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Abstract
Despite a recent push toward for more transparency in psychological research, data sharing has long
been unsubstantial. The current work therefore first establishes why open data is important, and
then suggests an open-data workflow that psychological researchers could adopt in their own
projects. This workflow alleviates the practical difficulties researchers currently have, and ensures
that data is ready for use by others. To underscore the potential for reuse of open scientific data, a
second part in this thesis describes two analyses on existing data of over 35,000 effect sizes included
in 710 meta-analyses published in Psychological Bulletin. First, we performed a retrospective power
analysis based on Random-Effects meta-analysis. The results show that statistical power increased
over the last 50 years (median 40.2% in 1972-1976 to 59.4% in 2012-2014). Larger true effect sizes
and proportionally more correlational study designs underlie this increase. Future psychological
research should concentrate on increasing sample sizes. Secondly, we investigated the extent of
heterogeneity within the meta-analysed fields, revealing that the typical field contains considerable
variability in true effect sizes (median τ = 0.284). Psychological findings are thus difficult to capture
with only the meta-analytical estimate. To explore the origins of heterogeneity, we also predicted
that variability in effect sizes generally first increases and then decreases within fields because of
temporal changes in research focus. We observed some preliminary promising evidence, although
future efforts are needed. Overall, the current report shows the potential of data reuse in
psychology and guides researchers towards practicing open data themselves.
Keywords: data sharing, open data, meta-science, retrospective power, heterogeneity, metaanalysis
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Overview
Transparency has recently become a point of contention within psychological science.
Petitions to open up research practices (e.g. Munafó et al., 2017) came alongside the realization that
a part of psychological knowledge is not as credible and dependable as once thought (e.g. Open
Science Collaboration, 2015; Klein et al., 2014). By making their research transparent, researchers
set up for a science in which findings are readily scrutinized and verified. Nonetheless, especially the
availability of open data poses additional opportunities that are worthwhile in and of themselves. In
this thesis, the focus is on such re-use of scientific datasets.
The first part of this thesis reviews the literature on data sharing within psychology, and
suggests a workflow incorporating several technological solutions that can promote and facilitate
the reuse of data. The workflow targets the practical difficulties that researchers currently have in
sharing their data, such as the effort and time required (Houtkoop, Chambers, Macleod, Bishop,
Nichols & Wagenmakers, 2018), whilst simultaneously creating datasets that are FAIR: Findable,
Accessible, Interoperable, and Reusable (Wilkinson et al., 2016).
Despite the emphasis on future open data, existing data is also valuable and worthwhile.
Such datasets can still deliver new insights. In contrast to the general psychological science, metaanalyses have a more comprehensive data sharing tradition. Meta-analyses statistically synthesize
the results of multiple investigations and therefore often report the details of these studies in tables.
Unfortunately, these tables are only accessible in pdf copies of the meta-analytical articles, which
hinders access and reuse. The Meta-data project previously converted tables from meta-analyses
published in Psychological Bulletin to spreadsheets, ready for reuse. Part two of the current thesis
reports on two analyses based upon 710 of these meta-analytical datasets, including almost 18,000
publications.
The first analysis examines how statistical power of psychological studies developed over the
last 50 years. The results show that power increased over time, with the typical study reaching
40.3% in 1972-1976 and 59.4% in 2012-2014. Larger underlying effect sizes and a stronger focus on
correlational research account for this increase. Peculiarly, scientists did not employ larger samples,
which is a point of improvement for future research. Were the current trend to continue, the typical
study within psychology would likely reach 80% power within the next two decades.
The second analysis examines the extent of heterogeneity within the meta-analysed areas.
When studies within the same field investigate somewhat different effects and populations, a metaanalysis may pick up variability within the underlying effects, i.e. heterogeneity. The current
investigation shows that heterogeneity is generally large and that the typical field even includes
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effects in the opposite direction of the average. Scientists and stakeholders should thus be careful
not to take a summary effect size for simple universal truth. Next to this general overview, the
second analysis also reports on how heterogeneity evolved over the course of ten larger fields in
psychology. The expectation was that heterogeneity would increase and decrease because of
subsequent divergence and convergence of research focus and standards, which the inspected
trajectories indeed show signs of.
After reading this thesis, the thorough reader should have come upon a diverse set of
examples and demonstrations that highlight the potential for reuse of scientific datasets, hopefully
inspiring them to adopt open data practices themselves. With the discussed technological solutions,
open data is within their grasp. Ultimately, open data is not merely a necessary good, but rather a
fertile ground for new exciting future projects.
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Part 1: Bringing Order to Psychological Data
Over the last decade scientists have assertively petitioned for more transparency within
psychological science and beyond (e.g. Miguel et al., 2014; Nosek et al., 2015; Morey et al., 2016;
Munafò et al., 2017). The primary motivation for these calls to action is general uncertainty about
the validity of scientific knowledge. Many previous findings in psychology do not replicate (e.g. OSC,
2015; Klein et al., 2014; Ebersole et al., 2016; Klein et al., 2018; Camerer et al., 2018; Hagger et al.,
2016; Wagenmakers et al., 2016; Eerland et al.,2016; Cheung et al., 2016; O’Donnell et al., 2018;
McCarthy et al., 2018), which raises the question whether published results actually reflect real
psychological phenomena. Since psychology informs decision making in many domains, whether it is
in psychiatry, government, business, design, science itself, or elsewhere, there is a pronounced need
to verify the scientific conclusions upon which these ubiquitous decisions are based. By opening up
their research assets, including materials, data and analysis script, researchers allow others to
scrutinize investigated theories and effects (Asendorpf et al., 2012; Miguel et al., 2014; McNutt,
2014). Transparency is therefore of great importance to the health of psychological science.
However, particularly the openness of research data also poses opportunities beyond
verification and scrutiny of scientific findings. Open data permits additional analyses that extract
new knowledge from existing datasets, and it may also give rise to new insightful representations on
the web. Moreover, the wide availability of datasets allows for metascientific investigations into the
state of psychological science itself. Is research performed effectively? And how can researchers
improve their studies? In short, the opportunities of re-use of data are plentiful and appealing,
highlighting that transparency of psychological research has vast potential.
Despite these widespread benefits, the sharing culture in psychology has been minimal (e.g.
Wicherts et al., 2011). Part of the problem is researchers’ lack of training and proficiency in data
sharing (Tenopir et al., 2011; Houtkoop et al., 2018). In practice, researchers have difficulties in
deciding where to publish data and how to make data understandable to others (e.g. Stuart et al.,
2018). There are unfortunately no widely adopted standards within the psychological scientific
community for sharing data. Nonetheless, as the current first part of this thesis demonstrates, there
are technical solutions that can provide the structure and workflow that researchers need. First, the
present review revisits more elaborately why research transparency is important and what currently
prevents data sharing. Subsequently, it suggests solutions aimed at the ordinary psychological
scientist. The objective is to make readers aware of the benefits of open data, and to help them in
adopting open data practices themselves.

