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For many years, Null Hypothesis Significance Testing
(NHST) has been the dominant framework for analysing
data in biology, psychology, and many other sciences. The
familiar p value measures how compatible the observed
data are with a null hypothesis (typically that there is no
effect). By convention, results with p<0.05 are often
described as "statistically significant."

Despite its widespread use, NHST has attracted
considerable criticism. One concern is that p values are
frequently mis-understood. A statistically significant result
does not tell us that a hypothesis is true, nor does it tell us
whether an effect is important. Likewise, a non-significant
result does not necessarily mean there is no effect. It may
simply reflect limited data or insufficient statistical power.

The emphasis on achieving statistical significance has also
contributed to questionable research practices (QRPs).
These include p-hacking, where researchers consciously or
unconsciously try multiple analyses, selectively report
results, or make analytic decisions that increase the
likelihood of obtaining p<<0.05. Although most researchers
do not engage in deliberate misconduct, these practices
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have been common enough to contribute to concerns
about the reproducibility of published research.

There is no universal agreement on how best to address
these problems. Some statisticians have argued that
significance testing should be abandoned altogether in
favour of estimation or Bayesian approaches. Others have
suggested retaining NHST but adopting a more stringent
significance threshold (for example, p<0.005 instead of
0.05). A third perspective is that the problem lies less with
the p value itself than with how it is used and interpreted.
In this view, p values remain useful when they are applied
appropriately and reported alongside other information.

For this reason, good statistical reporting should rarely rely
on a p value alone. Effect sizes help us judge the magnitude
of an effect, while confidence intervals indicate the
precision of our estimates. Together with thoughtful study
design, adequate sample sizes, transparency about analytic
decisions, and consideration of the broader body of
evidence, these approaches provide a much stronger basis
for scientific inference than a simple declaration of whether
a result is "statistically significant."

1. Report effect sizes, not just p values: A p value tells you whether the data are inconsistent with the null hypothesis, but it does
not tell you how large or important an effect is. Always report an appropriate effect size (e.g., Cohen's 4, Pearson's 7, odds

ratio) alongside significance tests.

2. Include confidence intervals: Confidence intervals show the range of values that are reasonably consistent with your data,
providing information about the precision and uncertainty of your estimates. They are more informative than a p value alone.

3. Focus on the research question, not just statistical significance: Ask whether the observed effect is scientifically or practically
meaningful. A tiny effect can be statistically significant in a very large sample, while an important effect may fail to reach

significance in a small study.

4. Plan your analyses before looking at the data: Decide on your hypotheses, variables, and statistical tests in advance whenever
possible. This reduces the temptation to try multiple analyses until something becomes significant (often called p-hacking)

and improves the credibility of your findings.

5. Interpret results in context: No single statistic should determine your conclusions. Consider p alongside the effect size,
confidence interval, sample size, study design, assumptions of the analysis, previous research, and overall evidence quality.
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