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A B S T R A C T

The evolution of statistical thinking within the scientific community has developed over nearly three
centuries. The concept of “probability,” commonly represented by the p-value, has been applied in medical
research for more than a century. Its integration into hypothesis testing has played an important role in
advancing medical science. Nevertheless, the p-value has also become one of the most misunderstood and
misapplied statistical measures. The common practice of rigidly categorizing the probability value as being
above or below the 0.05 threshold has often taken on a dogmatic quality, at times resembling a doctrine rather
than a purely scientific criterion. In reporting experimental results and conducting hypothesis testing,
references to “statistical significance” are frequently equated with “truth”, while findings deemed “not
statistically significant” are mistakenly interpreted as “false”. This is a conflation and it is incorrect. The
objective of this article is to provide a concise review of the history of statistics in medicine, clarify the
development of the “probability value” concept, discuss its role in hypothesis testing, and consider its
interpretation alongside clinical significance.
For decades, researchers and statisticians have published numer-
ous alarming statements about what the p-value is and is not. In recent
years, much attention has been paid to this issue. However, the
medical community has largely ignored these statements.1

These declarations recommend: don’t base your conclusions solely
on whether an association or effect was found to be “statistically
significant”; don’t believe that an association or effect exists just
because it was statistically significant; don’t believe that an
association or effect is absent just because it was not statistically
significant; don’t believe that your p-value gives the probability that
chance alone produced the observed association or effect, or the
probability that your test hypothesis is true; and don’t conclude
anything about scientific or practical importance based on statistical
significance.1,2

This is a huge problem, and for this reason, many researchers
developed a call to retire statistical significance from scientific
publications and to use confidence intervals, stating that although it
will eliminate many bad practices, it could well introduce new ones.2,3
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They suggest eradicating categorization of p-value to halt overconfi-
dent claims, unwarranted declarations of ‘no difference’ and absurd
statements about ‘replication failure’ when the results from the
original and replication studies are highly compatible.3

The objective of this narrative review is to elucidate the
fundamental concepts that define the p-value, assess its function
within hypothesis testing, and clarify its interpretation with respect to
effect estimates, precision, and clinical significance. This review does
not intend to provide a comprehensive overview of statistical theory;
rather, it aims to present a conceptually sound and clinically relevant
framework for professionals involved in medicine and health research.
History of statistics in medicine

The advancement of statistics represents a pivotal transformation
in scientific research, replacing anecdotal evidence and subjective
bias with methods grounded in empirical analysis. This evolution
commenced in the seventeenth century, when quantitative methods
were introduced to systematically study physical and biological
phenomena and assess medical interventions.
 Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubiran. This is an
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Christiaan Huygens (1629–1695), was the precursor of the
probability concepts necessary to describe the bell-shaped curve,
nevertheless Abraham de Moivre (1667–1754), likely studied
Huygens’ treatise on probability and was the first to formally
articulate the symmetrical bell-shaped curve. By introducing the
normal curve, de Moivre resolved important challenges that had
hampered the work of mathematicians, particularly regarding the
average distribution of events. At the time, probability studies mainly
addressed questions arising from games involving dice, whose
outcomes could be accurately modelled using the binomial distribu-
tion to calculate the likelihood of specific results over a fixed number
of throws. Subsequently, the de Moivre–Laplace theorem demonstrat-
ed that the normal distribution could approximate the binomial
distribution.

Expanding the connection between statistics and medicine, Pierre-
Simon Laplace (1749–1827), advocated for the comprehensive
application of probability theory across all scientific fields, including
medicine. He posited that more dependable and precise decision-
making in medicine could be achieved through the systematic
comparison of outcomes, leading him to advocate strongly for
applying probability calculus within medical practice. He asserted
that clinical inferences would gain robustness with an increased
number of empirical observations, thereby mitigating uncertainty.4

While Laplace did not employ modern terms such as “sample size” or
“detection of small effects” his foundational concepts serve as a
historical cornerstone for contemporary medical statistics, directly
shaping methodologies such as power analysis and appropriate
sample size determination.5–7