BRINGING ORDER TO PSYCHOLOGICAL DATA

10

Transparency in Psychological Research
Verification of scientific findings is the initial motivation for availability of research assets.
Research transparency facilitates the reproduction of study results, the replication of studies, and
the execution of meta-analyses on psychological phenomena. These activities all help in ensuring the
trustworthiness and reliability of findings within science, as explained next.
First, when researchers have access to original study data, they can assess whether authors
correctly analysed and reported their findings, i.e. whether a study is reproducible. Researcher error,
both accidental and intentional, introduces confounding factors that affect the eventual conclusions
found in publications. Surveys amongst researchers generally reveal considerable prevalence of
Questionable Research Practices (QRPs) that deteriorate the reliability of findings (John,
Loewenstein & Prelec, 2012; Banks, Rogelberg, Woznyj, Landis & Rupp, 2016). For instance,
approximately half of psychological papers contains at least one instance in which authors reported
statistics that are at odds with one another (Bakker & Wicherts, 2011; Nuijten, Hartgerink, van
Assen, Epskamp & Wicherts, 2015). Moreover, Simonsohn (2013) brought to light two cases of fraud
solely by investigating the reported means and standard deviations. Most QRPs relate to the
selective reporting of results, which includes publication bias, p-hacking and HARKing (Stanley,
Carter & Doucouliagos, 2018). When there is publication bias, scientists do not report null findings
because they are deemed uninteresting or unpublishable (Egger, Smith, Schneider & Minder, 1997;
Rothstein, Sutton & Borenstein, 2006), either by the authors themselves or by the reviewers (Franco,
Malhotra & Simonovits, 2014). P-hacking is the related practice of flexible analysis, where
researchers actively seek to reach positive findings (p < 0.05) and thereby abuse their degrees of
freedom (Simmons, Nelson & Simonsohn, 2011). When scientists hypothesize after the result are
known (HARKing), they are at increased risk of picking up noise rather than signal (Kerr, 1998). As a
consequence of selective reporting, the literature contains more false positive results than
presumed and generally overestimates the strength of relationships (e.g. Ioannidis, 2005; Simmons,
Nelson & Simonsohn, 2011; Fanelli, Costas & Ioannidis, 2017). Opening up science, and in particular
access to scientific datasets, grants others the possibility of detecting and correcting made mistakes
in studies. This eventually leads to more informed outcomes.
Secondly, by replicating research, scientists ask: do the findings hold up beyond the original
investigation? Exact replications strive to precisely re-do the original study with a novel sample, and
therefore rely fully upon the availability of previously employed research materials, such as the
instructions given to participants, the intervention materials used, and the measures taken.
Conceptual replications alter at least one of the original research aspects, which makes them
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arguably somewhat less dependent on transparency. By testing predictions repeatedly, scientists
reduce the extent to which random sampling error and study-specific circumstances affect eventual
conclusions. In light of the inflated effect size estimates in the literature due to selective reporting
(e.g. Ioannidis, 2005), and considerable variability of studied effect sizes within the same scientific
areas (e.g. Stanley et al., 2018), it is not surprising that replications are often unsuccessful. When
exactly replicating 100 studies in psychology, only 36% of studies gave a significant result in the same
direction as the initial ones (OSC, 2015). Many Labs projects (Klein et al., 2014; Ebersole et al., 2016;
Klein et al., 2018) investigated whether different published effects replicate across many different
samples studied by labs around the world. They generally observed that most effects are smaller in
the replications than in the original studies. Moreover, a number of Registered Replication Reports
examining specific psychological effects did not support the findings of the original paper (e.g.
Camerer et al., 2018; Hagger et al., 2016; Wagenmakers et al., 2016; Eerland et al., 2016; Cheung et
al., 2016; O’Donnell et al., 2018; McCarthy et al., 2018). All these replication projects fulfil a selfcorrecting role in psychological science, establishing which effects are real and relevant, and which
are not.
Thirdly, when data from several studies on the same psychological phenomena are available,
meta-analysts can reliably synthesize the results to provide a conclusion on the strength and
existence of effects. Although meta-analysis in principle only requires effect sizes and standard
errors, complete study datasets allow for exploration of moderators that influence the investigated
relationship (e.g. Higgins, 2008). Availability of study data is also important in protecting against
aforementioned selective reporting bias. When only positive evidence is present, meta-analytical
conclusions will be unduly optimistic about the magnitude of the effect (e.g. Egger et al., 1997). With
complete access to study data, meta-analyses become more reliable and provide a better summary
of the effects under study. In combination with reproduction and replication, meta-analyses improve
the base of scientific evidence that guide decisions within and outside science.
Beyond Verification
Even though scrutiny on the literature is an important argument in favour of transparency,
there are many other benefits. Especially openness of data poses substantial opportunities (e.g.
Pasquetto, Randels & Borgman, 2017). For one, researchers may perform additional analyses on
existing data in order to obtain new scientific insight. In fields such as astronomy and ecology, there
have long been efforts of publishing large datasets specifically for reuse (Pasquetto et al., 2017). The
Journal of Open Data in Psychology aims for a similar tradition within psychological science
(Wicherts, 2013), and has published 31 data papers as of writing.
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Moreover, metascience would greatly benefit from widely available scientific data. The
discipline takes an overarching perspective to make assessments about the state of science, which is
evidently much needed given the low levels of replication. The more data that are available, the
more possibilities there are for scientific self-reflection. A dataset of 25,000 social psychological
studies published throughout the 20th century revealed that the average mean correlation is 0.21,
but that there is quite a bit of variability in effects (Richard, Bond & Stokes-Zoota, 2003). More
recently, based on data from over a thousand fields, Fanelli et al. (2017) determined that effect sizes
from early, small and highly cited publications are more often biased. These are just two examples in
which large and combined datasets lead to significant overarching insight. In part two of the current
thesis we perform meta-scientific analyses on an elaborate dataset; a demonstration introduced at
the end of the current section.
Lastly, open data supports the development of new digital applications. In the way the
journal paper has historically been the primary presentation of scientific datasets, online
applications can nowadays be used to provide insight and interactive overviews. Both MetaLab
(metalab.stanford.edu) and MetaBUS (www.metabus.org, Bosco, Steel, Oswald, Uggerslev, & Field,
2015) are interfaces to databases of studies included in meta-analyses in psychology. They allow onthe-fly meta-analysis on a user-defined set of studies. MetaBUS also has a mapped space of scientific
topics that users can visually search (Bosco et al., 2015), and MetaLAB provides an extra calculator
for computing necessary sample sizes within specific fields. Furthermore, NeuroSynth
(www.neurosynth.org) is a digital tool that aggregates fMRI scans and creates images that show
which brain parts are generally activated during different cognitive processes. Outside of academics,
online media outlets have made data accessible and understandable to laymen. For instance,
Fivethirtyeight (www.fivethirtyeight.com) reports on politics and sports by showing visualizations of
datasets and discussing their implications. Scientific analyses can similarly be made more insightful
on the web. Altogether, open data ensures the health of science through scrutiny on effects, gives
others opportunities to extract new scientific insight, enables metascientific research and inspires
new insightful web-based applications. Despite these benefits, psychologists do not often share their
data.
The Lack of a Sharing Culture
In general, the sharing culture in the social sciences is deficient (Hardwicke et al., in press),
especially compared to other disciplines (Griffiths, 2009). Multiple investigations found that data
from psychological studies, even upon multiple requests, is only provided in a minority of cases –
from 27% to 43% (Wicherts, Borsboom, Kats & Molenaar, 2006; Wicherts et al., 2011; Vanpaemel,
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Vermorgen, Deriemaecker, & Storms, 2015). Hardwicke et al. (in press) found that only 7% of articles
in the social sciences were accompanied by raw data in the period between 2014 and 2017. There is
evidently room for improvement.
Fortunately, some efforts have created incentives and obligations that have had a positive
impact on the availability of data (Munafò et al., 2017; Houtkoop et al., 2018). For example, a
number of journals have started providing papers with badges when authors adopt open research
practices (for an overview of participating journals, see Center for Open Science, 2019), which has
boosted data sharing (Kidwell et al., 2016). The Transparency and Openness Promotion (TOP)
guidelines (Nosek et al., 2015) describe four levels on which journals and articles can be rated from
no (level 0) to complete transparency (level 3), amongst others for data openness, which provides a
measurement framework for transparency of research. Scientists can also sign onto the Peer
Reviewers’ Openness Initiative (Morey et al., 2016), thereby committing themselves to withholding
peer review when manuscripts do not sufficiently follow transparent guidelines. Lastly, a number of
funding institutions require researchers to plan data sharing in their grant proposals (Houtkoop et
al., 2018). In sum, there is a considerable push towards more openness of data, despite current
overall resistance.
Various reasons underlie the apparent reluctance to share data in scientific communities. In
general, authors lack the time, knowledge, resources, ethical or legal clearance, and incentives to
make their data available (Griffiths, 2009). For instance, publishing data exposes scientists to
scrutiny that has the potential of hurting their standing (Gewin, 2016; Houtkoop et al., 2018). Even
though overall science would benefit from transparency, there is in principle no gain and only
potential loss for individual researchers. Wicherts, Bakker and Molenaar (2011) found that the
sharing of data is positively related to the number and severity of errors in published statistics,
suggesting that authors are less likely to share when they know they know their results are doubtful.
Another concern of researchers is that others will make use of the data before they themselves do
(Wallis, Rolando & Borgman, 2013; Schmidt, Gemeinholzer, and Treloar, 2016), and that others will
not be properly acknowledge them for reuse of their data (Tenopir et al., 2011; Wallis et al., 2013;
Houtkoop et al., 2018). A recent survey amongst psychologists (Houtkoop et al., 2018) found that
especially the lack of sharing norms, the time commitment and the absence of know-how prevent
openness of data.
These latter two barriers emphasize that scientists have practical struggles in sharing their
data. They have difficulties determining how and where they should make their data available (e.g.
Joel, Eastwick & Finkel, 2018; Stuart et al., 2018). Moreover, researchers often also do not know how
to make datasets understandable and usable for others (Stuart et al., 2018). For instance, even
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though the journal Cognition now demands open data, when reproducing the analyses of a sample
of 35 articles, independent researchers still required author assistance in at least eleven cases
(Hardwicke et al., 2018). Although these practical difficulties create an uphill battle for researchers,
there are technological solutions that can greatly assist them.
A Technological Solution: Born-Open Data
The born-open data protocol (Rouder, 2016) offers a solution for the excessive effort
involved with sharing data. In this protocol, all data obtained during the day in the lab is uploaded
automatically to a repository every twenty-four hours (Rouder, 2016). The data are thus open from
their inception. By making data sharing automatic and semi-autonomous, born-open data explicitly
addresses the effort and time commitment that researchers currently experience. There is no
iterative conscious action required. The only responsibilities of the researchers is to set up the initial
software scripts that perform the uploads, and to occasionally assess correct functioning. When a
pipeline for uploads is created for one particular project, they can also easily be ported to different
future projects. The required technology would already be present and solely require re-installation,
foregoing the need to start from scratch. The concept of a regular automatic data upload does not
address problems such as the understandability of data, which is a gap that technical specifications
of the stored data can fill.

Storing Data
Researchers should use technologies that ensure that the data can be effectively reused in
the future. Wilkinson et al. (2016) present four widely advocated principles that open data should
adhere to, captured by the acronym FAIR: Findable, Accessible, Interoperable, and Reusable. The
principles themselves do not necessitate any particular technical execution, but rather provide
general guidance for researchers and technology developers. The W3 consortium (Losció, Burle &
Calegri, 2017) lists four additional guidelines for online datasets: Comprehension, Linkability, Trust
and Processability. Table 1 broadly describes what these FAIR+ guidelines suggest for datasets in
psychological science. As the next sections explain, to ensure FAIRness, researchers should upload
their data to a stable repository, such as the Open Science Framework, and format their data
according to specifications, such as Psych-DS.
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Table 1. Practical implications of FAIR (Wilkinson et al., 2016) and W3Consortium guidelines for online data (Losció, Burle &
Calegri, 2017).

Guideline

Practical implication

Findable

Ensuring that search engines suggest the dataset when a relevant query
comes along

Accessible

Defining whom can access what part of the data

Interoperable

Using formats and vocabularies for data and meta-data that are widely used
by humans and machines, and that are non-proprietary

Reusable

Providing a well-defined codebook that gives researchers and machines
sufficient guidance to understand the data and reproduce analyses, along
with a usage license

Comprehension

Ensuring that humans can understand the dataset and the meta-data, and
providing a read-me page

Linkability

Providing unique identifiers per datasets, and ways to refer to other
documents by identifiers

Trust

Provide a time and location of data gathering, versions of the data, and
author notes and contact information

