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Many issues threaten the credibility of research 

https://acmedsci.ac.uk/policy/policy-projects/reproducibility-and-reliability-of-biomedical-research 

Figure 1: Reproducibility and the conduct of research
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Possible strategies

Open data 
Openly sharing results and the underlying data 
with other scientists.

Pre-registration 
Publicly registering the protocol before a study is 
conducted.

Collaboration 
Working with other research groups, both 
formally and informally.

Automation 
Finding technological ways of standardising 
practices, thereby reducing the opportunity for 
human error.

Open methods 
Publicly publishing the detail of a 
study protocol. 

Post-publication review 
Continuing discussion of a study in a public forum 
after it has been published (most are reviewed 
before publication). 

Reporting guidelines 
Guidelines and checklists that help researchers 
meet certain criteria when publishing studies.

Reproducibility and the conduct 
of research

Issues

Data dredging 
Also known as 

p-hacking, this involves 
repeatedly searching 
a dataset or trying 

alternative analyses until 
a ‘significant’ result is 

found.

Omitting null 
results 

When scientists or 
journals decide not 
to publish studies 

unless results 
are statistically 

significant.

Underpowered 
study 

Statistical power is the 
ability of an analysis 
to detect an effect, if 
the effect exists – an 
underpowered study 
is too small to reliably 

indicate whether or not 
an effect exists.

Underspecified 
methods 

A study may be very 
robust, but its methods 
not shared with other 
scientists in enough 

detail, so others cannot 
precisely replicate it.

Weak 
experimental 

design 
A study may have one 

or more methodological 
flaws that mean it is 
unlikely to produce 

reliable or valid results.

Improving reproducibility will ensure that research is as efficient and productive as 
possible. This figure summarises aspects of the conduct of research that can cause 
irreproducible results, and potential strategies for counteracting poor practice in these 
areas. Overarching factors can further contribute to the causes of irreproducibility, 
but can also drive the implementation of specific measures to address these causes. 
The culture and environment in which research takes place is an important ‘top-down’ 
overarching factor. From a ‘bottom-up’ perspective, continuing education and training 
for researchers can raise awareness and disseminate good practice.

Errors 
Technical errors may 

exist within a study, such 
as misidentified reagents 
or computational errors.
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These problems span the  
"lifecycle" of a research study/project 

2 NATURE HUMAN BEHAVIOUR 1, 0021 (2017) | DOI: 10.1038/s41562-016-0021 | www.nature.com/nathumbehav

PERSPECTIVE NATURE HUMAN BEHAVIOUR

During data analysis it can be difficult for researchers to recognize 
P-hacking28 or data dredging because confirmation and hindsight 
biases can encourage the acceptance of outcomes that fit expecta-
tions or desires as appropriate, and the rejection of outcomes that do 
not as the result of suboptimal designs or analyses. Hypotheses may 
emerge that fit the data and are then reported without indication or 
recognition of their post hoc origin7. This, unfortunately, is not sci-
entific discovery, but self-deception29. Uncontrolled, it can dramati-
cally increase the false discovery rate. We need measures to counter 
the natural tendency of enthusiastic scientists who are motivated by 
discovery to see patterns in noise.

Methods
In this section we describe measures that can be implemented when 
performing research (including, for example, study design, meth-
ods, statistics, and collaboration).

Protecting against cognitive biases. There is a substantial lit-
erature on the difficulty of avoiding cognitive biases. An effective 
solution to mitigate self-deception and unwanted biases is blinding. 
In some research contexts, participants and data collectors can be 
blinded to the experimental condition that participants are assigned 
to, and to the research hypotheses, while the data analyst can be 
blinded to key parts of the data. For example, during data prepa-
ration and cleaning, the identity of experimental conditions or the 
variable labels can be masked so that the output is not interpretable 
in terms of the research hypothesis. In some physical sciences this 
approach has been extended to include deliberate perturbations in 
or masking of data to allow data preparation (for example, iden-
tification of outliers) to proceed without the analyst being able to 
see the corresponding results30. Pre-registration of the study design, 
primary outcome(s) and analysis plan (see ‘Promoting study pre-
registration’ section’, below) is a highly effective form of blinding 
because the data do not exist and the outcomes are not yet known.

Improving methodological training. Research design and statis-
tical analysis are mutually dependent. Common misperceptions, 
such as the interpretation of P values31, limitations of null-hypothe-
sis significance testing32, the meaning and importance of statistical 
power2, the accuracy of reported effect sizes33, and the likelihood 
that a sample size that generated a statistically significant finding will 
also be adequate to replicate a true finding34, could all be addressed 

through improved statistical training. Similarly, basic design prin-
ciples are important, such as blinding to reduce experimenter bias, 
randomization or counterbalancing to control for confounding, 
and the use of within-subjects designs, where possible, to maxi-
mize power. However, integrative training in research practices that 
can protect oneself against cognitive biases and the effects of dis-
torted incentives is arguably more important. Moreover, statistical 
and methodological best practices are under constant revision and 
improvement, so that senior as well as junior researchers need con-
tinuing methodological education, not least because much training 
of early-career researchers is informal and flows from their supervi-
sor or mentor. A failure to adopt advances in methodology — such 
as the very slow progress in increasing statistical power35,36 — may 
be partly a function of failing to inculcate a continuing professional 
education and development ethic.

