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Reproducibility & data accessibility
Hypothesis testing



Requires that scientific papers provide sufficiently clear instructions to allow 
successful repetition and extension of analyses

Reproducibility
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Replicability: consistent results across different studies aimed at answering 
the same scientific question 

Reproducibility: obtaining consistent computational results using the same 
input data, computational steps, methods, code and analytical conditions

Replicability vs. reproducibility
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Analyses in paleobiology have 
become more complicated - more 
data, complex tools, increased 
interdisciplinary research (sometimes 
across multiple teams)
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But lessons in reproducibility are valuable even when you’re working alone or 
not doing something complex!  

There are many ways to benefit from the steps taken to ensure reproducibility 

Research shows scientific papers often leave out details that are necessary 
or even essential to reproduce the results
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7% 
Don’t know
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crisis

38% 
Yes, a slight
crisis

1,576
RESEARCHERS SURVEYED

More than 70% of researchers have tried and failed to 
reproduce another scientist’s experiments, and more 
than half have failed to reproduce their own experi-
ments. Those are some of the telling figures that 
emerged from Nature’s survey of 1,576 researchers 

who took a brief online questionnaire on reproducibility in research.
The data reveal sometimes-contradictory attitudes towards reproduc-

ibility. Although 52% of those surveyed agree that there is a significant 
‘crisis’ of reproducibility, less than 31% think that failure to reproduce 
published results means that the result is probably wrong, and most say 
that they still trust the published literature. 

Data on how much of the scientific literature is reproducible are rare 
and generally bleak. The best-known analyses, from psychology1 and 
cancer biology2, found rates of around 40% and 10%, respectively. Our 
survey respondents were more optimistic: 73% said that they think that 
at least half of the papers in their field can be trusted, with physicists and 
chemists generally showing the most confidence. 

The results capture a confusing snapshot of attitudes around these 
issues, says Arturo Casadevall, a microbiologist at the Johns Hopkins 
Bloomberg School of Public Health in Baltimore, Maryland. “At the 
current time there is no consensus on what reproducibility is or should 
be.” But just recognizing that is a step forward, he says. “The next step 
may be identifying what is the problem and to get a consensus.”

Failing to reproduce results is a rite of passage, says Marcus Munafo, a 
biological psychologist at the University of Bristol, UK, who has a long-
standing interest in scientific reproducibility. When he was a student, 
he says, “I tried to replicate what looked simple from the literature, and 
wasn’t able to. Then I had a crisis of confidence, and then I learned that 
my experience wasn’t uncommon.” 

The challenge is not to eliminate problems with reproducibility in 
published work. Being at the cutting edge of science means that some-
times results will not be robust, says Munafo. “We want to be discovering 
new things but not generating too many false leads.”  

THE SCALE OF REPRODUCIBILITY
But sorting discoveries from false leads can be discomfiting. Although 
the vast majority of researchers in our survey had failed to reproduce 
an experiment, less than 20% of respondents said that they had ever 
been contacted by another researcher unable to reproduce their work  
(see ‘A ‘crisis’ in numbers’). Our results are strikingly similar to another 
online survey of nearly 900 members of the American Society for 
Cell Biology (see go.nature.com/kbzs2b). That may be because such 
conversations are difficult. If experimenters reach out to the original  
researchers for help, they risk appearing incompetent or accusatory, or 
revealing too much about their own projects.

A minority of respondents reported ever having tried to publish 

B Y  M O N Y A  B A K E R

I S  T HERE  A 
REPRODUCIBIL I T Y

CR ISIS ?
A Nature survey lifts the lid on 

how researchers view the ‘crisis’ 
rocking science and what they 

think will help.
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WHAT FACTORS CONTRIBUTE TO 
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25% of respondents

Number of respondents from each discipline:
Biology 703, Chemistry 106, Earth and environmental 95, Medicine 203, Physics and engineering 236, Other 233

Nature surveyed 1,576 scientists online to get their thoughts on reproducibility in their !eld and 
in science in general. See go.nature.com/2vjr4y for more charts and access to the full data. 

Physicists and chemists were most con!dent in the literature.

Although only a small proportion of respondents tried to publish 
replication attempts, many had their papers accepted.

Among the most popular strategies was having di"erent lab 
members redo experiments. 

Many top-rated factors relate to intense competition and time pressure.Most scientists have experienced failure to reproduce results.