Processability

Ensuring that machines and humans can directly process the data

Data repositories
There are numerous online data repositories where scientific datasets can be uploaded and
accessed by others for reuse. Re3Data.org is a registry of repositories specifically for scientific
datasets (Pampel et al., 2013), which researchers can use to find an appropriate option for their
projects. All repositories have a somewhat different implementation bearing consequence on the
findability and accessibility of datasets. Scientists should choose one that allows for the
confidentiality and usage terms they require (Meyer, 2018). Researchers should also particularly pay
mind to the stability of a repository. Can a timestamped version of the data stored in a particular
repository be accessed at the same location by others for many years to come? Enduring
preservation of scientific data is specifically important for future efforts that require access long
after initial publication, such as reproducibility efforts and metascientific research. Data stays
valuable over time, and they should therefore be managed to last. In the born-open data protocol,
Rouder (2016) explicitly recommends GitHub as a data repository, although there are arguably more
appropriate choices. Github is a sharing platform mainly for programmers who collaborate on
projects. Although it offers persistent URLs for uploaded files, there are no assurances about the
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permanence and stability of these links. A more suitable choice for many projects in psychology is
the Open Science Framework.
The Open Science Framework (OSF) is an online platform that allows researchers to store all
digital materials throughout the research cycle of a project within a folder structure (Spies, 2013).
Researchers can create new projects and occupy it with different kinds of standardized components,
including the obtained data. Stored data is automatically given a persistent URL and upon request a
DOI. The presence of a DOI makes that the dataset is more easily cited, whereas the persistent URL
ensures that the data can always be accessed at a stable location by third parties. A change within a
file in the OSF always prompts a new version of that document, and all previous versions of
documents remain accessible. The ability to examine how a dataset evolved over time is important
in judging integrity and reproducibility of associated results. Are the final data – those that delivered
the eventual findings – similar enough to the initial ones? Especially in combination with a bornopen protocol in which data is practically untouched before upload, integrity of data is guaranteed
within the OSF. Datasets on the OSF can also be licensed easily through a dropdown-menu of
options, ensuring that others understand to what extent and for which purpose they can reuse the
data. The last advantage of the OSF is the assurance the data is kept available for 50 years, with
dedicated funding and back-ups in place (Bowman, 2019). This guarantee ensures that scientists can
use data uploaded to the OSF to its full potential for a long time after publication. Even though the
OSF clearly addresses many important concerns of scientific data sharing, it still leaves a number of
issues unattended. The lack of standardized data structure precludes complete compliance of OSFdata with FAIR guidelines. For instance, the OSF allows all types of data to be uploaded, whilst many
formats lack interoperability. Psych-DS is a recently composed set of specifications that prescribes a
standardized organization and format for data and descriptive metadata, and it can be used in
unison with a data repository like the OSF.
A Dataset structure: Psych-DS
To ensure that datasets from psychological studies are FAIR and can be reused in the future,
Kline et al. (2019) have formulated specifications on the dataset structure for psychological studies:
the Psych-DS. Their efforts are based on BIDS (Brain Imaging Data Structure), which is a similar set of
specifications for neuroscientific brain research data that has been successfully adopted by authors
and digital tools (BIDS, n.d.). Psych-DS aims to achieve a similar feat with ordinary psychology study
data.

BRINGING ORDER TO PSYCHOLOGICAL DATA

17

Psych-DS starts with a file structure that organizes all digital study
materials including data, as illustrated in Figure 1. The core is a top-level folder
for the entire project, which has subfolders for the source, raw and processed
data. The spreadsheet study data should be added to the respective folders in
TSV-format, which is a text-based spreadsheet type where values are separated
by tabs. As opposed to proprietary formats (e.g. Stata’s dta-type), TSV can be

Figure 1. The file
structure of Psych-DS.

opened by almost any software and in any programming environment,
ensuring interoperability. Next to the data itself, there is an additional metadata file that describes
exactly what the dataset is.
According to Psych-DS, the top-level folder must contain a data dictionary in JSON-format
(Kline et al., 2019). A data dictionary provides descriptive information on a dataset, including a
unique identifier, the data’s origins, a license and a codebook of the included variables (Buchanan et
al., 2019). All separate spreadsheets in the subfolders can be extended with individual JSON
dictionaries, whom can inherit and override information from the top-level dictionary (Kline et al.,
2019). These dictionaries provide the context for humans to work with the datasets. They also allow
machine integration because they follow Schema.org specifications for a dataset (Kline et al., 2019).
Schema.org is a collaboration between major search engines to classify content on the web
in a uniform way so that machines understand exactly what they encounter. The initiative prescribes
different content types that each have a unique set of attributes. The ‘Dataset’ type has among
others the attributes ‘variableMeasured’ and ‘author’. When a dataset is published online with a
schema.org-compatible data dictionary, such as with Psych-DS, both people and machines
understand (at least partially) its properties. This yields human as well as machine comprehension,
reuse and processability. Moreover, because of the standardized way in which a dataset is
advertised on the web with a schema.org-compatible dictionary, it is easier to find. For instance,
Schema.org datasets are directly indexed on the recently introduced Google dataset search engine
(Noy, 2018). Since the dictionary lists their own unique identifier and can refer to other identifiers in
specific attributes, there is linkability between documents and datasets. Altogether, with the help of
Schema.org, Psych-DS provides a dataset structure that addresses the FAIR guidelines to a
considerable extent. The specifications could thus have a prominent place in transparent data
practices for psychological researchers.
A workflow of born-open data
By formatting datasets according to Psych-DS, and subsequently by uploading it to the OSF
with a born-open protocol, researchers simultaneously promote future reuse and limit the effort
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required for data sharing. A born-open data workflow for any particular psychological study project
could look as follows: (1) researchers first compose or repurpose scripts that format and upload
obtained data to the OSF every night, (2) subsequently they launch the scripts, (3) then they
occasionally monitor whether the data uploads are successful, and (4) finally they upload the data
dictionary after the data has been reported on. Because a data dictionary is most often required to
understand the data, publishing it later prevents others from ‘scooping’ the data (Rouder, 2016). If
the purpose is to make data understandable upon their inception, the data dictionary can be made
available before the uploads start.

Conclusion
To summarize the preceding discussion, researchers can employ a born-open data workflow
to alleviate the practical burden of sharing their data and to set up for optimal future reuse. To help
scientists in adopting such a workflow in their own scientific projects, we should organize tutorials
and training to guide in this process. Nobody learns to perform research by themselves, then why
should practicing transparent data be any different? The outlined workflow incorporates the Open
Science Framework as a data repository and Psych-DS as standard for the data structure. Both
technologies ensure that other researchers and machines will be able to find, access, understand,
process and reuse the uploaded data. Automatic daily uploads take the conscious effort out of data
sharing. As mentioned at the beginning of the current review, open data will help ensure the
trustworthiness and reliability of science through reproduction and meta-analysis. Moreover, open
data generates fertile grounds for new analyses, new meta-scientific investigations and new digital
applications. There is thus clear motivation for researchers to adopt open data practices, for which
the born open-data workflow is a practical solution.
What would it look like if everyone committed to openness and made their data more
widely available? What kinds of scientific insight would we be able to acquire? We would surely
extract additional knowledge from datasets, sometimes by combining a handful of them, and
perhaps even develop corresponding interactive visualizations on the web. But these prospects are
merely what confined datasets bring to the table, whereas the availability of numerous linked
datasets actually enables elaborate study of science itself. The second part of the current thesis gives
a glimpse into a future where open data makes space for extensive metascientific research.
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Part 2: Explorations in a Meta-Analytical Space
Whereas the focus of implementing open science has been primarily on data that is
currently collected, or will be collected in the future, there is also value in looking to the past, in an
attempt to see how we can leverage already existing data to obtain novel scientific insight. Even
though the data sharing culture in psychology has generally been absent, there is a valuable
exception. From 2008 onwards, the American Psychological Association (APA) publication manual
urges meta-analysts to provide information on the included primary studies in their articles (APA
Publications and Communications Board Working Group on Journal Article Reporting Standards,
2008), even though many researchers already did so before then. In the medical sciences, the
leading standards for reporting on meta-analyses are specified by Cochrane’s MECIR standards
(Higgins et al., 2019) and the shorter PRISMA statement (Moher, Liberati, Tetzlaff, Altman & the
PRISMA Group, 2009). Because meta-analyses are influential and their results depend on the
selection of primary studies previously conducted within the field, there has been an emphasis on
the provision of details on these investigations. Due to the discussed reporting standards and the
focus on study selection, there is now a widespread availability of tables listing information on the
primary studies in meta-analytical reviews. The obvious question is: how can these data be reused?
Because meta-analytical data provide information on numerous studies ordered by scientific
areas within psychology, they are an opportune starting point for metascientific investigations.
Metascience takes a step back from substantive topics and rather occupies itself with how research
is conducted. Are studies performed in a sound and efficient way? Whereas previously primarily
bibliometric performance indicators were used as quality measurements of research (e.g. Durieux &
Gevenois, 2010), metascience can give a more robust and quantitively-based assessment. Rather
than by looking at trends of impact factors and citation indices over time, we can for instance look at
the development of sample sizes to inform about the value of papers and journals (e.g. Fraley &
Vazire, 2014). Granted sufficient data, we can answer questions about the quality of research
produced by various entities within the scientific community, such as disciplines, researchers,
institutions and journals. Eventually, such examinations inform about the value of scientific output,
and suggest how science should be improved, which is both necessary and timely in light of the
uncertainty and unreliability of psychological knowledge.
The current second part of this thesis describes two meta-scientific analyses on existing
meta-analytical data. The first analysis examines the statistical power of publications in psychological
science. Are studies equipped to detect the effects they investigate? The second analysis examines
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heterogeneity within a psychological fields. How much variability is there in studied effects within
fields? Each of the topics is treated separately with an introduction, method, results and discussion
section. These analyses demonstrate the potential for reuse of datasets as alluded to in part one,
and serve as a proof-of-concept of open data practices. They are part of a larger Meta-data project
that aims to free existing meta-analytical data in psychology and to reuse them for new purposes.

