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Abstract:
Accurate interpretation of medical literature is essential for evidence‑based clinical practice. Among 
statistical measures, the P value remains one of the most frequently used and most frequently 
misunderstood concepts in clinical research. Conventionally, a P < 0.05 was considered the primary 
criterion for determining statistical significance. However, reliance on this threshold alone may lead to 
overestimation of clinically unimportant findings or failure to recognize clinically meaningful effects in 
underpowered studies. Recent recommendations emphasize the importance of interpreting P values 
together with confidence intervals, effect sizes, and study design characteristics. This review discusses 
the basic principles of P values, common misconceptions, statistical errors, practices that threaten 
scientific validity, and complementary statistical approaches that can improve clinical interpretation. 
The aim is to provide clinicians and researchers with a practical framework for evaluating statistical 
findings in medical studies.
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Introduction

The P value is one of the most commonly 
reported statistical measures in medical 

research. Despite its widespread use, 
it remains one of the most frequently 
misunderstood statistical concepts. For 
many years, a P < 0.05 was considered the 
primary indicator of a successful study 
outcome. However, this binary approach 
may lead to inappropriate conclusions 
regarding both statistical and clinical 
significance.

The threshold of P  <  0.05 was originally 
introduced by Ronald Fisher  as  a 
practical guideline rather than a strict 
decision rule.[1] Over time, this threshold 

became widely accepted as a standard 
criterion for determining statistical 
significance in biomedical research. This 
practice has contributed to important 
methodological concerns and has led 
several scientific organizations, including 
the American Statistical Association, to 
publish recommendations regarding the 
interpretation and reporting of P values.[2,3]

Current evidence‑based medicine principles 
emphasize that statistical significance alone 
should not determine the interpretation of 
research findings. Clinical significance, effect 
size, confidence intervals, study design, and 
statistical power should all be considered 
when evaluating evidence. Therefore, 
clinicians should understand both the 
strengths and limitations of P values when 
interpreting medical literature.

This review addresses several common 
questions regarding the interpretation of 
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P values in clinical research. It also discusses common 
misconceptions, statistical pitfalls, and alternative 
approaches that may improve evidence‑based clinical 
decision‑making.

Question 1: What Is a P Value and What 
Does It Not Mean?

Statistical hypothesis testing is based on two competing 
hypotheses: the null hypothesis that assumes there is no 
difference between groups or no effect of the intervention 
being studied, and the alternative hypothesis assumes 
that a difference or effect exists.

Within this context, the P value represents a conditional 
probability; it measures the likelihood of observing 
the current study data  –  or findings even more 
divergent  –  under the strict assumption that the null 
hypothesis is absolutely correct.[4,5] In practical terms, 
it estimates how compatible the observed data are with 
the assumption that no true difference exists between 
the groups being compared.

Because results vary from one random sample to 
another, hypothesis testing should also be understood 
in terms of repeated sampling. If the null hypothesis is 
true and a significance level of α =0.05 is prespecified, 
repeated use of the same testing procedure would lead 
to rejection of the true null hypothesis in approximately 
5% of studies in the long run; this is the Type I error rate. 
Importantly, the P value obtained in a single study is not 
the probability that the null hypothesis is true. Instead, 
it quantifies how compatible the observed data are with 
the null hypothesis.[2,4]

The P  value ranges from 0 to 1. Smaller P  values 
indicate that the observed findings are less compatible 
with the null hypothesis. However, the P  value does 
not directly answer many of the clinical questions that 
physicians seek to address. Therefore, several common 
misconceptions about P  values persist in medical 
literature. The following statements are incorrect 
interpretations of P values:

If P  =  0.03, there is a 97% probability that the 
treatment is effective
This interpretation is incorrect. P value does not estimate 
the probability that a treatment is effective or ineffective.

If P = 0.09, there is no difference between the two 
treatments
This interpretation is also incorrect. A  nonsignificant 
P  value does not prove that two treatments are 
equivalent. It only indicates that the available data do not 
provide sufficient evidence to reject the null hypothesis.

A P value of 0.001 indicates a larger clinical effect 
than a P value of 0.03
This statement is incorrect because the P  value does 
not measure the magnitude of an effect. It only reflects 
the compatibility of the observed data with the null 
hypothesis.[4,6]

Consider a study comparing a new thrombolytic protocol 
with standard treatment for reducing 30‑day mortality 
in patients with acute pulmonary embolism. Suppose 
the analysis yields P = 0.020. This result indicates that if 
there were truly no difference between the treatments, 
the probability of observing the reported difference, or 
a more extreme result, would be 2%.

