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Summary

P-values have traditionally guided clinical research, but over-reliance on them can lead to misinterpretation and poor
decision-making. This article highlights common misconceptions about P-values and suggests incorporating the mini-
mum clinically important difference (MCID) along with other metrics such as effect sizes and Bayesian methods.
Evidence-based practice is essential in anaesthesiology, and research findings should be evaluated in the context of

patient outcomes to guide clinical decisions.
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The P-value has been an essential component in assessing the
statistical significance of a study in clinical research. Despite
their widespread use, P-values are often misunderstood,
leading to misinterpretations that can negatively impact
clinical decision-making. In anaesthesia and critical care,
choosing an intervention without considering prior probability
(i.e. the likelihood of effectiveness based on existing evidence)
can lead to suboptimal patient outcomes. Over-reliance on
significance tests such as P-values without incorporating
previous context can result in poor clinical decisions. This
article discusses the importance of the P-value in research, its
misconceptions, the consequences of over-reliance on this
test, and the need to incorporate measures such as the mini-
mum clinically important difference (MCID) in almost all fields
of medicine, including anaesthesiology.

Misconceptions regarding P-values

One of the most common misconceptions about P-values
is the belief that they represent the probability that the
null hypothesis is correct. Many clinicians mistakenly
believe that a P-value of 0.05 suggests a 5% chance that the
outcome is a result of chance.! As emphasised by Staffa and

Zurakowski,”> P-values are often reported without accom-
panying effect estimates or confidence intervals (CIs), which
leads to confusion or misinterpretation. As a result, this
misunderstanding often leads to overconfidence in the re-
sults classified as significant. Another common misunder-
standing is the belief that P-values alone determine the
validity or importance of a finding. The common practice of
labelling results as ‘significant’ if the P-value is <0.05 over-
looks an important fact: statistical significance does not al-
ways mean the result is clinically relevant. Even if a study has
a large sample size and produces a statistically significant P-
value, the effect size might be so small that it does not make a
real difference in practice.”

As Gelman and Stern® pointed out, the distinction between
‘significant’ and ‘not significant’ is not necessarily meaningful
on its own, highlighting the limitations of relying solely on P-
values for interpreting results. Goodman® identified a ‘dirty
dozen’ of P-value misconceptions, noting that P-values do not
measure the size of an effect or the probability that the data
were produced by random chance alone. Consequently, this
misunderstanding can lead to the incorrect assumption that a
statistically significant result automatically has clinical
importance, which is not always true.
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Potential for type I errors in multiple
comparisons

Significance testing is associated with some degree of error,
such as type I and type II errors. A type I error, or ‘false posi-
tive’, occurs when the null hypothesis is incorrectly rejected,
suggesting an effect exists when it does not. Similarly, a type II
error, or ‘false negative’, occurs when the null hypothesis is
incorrectly accepted suggesting no effect when one actually
exists. In clinical trials, the concept of multiplicity arises
where multiple comparisons are made in a single study.” This
results in the amplification of type I error with an increase in
the number of statistical tests made. Family-wise error rate,
which is the probability of making at least one type I error
across a set of hypothesis tests, increases with the number of
tests in the set.

Multiple testing involves testing a set of hypotheses
simultaneously, and multiple group comparisons pertain to
investigations involving more than two study arms or the
performance of subgroup analyses. Multiplicity can occur in
various scenarios, including comparisons across multiple
subgroups, evaluations of multiple treatment arms, assess-
ments of multiple outcomes, or analyses of the same outcome
at different time points.® Researchers have corrected this issue
using post hoc analyses such as the Bonferroni adjustment.
This method modifies the significance threshold by dividing
the desired alpha level (typically 0.05) by the number of com-
parisons being made. For example, a study that has 10 com-
parisons would have an adjusted threshold of 0.005, which
would help reduce the chances of type I error.” However,
reducing the P-value to 0.005 can pose significant challenges,
as discussed below. Even then, the possibility that results are
attributable to random variability remains.

