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Motivation

What part of a research study — hypotheses, methods, results, or discussion — should remain beyond a

scientist’s control? The answer, of course, is the results: the part that matters most for publishing in

prestigious journals and advancing careers. This paradox means that the careful scepticism required to

avoid massaging data or skewing analysis is pitted against the drive to identify eye-catching outcomes.

Unbiased, negative and complicated findings lose out to cherry-picked highlights that can bring prominent

articles, grant funding, promotion and esteem.

The ‘results paradox’ is a chief cause of unreliable science. Negative, or null, results go unpublished, leading

other researchers into unwittingly redundant studies. Ambiguous or otherwise ‘unattractive’ results are

airbrushed (consciously or not) into publishable false positives, spurring follow-up research and theories

that are bound to collapse.

COMMENT 10 September 2019

What’s next for Registered Reports?
Reviewing and accepting study plans before results are known can counter perverse incentives. Chris

Chambers sets out three ways to improve the approach.

Chris Chambers

Illustration by David Parkins

nature  comment  article

Chambers (2019)
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Motivation

Das Replizierbarkeitskrisennarrativ
Psychologie – 64 von 100 Studien nicht replizierbar

• Open Science (2015)

Nulleffekte in preregistrierten Replizierbarkeitsstudien

• Hagger et al. (2016), Wagenmakers et al. (2017), O’Donnell et al. (2018)

Vehaltensökonomie – 7 von 18 Studien nicht replizierbar

• Camerer et al. (2016)

Biologie – 47 von 53 Studien nicht replizierbar

• Begley and Ellis (2012)

Reproduzierbarkeitskrise in Machine-Learning-basierter Wissenschaft

• Kapoor and Narayanan (2022)
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Motivation

Das Replizierbarkeitskrisennarrativ

52% 
Yes, a signi�cant 
crisis

3% 
No, there is no crisis

7% 
Don’t know

38% 
Yes, a slight
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 HE R E  A 

R EPRODUCIBIL 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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Baker (2016)
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Motivation

Das Replizierbarkeitskrisennarrativ

investigations only in 4% of cases (5). Visual inspections
of microbiology papers suggested that between 1%
and 2% of papers had been manipulated in ways that
suggested intentional fabrication (6, 7).

The occurrence of questionable or flawed research
and publication practices may be revealed by a high
rate of false-positives and “P-hacked” (8) results.
However, while these issues do appear to be more
common than outright scientific misconduct, their
impact on the reliability of the literature appears to be
contained. Analyses based on the distribution of P
values reported in the medical literature, for example,
suggested a false-discovery rate of only 14% (9). A
similar but broader analysis concluded that P-hacking
was common in many disciplines and yet had minor
effects in distorting conclusions of meta-analyses (10).
Moreover, the same analysis found a much stronger
“evidential value” in the literature of all disciplines,
which suggests that the majority of published studies
are measuring true effects, a finding that again con-
tradicts the belief that most published findings are
false-positives. Methodological criticisms suggest that
these and similar studies may be underestimating the
true impact of P-hacking (11, 12). However, to the best
of my knowledge, there is no alternative analysis that
suggests that P-hacking is severely distorting the
scientific literature.

Low statistical power might increase the risk of
false-positives (as well as false-negatives). In several
disciplines, the average statistical power of studies
was found to be significantly below the recommended
80% level (13–16). However, such studies showed that
power varies widely between subfields or methodol-
ogies, which should warn against making simplistic
generalizations to entire disciplines (13–16). Moreover,
the extent to which low power generates false-positives
depends on assumptions about the magnitude of the
true underlying effect size, level of research bias,
and prior probabilities that the tested hypothesis is
in fact correct (17). These assumptions, just like
statistical power itself, are likely to vary substantially
across subfields and are very difficult to measure in
practice. For most published research findings to be
false in psychology and neuroscience, for example,
one must assume that the hypotheses tested in
these disciplines are correct much less than 50% of
the time (14, 18). This assumption is, in my opinion,
unrealistic. It might reflect the condition of early
exploratory studies that are conducted in a theo-
retical and empirical vacuum, but not that of most
ordinary research, which builds upon previous the-
ory and evidence and therefore aims at relatively
predictable findings.