Because this probability is relatively low  (P  <  0.05), 
the null hypothesis may be rejected according to 
conventional statistical criteria. However, this result 
does not prove that the new treatment is definitively 
superior. It also does not indicate the magnitude or 
clinical importance of the observed effect. Additional 
measures, such as confidence intervals and effect sizes, 
are required to determine the clinical relevance of the 
findings.

Question 2: Does Statistical Significance 
Always Imply Clinical Significance?

No, it certainly does not. Statistical significance and 
clinical significance are related but fundamentally 
different concepts. Statistical significance tells us how 
unlikely the observed difference would be if there 
were truly no differences between the groups. Clinical 
significance, however, refers to whether the magnitude 
of the observed effect is meaningful for patients and 
healthcare providers.

One of the most important factors influencing statistical 
significance is sample size.[7] As the sample size increases, 
even very small differences between groups may 
become statistically significant. Conversely, studies 
with small sample sizes may fail to detect clinically 
important differences. Studies with very large datasets 
are particularly susceptible to identifying statistically 
significant findings that have little or no clinical 
relevance. This occurs because increasing the sample 
size reduces the standard error and increases statistical 
power, making small differences more likely to reach 
conventional significance thresholds.

A practical example can be considered in emergency 
medicine. Suppose a multicenter study evaluates two 
analgesic treatments in 10,000 patients presenting with 
acute mechanical low back pain. Pain severity is assessed 
using the Visual Analog Scale  (VAS), which ranges 
from 0 to 100 mm. The results show that analgesic A 



Şener: P value in clinical research

Turkish Journal of Emergency Medicine - Volume 26, Issue 4, October-December 2026	 283

reduces pain by an average of 42 mm, whereas analgesic 
B reduces pain by 44  mm. Although the difference 
between the groups is only 2  mm, the large sample 
size may produce a highly significant P value, such as 
P = 0.001. Despite its statistical significance, this finding 
may not be clinically meaningful. In pain research, 
the minimal clinically important difference generally 
accepted for the VAS is approximately 13 mm. Therefore, 
a difference of only 2 mm is unlikely to influence clinical 
decision‑making or improve patient outcomes.

This example illustrates an important principle of 
evidence‑based medicine: statistical significance does not 
necessarily indicate clinical importance. Interpretation 
of study findings should therefore include assessment 
of the effect size, confidence intervals, clinical relevance, 
and the potential impact on patient care rather than 
relying solely on the P value.

Question 3: What Is the Relationship 
between the P Value and Confidence 

Intervals?

A P value provides information about how compatible 
the study data are with the null hypothesis. However, 
it does not provide information about the magnitude, 
direction, or precision of an observed effect. Confidence 
intervals provide additional information and are 
therefore considered an essential component of statistical 
reporting.[2,4]

Current recommendations emphasize that P  values 
should be interpreted together with confidence intervals 
rather than reported alone. Confidence intervals provide 
an estimate of the range within which the true population 
effect is likely to lie. They also allow researchers and 
clinicians to assess the precision of the estimate and the 
potential clinical importance of the findings. The width 
of a confidence interval is influenced primarily by the 
variability of the data and the sample size. Larger sample 
sizes generally produce narrower confidence intervals, 
indicating greater precision. Conversely, smaller sample 
sizes often result in wider confidence intervals and 
greater uncertainty. For a sample mean, an approximate 
95% confidence interval can be calculated as:

95% confidence interval = Mean ± (1.96× [standard 
deviation/√sample size])

In this formula, the sample mean represents the center of 
the confidence interval. The standard deviation reflects 
the variability of the observations, whereas the sample 
size affects the precision of the estimate. The expression 
“standard deviation divided by the square root of the 
sample size” represents the standard error of the mean. 
The constant 1.96 represents the critical value from the 

standard normal distribution that captures 95% of the 
data, meaning that 2.5% of the probability lies in each 
tail. As the sample size increases, the standard error 
decreases, resulting in narrower and more precise 
confidence intervals.