This assertion generated significant debate within the medical
community. Pierre Jean Georges Cabanis (1757–1808), argued that
the unique characteristics of each patient necessitate clinical
judgment from an experienced physician, as opposed to relying
solely on quantitative analysis. He maintained that medical practice
involves relating patient-specific features to established knowledge,
thereby requiring individualized assessments rather than statistical
evaluation.8 Subsequently, Philippe Pinel (1745–1826), proposed that
physicians could assess treatment effectiveness by enumerating
favorable outcomes, indicating that probability calculations might
elevate medicine to a scientific discipline.9

Pierre Charles Alexandre Louis (1787–1872) embraced Laplace’s
assertion that probability theory could enhance judgment and reduce
errors in practice. He implemented systematic observation, meticu-
lous record-keeping, comprehensive analysis across multiple cases,
prudent generalization, and validation through autopsy studies. In his
research on typhoid fever patients, he noted that survivors tended to
be younger than those who succumbed to the disease and found an
association between bloodletting and increased mortality.10,11 Louis
is credited as one of the earliest advocates for randomized control
studies, initiating significant debates regarding the role of probability
theory and statistics within 19th-century medicine.

Friedrich Martius (1850–1923) argued that scientific medicine
cannot be established by imposing mathematical methodologies on
individuals due to their inherent subjectivity and variability. He
asserted that science should be grounded in knowledge acquired
through laboratory research rather than solely through data collection
and analysis. Similarly, Friedrich Oesterlen (1812–1877) maintained
that genuine scientific understanding in medicine must derive from
comprehending the causality of phenomena, rather than merely
identifying associations or correlations.12

Joseph Lister (1827–1912) initiated a major transformation in the
scientific understanding of medicine by introducing the principle of
antiseptic surgery at the University of Edinburgh.13 Utilizing
statistical methods and frequency analysis, Lister attributed the
underlying scientific rationale to germ theory and fundamental
immunology concepts developed by Louis Pasteur (1822–1895),
particularly Pasteur’s research on vaccination.14
2

Auguste Comte (1798–1857), maintained that empirical knowl-
edge alone was insufficient for the advancement of medical science.
Claude Bernard (1813–1878) further argued that progress in medical
science arises from individual observations generated by experimen-
tal physiology and the systematic synthesis of these findings, rather
than from statistics.15

Bernard’s research demonstrated that the identification of
physiological mechanisms is essential for comprehending and treating
diseases, establishing this as a foundational principle in biology and
medicine.15

The founders of the Statistical Society of London stated the primary
objective of statistics as the accumulation of data. During the 19th
century, biologists engaged in extensive data collection realizing the
intricate nature of research, leading them to believe that numerous
findings could be influenced by multiple causalities.16 At that time, it
was widely accepted that probability theory and empirical data were
distinct and should not be combined.

Sir Francis Galton (1822–1911) and Karl Pearson (1857–1936),
both members of the Statistical Society of London, were instrumental
in shifting perspectives on statistics within the scientific community.17

Galton, a half-cousin of Charles Darwin (1809–1882), studied
medicine at the University of Cambridge and inspired by Darwin,
applying novel statistical concepts to investigating the determinants
of heredity.

Pearson, a proteǵe ́ of Galton, further advanced Galton’s statistical
principles and contributed to the establishment of the English
Biometric School focused on inheritance. He also formulated the
Pearson’s correlation coefficient.18

William Sealy Gosset (1876–1937) worked for Guinness brewery
in Dublin. In 1904 he wrote an internal report for Guinness titled “The
application of the law of error to work of the brewery”. Conducting
experiments with small sample-sizes he realized the difficulties and
asked for help from mathematicians interested in probability theory.
In 1906–1907, Guinness sent him to Karl Pearson’s laboratory and
they work together.

In 1911, Pearson was the first Galton Professor of Eugenics at
University College London, a position that, possibly inadvertently,
lent pseudoscientific credibility to ideologies later associated with the
Nazi regime.19

Pearson observed a division within the medical profession
regarding the value of statistical approaches. Certain clinicians
continued to prioritize the “art” of medicine, believing that statistics
contributed little beyond the insights gained from experience.
Conversely, other practitioners supported the concept of a “clinical
science”, utilizing physiological instruments or bacteriological
methods for diagnosis and considering statistics as a tool to enhance
objectivity in observation.20

Neither Galton nor Pearson regarded statistics as constituting
“scientific” evidence. Up until that period, probability theory and
empirical data were generally considered distinct fields within the
scientific community, and the use of probability in making inferences
remained a controversial issue.