It may be counter-argued that the background lit-
erature that produces theory and evidence on which
new studies are based is distorted by publication and
other reporting biases. However, the extent to which
this is the case is, again, likely to vary by research
subfield. Indeed, in a meta-assessment of bias across
all disciplines, small-study effects and gray-literature
bias (both possible symptoms of reporting biases)
were highly heterogeneously distributed (19). This

finding was consistent with evidence that studies on
publication bias may themselves be subject to a
publication bias (20), which entails that fields that do
not suffer from bias are underrepresented in the
metaresearch literature.

The case that most publications are nonreproducible
would be supported by meta-meta-analyses, if these
had shown that on average there is a strong “decline
effect,” in which initially strong “promising” results are
contradicted by later studies. While a decline effect
was measurable across many meta-analyses, it is far
from ubiquitous (19). This suggests that in many meta-
analyses, initial findings are refuted, whereas in others
they are confirmed. Isn’t this what should happen when
science is functional?

Ultimately, the debate over the existence of a re-
producibility crisis should have been closed by recent
large-scale assessments of reproducibility. Their re-
sults, however, are either reassuring or inconclusive. A
“Many labs” project reported that 10 of 13 studies
taken from the psychological literature had been
consistently replicated multiple times across different
settings (21), whereas an analysis in experimental
economics suggested that, of 18 studies, at least
11 had been successfully replicated (22). The largest
reproducibility initiative to date suggested that in
psychological science, reproducibility was below 50%
(23). This latter estimate, however, is likely to be too
pessimistic for at least two reasons. First because,
once again, such a low level of reproducibility was not
ubiquitous but varied depending on subfield, meth-
odology, and expertise of the authors conducting the
replication (23–25). Second, and more importantly,
because how reproducibility ought to be measured is
the subject of a growing methodological and philo-
sophical debate, and reanalyses of the data suggest
that reproducibility in psychological science might

Fig. 1. Number ofWeb of Science records that in the title, abstract, or keywords
contain one of the following phrases: “reproducibility crisis,” “scientific crisis,”
“science in crisis,” “crisis in science,” “replication crisis,” “replicability crisis.”
Records were classified by the author according to whether, based on title and
abstracts, they implicitly or explicitly endorsed the crisis narrative described in the
text (red), or alternatively questioned the existence of such a crisis (blue), or
discussed “scientific crises” of other kinds or could not be classified due to
insufficient information (gray). The complete dataset, which includes all titles and
abstracts and dates back to the year 1933, is available in Dataset S1. This sample
is merely illustrative, and does not include the numerous recent research
articles and opinion articles that discuss the “science is in crisis” narrative without
including any of the above sentences in the title, abstract, or keywords.

Fanelli PNAS | March 13, 2018 | vol. 115 | no. 11 | 2629
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Das Replizierbarkeitskrisennarrativ
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TRUSTWORTHINESS OF RESEARCH OUTPUTS: Although 62% of researchers trust the 
majority of research outputs, a proportion doubt the quality of some of the research outputs 
they encounter. To compensate they check supplementary material/data carefully, read only 
information associated with peer reviewed journals or seek corroboration from other trusted 
sources.

26.09.2019

4

Thinking about the various research outputs that you interacted 

with (or encountered) last week what proportion of the outputs 

would you consider trustworthy?

Which of the following mechanisms do you employ to compensate for 

any lack of confidence you have in the content you are considering 

reading/accessing?