The Meta-data Project
The meta-data project is an attempt to conveniently store and analyse existing metaanalytical data published in Psychological Bulletin. As the leading journal reporting meta-analyses in
psychology, Psychological Bulletin is a prime target for a data recovery endeavor. Its publications
often contain tables of primary studies included in performed meta-analyses. With that information
we can reproduce these original analyses and carry out additional ones for further insight. Figure 2
(left) shows an example of such a table in an article.
Unfortunately, the meta-analytical tables are generally only reported in journal articles,
which makes them difficult to access and reuse by both machines and humans. Digitally, the tables
can often only be found in pdf copies of the articles, which does not fulfil any of the FAIR+
guidelines. First, the pdf format is not interoperable and hinders any automatic reading and
processing of the data by computer programs. There is no software that allows a user to manipulate
and work with the values reported in pdf tables, making the pdf-file a markedly inappropriate
medium for sharing data. Secondly, access to journal papers is notoriously difficult to acquire. One
can only access through their own or their institutional subscription to a journal, pay per paper, or
use illegal services. Machines are also unable to access the pdf papers because of online paywalls.
Third, the data is not findable because the tables are not indexed in online registries, and even
though the journal articles are indexed in registries, they do not indicate whether they contain any
meta-analytical tables. Fourth, the tables are difficult to understand because the variable names and
values are often abbreviated and only explained in small footnotes, and there is no comprehensive

Figure 2. Left: a meta-analytical table reporting study references and effect sizes from Suchotzki, Verschuere, Bockstaele & Ben-Shakhar, 2017.
Right: the same table as Excel spreadsheet after extraction.
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codebook to explain the contents of the dataset to other researchers and computer programs. These
deficiencies in the way meta-analytical data is shared, amongst others in Psychological Bulletin, halts
any automatic machine efforts and also complicates the more extensive use by people. Nonetheless,
the data are valuable and suitable for reuse, which is why the Meta-data project aims to make the
meta-analytical tables from Psychological Bulletin available in efficient digital data-formats and to
analyse the resulting ‘Meta-data’ for new scientific purposes. The next section introduces how tables
were extracted and converted into spreadsheet format, and also how they were prepared for metaanalytical procedures that form the base of the meta-scientific analyses which are subsequently
presented. The reporting follows APA MARS guidelines (Appelbaum et al., 2018).
Data collection
Identification. Previously Pepijn Obels and the current author worked as student assistants
on extracting the meta-analytical tables from Psychological Bulletin. To find meta-analytical reports,
we accessed 1,236 pdf articles found in APA’s PsycARTICLES database from all Psychological Bulletin
issues between 1993 and 2017. We treated years in reverse chronological order, stopping at 1993
when our contracts ran out. To determine whether a paper included at least one meta-analysis, we
searched in the title, abstract, author keywords and full text for the terms ‘meta-analysis’ and ‘metaanalytical’. Moreover, we visually inspected the pages for qualifying tables.
Inclusion. In order to be included, tables must report both study references (pairs of author
names and year of publication) and effect sizes. Tables with solely raw scores or frequencies were
excluded. It did not matter what kind of meta-analysis was performed by the original authors. In
order to prevent studies from re-occurring in the data, we excluded tables from comments,
corrections, revisions, replies, rebuttals and re-analyses, which we identified by the title of the
publication.
Extraction procedure. In total we marked 340 articles as meta-analytical reports, locating
362 qualifying tables in 192 papers. To extract these tables we used Able2Extract software (Versions
12 and 14; Investintech.com Inc., n.d.), resulting in Excel spreadsheets. Appendix D provides an
online link to a detailed guide delineating the extraction procedure. The unit of observation in metaanalysis is the effect size, so we organized the spreadsheets in such a manner that rows correspond
to effect sizes. The extraction process was fallible, meaning we often had to manually correct and
reorganize the data afterwards. Not all tables were formatted in the same manner, often requiring
additional restructuring to follow a row-by-row format. A number of columns occurred frequently or
always and were given standardized names. A link to the corresponding codebook can be found in
Appendix D. Figure 2 (right) shows an example spreadsheet.
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To record a number of details for each of the meta-analytical reports, we maintained a
different spreadsheet with rows corresponding to all publications from Psychological Bulletin, of
which basic information was first retrieved from Web of Science. Links to the spreadsheet and an
accompanying codebook can be found in Appendix D.
Missing data. Not all of the meta-analyses reported tables. We decided not to contact
authors to retrieve these missing data, since that would require a lot of extra work and would go
beyond the scope of the Meta-data project. The project’s objective is to emphasize the importance
of exploiting existing data and not on uncovering data that is yet unpublished. We aim to answer the
question: what can we do with data that is already out there?
Coding. Both coders worked on the extraction as Bachelor students and were previously
unexperienced with meta-analysis. Due to the extensive work required to extract tables, it was only
done once by either one of us. With a dataset the size of the Meta-data, some values are guaranteed
to be wrong. It is unfeasible to trace the origins of all reported statistics and study characteristics,
leaving these incorrect values in the data. Prior research observed relatively many inaccuracies in
reported statistics in published papers (e.g. Bakkers & Wicherts, 2011), which suggests that those
errors would also have relatively frequent occurrence in the Meta-data. The general assumption is
that any errors are randomly distributed over the data, preventing any systematic bias.
In our process, mistakes could have been introduced either by the conversion to
spreadsheets or by our own alterations. Immediately after extraction we restructured the
spreadsheet as described, at which time we also corrected any apparent errors from the conversion
process. When almost all tables had been extracted, we performed a second check on the
spreadsheets to correct noticeable mistakes. Concurrently we also restructured the data a final time
when necessary. Throughout the extraction process we adjusted the standard structure the
spreadsheets should adhere to. New tables introduced more complexity than originally imagined,
requiring us to rethink and refine this standard. During data preparation, as described below, we
performed a number of error checks to ensure data quality, mainly examining data types and
column headers. When these checks revealed any discrepancies, we corrected them in the
spreadsheets. Primarily a number of delimiter errors (e.g. 1.301 instead of 1,301) and character
conversion errors (e.g. 0./2 instead of 0.12) came to light.
The result of the described extraction process is a set of Excel spreadsheets corresponding to
the identified meta-analytical tables; the Meta-data. The next step was to analyse this Meta-data for
new scientific insight. We performed two analyses that both rely on re-analysis of the original metaanalyses. The Meta-data first had to be prepared for meta-analytical procedures, which is discussed
next.
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Data preparation
The meta-data spreadsheets could not serve as direct input to meta-analytical procedures
because they often include effect sizes of multiple separate meta-analyses. For a number of tables
there are multiple effect size columns, for instance relating to different dependent variables that
were independently meta-analysed, whereas for other tables there are columns identifying which
meta-analysis an effect size belongs to. To determine which effect sizes belonged to each separate
meta-analyses, we searched for clues in the results sections of the meta-analytical reports. A
substantial consideration in dividing the effect sizes is how to define one individual meta-analysis.
We followed a similar strategy as Stanley et al. (2018), identifying only the highest level primary
meta-analyses in the articles before any moderator analyses. The resulting subsets make scientific
sense, given that the original authors deemed the studied effects similar enough to be considered
part of one scientific area. For 41 reports, we were unable to untangle the division of effect sizes
into meta-analyses. These papers were marked unreproducible and were excluded from further
analyses. The remaining tables were converted into 900 individual datasets corresponding to
individual meta-analyses.
Exclusion of identified meta-analyses. Some of the datasets were excluded from the
present analyses. First, only sets with five or more effect sizes were included, leaving 785 metaanalyses. Analyses with fewer effect sizes are likely to result in unreliable and biased estimates
(Stanley et al., 2018). The reported effect sizes had to be Cohen’s d, Hedges’ g, correlation r or
Fisher’s z, because we were unable to approximate variance for other indices, excluding another 38
meta-analyses. Additionally, 37 datasets did not include sample sizes nor confidence intervals nor
standard errors. The authors of these meta-analyses did not report the required information to
perform meta-analysis with. Ultimately 710 separate meta-analyses were left, in total containing
35,863 effect sizes. These meta-analyses originate from 145 Psychological Bulletin reports. The
exclusion procedure is outlined in Figure 3. Figure 4 shows the distribution of reports over the
number of number of meta-analyses per report. Although most reports contain only one or a few
meta-analyses, there are a number of reports that contain many more. The three most outlying
reports contain respectively 36, 41 and 113 meta-analyses.
Re-using the Meta-data
After the data was prepared for meta-analytical procedures, we performed two metascientific analyses briefly introduced before. These analyses are described elaborately next, starting
with an investigation of statistical power of psychological research.
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Figure 3. The exclusion procedure leading to the
final sample of meta-analyses.

Figure 4. Distribution of the number of meta-analyses per
report. Three reports contained more than 21 meta-analyses:
36, 41, and 113.
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Analysis 1: Power over Time
Power. In Null Hypothesis Significance Testing (NHST), power is the probability of detecting a
non-zero effect when it exists in the population under study (Cohen, 1962). Power depends on the
alpha level, the true effect size, sample size and study design. In psychological research alpha is
almost always set to 0.05, theoretically allowing researchers to find an effect when it is not there 5%
of the times in the long run. For both the effect size and the sample size it is the case that, all else
equal, the larger they are, the more power is obtained. They can thus also compensate for each
other; smaller effects require bigger samples to keep power on a desired level and vice versa. See
Figure 5 for an illustration. The relationship between power and sample size is mediated by study
design. Because within-subject comparisons take into account two measurements per participant (or
pair), they require smaller samples than between-subjects and correlational designs to reach equal
levels of power.
Cohen (1988) argues for researchers to aim for a power of 80% in their studies, which is now
widely accepted as the norm in the social sciences. Nonetheless, recent reports indicate that power
is actually far beneath this intended level. Stanley et al. (2018) found typical power in psychological
research to be 36% and revealed that only 9% of scientific areas reach 80% power for the metaanalytical effect size estimate of the effect under investigation. In intelligence research, Nuijten, Van
Assen, Augusteijn, Crompvoets and Wicherts (2018) observed a median power of 49% with almost
30% of studies adequately powered. In social-personality
research average power was roughly 50% (Fraley & Vazire,
2014), and in neuroscientific research median power was
21% (Button et al., 2013). In sum, most psychological
studies do not reach sufficient power, which is a
troublesome fact given a number of detrimental
consequences.
Risks of low power. Underpowered studies pose a
substantial risk to the health of science (for an overview,
see Fraley & Vazire, 2014). For one, by definition such
studies often come up empty in light of true effects
(Cohen, 1992). This wastes resources that could have
otherwise be spent more efficiently. Secondly,
Figure 5. Function of power over effect size for
different sample sizes, given a between-subjects
comparison.