Statistics were employed primarily for descriptive purposes,
with this distinction persisting into the early twentieth century.
The paradigm shifted significantly following Pearson’s seminal
contributions to statistical inference, he is regarded as the
founding father of modern statistics due to his development of
statistical methodologies and their promotion worldwide, effec-
tively transforming statistics from a descriptive to an inferential
science.17,18

Pearson advanced a comprehensive statistical framework that
facilitated data analysis, pattern recognition, and the investigation of
causality. This methodological development was instrumental in
hypothesis testing, as it provided a means to quantify the probability
that observed results arose from random variation rather than specific
underlying factors.17,18
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Ronald Aylmer Fisher (1890–1962), revitalized Darwinism by
integrating Mendelian genetics with natural selection through
mathematical analysis, establishing himself as founder of neo-
Darwinism. He made significant contributions to modern hypothesis
testing, including the development of the Chi-squared test, the
formulation of significance testing, and the introduction of p-value.
Fisher proposed that scientific hypotheses should be evaluated by
testing the null hypothesis, which posits no effect or difference,
against empirical data.

His approach involves calculating the p-value to determine
whether results are consistent with the null hypothesis or indicate
a statistically significant effect. Fisher asserted that a p-value less than
0.05 justifies rejection of the null hypothesis and lends support to the
alternative hypothesis. This framework has rendered statistics an
essential role for scientific investigation.20

In the 1930s, Jerzy Splawa-Neyman (1884–1981), advanced
Fisher’s concept of the p-value by introducing the Confidence interval
(CI) into statistical hypothesis testing. Together with Egon Sharpe
Pearson (1895–1990), son of Karl Pearson, developed the Neyman–
Pearson framework – a systematic statistical method for making
optimal decisions between two competing hypotheses: the null and
the alternative.21

By formulating concepts such as Type I error (false positive) and
Type II error (false negative), Neyman and Pearson formalized the
process of hypothesis testing. Their contributions emphasized
structured statistical decision-making, offering a rigorous method
to evaluate conflicting hypotheses. The Neyman–Pearson framework
incorporated the p-value alongside criteria like test power and
significance levels, thereby enhancing the reliability and reproduc-
ibility of hypothesis testing.22

Globally, the introduction of p-value and hypothesis testing have
profoundly influenced science and medicine. By the mid-20th century,
new statistical methods were widely employed by researchers and
clinicians to evaluate theories and assess treatments, prompting ongoing.
Physicians and clinicians became divided, again, between those who
emphasized the “art” of medicine – drawing upon experience and
intuition – and proponents of “clinical science,” which prioritizes
objective diagnosis through statistics, bacteriological studies, and
physiological measurements.23 Even though the birth of Evidence-based
medicine (EBM) proposed that both positions can be reconciled.23

The field of EBM emerged in the 1980s at McMaster University in
Canada and represents the natural evolution of medical science,
moving from a traditional, authority-based approach to a rigorous
knowledge system grounded in adequate research question-based
designs, and suitable data and statistical analysis. It focuses on
integrating the best available evidence from medical research with
clinical expertise and patient values to make safer, more informed
medical decisions.24

Although initially met with resistance, the adoption of p-values and
hypothesis testing established the foundations for EBM as an essential
element of modern healthcare.25,26
3

Table 1
Summary of common p-hacking strategies and their potential impact on research val

p-Hacking technique Brief description 

Multiple statistical tests without
adjustments

Conducting multiple statistical tests without c
multiple comparisons.

Arbitrary subgroup selection Performing analyses on subgroups not pre-spec
statistical significance.

Selective data collection Continuing data collection until a significant p
achieved.

Unjustified exclusion of data (outliers) Removing extreme data points without appropr
to reach statistical significance.