There is a direct mathematical relationship between 
P values and confidence intervals, but the relevant null 
value depends on the effect measure being reported. 
Importantly, this interpretation concerns the confidence 
interval for a between‑group effect estimate, not the 
confidence interval for the raw values of a variable within 
a single group. For difference measures, such as a mean 
difference or risk difference, the null value is 0. Thus, 
if the 95% confidence interval for the between‑group 
difference includes 0, the data are compatible with no 
difference between the groups at the corresponding 
two‑sided significance level; if 0 is excluded, the result 
is generally statistically significant at P < 0.05. This does 
not mean that the measured variable itself is zero. For 
example, when comparing temperatures between two 
locations, the relevant quantity is the confidence interval 
for the difference in mean temperature, not whether 
the confidence interval for the temperature in either 
location contains 0°C. For ratio measures, such as odds 
ratios (OR) and relative risks (RR), the null value is 1. 
A 95% confidence interval that includes 1 is typically not 
statistically significant, whereas an interval that excludes 
1 is generally statistically significant.[4]

The importance of confidence intervals can be 
demonstrated using three hypothetical studies 
evaluating two vasopressor treatments in critically ill 
patients [Table 1].

Although Scenarios A and B have identical P values, their 
interpretations differ substantially. In Scenario A, with a 
small sample size, the wide confidence interval indicates 
considerable uncertainty, and a clinically important effect 
cannot be excluded. The lack of statistical significance 
may be related to insufficient statistical power. In 
contrast, Scenario B has a narrow confidence interval 
centered near the null value, suggesting that the two 
interventions likely have similar effects. In this case, the 
absence of statistical significance is more consistent with 
a true lack of clinically important difference. Scenario C 
with a huge sample size demonstrates another important 
limitation of relying solely on P values. Despite a highly 
significant P value, the confidence interval remains close 

Table 1: The influence of sample size and confidence 
intervals on the interpretation of study findings
Clinical scenario n OR 95% CI P
Scenario A 75 0.448 0.177–1.133 0.090
Scenario B 20,000 0.951 0.897–1.008 0.090
Scenario C 60,000 0.945 0.914–0.977 0.001
n: Sample size, OR: Odds ratio, CI: Confidence interval
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to the null value, suggesting that the observed effect size 
may be small and of limited clinical importance.

These examples illustrate why confidence intervals 
should always be considered when interpreting study 
findings. Reporting only P values may lead to incomplete 
or misleading conclusions regarding the clinical 
relevance of research results.[8]

Question 4: What Does “No Significant 
Difference” (P ≥ 0.05) Mean?

One of the most common errors in interpreting medical 
research is to conclude that a nonsignificant result 
proves that no difference exists between interventions. 
However, a P ≥ 0.05 does not demonstrate equivalence 
or lack of treatment effect. It only indicates that the 
available data do not provide sufficient evidence to reject 
the null hypothesis. In statistical hypothesis testing, the 
null hypothesis is never formally accepted. Instead, 
researchers conclude that there is insufficient evidence to 
reject it. Therefore, the statement “there is no difference 
between treatments” should be used cautiously when 
interpreting nonsignificant findings.

A nonsignificant result may reflect one of two situations. 
First, there may truly be no clinically meaningful 
difference between the groups being compared. Second, 
a real difference may exist, but the study may not have 
included enough participants to detect it statistically. This 
latter situation is known as a Type II error. A Type II error 
represents a methodological blind spot where a study 
overlooks a genuine treatment effect, typically because 
a restricted sample size underpowers the statistical 
analysis. Statistical power refers to the probability 
of detecting a clinically meaningful difference when 
such a difference actually exists. In clinical research, a 
statistical power of at least 80% is generally considered 
acceptable. Insufficient sample size is one of the most 
common causes of low statistical power. This issue is 
particularly important in studies involving rare diseases, 
uncommon complications, critically ill patients, or pilot 
investigations. In these settings, a clinically relevant 
treatment effect may remain undetected because the 
study population is too small.[7]

For example, consider a study evaluating a new 
neuroprotective intervention after cardiac arrest. Suppose 
the intervention improves favorable neurological 
outcomes by 6%, but the study includes an insufficient 
number of patients. The statistical analysis may 
produce a P  ≥  0.05. This result does not prove that 
the intervention is ineffective. Instead, it suggests that 
the available evidence is insufficient to establish a 
statistically significant benefit.

For this reason, clinicians should interpret nonsignificant 
findings together with information regarding sample 
size, confidence intervals, and statistical power. Studies 
reporting nonsignificant results should also be evaluated 
to determine whether an appropriate sample size 
calculation and power analysis were performed before 
patient enrollment.[8]

In evidence‑based medicine, the absence of statistical 
significance should not automatically be interpreted as 
the absence of a clinically meaningful effect.