underpowered studies inflate the ratio of false to true
positive findings (Ioanidis, 2005), which is especially
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alarming given that negative results are often less reported. Thirdly, published low-powered studies
overestimate effects (i.e. small-sample bias; Sterne, Gavaghan & Egger, 2000; Fanelli et al., 2017).
Small studies must observe large effects in order to reach statistical significance, and when
significance is used as a condition for publication, we thus find many inflated estimates in smaller
studies in the literature. Finally, underpowered studies limit the possibility of future studies to falsify
their findings, because their degrees of freedom returns in standard error computations when
testing for equivalence with new evidence (Morey & Lakens, 2016).
A-priori power analysis. To ensure sufficient power when planning a study, a-priori power
analysis is sometimes performed to find a reasonable sample size given a chosen study design, alpha
and effect under study (e.g. Tresoldi & Giofré, 2015). This paradoxically requires an estimate of the
true effect size. Evidently, the true effect size is unknown as it is the parameter researchers
approximate by performing the study. There are, however, a number of ways to substitute for the
real effect in power analysis.
First, the practice of using previously observed effect sizes is intuitively an acceptable way of
determining a sample size, but there are severe caveats. Power analyses require either unbiased or
conservative effect sizes, whereas observed estimates are actually often upwardly biased. This may
originate in known biases in the literature, such publication bias, but can also be introduced by the
researcher’s topic selection. Albers and Lakens (2018) explain that a-priori power analyses are used
by researchers to determine what lines of study to continue, where they base their decisions on
what power can be achieved given previously found estimates in small pilot studies. The decision is
then to continue research where they anticipate to have the highest degree of power, i.e. building
upon studies that provide the highest initial effect sizes. These effect sizes include many that are on
the overestimated side of the sampling distribution. Simulations point out that the achieved power
can be substantially lower when this follow-up bias is present (Albers & Lakens, 2018).
Secondly, Cohen (1988) provides a set of small, medium and large effect sizes (for Cohen’s d
respectively 0.2, 0.5 and 0.8) of which the first two can reasonably be adopted as the true effect
estimate in a-priori power analysis. A shortcoming of this procedure is the disregard for research
context. Typical effect sizes may differ per field of study, and larger effects do not always correspond
to more practical relevance. Another arguably better method is to require a sample size large
enough to detect the Smallest Effect Size Of Interest (SESOI) with sufficient probability (Lakens,
2014). The SESOI is the smallest practically relevant effect researchers would find interesting. If the
effect in reality would be smaller, researchers would not deem it substantial enough and therefore
not worthy of resource allocation.
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Retrospective power analysis. To evaluate power of performed studies, retrospective power
analyses have become more pervasive. Some research quantified the power of studies to detect the
small, medium and large effects as defined by Cohen, whilst most recent investigations substituted
meta-analytical estimates as the underlying true effect size of studies (e.g. Button et al., 2013;
Fanelli et al., 2017; Stanley et al., 2018). Meta-analyses are the scientific gold-standard for assessing
evidence on investigated predictions, synthesizing multiple study results to approximate the studied
effect sizes.
Research focus. The current study is such a meta-analytical retrospective power analysis on
the Meta-data fields. By substituting meta-analytical estimates as the underlying true effect size in
each of the primary studies in the respective meta-analyses, the goal is to compute the statistical
power of the included investigation. Although Stanley et al. (2018) already computed median power
of meta-analyses in Psychological Bulletin, they only had access to 200 datasets – less than a third of
the 710 sets in the Meta-data. In contrast to their investigation, the present focus is not on the
median of power per meta-analysis, but rather on the trend of statistical power over time.
Previously, Lamberink et al. (2017) performed such a power-over-time analysis for Cochrane reviews
in the medical field. Given that Cohen (1962) already emphasized the importance of sufficient power
more than 50 years ago, and many others followed suit (e.g. Button et al, 2013), we ask:
RQ. What is the development of statistical power over time?
Meta-analysis. Meta-analyses provide the underlying true effect estimates for which
retrospective power is computed. The most common meta-analyses are either of the Fixed-Effect or
Random-Effects variety. The first is the simplest of the two but is rarely the appropriate choice in the
social sciences. The mathematics are as follows (Borenstein, Higgins, Hedges & Rothstein, 2009):
𝛽𝑗 = 𝜃 + 𝜀𝑗

(1)

Where 𝛽𝑗 is the observed effect estimate of study j, 𝜃 the true underlying effect and 𝜀𝑗 the
random sampling error. In this model we assume that every study investigates the same exact
underlying fixed effect and all observed differences in estimates purely arise through sampling
variance. This assumption is often much too strict. Effect estimates are usually obtained in very
different research environments, through different methodologies, by comparing somewhat
different outcomes, examining participants from wildly different populations, during different
sampling periods. The probability that all investigated underlying effects are of the exact same size is
often nil. A Random-Effects meta-analysis offers a solution by introducing a variance component for
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the true effect. It assumes that all examined effects come from a normal distribution around an
averaged true effect, ζ, as illustrated in the formulas below (Borenstein et al., 2009):
𝜃𝑗 = ζ + 𝑢𝑗

(2)

𝛽𝑗 = ζ + 𝑢𝑗 + 𝜀𝑗

(3)

Here, the investigated effect is thus particular to individual study j and is determined by the
average true effect ζ and the true effect sampling deviation, 𝑢𝑗 . With such a random effects metaanalysis, we no longer assume one true underlying effect size, but rather a normal distribution of
true effect sizes.
Bias in meta-analysis. Meta-analyses rely upon the results of individual studies they include,
so any problems that pervade in these studies can compromise meta-analytical estimates and
therefore also retrospective power. As explained in part one of the current thesis, selective
reporting causes unreliable effect size estimates. The main thesis is that, due to a lack of access to all
evidence, meta-analyses generally may overestimate effects. When only significant results are
published, tempering or contrary evidence is less likely to be included in the meta-analysis, biasing
estimates upwards (Rothstein, Sutton & Borenstein, 2005). As explained before, publication bias
may cause small-study effects where smaller samples deliver larger effects (Egger et al., 1997; Fanelli
et al., 2017). A funnel plot, where effect estimates are plotted at different levels of sample size or
standard error, is then also one of the main tools to detect selective reporting (Egger et al., 1997),
although the detection suffers from ambiguity and low power (Sterne et al., 2011). Selective
reporting may also be introduced by the researchers before publication. Since there is an incentive
to receive significant results, scientists may abuse their degrees of freedom during data analysis, i.e.
p-hacking (e.g. Simmons, Nelson & Simonsohn, 2011; Simonsohn, Nelson & Simmons, 2014; Head,
Holman, Lanfear, Kahn, & Jennions, 2015). They may, for instance, repeat several analyses with
different inclusion criteria and report only the ones where they reach statistical significance.
There are a number of meta-analytical methods that attempt to correct for selective
reporting bias. In their retrospective power analysis of Psychological Bulletin meta-analyses, Stanley
et al. (2018) utilized three meta-analytical estimates: WLS, WAAP and PET-PEESE. The first is
equivalent to the estimate obtained from Fixed-Effect analysis, albeit with different confidence
intervals (Stanley & Doucouliagos, 2014). WAAP stand for the Weighted Average of the Adequately
Powered, which is the estimate one would obtain with WLS meta-analysis when one removes the
primary studies that initially resulted in a power below 80% (Stanley et al., 2018). The last PET-PEESE
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estimate includes the sampling variance as predictor in the meta-analytical model and in this way
attempts to correct for selective reporting (Stanley & Doucouliagos, 2014). It is thus worthwhile to
compare the results of the most popular Random-Effects model to these models.

Method
Overall procedure. In order to obtain estimates of the studied effects, we first performed
meta-analyses on each of the identified datasets in the Meta-data. Subsequently, we retrospectively
computed power of the included primary studies with these meta-analytical effect sizes, assuming
them to be the true underlying effect magnitude for each of these studies.
Samples. The complete sample includes all 710 Meta-data datasets qualified for inclusion, in
total containing 35,863 effect sizes. As a near zero effect (almost) always results in very low power,
and is in practice no different than an actual zero effect, we also performed the analyses on only the
523 meta-analyses that yielded a statistically significant meta-analytic effect (p < 0.05, explained
later), hereafter significant sample. This excludes publications that were set-up to detect a nonexistent signal from the outset. The significant sample encompasses 29,744 effect sizes. The median
number of effect sizes per dataset k is 22 in the complete sample (Mk = 50.5, mink = 5, maxk = 1852,
IQRk = [12, 50]) and 25 in the significant sample (Mk = 56.9, mink = 5, maxk = 1852, IQRk = [13, 61]),
see Figure 6 (top) for histograms. Although 75% of the datasets include 50 or fewer effect sizes,
there are some outliers with higher counts reflected in the right-skewed distribution. The left of
Table 2 reports on the distribution of effect size indices amongst meta-analyses. Of all datasets,
46.8% included effect sizes in correlation r or Fisher’s z, 44.2% in Cohen’s d and 9.0% in Hedges’ g.
Table 2. Distribution of effect indices in meta-analyses and publications.

Effect size index

Meta-analyses

Publications

m in significant
sample (%)

m in complete
sample (%)

p in significant
sample (%)

p in complete
sample (%)

259 (49.5)

332 (46.8)

6,751 (37.6)

7,772 (36.4)

Cohen’s d

51 (40.7)

64 (44.2)

9,283 (51.6)

11,292 (52.9)

Hedges’ g

213 (9.8)

314 (9.0)

1,940 (10.8)

2,287 (10.7)

523 (100.0)

710 (100.0)

17,974 (100.0)

21,351 (100.0)

Correlational r/z

Total
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Figure 6. Top: Histogram of the number of effect sizes per dataset. Middle: Histogram of the number of study references,
i.e. entries in meta-analytical models, per meta-analysis. Bottom: Histogram of the number of effect sizes per study
reference.

Standard error. To perform any type of meta-analysis, one needs the observed effect sizes
and the standard errors of the included primary studies. Although listing effect sizes was a
prerequisite for extraction, only 10.4% of the datasets contains enough information to compute
exact standard errors. When 95% confidence intervals were reported, we calculated the standard
error of primary effect sizes by dividing the absolute average distance between the effect size and
confidence limits by 1.96. Similarly, when only variance was listed, we calculated the standard error
by taking the square-root of the variance. These computations still left 636 datasets without
standard errors. To impute these standard errors, Borenstein et al. (2009) give a number of
approximations which we used instead. For between-subjects effects they are:
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𝑛1 + 𝑛2
𝑑2
𝑆𝐸𝑑,𝑏𝑒𝑡𝑤𝑒𝑒𝑛 = √
+
𝑛1 𝑛2
2(𝑛1 + 𝑛2 )

𝑆𝐸𝘨,𝑏𝑒𝑡𝑤𝑒𝑒𝑛

𝘨 2
(
𝐽)
√𝑛1 + 𝑛2
= 𝐽𝑏𝑒𝑡𝑤𝑒𝑒𝑛
+
𝑛1 𝑛2
2(𝑛1 + 𝑛2 )

(4)

(5)

Where,

𝐽𝑏𝑒𝑡𝑤𝑒𝑒𝑛 = 1 −

3
4(𝑛1 + 𝑛2 ) − 9

(6)