Post hoc transformation or recoding
of variables

Modifying variables after initial results to ach
significance.
p-Hacking

Despite their continued use in contemporary biomedical research,
hypothesis testing and p-values have been increasingly criticized
because they are often interpreted through rigid significance thresh-
olds rather than within a broader inferential context. Such dichoto-
mous interpretations distort the scientific record and may lead to
misleading conclusions, inefficient research decisions, and unneces-
sary waste of resources.1–3,8,27

One consequence of this threshold-based culture is p-hacking,
broadly understood as the selective use of analytic flexibility to obtain
statistically significant results. This may occur when researchers
repeatedly explore, modify, or reanalyze data until results cross
conventional significance thresholds, rather than interpreting the data
according to a prespecified hypothesis and its corresponding analytic
strategy. The problem, therefore, is not hypothesis testing itself, but
the misuse of inferential tools under selective and nontransparent
analytical practices.27–30

This issue has been documented across several research fields. Prior
work has shown that undisclosed flexibility in data collection, outcome
definition, subgroup analysis, covariate adjustment, exclusion of
observations, and stopping rules can materially increase false-positive
findings and compromise the credibility of published results. In this
context, p-hacking should be understood less as an isolated technical
error than as a symptom of a broader research culture that rewards
statistical significance more than methodological transparency. Repre-
sentative examples of such practices are summarized in Table 1.28–33

A more appropriate response is not to abandon inferential statistics,
but to strengthen them through pre-specification of analyses,
transparent reporting, careful distinction between confirmatory and
exploratory analyses, and interpretation of findings considering effect
estimates, confidence intervals and their clinical relevance.34
Ethical research culture

The p-hacking rate in data science provides evidence towards the
unintended (or foreseen) side effects of statistical abuse; this reflects
on how there is tension between the methodological integrity and
publication of large results. The need for an ethical research culture is
at the heart of the p-hacking controversy.27,28 Researchers can become
aware of best practices by incorporating thorough statistical training
and research ethics into curricula. Institutions, in the other hand, must
promote an ethical research culture that encourage openness and
make unethical behavior – like p-hacking – unwanted. Regulators are
becoming more conscious of how p-hacking affects public trust and
policymaking. Reactions involve calling for researchers to reveal all
analytical methods and exploratory analyses used in their studies.
Additionally, conducting random audits of studies that have been
published to ensure adherence to best-practice standards and putting
in place reward systems based on the reproducibility and transparency
idity.

Specific clinical research example

orrecting for Evaluating multiple secondary endpoints in a clinical trial
without statistical adjustment, reporting only those with
p < 0.05.

ified to achieve In a negative clinical trial, arbitrarily selecting patients under
50 years old where statistical significance appears, and reporting
only these results.

 value is Recruiting additional participants after an initial non-significant
result until p < 0.05 is reached.

iate justification Excluding patients with extreme results that negatively impact
study significance.

ieve statistical Post hoc changing the cutoff point in diagnostic tests to obtain a
significant diagnostic performance.
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of research, and not just the novelty or significance of the results. Such
practices are bound to become increasingly frequent as the scientific
community, along with regulatory bodies, tries to address issues with
p-hacking.29 Also, there are remedies available in the form of pre-
registration of research protocols, appropriate statistical practices,
open data, and regulatory interventions that can counter p-hacking
and provide transparency and reproducibility of research. Data
science must prioritize integrity over statistical significance and
transparency over selective reporting to ensure that the results of our
analysis add up to scientific advance.30 Scholars, practitioners, and
regulators must preserve such standards to make valid contribution to
scientific progress.31
p-Value in the sight of editors of medical journals

In recent years, statistical consultants’ and medical journal editors’
initiatives to reform statistical practices have gained momentum.
They have become more attuned to the challenges posed by the
overuse and misinterpretation of significance testing, the meaning of
p-values in scientific research, and p-hacking practices. These
initiatives have gained traction, with many journals emphasizing
the importance of reporting absolute effect sizes, Confidence intervals
(CI), and complementary metrics alongside p-values, or even reduce or
delete unnecessary p-values. This nuanced approach recognizes the
inherent strengths and weaknesses of p-values, as underscored in
recent publications by the American Statistical Association (ASA).1,35

Prestigious journal editors suggest replacing p-values with the
appropriate point estimates of effect (absolute risk reduction, mean
differences, odds ratios, risk ratios, as corresponds to methodology) along
with their 95% CI, especially when multiple hypotheses are used.36–38

It is important to define that point estimates and their correspond-
ing CI are indispensable to be able to interpret the clinical significance of
the study findings, while their corresponding p-value is indispensable to
interpret the statistical significance of the study findings.39