A ‘CRISIS’ IN NUMBERS
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Retractions in the scientific literature:
is the incidence of research fraud increasing?
R Grant Steen

ABSTRACT
Background Scientific papers are retracted for many
reasons including fraud (data fabrication or falsification)
or error (plagiarism, scientific mistake, ethical problems).
Growing attention to fraud in the lay press suggests that
the incidence of fraud is increasing.
Methods The reasons for retracting 742 English
language research papers retracted from the PubMed
database between 2000 and 2010 were evaluated.
Reasons for retraction were initially dichotomised as
fraud or error and then analysed to determine specific
reasons for retraction.
Results Error was more common than fraud (73.5% of
papers were retracted for error (or an undisclosed
reason) vs 26.6% retracted for fraud). Eight reasons for
retraction were identified; the most common reason was
scientific mistake in 234 papers (31.5%), but 134 papers
(18.1%) were retracted for ambiguous reasons.
Fabrication (including data plagiarism) was more
common than text plagiarism. Total papers retracted per
year have increased sharply over the decade (r¼0.96;
p<0.001), as have retractions specifically for fraud
(r¼0.89; p<0.001). Journals now reach farther back in
time to retract, both for fraud (r¼0.87; p<0.001) and for
scientific mistakes (r¼0.95; p<0.001). Journals often
fail to alert the naı̈ve reader; 31.8% of retracted papers
were not noted as retracted in any way.
Conclusions Levels of misconduct appear to be higher
than in the past. This may reflect either a real increase in
the incidence of fraud or a greater effort on the part of
journals to police the literature. However, research bias
is rarely cited as a reason for retraction.

INTRODUCTION
Accusations that research is tainted by bias have
become commonplace in the news media. The
ClimateGate scandal arose when climate change
critics hacked into a research database at the
Universityof EastAnglia, evaluated thedatawithout
authorisation andwent public with accusations that
data had been selectively published and perhaps even
falsified.1 More recently, a scientist at Harvard has
been accused of biasing or falsifying data that show
tamarin monkeys can learn algebraic rules.2

Yet it can be very hard to prove allegations of bias
in the scientific literature. What has been called bias
can potentially also be explained by unfavourable
primary outcome findings that force a focus on
secondary outcomes, problems in measurement of
an outcome variable, changes mandated by
reviewers, ambiguous or non-significant findings
that may make authors reluctant to submit or
journals reluctant to publish, errors that were
corrected during data analysis, or simply lack of time
and inclination to publish unexciting findings.3

For these reasons, it seems that probing allega-
tions of bias may be an ineffective means to study
the integrity of the scientific enterprise. If the goal
is to characterise the veracity of science, it may be
more useful to examine papers that have been
retracted from the literature to determine the
reasons for retraction.4 5 This approach may be
more objective than other approaches; bias is often
in the eye of the beholder,6 whereas retraction is
akin to the death of a paperdan unambiguous end
point.7

We postulate that the media focus on the integ-
rity of science is a rational response to an actual
increase in the rate of retraction. Our hypothesis is
that the incidence of research fraud has indeed
increased in recent years.

METHODS
Every research paper that was noted as retracted in
the PubMed database from 2000 to 2010 was
evaluated.4 PubMed was searched on 22 January
2010 using the limits of ‘items with abstracts,
retracted publication, English.’ A total of 788
retracted papers were identified, all of which were
exported from PubMed and saved as a text file
(available upon request). Formal retraction notices
could not be obtained for 46 papers (5.8% of all
retracted papers), so the reason these papers were
retracted cannot be assessed.5

The 742 papers for which retraction notices
could be obtained were evaluated to determine the
reason(s) for retraction. Initially, reasons for
retraction were dichotomised as fraud (manipula-
tion of data) or error (all other causes).5 Each
retraction notice was then re-evaluated to deter-
mine detailed reasons for retraction. An effort was
made to formalise a definition for every identified
cause of retraction so that the reasons for retraction
could be scored systematically. If a retraction notice
noted several reasons for retraction, all reasons were
tabulated. In cases where the retraction notice was
vague, a ‘best guess’ was made as to the cause,
although some retraction notices gave no infor-
mation at all so an ‘unstated’ category was set up.
Additional information about each retracted