In Equation 1 and 2, 𝑛1 and 𝑛2 are the respective sample sizes of the compared groups in
the primary study, 𝑑 is Cohen’s d and 𝘨 is Hedges’ g. The 𝐽 factor is the correction used for Hedges’ g
computation (Borenstein et al., 2009). When sample sizes of both groups were reported, these
numbers were used in the approximation. When only a total sample size was listed, as was the case
in 34.8% of between-subjects effect sizes, we assumed an equal distribution of participants over
both groups.
In within-subjects (or matched pairs) design research there is only one group, giving the
following approximations (Borenstein et al., 2009):
1 𝑑2
𝑆𝐸𝑑,𝑤𝑖𝑡ℎ𝑖𝑛 = √( + ) 2 (1 − 𝑟𝑏𝑚 )
𝑛 2𝑛

𝑆𝐸𝘨,𝑤𝑖𝑡ℎ𝑖𝑛

𝘨 2
1 (𝐽 )
= 𝐽𝑤𝑖𝑡ℎ𝑖𝑛 √( +
) 2 (1 − 𝑟𝑏𝑚 )
𝑛
2𝑛

𝐽𝑤𝑖𝑡ℎ𝑖𝑛 = 1 −

3
4𝑛 − 5

(7)

(8)

(9)

The total sample size of the primary study is 𝑛 and the between measurement correlation
𝑟𝑏𝑚 . This correlation is a measure of consistency between participants’ (or pairs’) scores in the two
compared conditions. The correlation is not available in the Meta-data. Rosenthal recommends an
average of 0.7 (1993), which was assumed in the current analysis. Dunlap, Cortina, Vaslow and Burke
(1993) endorses a similar value of 0.75. There are ways of estimating the correlation (e.g. Morris &
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DeShon, 2002), but these require the statistics of the primary studies which are not present in the
Meta-data.
Meta-analyses on correlations are often performed on converted Fisher’s z-values rather
than correlation r because the variance approximation is more reliable (Borenstein et al., 2009), so
we followed this custom and transformed correlation effect sizes into Fisher’s z:
1+𝑟
𝑧 = 0.5 ∗ ln (
)
1−𝑟

(10)

The standard error approximation, where 𝑛 is the sample size, is:
1
𝑆𝐸𝑧 = √
𝑛−3

(11)

Study design. Both standard error approximation and power computations require the study
design for Cohen’s d and Hedges’ g effect sizes (i.e. Standardized Mean Differences; SMD), but this
information was often not disclosed. Only 23 meta-analyses with SMD effect sizes reported study
design (6.1%), leaving the correct approximation and computation unclear for effect sizes in the
remaining 378 datasets. The distribution of study design over time is also of interest given the
research focus. In the current study, there was no attempt to unearth study designs potentially
underlying correlational effect sizes.1
To uncover the study design of the included primary studies, we employed two strategies.
The first was to investigate the breakdown of sample sizes when it was present. Most SMD datasets
listed sample sizes for two compared groups (55.0%). When both values are present, the effect size
must be a comparison between the two groups, so these entries were coded as between-subjects
designs. When there was a missing or zero value for one of the groups, we instead coded that
particular study to be of a within-subjects design. Missing this sample size must mean that there was
only one group, so any comparisons must have been made within the participant. Datasets may
sometimes report a control sample size even if the study has a within-subjects design, i.e. the
participants form their own control. To catch those cases, we also coded studies as within-subjects
design when the treatment group was as large as the whole sample. This approach still left a group

1

Meta-analysts may have converted SMD effect sizes into correlation coefficients in order to enable analyses
with both indices. Four correlational meta-analyses give study design information and no correlational metaanalyses have sample size breakdowns, which makes design inference infeasible in conjunction with likely
mixed designs. Study designs are also not required for power computation with correlation coefficients.
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of datasets for which the study design of included effects was unknown. Therefore we manually
inferred the included study designs by skimming through the individual Psychological Bulletin
reports. Clues about the studied effects in titles, abstracts and method sections (e.g. whether the
topic was on a difference between groups) informed this procedure. Appendix D gives a link to the
overview of the inferred study design per meta-analysis including justification. Only when the design
of all included studies was either between-subjects or within-subjects, we coded each of the effect
sizes in these datasets (25.4%) as such respectively. In total, 86.5% of SMD sets have a coded study
design column, although some still contain missing values. Effect sizes missing study design were
assumed to be of between-subjects design, since it is the most common and most conservative in
power computation. These datasets do not appear in descriptive statistics on study design since they
were not coded.
Sample size. Of all datasets, 25 reported standard errors but no sample sizes. In order to
calculate total sample sizes of the included primary studies, we used the following derivations
rewritten from Equations 4, 7 and 11 as solutions for 𝑛:

𝑛𝑑,𝑤𝑖𝑡ℎ𝑖𝑛 =

2 − 2𝑟𝑏𝑚 + 𝑑𝑤𝑖𝑡ℎ𝑖𝑛 2 − 𝑟𝑏𝑚 𝑑𝑤𝑖𝑡ℎ𝑖𝑛 2

𝑛𝑑,𝑏𝑒𝑡𝑤𝑒𝑒𝑛 =

𝑆𝐸𝑑,𝑤𝑖𝑡ℎ𝑖𝑛 2
𝑑𝑏𝑒𝑡𝑤𝑒𝑒𝑛 2 + 8
2𝑆𝐸𝑑,𝑏𝑒𝑡𝑤𝑒𝑒𝑛 2

𝑛𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑙 =

1
𝑆𝐸𝑧 2

+3

(12)

(13)

(14)

The sample sizes were rounded to the nearest integer. Deriving the formula to solve 𝑛 with
factor 𝐽 is extraordinarily difficult and results in long serial solutions, so we made no differentiation
between Hedges’ g as Cohen’s d. Both indices are expressed as SMD, with Hedges’ g corrected
slightly for smaller samples, making the sample size approximation still sufficiently reliable.
Equations 4-14 are all approximations; they will always be somewhat off the actual values. It is
preferable to use these approximations than to lose a large majority of data.
Dependence. A common issue in meta-analysis is dependence between effect sizes. There
can be a number of different dependencies: (1) multiple outcomes, (2) multiple measurements, (3) a
common baseline, and (4) overlapping subsamples (Borenstein et al. 2009; Pustejovsky, Tiptoe and
Aloe, 2018). Each of those dependencies makes that associated effect sizes collectively contribute
less information than they would if they were independent. They should therefore be weighted less
than their uncorrected standard errors lead on. We observed many cases where dependent effect
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sizes were included in the same dataset in the Meta-data.2 The same study reference (i.e.
publication) sometimes is associated with multiple effect sizes. Figure 6 (bottom) shows a histogram
of the average number of effect sizes per publication in each meta-analysis (in complete sample:
mediank/p = 1.18, Mk/p = 1.53, mink/p = 1.00, maxk/p = 17.83, IQRk/p = [1.00, 1.43]; in significant sample:
mediank/p = 1.18, Mk/p = 1.50, mink/p = 1.00, maxk/p = 17.83, IQRk/p = [1.00, 1.43]). Although most
ratios are near 1, some are substantially higher, indicating many effect sizes per publication in the
same dataset. Note that multiple effect sizes per study reference not always signifies dependence as
the same publication may report on several independent samples (i.e. a multiple-study article).
There is unfortunately not enough information in the Meta-data to identify these effect sizes.
There are several ways to deal with dependence. One is to make sure that only at maximum
one effect size per study can be considered for one meta-analysis, tightly constraining the
prerequisites for inclusion (Pustejovsky et al., 2018). The inclusion criteria of the meta-analyses are
predefined by the original authors, making this strategy not viable in the current investigation.
Secondly, scientists can combine effect sizes into one and modify the standard errors (Borenstein et
al., 2009). This requires knowledge about the relationship between the effect sizes which the Metadata does not contain. Lastly, there are several statistical methods that can be used to model the
dependence, including multivariate and multilevel meta-analysis (Pustejovsky et al., 2018; Kalaian &
Raudenbush, 1988; Van den Noortgate, López-López, Marín-Martínez & Sanchéz-Meca, 2013), but
these too require knowledge and assumptions about the underlying dependence. Instead we took
an iterative approach to account for dependence, as explained below.
Meta-analytical estimate. To obtain meta-analytical effect sizse we performed a thousand
iterations of Random-Effects meta-analysis for each dataset in the Meta-Data with the metafor
package in R (Version 2.1-0, REML estimator; Viechtbauer, 2010), each time randomly picking only
one effect size per publication as identified by unique study reference. The median of these
estimates subsequently became the meta-analytical effect size. This is a robust procedure resistant
to outliers. Although one random sampling may result in an estimate that is untypical of the entire
dataset, a large set of random samples will by chance produce more central and representative
estimates that the median captures. In the iterations there is presumably little dependence, given
that there is only one effect size present per study reference. Figure 6 (middle) shows histograms of

2

During extraction we skimmed through the papers to ascertain whether the tables contained any
dependence, searching for the terms ‘dependence’ and ‘dependent’ in the method and inspecting the tables.
Same sample sizes and overlapping subsamples led us to believe there was dependence. We were only able to
confidently ascertain (in)dependence for a minority of reports.
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the number of unique study references p, which thus also represent the number of effect sizes in the
meta-analytical iterations for each dataset (complete sample: medianp = 17, Mp = 31.5, minp = 3,
maxp = 341, IQRp = [10, 36]; significant sample: medianp = 20, Mp = 36.1, minp = 4, maxp = 341, IQRp =
[11, 42.5]). Next to Random-Effects estimates, median WAAP, WLS and PET-PEESE estimates were
also computed during the iterations.
Meta-analytical significance. To capture the meta-analyses in a significant and complete
sample, we also coded the significance of the meta-analyses. When the median two-sided p-value of
the 1000 meta-analytical estimates was below 0.05, the meta-analysis was significant and otherwise
insignificant.
Power. By substituting the median meta-analytical estimate for the true effect size, we
computed the retrospective power of each of the primary effect sizes in the meta-analyses. The
studies had different sample sizes and different study designs, and thus resulted in different power
levels to detect the meta-analytical effect size. We used the pwr package (v1.2-2) in R, choosing the
appropriate functions corresponding to the effect size index of each meta-analysis. To compute
power for correlational effect sizes, we converted Fisher’s z back to Pearson’s r (Borenstein et al.,
2009):

𝑟=

𝑒 2𝑧 − 1
𝑒 2𝑧 + 1

(15)