The gold standard for intervention studies in clinical research is a
randomized controlled trial. High-quality randomized controlled
trials require precise design, conduct, methods, analysis, and
reporting of results. To properly interpret a randomized clinical trial,
readers need complete and transparent information, from conception
to publication. Unfortunately, evidence indicates that most trials lack
this thoroughness, leading to biases that complicate the interpretation
of the results. To address this, the updated Consort Statement
2025 aims, as many years ago, to improve the quality of randomized
clinical trials and other experimental and observational designs.40

Readers should not have to infer what was probably done; they should
be told explicitly.41
The problem of p-value correction

If a null hypothesis test is introduced with a significance level set at
0.05, this implies that there is a 5% probability of committing a Type I
error. This means, 5% probability of rejecting the null hypothesis and
4

Table 2
Factors to consider when selecting the best method for adjusting the level of statistic

Confirmatory study 

Pre-specified hypothesis 

One hypothesis 

Randomized control studies 

Laboratory experiments 

A protocol-specified statistical analysis for one hypothesis 

If multiple tests are required: correction of Type I error is necessary 

Consider the Type II error 

Increase sample size 

Interpretation easier 
concluding that a difference or association exists when in fact it does
not. This false-positive result can have serious implications in clinical
research, particularly in studies comparing diagnostic protocols or
intervention strategies.5,6 This scenario is common in numerous
studies where a single, specific null hypothesis is put forward.
Nonetheless, researchers often design studies that incorporate two or
more null hypotheses. Even in exploratory research, multiple
“general” hypotheses may be considered. In these cases, it is essential
to calculate a single Type I error measure that includes the group of
hypotheses posed.

For example, a randomized clinical trial (RCT) has two outcome
measures of equivalent interest, when there are three parallel
treatment groups, or when there are more than two independent
risk factors associated with the outcome. In this type of design, we
must pose a family of hypotheses, and in the case of a family of k
independent null hypotheses that we test with a significance level of α,
the probability that at least one of them is false positive is 1 − (1 − α)k.
The Bonferroni correction works by dividing the original significance
level (α) by the number of comparisons being made and then using this
adjusted α level as the new significance threshold. Simply described,
the adjusted α value = α/k; if four null hypotheses are posed,
αBonferroni = 0.05/4 = 0.0125.42

The number of pairwise comparisons can be calculated as [k(k
− 1)/2], where k is the number of study groups. The Bonferroni
correction then adjusts the significance level (α) by dividing it by this
number of comparisons, yielding a more stringent threshold for
statistical significance.

The Bonferroni correction method is probably the most widely
used method in the medical literature; however, it is highly
controversial.

The main criticism of Type I error correction methods is that they
always have an impact, decreasing statistical power and increasing
Type II errors (β). In the design phase of the research project, it should
be considered that, if we wish to keep the probability of false negatives
in hypothesis testing (Type II errors) low, we must consider increasing
the sample size as we proceed for Type I error correction. This is often
an economic and logistic disadvantage that must be considered in the
design phase of clinical trials, and different factors to consider are
described in Table 2.43–47
The relationship between sample size and “p-value”

The p-value is essentially influenced by the sample size of the data
under examination; bigger samples will produce smaller p-values.
These can form statistical evidence against the null hypothesis in
contrast to substantive differences among groups.47

In general, the sample size for a research project proposal is
estimated based on the estimated size of the main effect, proposal of
Type I error (usually 5%), and statistical power (usually 80%).5

Furthermore, an increase in sample size enhances the accuracy of
statistical tests, thereby providing stronger evidence against or in
favor of the null hypothesis.5,6,47,48
al significance in the case of multiple comparisons.

Exploratory study

Pre-specified hypothesis, or multiple “general” hypotheses
Observational studies
Randomized control studies
Laboratory experiments
Sometimes, large number of hypotheses produced
If multiple tests are required: correction of Type I error is necessary
Type II error increases
Increase sample size
Interpretation challenging
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The concept of clinical significance often requires looking beyond
statistical results and considering the tangible impact of the findings
on patient care and outcomes. While statistical significance, demon-
strated through hypothesis tests and the p-value, provides insight into
the reliability of results, clinical significance addresses whether the
magnitude of the observed change is meaningful in real-world
applications.27,28 These differing perspectives create a nuanced
landscape in which the importance of effect size, context, and patient
health outcomes must be balanced thoughtfully.29,30 Nevertheless,
results that are statistically significant do not always lead to
conclusions that are biologically relevant. Even minor effects can
achieve statistical significance when the sample size is large, or the
variability is minimal. An example of how sample size impacts p-value
is shown as Appendix A.
Confidence intervals: clinical significance and statistical
significance