57%

52%

52%

37%

29%

6%

7%

Check supplementary material or data carefully

Only read/access content that is in or linked to a
peer reviewed journal

Seek corroboration from other trusted sources
(e.g. see if research is cited in a known journal)

Read/access research from researchers I know

Read/access research from specific institutes

Only read/access research that has been
personally recommended

Other (please specify)

Base: All respondents (n=3133)
Base: All respondents that do not think all research outputs are trustworthy

(n=2715)

37%

62%

https://www.elsevier.com/connect/trust- in-research (2019)
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Das Replizierbarkeitskrisennarrativ

Ritchie (2020)
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Methodentransparenz und Datentransparenz

Ausgangslage

• Academia ist mehr an spannenden Resultaten als an sorgfältiger Arbeit interessiert.
• Academia interessiert sich wenig für die eigentliche Arbeit, sondern die Resultate.
• Academia liebt komplexe Analysen ohne den Anspruch, sie verstehen zu wollen.
• Academia mag keine Nullergebnisse.

Konsequenzen

• Publizierte Resultate sind oft nicht reproduzierbar und aufbaufähig.
• Ressourcenverschwendung.
• Geringes innerakademisches Vertrauen in publizierte Resultate.
• Gefahr des geringen extraakademischen Vertrauens in publizierte Resultate.

Lösung

• Gewährleistung von Reproduzierbarkeit durch Methoden- und Datentransparenz.
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Methodentransparenz und Datentransparenz

Replizierbarkeit
Andere Wissenschaftler:innen nutzen andere (neue) Daten und potentiell andere Metho-
den und kommen zur gleichen Schlußfolgerung wie eine Originalstudie.

⇒ Abhängig von den wahren, aber unbekannten, Parametern.

⇒ Unbeinflussbar

Reproduzierbarkeit
Andere Wissenschaftler:innen nutzen die gleichen Daten und die gleichen Datenanalyse-
methoden und erhalten die gleichen Resultate (cf. Peng (2011)).

⇒ Abhängig von der Sorgfältigkeit der wissenschaftlichen Arbeit

⇒ Beinflussbar

⇒ Menschen machen Fehler
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Methodentransparenz und Datentransparenz

Wissenschaftlicher Bericht

Hyperlink

Reproduktion

Datenakquisitionskripte

Roh- und Metadaten

Online Repositorium

Datenanalyseskripte

⋯
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Methodentransparenz und Datentransparenz

Wissenschaftliche Qualitätssicherung

• Pre- und Postpublikations-Mehraugenprinzip
• Reproduzierbarkeit bei identischen Daten und Analysen gesichert
• Replikationspotential für neue Daten und Analysen erhöht

Nachhaltigkeit

• Möglichkeit der Datenwiederverwendung in neuen Kontexten
• Maximierung der Anzahl experimenteller Einheiten
• Ermöglichung automatisierter Metaanalysen

Ethischer Imperativ

• Respekt im Umgang mit öffentlichen Geldern
• Respekt für die Beiträge von Forschungspersonen
• Minimierung von Forschungsrisiken
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Methodentransparenz und Datentransparenz

Kernaspekte der Methodentransparenz

• Computercode als ausführlichste Form der Dokumentation

• Referenzierung datenanalytischer Skripte in Methods und Results Sections

• Verfügbarkeit zum Zeitpunkt der Veröffentlichung (Preprint/Journal Submission)

Vorbedingungen

• Automatisierte Datenanalyse von Rohdaten zu Abbildungen und Tabellen

• Lesbarer, gut-strukturierter und extensiv kommentierter Code

• Verzicht auf Variablennamen mit persönlichkeitsrelevanten Merkmalen
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Methodentransparenz und Datentransparenz

Kernaspekte der Datentransparenz

• Digitale Rohdaten als ausführlichste Form der Datengrundlage

• Formatierung anhand akzeptierter Datenstandards

• Verfügbarkeit zum Zeitpunkt der Veröffentlichung (Preprint/Journal Submission)

Vorbedingungen

• Vorliegen digitaler Rohdaten

• Verfügbarkeit von Speicherplatz

• Respekt datenschutzrechtlicher Belange
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Methodentransparenz und Datentransparenz

Repositorien
Open Science Framework

• Nichtkommerzielles Datenrepositorium
• Projektarchivierung bei Preprint/Journal Submission/Revision
• Seit 2020 beschränkter Speicherplatz pro Projekt