For between-subjects effects, group sample sizes were used when available, and otherwise
replaced with half the total sample size. In all power computations alpha was set to 0.05.
Underlying effect size. In a retrospective power analysis the meta-analytical estimate is
assumed to be the underlying effect size of all included primary studies. For the sake of comparing
effect sizes, we also converted obtained correlational estimates (in Pearson’s r, see Equation 15) to
Cohen’s d (Borenstein et al., 2009):

𝑑=

2𝑟
√1 − 𝑟 2

(16)

In this, we neglected the difference between Hedges’ g and Cohen’s d and rather treated
both types as SMD effect sizes. With large samples, such as presumably with meta-analysis, Hedges’
g is almost identical to Cohen’s d. In their retrospective analysis of Psychological Bulletin metaanalyses, Stanley et al. (2018) found no difference in results when accounting for Hedges’ g. All SMD
meta-analytical effect sizes were treated as absolute values, since all effects are positive in
magnitude regardless of their sign.
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Observed p-values. With the observed effect sizes and standard errors, we calculated the
corresponding observed one-tailed p-values. We first retrieved Z-values by dividing the effect sizes
by their standard errors, and then flipped the sign of the Z-values when the meta-analytical estimate
was negative. This ensures that a positive Z-value is evidence in the direction of the presumed
overall hypothesis.
Overview of publications
In order to obtain a complete overview of primary studies and to investigate trends over
time, we merged the meta-analytical datasets. As mentioned, some publications deliver multiple
effect sizes in a number of meta-analyses. To account for this, we averaged the retrospective power
and sample size across publication (identified by equivalent study reference) within datasets. Each
publication is thus only weighted once in the descriptive summaries. When all effect sizes within
publication related to the same design, we coded them as such, and otherwise as a mixed design.

Figure 7. The average number of publications within metaanalyses for reports of different counts of meta-analyses. The
point size indicates the number of meta-analyses that
originate in reports of the different sizes. The more metaanalyses included in a report, the fewer publications included
per meta-analysis.
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The outcome measures are thus denoted per publication, preventing likely dependent effect
sizes from having disproportionate influence in the statistics. In total, the number of publications is
21,315 in the complete sample and 17,974 in the significant sample. As mentioned before, Figure 6
(middle) shows the distribution of the number of publications per dataset. The middle 50% of
datasets have 10 to 36 publications, but there are outliers with larger numbers in the right skew of
the distribution. These outlying meta-analyses are relatively more often from reports that include
only one or a few meta-analyses. Figure 7 illustrates that when reports contain more meta-analyses,
these meta-analyses on average include fewer publications. This suggests that the level of
aggregation of studies differs starkly between reports; whereas some authors have subdivided
primary studies into small meta-analytical units, others report only one large overall meta-analysis.
Year of publication. Given the focus on trends over time, the year of publication of primary
publications is a principal variable. Study references of primary studies only provide year counts (e.g.
‘Smith, 2012’), which means that the year is the smallest period of time possible to examine. We
sought 4-digit patterns in the study references to find the year of publication. Study references
typically include ‘in press’ when a report is in the process of publication, so we assumed the
associated publication year to be same as the as the publication year of the performed meta-analysis
when references include the term ‘press’. There was no year listed for 273 publications. The rest of
the reports were published between 1915 and 2017. In the analysis, only years with more than 100
publications are taken into account as they produce more reliable descriptives than years with fewer
than 100 publications.
Descriptive statistics. To describe retrospective power, we calculated the median and IQR
amongst all studies published in each year (alike Lamberink et al., 2017). These key descriptives
reflect how the middle 50% of publications in any year is powered. To compare larger periods of
time and to eliminate year-to-year stochasticity, we categorized the publications in bins of five years,
similar to Lamberink et al. (2017). For each these bins, we calculated the proportion of publications
powered at the 50, 60, 70, 80 and 90% level. This allows for further examination of the development
of power over time.
In order to examine trends in effect magnitude and sample size, we computed the same
yearly statistics: the median and IQR of SMD meta-analytical estimates and total sample sizes
respectively. Since study design also co-determines power, we investigated its’ distribution over the
years. To this end, the proportions of within-subjects, between-subjects and correlational study
designs were computed for the previously discussed five-year bins.
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Overview of meta-analysed fields
In order to investigate how well powered the typical research is within the meta-analysed
fields, we computed the median power of publications in each meta-analysis. Additionally, the
median SMD effect estimates and the median proportion of adequately powered studies within an
area were computed (> 80%). Lastly, to determine the difference between different meta-analytical
models on the eventual effect estimates, we computed median WLS, WLS-WAAP and PET-PEESE
estimates.
To enable an exploratory investigation into the trend of studied effect size in the metaanalyses rather than the primary studies, we also calculated the median and IQR of meta-analytical
SMD effect estimates found in the meta-analyses published over time. In order to obtain a
proportional distribution, the meta-analyses were binned in periods of three years.

Results
Since there are no substantial differences in investigated trends between the significant and
complete samples, the results of the significant sample are of primary focus in the following
reporting. Tables and figures corresponding to the complete sample are found in Appendix A and
Appendix B respectively.
Observed p-values. Distributions of the observed p-values of the primary effect sizes
included in the significant and insignificant samples are shown in Figure 8. For the significant sample,
the median and mean p-value are 0.0228 and 0.179 respectively. There is a strong right-skew in the
distribution, which indicates that most primary studies deliver evidence in favour of the theory
under meta-analysis. For the insignificant sample, the median p-value is 0.475 and the mean p-value
is 0.438. In contrast to the significant sample, p-values in the insignificant sample are generally
above 0.05, although there is still a large portion near zero. The sample of meta-analyses that
yielded support for effect under study thus indeed contains p-values that are generally smaller and
more significant than the sample of meta-analyses that yielded no support for the effect. Both pvalue distributions have a peak of values at 0.5, which corresponds to an observed effect size of zero
in the employed one-tailed hypothesis test. Meta-analysts likely substituted insignificant effects with
nil, which means that in reality these observations would likely be distributed more evenly over the
insignificant part of the distributions (0.05 < p ≤ 1).
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Figure 8. The p-values of the effect sizes included in the significant sample (top) and the insignificant sample (bottom). The
left side shows all p-values, whereas the right side shows only the significant (< 0.05) p-values.

Figure 9. Histograms of year of publication (top-left), retrospective power (top-right), underlying effect size estimate
(bottom-left) and total sample size (bottom-right) of publications in the significant sample.
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Overview of publications
Year of publication. Figure 9 (top-left) displays the distribution of publications over time.
Most publications originate at the later end of the time frame, with the more recent years
accounting for larger shares of reports. In contrast, the most recent years 2011-2014 have relatively
low counts compared to the preceding years. Meta-analyses were published between 1993 and
2017, which means that later publications could only have been included in increasingly smaller sets
of meta-analyses.
Table 3 presents the overall descriptive statistics for retrospective power, underlying effect
magnitude in SMD and sample size. Table A7 gives the same statistics per five-year periods.
Table 3. Medians of retrospective power, SMD estimate and sample size of publications in the significant sample. IQRs in
are shown between brackets.

Effect size index

Frequency

Power

SMD

Sample size

Correlational r/z

6,751

0.743 (0.314, 0.992)

0.496 (0.313, 0.652)

121 (66, 260)

Cohen’s d

9,283

0.350 (0.148, 0.760)

0.276 (0.175, 0.446)

111 (48, 292)

Hedges’ g

1,940

0.296 (0.118, 0.638)

0.394 (0.248, 0.472)

62 (29, 129)

Overall

17,974

0.48 (0.179, 0.908)

0.359 (0.216, 0.553)

109 (51, 258)

Retrospective power. The median retrospective power is 45.8% (IQR: 17.9%, 90.8%). Table
A1 provides elaborate statistics on power. There is a bimodal shape to the distribution of power,
with many studies either powered very poorly or very well, as shown in Figure 9 (top-right). Most of
the very low powered publications (5-10%) are not present in the significant sample, reducing the
left mode (compare with top-right Figure B1). The estimates show that correlational publications
generally have substantially more power to detect the examined effect than SMD-based
publications, with a median power of 74.3% (IQR: 31.4%, 99.2%) compared to 35.0% (IQR: 14.8%,
76.0%) for Cohen’s d and 29.6% (IQR: 11.8%, 63.8%) for Hedges’ g.
Figure 10 shows the retrospective power of publications year-by-year from 1972 to 2014
(associated statistics in Table A7). There is an evident upward trend with medians and ranges
increasing over the years, although not in a continuous fashion. Figure 11, where year-to-year
fluctuation is countered by binning publication in periods of five years, shows overall increasing
proportions of publications powered at different levels (see Table A4 for percentages). For instance,
in 2012-2014 36.7% (95% CI: 33.5%, 39.2%) of all publications is powered at least 80% compared to
27.3% (95% CI: 24.0%, 30.7%) in 1972-1976. However, there is not an increase from every period to
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the next. Especially in the three succeeding periods between 1972 and 1986 proportions of
adequately powered publications declined at all threshold levels. Figure 10 also reveals this decline
in retrospective power. Nonetheless, from 1982-1986 to 2012-2014 the increase in retrospective
power is steady: from a median of 30.6% (IQR: 12.9%, 73.0%) to 59.4% (IQR: 26.0%, 96.7%) (see
Table A7).
Underlying effect size. The Random-Effects meta-analyses result in a median underlying
SMD effect size of 0.36 (IQR: 0.22, 0.55), see Table A2 for all descriptives. The distribution of the
effect estimates is shown in Figure 9 (bottom-left). There is a right skew with relatively many
estimates aggregated around 0.4 and a few considerably larger. Correlational publications
investigate larger effects as measured in SMD, with a median of 0.50 (IQR: 0.31, 0.65) compared to
0.28 (Cohen’s d, IQR: 0.18, 0.45) and 0.39 (Hedges’ g, IQR: 0.25, 0.47).
There is an apparent increasing trend in the studied effect size over time, as shown in Figure
12 (top). Although the median power moves both up and down over the years, it is consistently
larger in recent years. The middle 50%, as displayed by the IQR, also encompasses larger estimates in
later years. Similar to the trend in power, the period between 1972 and 1986 shows a slight decline
in studied effect magnitude rather than an increase. From 1982-1986 onwards the effect magnitude
in SMD rises from a median of 0.30 (IQR: 0.16, 0.47) to 0.42 (IQR: 0.25, 0.58) in 2012-2014.
Sample size. The median total sample size of a publication in the complete sample is 109
(IQR: 51, 258). Table A3 gives detailed descriptives. Given a strong right skew (see Figure 9 bottomright) due to outliers such as a publication with more than 4 million participants, the mean sample
size is markedly larger at 892. Figure 12 (bottom) shows the total sample size over the years. There is
no discernible overall upward or downward trend of sample size over time. Table A7 corroborates
the lack of a consistent trend; the medians in each five-year period fluctuate between 101 and
124.5.
Study design. Figure 13 shows the distributions of study designs over periods of five years
for the complete sample (Table A6 gives percentages). Correlational and within-subjects designs
became more popular over time, multiplying their share from 1972-1976 to 2012-2015 by
respectively 3.3 and 2.6 times. The share of between-subjects designs effectively halved during this
time frame. These results bear caution since correlations converted from between-subjects and
within-subjects effect sizes (i.e. Cohen’s d and Hedges’ g) are also counted as correlational designs.
The change in proportions over time may not be as drastic as portrayed by the current statistics.
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Figure 10. Retrospective power of publications in the significant sample over time. Highlighted points are medians for each
year with error bars showing IQR. The dashed line represents the threshold for sufficient power (80%).