Consequences of over-reliance on P-values

In light of these challenges, an increase in dependence on P-
values has led to several negative trends in clinical research.
One major issue is publication bias, where studies with small
P-values have a greater chance of getting published, whereas
those with larger than standard cut-offs are often disregarded.
Such bias can skew the evidence, potentially leading to the
adoption of treatments that are either ineffective or harmful.”
Specialities such as anaesthesiology, which focus heavily
on patient outcomes, can be seriously affected by mis-
interpretations or manipulations of results. Moreover, the
focus on achieving a P-value <0.05 has led some researchers to
engage in unethical practices such as P-hacking, where data
are manipulated or analysed in multiple ways to achieve
significance.”

Greenland'! has argued that although valid P-values func-
tion as intended, they are frequently misused and misunder-
stood, which can result in misleading criticism and improper
applications in research. To counter these issues, he recom-
mended incorporating S-values instead, which quantifies the
strength of association in terms of bits, making the data less
prone to misinterpretation. The S-value is the negative log
base 2 transformation of the P-value, also known as ‘Surprisal’
or ‘Shannon information’, and is measured in bits. The S-value
represents the amount of information in the data against the
background assumptions, model, and test hypothesis. For
example, a P-value of 0.05 corresponds to an S-value of 4.32,
which is only slightly more surprising than getting all heads in
four fair coin tosses. Thus, as the P-value approaches zero, the

S-value increases in bits, making it a more user-friendly metric
for assessing the strength of evidence.?

Understanding the P-value

The first step in addressing these problems is to understand
what a P-value actually represents. A P-value indicates the
probability of observing a result as extreme as that obtained,
assuming the null hypothesis is true if the experiment were
repeated a large (i.e. infinite) number of times.? It does not
measure the probability that the null hypothesis is true, the size
of an effect, or its clinical importance. A low P-value
indicates that the observed results would be unlikely under the
null hypothesis, suggesting that the null hypothesis may not be
true. However, itis crucial to note that this does not necessarily
confirm that the treatment is effective or that the observed ef-
fect has practical significance in a clinical context.”®

Blume and colleagues'* introduced the second-generation
P-value (SGPV) to tackle some of the shortcomings of tradi-
tional P-values. Unlike the standard approach, the SGPV takes
into account effect size and ClIs, offering a more detailed view
of statistical significance and highlighting the importance of
effect sizes and their real-world relevance.’* The SGPV builds
on the traditional P-value by evaluating how uncertainty in-
tervals (such as ClIs) overlap with a null region representing
trivial effect sizes. Rather than simply testing a single null
hypothesis, it provides more nuanced conclusions: an SGPV of
0 indicates support for meaningful effects, 1 suggests only
trivial effects, and values between 0 and 1 indicate inconclu-
sive findings. This approach emphasises practical relevance
over statistical significance, helping to lower false discovery
rates, which represent the proportion of statistically signifi-
cant results that are false positives in a set of hypothesis tests.
SGPVs can be used with a variety of statistical methods,
including Bayesian intervals, making them a more flexible and
insightful alternative to conventional P-values.™

P-values in machine learning

In machine learning (ML), statistical significance testing is less
commonly used. Instead, model performance is validated us-
ing metrics such as the area under the curve (AUC) and
receiver operating characteristic (ROC) curves, which are bet-
ter suited for assessing model accuracy. The commonly used
evaluations in ML include accuracy, precision, recall, and F-1
score; however, examining these metrics individually has
certain limitations. To assess the performance of binary,
multiclass, and multilabel classifiers, additional metrics such
as the area under the receiver operating characteristic
(AUROC) and Kappa statistics should also be considered, as
they provide deeper insights into model suitability.'® A study
in Sweden developed the ICURE model to predict 30-day
mortality for ICU patients using nationwide data. The model
outperformed traditional methods such as the SAPS 3 score.
However, instead of relying solely on P-values, the model’s
performance was evaluated using the AUROC curves.'” This
reflects the shift in ML from focusing on statistical significance
to predictive accuracy, reducing the emphasis on traditional P-
value-based analysis.