Question 5: What Is p‑Hacking?

P‑hacking refers to the practice of performing multiple 
statistical analyses or modifying analytical strategies 
in an attempt to obtain statistically significant results. 
This practice can occur intentionally or unintentionally 
and represents a major threat to the validity and 
reproducibility of scientific research.

Several factors contribute to p‑hacking in medical 
research. These include “Publish or Perish” pressure, 
preference for statistically significant findings, and the 
misconception that a study without significant results 
has limited scientific value. As a result, researchers may 
perform additional analyses that were not specified 
before the study began.

One common form of p‑hacking involves conducting 
multiple subgroup analyses after the primary analysis 
fails to demonstrate a statistically significant effect. 
Researchers may divide the study population according 
to age, sex, disease severity, or other characteristics and 
perform repeated statistical tests until a significant result 
is identified. However, statistically significant findings 
obtained through multiple unplanned analyses may 
reflect random variation rather than true biological or 
clinical effects.[7]

Another form of p‑hacking involves repeated examination 
of the data during patient recruitment. In this situation, 
investigators repeatedly analyze the results before the 
planned sample size has been reached and terminate the 
study when a statistically significant result is observed. 
This practice increases the probability of obtaining 
false‑positive findings.

Additional examples of p‑hacking include selecting 
cutoff values after reviewing the data, performing 
multiple alternative statistical analyses, and selectively 
excluding observations that do not support the desired 
outcome. Similarly, increasing the sample size beyond 
the originally planned number of participants solely 
to achieve statistical significance may lead to the 
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identification of statistically significant but clinically 
unimportant differences.[8]

To reduce the risk of p‑hacking, study protocols and 
statistical analysis plans should be defined before data 
collection begins. Registration of clinical studies in 
publicly accessible databases, such as ClinicalTrials.
gov, improves transparency and reduces the possibility 
of selective reporting. In addition, researchers and 
clinicians should interpret unexpected subgroup 
findings cautiously, particularly when these analyses 
were not prespecified in the original study protocol.

Recognition of p‑hacking is essential for the critical 
appraisal of medical literature. Statistical significance 
alone should not be considered sufficient evidence of a 
clinically meaningful effect.

Question 6: How Do Multiple Comparisons 
Flaw Statistical Inference?

In hypothesis testing, the probability of a Type I error, 
also known as a false‑positive result, is typically set at 
5% (α = 0.05). When a single primary hypothesis is tested, 
this threshold indicates that there is a 5% probability 
of incorrectly concluding that a difference exists when 
no true difference is present. However, when multiple 
statistical tests are performed within the same study, 
the probability of obtaining at least one false‑positive 
result increases. This issue is particularly important in 
studies involving multiple subgroup analyses, secondary 
outcomes, or exploratory post hoc analyses.[9]

For example, consider a study evaluating a new 
treatment strategy in patients with acute respiratory 
failure. Suppose the primary analysis shows no 
statistically significant difference in mortality between 
the intervention and control groups  (P  =  0.120). 
Investigators may subsequently perform additional 
analyses based on 5 respiratory support subgroups. 
For instance, they might isolate and analyze the 
Non‑invasive Mechanical Ventilation subgroup and 
declare that the drug is significantly effective within this 
specific cohort (e.g. P = 0.035). However, such findings 
often occur by chance because of repeated testing. As 
the number of statistical comparisons increases, the 
cumulative probability of obtaining a false‑positive result 
also increases. Therefore, studies involving multiple 
comparisons should apply statistical methods that adjust 
for this increased risk.

The Bonferroni correction is one of the most commonly 
used approaches for controlling Type  I error.[9] This 
method adjusts the significance threshold by dividing 
the conventional alpha value (0.05) by the total number 
of statistical comparisons performed. For the previous 

example, if five independent subgroup analyses are 
conducted, the corrected significance threshold becomes 
0.01  (0.05/5). The Bonferroni correction reduces the 
probability of false‑positive findings and improves the 
reliability of statistical inference. However, because it is 
a conservative approach, it may also increase the risk of 
false‑negative results, particularly in studies with limited 
sample sizes.

When interpreting studies that report significant findings 
from multiple subgroup analyses, clinicians should 
determine whether appropriate correction methods were 
applied. Findings derived from unplanned analyses 
without adjustment for multiple testing should be 
interpreted with caution.

