:1422‐1425.

 46. Ho J, Tumkaya T, Aryal S, Choi H, Claridge‐Chang A. Moving 
beyond P values: everyday data analysis with estimation plots. 
BioRxiv. 2018. https ://doi.org/10.1101/377978

 47. Goodman SN. Why is getting rid of P‐values so hard? Musings on 
science and statistics. The Am Statistician. 2019;73(sup1):26‐30.

 48. Butson ML . Will the numbers really love you back: Re‐examining 
Magnitude‐based Inference. 2018. https ://osf.io/yvj5r/ 

 49. Hopkins WG, Batterham AM.The Vindication of Magnitude Based 
Inference; 2018. https ://www.sport sci.org/2018/mbivi nd.htm 
Accessed March 22, 2019.

 50. Buchheit M.A battle worth fighting: a comment on ‘The 
Vindication of Magnitude‐Based Inference; 2018. https ://www.
sport sci.org/2018/Comme ntsOn MBI/mb.htmAccessed March 22, 
2019.

 51. Leek JT, Peng RD. Statistics: P values are just the tip of the iceberg. 
Nat News. 2015;520:612.

https://sportsci.org/2006/ajc.htm
https://doi.org/10.1101/377978
https://osf.io/yvj5r/
https://www.sportsci.org/2018/mbivind.htm
https://www.sportsci.org/2018/CommentsOnMBI/mb.htm
https://www.sportsci.org/2018/CommentsOnMBI/mb.htm