The mean of a dataset is calculated by summing all values and
dividing by the number of observations. As summary measure, it
represents the central tendency for normally distributed data.
Within the framework of hypothesis testing, the question often
shifts from simply determining whether a new treatment is
beneficial compared to an existing one, to quantifying the extent
of its benefit. This can be addressed with point estimates, such as
risk ratios, odds ratios, and differences in means, differences in
proportions, which provide specific numerical measurements for
comparative analysis.48,49 Furthermore, it is essential to report the
precision of the point estimate, typically conveyed through the CI,
which reflects the probability that the population value lies within
a specified range. The 95% CI – which has endpoints referred to as
the 95% confidence limits – is most used, with a 95% likelihood
corresponding to a p-value of 0.05.49,50 Thus, the CI formally
quantifies the uncertainty associated with the point estimate.
Occasionally, 90% or 99% CIs are utilized when greater
permissiveness or stringency is required.51

In medical research, a fundamental challenge is distinguishing
between clinical significance and statistical significance. While
statistical methods such as CIs and hypothesis testing offer a
structured approach to data analysis, they may not fully address
nuanced consequences for clinical practice. A statistically significant
finding can indicate a credible association, but its clinical significance
often depends on factors like patient demographics, healthcare
environments, risk–benefit, quality of life, and cost-effectiveness
assessments.51 Confidence intervals present a range of plausible
effect sizes rather than relying solely on “p-values”, enhancing the
interpretability of outcomes and allowing practitioners to make
evidence-based decisions that prioritize patient care. The integrity
of these conclusions is determined by robust study designs, adequate
sample sizes, and transparent reporting practices. Therefore,
statistical significance should be viewed not as a final outcome,
but as one component within a continuum that synthesizes
quantitative precision with qualitative understanding.6,50,51 Two
representative e examples of the literature are described in
Appendix B.

There are significant efforts underway to promote new strategies to
advance knowledge of the debate surrounding p-values, including
their major advantages and their poorly understood drawbacks, as
well as the development of new statistical procedures to complement
p-value. The idea of second-generation p-values has recently gained
popularity, aiming to address criticisms of the inappropriate use of p-
values. They consider scientific relevance by defining a priori a null
hypothesis that includes null point values and those with no clinical
relevance. This second-generation approach significantly reduces
Type I error.52
5

Newer approaches to the p-value problem include methods to
complement or modify the p-value, such as the Bayesian factor, the risk
of false positives, the probability of rejection and credibility analysis,
the credibility index, and Gannon’s modification of the p-value based
on the Bayesian factor. However, the medical community is extremely
accustomed to and has adopted the p-value as fundamental. The
simplest alternative to abandoning the p-value is to do away with its
fixed thresholds and adopt the actual p-value.53

Overall, the goal is to promote transparency, rigor, and scientific
reproducibility.
Conclusion

The events outlined illustrate how p-values in hypothesis testing
were developed and show how statistical theory has evolved from
descriptive analysis to inferential reasoning. The methodological
framework that underpins contemporary science and clinical research
has benefited greatly from the gradual contributions of pioneers.

Although p-value is still essential to hypothesis testing, its use is
constantly changing as researchers try to strike a balance between
rigor and useful information.

Artificial intelligence is considered an advanced, computational
extension of inferential statistics, shifting from purely analyzing
sample data to automating predictions and generalizations about vast
datasets or populations. While classical inferential statistics relies on
testing hypotheses via specific formulas (like t-test) to infer
population characteristics, AI (particularly machine learning) auto-
mates this process to recognize complex, high-dimensional patterns
and forecast future outcomes.

To ensure that advancements in statistics (including AI) lead to
improved diagnostic and therapeutic accuracy, as well as greater
equity in healthcare delivery, it is essential to enhance statistical
education in medicine, promote diverse population representation in
data collection, rigorously validate algorithms, institute robust
regulatory frameworks, and facilitate equitable access to technology.
Without these foundational measures, issues such as bias, misrepre-
sentation, and inequality may undermine the benefits that new
technologies offer within the medical field.
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