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P-hacking is generally defined as ‘choosing to report a subset of multiple dependent
variables or adding observations until the effect of interest is significant’. [1] There are
many ways one can engage in p-hacking. [2] Typically, we think of p-hacking as the
practice of using trial and error to fish for statistically significant relationships (a low p-
value) with no regard to the theoretical underpinnings of the research. Selective reporting
is a broader concept and often involves failing to publish studies that do not produce
statistically significant results. The following example illustrates the practice of p-
hacking:

A researcher studies whether a new diet improves weight loss compared to a
control group.

1. They collect data and initially find no statistically significant effect (p =
0.12).

2. Instead of reporting this null result, they:
o Remove a few ‘outliers’ (participants who gained weight).
o Re-runthe analysis -> p = 0.07 (still not significant).
o Then:
= Try different statistical models
= Testonly asubgroup (e.g., participants under age 40)
= Adjust which variables are controlled for
3. Eventually, one analysis shows p = 0.04.

4. The researcher reports only this significant result and omits all other
analyses.

Why is it relevant?

P-hacking often arises from the academic ‘publish or perish’ culture. The problem is
exacerbated by scientific journals’ tendency to favour statistically significant or novel
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results. In this environment, researchers may, often unintentionally, make biased
analytical choices. P-hacking is also sustained by a lack of clear education and
sometimes even institutional mandates. [3]

However, it is a detrimental practice that contributes to the proliferation of false-positive
results and the inability to replicate prior studies. This has undermined confidence in
some scientific results. [4] It can also lead to devastating consequences when data that
has been manipulated is relied upon, especially in sensitive fields such as medicine. [5]

Practical Steps

You may inadvertently engage in outcome fishing as there are many ways in which one
can analyse a dataset, and each of these decisions may contain implicit bias. [3] There
are some practical steps to avoid this:

1. Acknowledge degrees of freedom. Be aware, and explicitly report on, the degrees
of freedom within the design, analysis, and reporting of statistical analysis which
can be used to generate statistically significant results. [3]

2. Justify all choices in data preparation and analysis. Ensure that all choices to
exclude outliers, transform variables, analyse a certain range or with certain
dependent variables are well-justified.

3. Consider implementing preregistration. Preregistration requires you to provide a
specific, precise and exhaustive plan of the study. Each step within the plan needs
to be detailed, providing only one way in which it can be interpreted or
implemented. [6] This avoids outcome fishing.

4. Minimise bias in analysis. Whenever possible, perform analyses without knowing
which data points belong to which groups, making it difficult to intentionally
manipulate results toward a specific outcome.

5. Report results transparently. Fully report all measures, conditions, and analyses
including insignificant results.

Case Study

The head of Cornell University’s Food and Brand Lab, Brian Wansink, has become
notorious for instructing his research students to dig through data sets to discover
relationships that were statistically significant. In an email to a student, he described the
processes of data analysis as “squeez[ing] some blood out of this rock.” Following these
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revelations, Cornell opened aninvestigation into research misconduct and many of these
studies were retracted. [7]
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