Alternatives to P-values

Minimum clinically important difference and other clinically
meaningful measures.
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Given the limitations of P-values, there is a growing need
for measures that better represent clinical significance. MCID
is one such measure. It represents the smallest change in
outcomes that can be considered beneficial for patients and
would lead to a change in patient management.’® In contrast
to P-values, which focus only on statistical significance, MCID
emphasises the practical importance of research findings from
the patient’s perspective. In anaesthesiology, where the pri-
mary goal is to improve patient outcomes, incorporating MCID
into study design and interpretation is crucial. For example,
instead of focusing solely on whether a new analgesic tech-
nique produces a statistically significant reduction in pain
scores, researchers should consider whether the reduction is
large enough to improve the patient’s quality of life. According
to Draak and colleagues,’ MCID provides a framework for
assessing changes in clinical outcomes, such as pain scores,
which is crucial for patients.

In considering the relationship between sample size, power
calculations, and clinical significance, it is crucial to
acknowledge that traditional power calculations often assume
statistical significance without regard for practical relevance.
Using MCID in sample size calculations ensures that studies
are powered to detect clinically meaningful differences that
matter to patients. In addition, interpreting estimates and Cls
in reference to the MCID highlights the practical importance of
findings, helping clinicians decide if the findings are relevant
for improving patient care.

Consider this hypothetical example of a study evaluating
the effectiveness of a new analgesic in postoperative pain
management. The study reports a statistically significant
reduction in pain scores with a P-value of 0.03. However, the
absolute reduction in pain score is only 1 point on a 10-point
scale. Without considering the MCID, this result might be
interpreted as evidence that the new analgesic is effective.
However, if the MCID for pain relief is determined to be 2
points on the same scale, the reduction observed in the study
would not meet the threshold for clinical significance. In this
case, the treatment might not be deemed sufficiently effective
despite the statistically significant P-value. This example il-
lustrates the importance of integrating MCID with statistical
analysis to provide a more accurate interpretation of the
study’s clinical implications.

An example from real life is a study that used both anchor-
based and distribution-based methods to determine the MCID
for pain. For the 100 mm visual analogue scale (VAS), an MCID of
~10 mm was identified as clinically significant across various
postoperative procedures. Distribution methods included 0.3
sp, standard error of measurement (sem), and 5% of the scale
range. The study also reported pain reductions with 95% CIs to
ensure that the changes were both statistically significant and
clinically meaningful.?® The MCID can hence be used to inter-
pret whether observed differences exceed the threshold for
clinical relevance. This way, MCID serves as a critical missing
piece of a puzzle in interpreting results holistically.

Benjamin and Berger’’ made recommendations for
improving the use of P-values, advocating for a more informed
use and integrating P-values with other statistical measures.
The authors recommend lowering the threshold to 0.005,
which would increase the strength of evidence. They also
recommend reporting P-values alongside their Bayes factor
bound (BFB), which would help prevent overestimation of the
significance of the results. They also emphasise the use of
Bayesian analysis to provide a more complete picture of evi-
dence, that is, combining Bayes factor with prior odds, which

integrates evidence from other studies and provides a more
comprehensive assessment of results.

In addition to the MCID, we recommend using CIs for effect
estimates in inferential statistics. CIs and effect sizes should
be used alongside P-values to provide a more comprehensive
understanding of study results. CIs offer insight into the pre-
cision of an estimate and the range within which the true ef-
fect size is likely to lie, allowing for a clearer understanding of
the uncertainty surrounding the effect size. Standard de-
viations and variance are useful for descriptive statistics to
measure and describe the spread of data within a sample
rather than making inferences about the population. Standard
errors (SEs) play a dual role: they are descriptive in summa-
rising variability and essential in inferential statistics as they
are a key component in calculating CIs, hence aiding in mak-
ing inferences about population parameters. CIs can be
calculated as follows: CI = mean difference plus or minus 1.96
x SE, where 1.96 corresponds to 95% confidence. Figure 1 sum-
marises supporting methods that researchers can use in
addition to P-values to improve the interpretation and clinical
significance of their results.