GitHub

• Kommerzieller Dienst zur Versionsverwaltung für Software-Entwicklungsprojekte.
• Kollaborative Softwareentwicklung (Track Changes)
• Oft irrtümlich zur Analysecodearchivierung benutzt

Forschungsdatenzentrum des ZPID

• Digitales Forschungsdatenzentrum für die psychologische Forschung
• Teil der öffentlich finanzierten Leibniz-Gemeinschaft
• Unterstützung bei Dokumentation und Archivierung als kostenpflichtige Services
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Methodentransparenz und Datentransparenz

Datenstandards

Brain Imaging Data Structure

• Datenstandard für Neuroimaging- und Verhaltensdaten

• Stetige Weiterentwicklung auf weitere Datenmodalitäten

• Gorgolewski et al. (2016)

PsyCuraDat

• Datenstandard für psychologische Daten

• Zur Zeit noch in der Entwicklung

• Blask, Gerhards, and Jalynskij (2021)
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Methodentransparenz und Datentransparenz

Datenschutzrechtliche Aspekte
Psychologische Daten sind in aller Regel sensible humane Daten

Datenschutzrechtliche Belange müssen respektiert werden

Das Datenschutzrecht gliedert sich in

• EU Datenschutzgrundverordnung (DGSVO) [EU2016/679]
• Bundesdatenschutzgesetz (BDSG)
• Datenschutzgesetze der Bundesländer

Psychologische Daten fallen in aller Regel unter personenbezogene Daten

“Alle Informationen, die sich auf eine identifizierte oder identifizierbare natürliche Person beziehen;
als identifizierbar wird eine natürliche Person angesehen, die direkt oder indirekt, insbesondere mittels
Zuordnung zu einer Kennung wie einem Namen, zu einer Kennnummer, zu Standortdaten, zu einer
Online-Kennung oder zu einem oder mehreren besonderen Merkmalen, die Ausdruck der physischen,
physiologischen, genetischen, psychischen, wirtschaftlichen, kulturellen oder sozialen Identität dieser
natürlichen Person sind, identifiziert werden kann”
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Methodentransparenz und Datentransparenz

Datenschutzrechtliche Aspekte

Datenschutzrechte 
des Individuums

Öffentliches Interesse an der 
Verarbeitung humaner Daten 

zu Forschungszwecken
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Methodentransparenz und Datentransparenz

Datenschutzrechtliche Aspekte

Möglichkeiten der Datentransparenz beim Umgang mit humanen Daten

Public sharing
• Open data platforms

Restricted sharing
• Peer-to-peer data sharing

Dynamic sharing
• Participant-centred platforms
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Methodentransparenz und Datentransparenz

Public Sharing
Datenbereitstellung auf weltweit frei zugänglichen Datenplattformen

• Allgemeiner Datenzugang für alle Formen der Datennutzung

Vorteile

• Einfach
• Etabliert
• Ressourcen sensibel

Nachteile

• Unwiderruflich
• Gefahr des Datenmissbrauchs
• Unklarer datenschutzrechtlicher Stand (DSGVO)
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Methodentransparenz und Datentransparenz

Restricted sharing
• Datenzugangsregelung mithilfe von Data Use Agreements

Vorteile

• Risikominimierung
• Klare Verantwortlichkeiten
• Teilweise etabliert

Nachteile

• Restriktiv
• Verantwortlichkeit auf Seiten der Wissenschaftler:innen
• Paternalistisch
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Methodentransparenz und Datentransparenz

Dynamic sharing
• Proband:innenzentrierte Datenplattformen
• Datenzugangsregulation und Monetarisierung durch Proband:innen

Vorteile

• Digitales Empowerment
• Klare Verantwortlichkeiten
• Zukunftsorientiert

Nachteile

• Drop-out
• Nicht etabliert
• Ressourceintensiv
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Methodentransparenz und Datentransparenz

Dynamic Sharing
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Methodentransparenz und Datentransparenz

Pillars of Open Science, UNESCO (2021)
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