article was tabulated including: first author
surname; number of authors; country of address of
first author; year of publication; year of retraction;
journal of publication; and journal impact factor.
Journal impact factor was determined using the ISI
Web of Knowledge (Thomson Reuters) ‘Journal
Citation Reports, Science Edition’ for 2008 (last
available year).
To determine if the incidence of retraction for

fraud (fabrication + falsification) has increased in
recent years, the number of fraudulent papers was
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tabulated by year. However, because the number of papers
published per year is increasing, an increase in the number of
papers retracted for fraud would not prove that fraud is
becoming more common. To control for the total volume of
papers published, it is assumed that scientific mistakes are an
inevitable (and relatively constant) consequence of research, so
mistakes are used to control for increases in research output. The
relevant hypothesis is therefore that the number of papers
retracted for fraud is increasing relative to the number of papers
retracted for a scientific mistake. In addition, the number of
published papers listed on PubMed per year was tabulated.

To determine if the time from publication to retraction has
changed, the time (in months) from date of journal publication
to date of formal retraction was calculated. This difference was
analysed as a function of publication type, so time to retraction
of fraudulent papers and of papers with a scientific mistake
could be determined.

We also noted how papers are retracted from the literature.
The relevant question is: how is retraction of a paper brought to
the reader ’s attention if the reader is searching for the paper but
doesn’t already know that it has been retracted?

All data for each retracted paper were entered in an Excel
spreadsheet for analysis.

RESULTS
The 742 retractions were distributed among 404 journals; 274
journals had one paper retracted while 130 journals had two or
more retractions. Eight reasons for retraction were identified,
split into the broad categories of fraud and error.

Fraud is defined as:
< Data fabrication: theft of data from an uncredited author (or

generation of completely artificial data).
< Data falsification: editing or manipulation of authentic data

to “prove” a hypothesis.
Error is defined as:

< Plagiarism: theft of text from an uncredited author.
< Duplication: self-plagiarism (using substantially the same

data or words in different publications without citation).
< Scientific mistake: a mistake that invalidates research,

typically explained carefully in a retraction notice.
< Ethical issues: violations of accepted publication practice (eg,

publishing without co-author approval, patient-related IRB
violations, etc).

< Journal error: accidental duplicative publication by a journal
through no fault of the authors.

< Unstated: retraction notice is non-informative, simply stating
that retraction has happened.
As a general rule, alteration of data in a table is considered

fabrication whereas alteration of data in a figure is considered
falsification.

Error is more common than fraud; 73.5% of papers were
retracted for error (or an undisclosed reason) whereas 26.6% of
papers were retracted for fraud (table 1). The single most
common reason for retraction was a scientific mistake, identified
in 234 papers (31.5%). Fabrication, which includes data plagia-
rism, was more common than text plagiarism. Multiple reasons
for retraction were cited for 67 papers (9.0%), but 134 papers
(18.1%) were retracted for ambiguous reasons (this total
includes 61 papers retracted for unstated reasons (table 1) and 73
papers retracted with wording so vague that the reason for
retraction could not be determined with certainty).

The total number of papers retracted per year increased
sharply over the decade (figure 1). The trend to an increasing

total number of retractions per year is significant (n¼10; r¼0.96;
R¼9.21; p<0.001), as is the trend to retractions happening after
a longer period of time since publication (n¼10; r¼0.92; R¼6.54;
p<0.001). The increase in total retractions is correlated with the
greater time to retraction (n¼10; r¼0.92; R¼6.74; p<0.001).
The total number of papers published per year also increased
sharply over the decade; PubMed shows that 527 013 papers
were published in 2000 while 852 325 papers were published in
2009, an increase of almost 62%. The rate of increase in
retractions is greater than the rate of increase in publications,
although the two are correlated (n¼10; r¼0.96; R¼9.21;
p<0.001).
The incidence of retraction specifically for research fraud has

increased sharply in recent years (figure 2). However, the inci-
dence of scientific mistakes has also increased over the same time
period. The trend to an increasing number of retractions for
fraud is significant (n¼10; r¼0.89; R¼6.91; p<0.001), as is the
trend to an increasing number of retractions for scientific
mistake (n¼10; r¼0.94; R¼7.84; p<0.001). There is a correlation
between the number of papers retracted for fraud and the
number retracted for a scientific mistake (n¼10; r¼0.80; R¼3.75;
p<0.01). The finding that more papers were retracted in 2009
than in 2000 does not prove that more fraudulent papers are
being published, since journals could potentially be policing
themselves more aggressively.