Question 7: What Is the Future of the 
P Value?

In contemporary medical research, P  values remain 
widely used but are increasingly interpreted alongside 
other statistical measures. Current methodological 
approaches emphasize that P values alone are insufficient 
for evaluating the clinical importance of study findings. 
Consequently, greater attention has been directed 
toward Bayesian methods, effect size measures, and 
estimation‑based statistical reporting.[2,6]

Bayesian analysis differs from conventional hypothesis 
testing by incorporating prior knowledge into statistical 
inference. Instead of focusing solely on whether observed 
findings are compatible with the null hypothesis, 
Bayesian methods estimate the probability that a 
hypothesis is true after considering both prior evidence 
and newly obtained data. This approach more closely 
reflects the clinical reasoning process used by physicians 
in everyday practice.

One practical application of Bayesian reasoning is the 
assessment of diagnostic tests. In patients with suspected 
pulmonary embolism, for example, clinicians combine 
the pretest probability of disease with the diagnostic 
characteristics of laboratory or imaging tests to estimate 
the posttest probability.[10] Tools such as the Fagan 
nomogram facilitate this process and allow clinicians 
to make more individualized decisions based on the 
available evidence.[10,11] In clinical practice, Bayesian 
analysis delivers a concrete percentage that is directly 
applicable to bedside decisions.[12,13]

Another important concept in modern statistical 
interpretation is effect size. Unlike the P value, which 
only reflects statistical significance, effect size measures 
the magnitude of an observed effect and its potential 
clinical importance. Several effect size measures are 
commonly used in clinical research.
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Standardized mean difference (Cohen’s d)
This measure is used when comparing continuous 
variables between independent groups. By general 
consensus, effect size benchmarks are categorized using 
Cohen’s thresholds, where a value of 0.20 signifies a 
subtle impact, 0.50 reflects a medium shift, and 0.80 or 
above indicates a prominent clinical difference.[14]

Odds ratio and relative risks
These measures quantify associations between an 
intervention or exposure and a categorical outcome, 
but they describe different quantities. RR compares 
event probabilities directly  (risk in the intervention/
exposed group divided by risk in the control/unexposed 
group), whereas the OR compares event odds, defined as 
p/(1 − p), between groups. RR is often more intuitive when 
risks can be estimated directly, such as in randomized 
trials and cohort studies, whereas OR is commonly used 
in case–control studies and logistic regression. When an 
outcome is rare, the OR approximates the RR; when the 
outcome is common, the OR may appear farther from 
the null value than the RR and should not be interpreted 
as if it were an RR. For example, a RR of 0.60 indicates a 
40% lower risk of the outcome in one group compared 
with the other.[12] Another clinically useful measure is the 
number needed to treat, which represents the number 
of patients who must receive an intervention to achieve 
one additional beneficial outcome.

Correlation coefficients
Correlation coefficients describe the strength and 
direction of the relationship between two continuous 
variables. Values closer to zero indicate weaker 
associations, whereas values approaching  −  1 or  +  1 
indicate stronger relationships. Here, the P value alone 
is not informative. Although cutoff values vary across 
fields, an absolute coefficient below 0.30 generally 
indicates a “poor” correlation; 0.30–0.59, “fair;” 0.60–0.79, 
“moderately strong;” and 0.80 or higher, “very strong;” 
and 1.00, a “perfect” correlation.[15]

Area under the receiver operating characteristic 
curve
This measure evaluates the diagnostic or prognostic 
performance of the ROC analysis. Values range from 
0.50, indicating no discriminatory ability, to 1.00, 
indicating perfect discrimination. In clinical research, 
values above 0.80 are generally considered indicative 
of good diagnostic performance.[13,16]

Hazard ratio
This measure is used in time‑to‑event analyses and 
describes the relative occurrence of an event over time 
between two groups. For example, a hazard ratio of 0.50 
indicates that the event rate is reduced by approximately 
50% in one group compared with the other.[17]

Conclusion

Modern evidence‑based medicine requires a 
comprehensive approach to statistical interpretation. 
Clinicians should avoid relying exclusively on P values 
and should consider confidence intervals, effect 
sizes, study design, statistical power, and clinical 
relevance when interpreting research findings. 
Integrating these measures provides a more accurate 
assessment of the strength and applicability of clinical 
evidence.
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