Without formal requirements for continuing education, the most 
effective solutions may be to develop educational resources that are 
accessible, easy-to-digest and immediately and effectively applicable 
to research (for example, brief, web-based modules for specific top-
ics, and combinations of modules that are customized for particular 
research applications). A modular approach simplifies the process of 
iterative updating of those materials. Demonstration software and 
hands-on examples may also make the lessons and implications par-
ticularly tangible to researchers at any career stage: the Experimental 
Design Assistant (https://eda.nc3rs.org.uk) supports research design 
for whole animal experiments, while P-hacker (http://shinyapps.
org/apps/p-hacker/) shows just how easy it is to generate apparently 
statistically significant findings by exploiting analytic flexibility.

Implementing independent methodological support. The need 
for independent methodological support is well-established in some 
areas — many clinical trials, for example, have multidisciplinary 
trial steering committees to provide advice and oversee the design 
and conduct of the trial. The need for these committees grew out of 
the well-understood financial conflicts of interest that exist in many 
clinical trials. The sponsor of a trial may be the company manufac-
turing the product, and any intentional or unintentional influence 
can distort the study design, analysis and interpretation of results for 
the ultimate financial benefit of the manufacturer at the cost of the 
accuracy of the science and the health benefit to the consumers37,38. 
Non-financial conflicts of interest also exist, such as the beliefs and 
preconceptions of individual scientists and the stakes that research-
ers have in obtaining publishable results in order to progress their 
career39,40. Including independent researchers (particularly meth-
odologists with no personal investment in a research topic) in the 
design, monitoring, analysis or interpretation of research outcomes 
may mitigate some of those influences, and can be done either at the 
level of the individual research project or through a process facili-
tated by a funding agency (see Box 1).

Encouraging collaboration and team science. Studies of statisti-
cal power persistently find it to be below (sometimes well below) 
50%, across both time and the different disciplines studied2,35,36. 
Low statistical power increases the likelihood of obtaining both 
false-positive and false-negative results2, meaning that it offers no 
advantage if the purpose is to accumulate knowledge. Despite this, 
low-powered research persists because of dysfunctional incentives, 
poor understanding of the consequences of low power, and lack of 
resources to improve power. Team science is a solution to the lat-
ter problem — instead of relying on the limited resources of sin-
gle investigators, distributed collaboration across many study sites 
facilitates high-powered designs and greater potential for testing 
generalizability across the settings and populations sampled. This 
also brings greater scope for multiple theoretical and disciplinary 
perspectives, and a diverse range of research cultures and experi-
ences, to be incorporated into a research project.

Design study Interpret results

Publication bias 

Poor quality control 

Failure to control for bias 

Low statistical power 

P-hacking 

P-hacking 

Generate and
specify hypothesis 

Conduct study and
collect data 

Analyse data and
test hypothesis 

Publish and/or
conduct next experiment 

HARKing

Figure 1 | Threats to reproducible science. An idealized version of the 
hypothetico-deductive model of the scientific method is shown. Various 
potential threats to this model exist (indicated in red), including lack of 
replication5, hypothesizing after the results are known (HARKing)7, poor 
study design, low statistical power2, analytical flexibility51, P-hacking4, 
publication bias3 and lack of data sharing6. Together these will serve to 
undermine the robustness of published research, and may also impact on 
the ability of science to self-correct.

Munafò et al. (2017). A manifesto for reproducible science. Nature Human Behaviour, 1, 0021. 
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Scientists are human beings: 
they respond to these incentives 

High quality research, 
regardless of outcome 

Producing lots of 
publishable results 

What's best for Science What's best for scientists 

Slide information credit to Chris Chambers 
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Transparent, open, and reproducible research 
as a course correction to Mertonian norms 

•  Universalism: research findings as fundamentally 
“impersonal” 

•  Communality: open sharing of scientific knowledge 

•  Disinterestedness: research motivated by identifying "the 
truth" rather than professional self-interests 

•  Organized skepticism: facilitate the ability of other scholars 
to access data and scrutinize/verify claims 

Slide information credit to Ted Miguel  
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Managing Workflows: 
The Open Science Framework 

https://osf.io/ 
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Study Pre-Registration 

http://www.bitss.org/resource-tag/registry/ 
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Pre-Analysis Plans 

http://www.bitss.org/resource-tag/pre-analysis-plans/ 
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Power Planning 

http://rpsychologist.com/d3/NHST/ 



Slide 13 

Data Management 

https://github.com/PolicyDesignEvaluationLab/Transparency-Initiative/wiki 
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Version Control 

http://phdcomics.com/comics/archive/phd101212s 
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Version Control 

https://git-scm.com/book/en/v2/ 
Getting-Started-About-Version-Control 
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Open Notebooks 

http://jupyter.org/ 
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Transparent Disclosure and Reporting 

http://www.equator-network.org/ 



Slide 18 

Pre-Prints 

https://osf.io/preprints/ 
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Open Access and Open Publishing 

http://www.sherpa.ac.uk/romeo/index.php 
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Data Repositories 

http://www.bitss.org/resource-tag/data-repository/ 
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Dynamic Documents 

http://rmarkdown.rstudio.com/ 
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Replications 

https://osf.io/afrzx/ 
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Registered Replication Reports 

https://cos.io/rr/ 
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Meta-Analyses:  
Making Inferences about the Body of Evidence 

http://www.bitss.org/resource-tag/meta-analysis/ 
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Ultimate goal: change the scientific ecosystem 
to better reinforce transparency and rigor 
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Thank you! 
•  Sean Grant 

•  Behavioral & Social Scientist, RAND 

•  sgrant@rand.org 

•  @GrantSeanP 