Table 1 Summary of reasons for retraction of 742 papers, 2000e10
Reason for retraction Retracted papers, n (%) IF, mean (SD)

Fraud

Fabrication 111 (15.0) 9.79 (11.49)

Falsification 98 (13.2) 8.01 (8.33)

Error

Scientific mistake 234 (31.5) 10.60 (10.66)

Duplicate publication 117 (15.8) 3.18 (2.63)

Plagiarism 107 (14.4) 2.31 (1.90)

Ethical violations 76 (10.2) 5.74 (8.51)

Unstated reasons 61 (8.2) 5.08 (8.82)

Journal error 27 (3.6) 2.66 (2.21)

IF, impact factor.

Figure 1 Trends in paper retraction showing the number of papers
retracted by year, including retractions for all reasons. The average time
until retraction is also shown.
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Evidence of social niche construction:
persistent and repeated social interactions
generate stronger personalities in a
social spider
Kate L. Laskowski1 and Jonathan N. Pruitt2

1Department of Biology and Ecology of Fishes, Leibniz-Institute of Freshwater Ecology and Inland Fisheries,
Müggelseedamm 310, Berlin 12587, Germany
2Department of Biological Sciences, University of Pittsburgh, Pittsburgh, PA 15260, USA

While there are now a number of theoretical models predicting how consistent
individual differences in behaviour may be generated and maintained, so far,
there are few empirical tests. The social niche specialization hypothesis
predicts that repeated social interactions among individuals may generate
among-individual differences and reinforce within-individual consistency
through positive feedback mechanisms. Here, we test this hypothesis using
groups of the social spider Stegodyphus mimosarum that differ in their level of
familiarity. In support of the social niche specialization hypothesis, individ-
uals in groups of spiders that were more familiar with each other showed
greater repeatable among-individual variation in behaviour. Additionally,
individuals that were more familiar with each other exhibited lower within-
individual variation in behaviour, providing one of the first examples of
how the social environment can influence behavioural consistency. Our
study demonstrates the potential for the social environment to generate and
reinforce consistent individual differences in behaviour and provides a poten-
tially general mechanism to explain this type of behavioural variation in
animals with stable social groups.

1. Introduction
A fundamental goal in the field of the animal personality literature is to under-
stand the mechanisms responsible for generating and maintaining consistent
individual differences in behaviour. While there are now a number of well-
developed theoretical models predicting potential causal mechanisms (reviewed
in [1–3]), thus far empirical tests of these predictions are extraordinarily few (but
see [4–6]). In order to fully explain the presence of consistent individual differ-
ences in behaviour, or personalities, a potential mechanism would need to
address the two key aspects of personality: among-individual variation in behav-
iour and within-individual consistency over time. A recent hypothesis, termed
the social niche specialization hypothesis, predicts that the social environment
may play a key role in both promoting individual differentiation and individual
consistency [7,8].

The social niche specialization hypothesis predicts that when a group of indi-
viduals interacts repeatedly, it can be beneficial for them to develop ‘social niches’
[7,8]. These social niches provide a way to reduce competition among individuals
and increase individual pay-offs. First, by differentiating their behaviour from
each other, individuals can reduce direct competition with group mates [6,9].
This type of niche specialization has been well established in ecology, where
the presence of competing conspecifics can generate diet specializations among
individuals [10,11], and the social niche specialization hypothesis expands this
concept beyond the foraging context. The presence of among-individual variation
in behaviour can increase colony productivity [12] and individual reproduction

& 2014 The Author(s) Published by the Royal Society. All rights reserved.
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Blog by coauthor Kate Klaskowski 
What to do when you don’t trust your data anymore 

Blog by American Naturalist editor Dan Bolnick 
17 months 

…this story is more about replicability and scientific integrity than 
reproducibility, but the two are linked: reproducibility supports replicability

More on this story

14

https://laskowskilab.faculty.ucdavis.edu/2020/01/29/retractions/
https://ecoevoevoeco.blogspot.com/2021/05/17-months.html
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Publication pressure threatens the integrity of

palaeontological research

Nussaïbah B. Raja (nussaibah.raja.schoob@fau.de, @mauritiantales) & Emma M. Dunne
(dunne.emma.m@gmail.com, @emmadnn)

This manuscript has been submitted for publication in The Geological Curator and
is undergoing peer-review. Please note that the manuscript has not been formally
accepted for publication and is as such a non-peer reviewed preprint. Subsequent
versions of this manuscript may have slightly different content. If accepted, the final
version of this manuscript will be available via the Peer-review Publication link on
this web-page. Feel free to contact us if you have any queries or comments; we
welcome any feedback that you may have.