Implications of alternative statistical
approaches in anaesthesia research

Implementation of alternative statistical approaches will
have significant implications in the field of anaesthesia
research. Lowering the significance threshold from 0.05 to
0.005 would reduce false positives and improve reproduc-
ibility.?? However, this would significantly increase the
required sample size to maintain adequate statistical power
for detecting meaningful effect sizes. This increase in sample
size could pose challenges for study design and feasibility,
particularly for those in low-resource settings. Hadjipavlou
and colleagues? further illustrate this by adjusting the power
and P-value while emphasising components of the Bradford
Hill criteria to achieve greater positive and negative predic-
tive values. This adjustment is crucial in trials evaluating
anaesthetic drugs, where small effects, such as slight de-
creases in recovery time, must be interpreted carefully to
avoid false conclusions. Furthermore, use of SGPVs also
lowers false positive risk and provides researchers with re-
sults that are easy to interpret.'* Adapting this approach will
help researchers present results reflecting effect magnitude
rather than relying solely on statistical significance. While
implementing this as a standard will be challenging, it will
emphasise the need to assess whether statistically significant
results translate into patient benefits, ultimately highlighting
the clinical relevance of findings.

For example, in a study comparing the effectiveness of
regional vs general anaesthesia for a specific procedure, both
might show similar statistically significant results, but using
SGPVs might indicate better recovery times with regional
anaesthesia, which is clinically more meaningful. The use of
MCID ensures that observed changes in clinical outcomes are
not only statistically significant but also meaningful from the
patient perspective. A systematic review by Laaigard and col-
leagues®* analysed 570 randomised controlled trials on post-
operative pain management after total hip and total knee
arthroplasty. Approximately 46% of trials with statistically
significant primary outcomes did not meet the MCID criteria,
indicating that although statistically significant, almost half of
the randomised controlled trials might not have been clini-
cally meaningful.
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Minimum clinically
important significance

Second-generation
P-values

Bayesian methods

In addition to P-values

Confidence intervals

S-value

Lower P-value threshold

Prioritises clinical
significance of desired
outcome

Evaluates overlap of
confidence interval with
null region, hence lowering
false discovery rates

Provides a framework
that includes prior
information and
probabilities

Helps interpret the
magnitude and variability
of the effect

Quantifies how surprising
the observed data are under
the null hypothesis

Reduces the probability
of type | errors

Fig 1. Summary of statistical methods in addition to P-values that further validate results.

Lastly, Bayesian methods provide a framework that in-
cludes prior information from relevant studies. A hypothetical
example by Frost and colleagues? involves a sepsis trial and
the effects of a new drug on improving 90-day mortality. The
results reveal a P-value >0.05, indicating insufficient statistical
significance for the new drug. However, Bayesian analysis of
the hypothetical trial indicates that the treatment is likely
beneficial. The posterior probability of an odds ratio (OR) being
<1.0, indicating a potential benefit, is estimated at 95%. In
addition, the probability of the OR being <0.9, which corre-
sponds to a 10% reduction in mortality, is 80%.

Conclusions

Misinterpretation of P-values has led to widespread mis-
conceptions in clinical research, which can result in inappro-
priate clinical decisions and potentially harmful patient
outcomes. Although P-values are a useful statistical tool, they
should not be the sole determinant of the significance or
importance of study findings. Clinicians and researchers must
understand the limitations of P-values and the importance of
incorporating clinically meaningful measures, such as MCID,
into their analyses. In anaesthesiology, where the goal is to
improve patient outcomes through evidence-based practice, it
is crucial to move beyond P-values and consider the practical
significance of research findings. By adopting a more holistic

approach that includes MCID, effect sizes, CIs, and Bayesian
methods, clinicians can make better-informed decisions that
truly benefit their patients.
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