Saves time, effort, and money 

Increases transparency, helps others find mistakes 

Increases scientific integrity 

Makes science more accessible and equitable 

→ Many funding agencies / journals now have requirements

Benefits of reproducibility to the community

16



Part of ensuring reproducibility is doing future you a favour 

We often have to rerun analyses 

If you can routinely reuse data and code with ease, you can save a lot of time 

Helps establish trust between team members

Benefits of reproducibility to you

17
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Sharing Detailed Research Data Is Associated with
Increased Citation Rate
Heather A. Piwowar*, Roger S. Day, Douglas B. Fridsma

Department of Biomedical Informatics, University of Pittsburgh School of Medicine, Pittsburgh, Pennsylvania, United States of America

Background. Sharing research data provides benefit to the general scientific community, but the benefit is less obvious for
the investigator who makes his or her data available. Principal Findings. We examined the citation history of 85 cancer
microarray clinical trial publications with respect to the availability of their data. The 48% of trials with publicly available
microarray data received 85% of the aggregate citations. Publicly available data was significantly (p = 0.006) associated with
a 69% increase in citations, independently of journal impact factor, date of publication, and author country of origin using
linear regression. Significance. This correlation between publicly available data and increased literature impact may further
motivate investigators to share their detailed research data.

Citation: Piwowar HA, Day RS, Fridsma DB (2007) Sharing Detailed Research Data Is Associated with Increased Citation Rate. PLoS ONE 2(3): e308.
doi:10.1371/journal.pone.0000308

INTRODUCTION
Sharing information facilitates science. Publicly sharing detailed
research data–sample attributes, clinical factors, patient outcomes,
DNA sequences, raw mRNA microarray measurements–with
other researchers allows these valuable resources to contribute far
beyond their original analysis[1]. In addition to being used to
confirm original results, raw data can be used to explore related or
new hypotheses, particularly when combined with other publicly
available data sets. Real data is indispensable when investigating
and developing study methods, analysis techniques, and software
implementations. The larger scientific community also benefits:
sharing data encourages multiple perspectives, helps to identify
errors, discourages fraud, is useful for training new researchers,
and increases efficient use of funding and patient population
resources by avoiding duplicate data collection.

Believing that that these benefits outweigh the costs of sharing
research data, many initiatives actively encourage investigators to
make their data available. Some journals, including the PLoS
family, require the submission of detailed biomedical data to
publicly available databases as a condition of publication[2–4].
Since 2003, the NIH has required a data sharing plan for all large
funding grants. The growing open-access publishing movement
will perhaps increase peer pressure to share data.

However, while the general research community benefits from
shared data, much of the burden for sharing the data falls to the study
investigator. Are there benefits for the investigators themselves?

A currency of value to many investigators is the number of times
their publications are cited. Although limited as a proxy for the
scientific contribution of a paper[5], citation counts are often used
in research funding and promotion decisions and have even been
assigned a salary-increase dollar value[6]. Boosting citation rate is
thus is a potentially important motivator for publication authors.

In this study, we explored the relationship between the citation
rate of a publication and whether its data was made publicly
available. Using cancer microarray clinical trials, we addressed the
following questions: Do trials which share their microarray data
receive more citations? Is this true even within lower profile trials?
What other data-sharing variables are associated with an increased
citation rate? While this study is not able to investigate causation,
quantifying associations is a valuable first step in understanding
these relationships. Clinical microarray data provides a useful
environment for the investigation: despite being valuable for reuse
and extremely costly to collect, is not yet universally shared.

RESULTS
We studied the citations of 85 cancer microarray clinical trials
published between January 1999 and April 2003, as identified in
a systematic review by Ntzani and Ioannidis[7] and listed in
Supplementary Text S1. We found 41 of the 85 clinical trials
(48%) made their microarray data publicly available on the
internet. Most data sets were located on lab websites (28), with
a few found on publisher websites (4), or within public databases (6
in the Stanford Microarray Database (SMD)[8], 6 in Gene
Expression Omnibus (GEO)[9], 2 in ArrayExpress[10], 2 in the
NCI GeneExpression Data Portal (GEDP)(gedp.nci.nih.gov); some
datasets in more than one location). The internet locations of the
datasets are listed in Supplementary Text S2. The majority of
datasets were made available concurrently with the trial
publication, as illustrated within the WayBackMachine internet
archives (www.archive.org/web/web.php) for 25 of the datasets
and mention of supplementary data within the trial publication
itself for 10 of the remaining 16 datasets. As seen in Table 1, trials
published in high impact journals, prior to 2001, or with US
authors were more likely to share their data.

The cohort of 85 trials was cited an aggregate of 6239 times in
2004–2005 by 3133 distinct articles (median of 1.0 cohort citation
per article, range 1–23). The 48% of trials which shared their data
received a total of 5334 citations (85% of aggregate), distributed as
shown in Figure 1.
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Whether a trial’s dataset was made publicly available was
significantly associated with the log of its 2004–2005 citation rate
(69% increase in citation count; 95% confidence interval: 18 to
143%, p = 0.006), independent of journal impact factor, date of
publication, and US authorship. Detailed results of this multivar-
iate linear regression are given in Table 2. A similar result was
found when we regressed on the number of citations each trial
received during the 24 months after its publication (45% increase
in citation count; 95% confidence interval: 1 to 109%, p = 0.050).

To confirm that these findings were not dependent on a few
extremely high-profile papers, we repeated our analysis on a subset
of the cohort. We define papers published after the year 2000 in
journals with an impact factor less than 25 as lower-profile
publications. Of the 70 trials in this subset, only 27 (39%) made
their data available, although they received 1875 of 2761 (68%)
aggregate citations. The distribution of the citations by data
availability in this subset is shown in Figure 2. The association
between data sharing and citation rate remained significant in this

lower-profile subset, independent of other covariates within
a multivariate linear regression (71% increase in citation count;
95% confidence interval: 19 to 146%, p = 0.005).

Lastly, we performed exploratory analysis on citation rate within
the subset of trials which shared their microarray data; results are
given in Table 3 and raw covariate data in Supplementary Data S1.
The number of patients in a trial and a clinical endpoint correlated
with increased citation rate. Assuming shared data is actually re-
analyzed, one might expect an increase in citations for those trials
which generated data on a standard platform (Affymetrix), or
released it in a central location or format (SMD, GEO, GEDP)[11].
However, the choice of platform was insignificant and only those
trials located in SMD showed a weak trend of increased citations. In
fact, the 6 trials with data in GEO (in addition to other locations for 4
of the 6) actually showed an inverse relationship to citation rate,
though we hesitate to read much into this due to the small number of
trials in this set. The few trials in this cohort which, in addition to
gene expression fold-change or other preprocessed information,
shared their raw probe data or actual microarray images did not
receive additional citations. Finally, although finding diverse
microarray datasets online is non-trivial, an additional increase in
citations was not noted for trials which mentioned their Supple-
mentary Material within their paper, nor for those trials with datasets
identified by a centralized, established data mining website. In
summary, only trial design features such as size and clinical endpoint
showed a significant association with citation rate; covariates relating
to the data collection and how the data was made available only
showed very weak trends. Perhaps with a larger and more balanced
sample of trials with shared data these trends would be more clear.

Table 1. Characteristics of Eligible Trials by Data Sharing.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Number of Articles
Odds Ratio (95% confidence interval)

Total Data Shared Data Not Shared

TOTAL 85 41 (48%) 44 (52%)

High Impact (. = 25) 12 12 (100%) 0 (0%) ‘ (3.8 to ‘)

Low Impact Journal 73 29 (40%) 44 (60%)

Published 1999–2000 6 5 (83%) 1 (17%) 6.0 (0.6 to 288.5)

Published 2001–2003 79 36 (46%) 43 (54%)

Include a US Author 56 35 (63%) 21 (38%) 6.4 (2.0 to 21.9)

No US Authors 29 6 (21%) 23 (79%)

doi:10.1371/journal.pone.0000308.t001..
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Figure 1. Distribution of 2004–2005 citation counts of 85 trials by
data availability. The 41 clinical trial publications which publicly shared
their microarray data received more citations, in general, than the 44
publications which did not share their microarray data. In this plot of
the distribution of citation counts received by each publication, the
extent of the box encompasses the interquartile range of the citation
counts, whiskers extend to 1.5 times the interquartile range, and lines
within the boxes represent medians.
doi:10.1371/journal.pone.0000308.g001

Table 2. Multivariate regression on citation count for 85
publications

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Percent increase in
citation count (95%
confidence interval) p-value

Publish in a journal with twice the impact
factor

84% (59 to 109%) ,0.001

Increase the publication date by a month 23% (25 to 22%) ,0.001

Include a US author 38% (1 to 89%) 0.049

Make data publicly available 69% (18 to 143%) 0.006

We calculated a multivariate linear regression over the citation counts,
including covariates for journal impact factor, date of publication, US
authorship, and data availability. The coefficients and p-values for each of the
covariates are shown here, representing the contribution of each covariate to
the citation count, independent of other covariates.
doi:10.1371/journal.pone.0000308.t002..
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→ Data (and code) accessibility and  
     documentation

What practices increase transparency and 
reproducibility?

19



Data (and code) 
accessibility

20

Group exercise 

In your groups, establish the following: 

•  Can you access the raw data 
   associated with your study? 

•  Can you access the code used to 
   perform any statistical analyses? 

For later: make a note for your 
presentation 📝



Email the authors? Email the editor? 

Can you extract the data from a PDF? 
        tabulizer package in R 
        tesseract software

What to do when 
you can’t access 
the data?

21

https://tesseract-ocr.github.io


Something to think about: Is enough information provided for you to 
reproduce the analysis? 

Often you won’t discover missing information until you try to repeat the 
analysis

Reproducibility

22



Tips for reproducible computational 
research

23

Sandve et al. (2013) Plos Comp Bio

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1003285


Rule 1: for every 
result, keep track of 
how it was produced 
📝

24

• All parameter choices 

• Pre- and post-processing 

• Any manual steps



25

How exactly were specimens measured?

https://kristinabarclay.wordpress.com/2016/10/21/fossil-friday-10-bryozoans/


Rule 2: avoid manual 
data manipulation 
steps, where possible

26



Rule 3: record the 
exact versions of all 
software used (or 
even better, archive) 
📝

27



Rule 4: use version 
control

28

Tutorial linked in Resources



Rule 5: record all 
intermediate results 
and standardise 
formats

29

Avoids having to re-run everything, if 
only part of your pipeline needs to be 
run again 

Makes tests easier to run, easier to 
track down problems



Rule 6: for analyses that 
include randomness, 
take note of the 
underlying seeds

30

quick demo!



Rule 7: always store raw 
data (and code) used to 
produce plots

31



Rule 8: connect textual 
results to underlying 
results

32

quick demo!



33

Tutorial linked in Resources



Rule 9: provide public 
access to all scripts 
and results 

34

• Supplementary material 

• Code repositories, e.g., github 

•  Dryad, Zenodo



At an absolute minimum you should be able to reproduce the results yourself! 

Accept that there is a short-term trade off between maximising 
reproducibility and getting results out there - the long-term benefits are worth 
the time investment

Final thoughts

35



How to use Git with R and RStudio 

rmarkdown cheatsheet 

Reproducible Research in R: A Tutorial on how to Do the Same Thing More 
Than Once 

Guide for Reproducible Research 

A protocol for data exploration to avoid common statistical problems

Resources

36

https://microsite.geo.uzh.ch/reproducible_research/post/rr-rstudio-git/
https://rstudio.github.io/cheatsheets/html/rmarkdown.html
https://www.mdpi.com/2624-8611/3/4/53
https://www.mdpi.com/2624-8611/3/4/53
https://book.the-turing-way.org/reproducible-research/reproducible-research/
https://besjournals.onlinelibrary.wiley.com/doi/full/10.1111/J.2041-210x.2009.00001.X
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https://the-turing-way.netlify.app/reproducible-research/reproducible-research.html


Workflow

38

Group exercise 

In your groups, discuss the following: 

•  Do you have past experience working  
   with reproducible studies? 

•  What would a reproducible workflow  
   look like for your current study? 

•  What are all the necessary steps you 
   would need to record?