Figure 11. Proportions of publications in the significant sample powered at different
levels over time. Error bars show the 95% confidence intervals of the percentages
powered at least 80% in each time period.
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Figure 12. Top: Average underlying effect size studied in publications in the significant sample over time. Bottom: Average
total sample size of publications in the significant sample over time. Highlighted points are medians for each year with error
bars showing IQR.
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Figure 13. Proportions of publications with different study designs over time. The graph
includes only publications from the significant sample with a coded design.
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Overview of meta-analysed fields
Shifting attention to the meta-analysed area as the unit of observation, Table 4 gives the
median of median effect sizes, the median proportion of adequately powered publications and the
median of median power per meta-analysis. The typical effect estimate of a meta-analyses is 0.424
SMD, the typical median power is 54.6% and the typical proportion of adequately powered
publications is 25.0%. Correlational meta-analyses have a larger median effect size and typical
median power. Table 5 shows the proportions of meta-analyses with a median power above
different levels. Only 35.2% of the meta-analyses in the significant sample reaches a median power
of 80% or more.
There is a systematic difference between effect size estimates obtained from metaanalytical methods. Table 6 shows that the median Random-Effects estimate is larger than those of
all other models. Especially the WAAP-WLS and PET-PEESE models result in lower medians.
Table 4. Medians of median effect sizes, proportion of adequately powered (> 80%) studies included, and median power
estimates in the meta-analysed fields in the significant sample.

Effect size index

Number of
meta-analyses

Median effect
size (SMD)

Proportion
adequately
powered (%)

Median Power

Correlational r/z

259

0.512

46.2

.765

Cohen’s d

213

0.313

14.2

.409

Hedges’ g

51

0.427

4.8

.345

Overall

523

0.424

25.0

.546

Table 5. Proportions of meta-analyses with median power above 50, 60, 70, 80 and 90%.

Median Power

Significant sample
(%)

Complete sample
(%)

≥ 50%

54.3

41.1

≥ 60%

46.3

35.2

≥ 70%

40.5

30.8

≥ 80%

35.2

27.8

≥ 90%

29.3

22.1

BRINGING ORDER TO PSYCHOLOGICAL DATA

46

Table 6. Absolute effect size estimates in SMD and Fisher’s z found with the four different meta-analytical estimation
procedures for the significant sample, displayed by median and IQR.

Meta-analytical model

SMDs (m = 264)

Fisher’s z (m = 259)

median

25th Q

75th Q

median

25th Q

75th

Random-Effects

0.339

0.197

0.563

0.253

0.165

0.349

Fixed-Effect

0.303

0.174

0.501

0.251

0.143

0.371

WAAP-WLS

0.269

0.148

0.467

0.246

0.141

0.374

PET-PEESE

0.209

0.098

0.379

0.226

0.114

0.395

Exploratory research
Earlier we observed an increasing trend in effect size studied in publications. If later metaanalytical reports investigate effects that are larger, more recent primary studies will also reflect this
systematic bias since they can only be included in more recent meta-analyses. The question is thus
whether the positive change in effect size is due to a shift in research focus of the publications or of
the meta-analyses. The topic choice in meta-analyses is likely subject to numerous factors. Research
incentives may have become more aligned with studying larger and more robust effects, because
these analyses provide unambiguous results. Meta-analysts have in the past reached opposite
conclusions on a number of topics, such as the effect of playing video-games on exhibiting
aggression (de Vrieze, 2018) and ego-depletion (Hagger, Wood, Stiff, & Chatzisarantis, 2010; Carter,
Kofler, Forster, & McCollough, 2015). These examples can lead to severe tensions and increased
scrutiny, which others might seek to avoid in the future. The meta-analytical statistical toolbox has
also expanded over the years, in the worst case enabling p-hacking. Although we do not examine
these factor, we exploratively examine whether later meta-analyses study larger effects.
Figures 14 shows the trend of Random-Effects estimates per meta-analysis. The trend is
shown in 3-year periods, resulting in a reasonably proportional distribution of meta-analysis. It is
difficult to discern an overall trend over time. The first periods show the largest subsequent
movement, albeit not in the same direction. These periods also include the fewest meta-analyses.
From the period 1999-2001 to 2005-2007 the median Random-Effects SMD estimates increase
steadily from 0.216 (IQR: 0.144, 0.353) to 0.493 (IQR: 0.338, 0.714). In the periods afterwards, the
estimates fluctuate between 0.378 and 0.508 SMD. Figure 15 also shows the distribution of
estimates over the same periods, but now weighted by the number of publications. This graph paints
a similar picture as Figure 14; there is no discernible overall trend. Table A10 provides the statistics
for both figures.
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Figure 14. Random-Effects estimates over the period of
publication of the meta-analyses. Medians are highlighted.

Figure 15. Densities of underlying average effect size in all publications included in meta-analyses published in three-year
periods. Box-plots show the median and IQR. The number of meta-analysis in each period is denoted by m, and the number
of included publications by p.
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Discussion
The current retrospective analysis of 17,974 publications in psychological science from 523
meta-analyses yielding significant results illustrates that statistical power is generally inadequate. In
none of the examined time-periods a majority of studies reaches sufficient power. The typical study
in an area is also considerably underpowered. However, there is reason for optimism. The results
show an increase of power over time, which appears to originate in larger studied effects and a
relative boost in the use of efficient study designs. Because the underlying effect magnitude grew
over time, statistical power did too. Furthermore, correlational designs have taken over the top
position from between-subjects designs over the years. These correlational designs are overall
associated with the highest degrees of effect magnitude and power. It is unclear in the current
statistics how many correlational estimates stem from between-subjects or within-subjects
experimental designs, but there is no reason to believe that conversion from experimental effect
sizes to correlations is now more common than it was before. The observed surge in power is
remarkably not due to larger sample sizes; these stayed relatively equal over the years. In sum, the
results suggest that rather than through recruiting more participants, researchers are achieving
higher power through a change in research focus and study design. This is overall good news. Better
powered studies spend research resources more efficiently (Cohen, 1992), introduce fewer false
positive findings in the literature (Egger et al., 1997) and generate less biased estimates (Fanelli et
al., 2017). If we extrapolate the observed trend between 1986 and 2014 (from a median power of
30.6% to 59.4%), the typical study may reach sufficient power within the next two decades.
Nonetheless there are some caveats to these findings, which we discuss next.
First of all, it is worrisome that researchers are not recruiting more participants for their
studies, especially since it is the research aspect over which they have the most control. Fraley and
Vazire (2014) similarly found no increase in sample sizes across social-personality research journals,
although Lamberink et al. (2017) did find an increase in trial size in medicine. One might wonder why
psychological researchers are not improving their sample sizes. Tressoldi and Giofré (2015) found
that very few studies in psychology base their sample sizes on a-priori power analysis. We therefore
again emphasize the importance of this procedure. Scientists should be planning for power in their
studies. When powers analyses indicate researchers need more participants than originally planned
(as the current findings of inadequate power suggest), they should still consider heeding that
recommendation. Low-powered research is poorly equipped to detect effects and does not readily
deliver sought-after significance. By performing larger studies, scientists are more likely to observe
an effect and simultaneously help decrease the overall rate of false positives in the literature.
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Secondly, the focus on larger effects implies that worthwhile research on smaller effects is
potentially performed less. Larger effects generally have more practical relevance, but this need not
always be the case. For instance, small SMDs of mental health interventions can translate into actual
considerable improvements for patients. A shift towards studying larger effects is thus not by
definition a positive development. The choice of research focus should not only be based on what
effects are easiest to detect; it should also be on the potential of added value. If researchers judge
that a particular study could deliver valuable and actionable knowledge, it may be worth performing,
even if the expected effect is small and many participants are required.
Lastly, the observed increase of correlational designs suggests that researchers started
conducting proportionally more survey research rather than experimental research. Experiments
have the inherent capacity of establishing causality, which correlational research does not have.
Scientists should continue to employ experimental designs when the problem under study requires
it, even if this necessitates a greater allocation of resources than correlational studies. Simply put,
the design of the study should fit the question posed. Developments in web technologies enable
more economical experiments, which scientists could leverage to their own advantage.
In a previous retrospective power analysis on Psychological Bulletin meta-analyses from
2012 to 2016, Stanley et al. (2018) found studies to have an average power of 36% and only 8% of
studies to be adequately powered. These percentages are in slight contrast with the 46% and 31%
observed in the current overview of publications. One reason for the differences is the unit of
analysis. For the average power, Stanley et al. (2018) took the median of median power per metaanalysed area, whereas we took the median of power estimates of all primary publications
combined. Moreover, Stanley et al. (2018) calculated the proportion of areas in which the typical
study was adequately powered, whereas we computed the proportion of the entire set of
publications. Their focus upon replication endorses their methodology. After all, it is sensible to
assess whether the typical study in the typical scientific field would replicate given its power. The
current broad focus on statistical power makes the employed overview of publications more
appropriate. Nonetheless, we still observed larger percentages when examining the typical median
power and proportion of adequately median powered publications across meta-analyses; 55% and
25% respectively. Another explanation for the differences is that we excluded meta-analyses that
resulted in insignificant results. If we include practical zero-effects in retrospective power analyses,
we will always find a bleaker picture than reasonable. There will invariably be some effects that are
so small that none of the included studies will have adequate power to detect it. These do not
inform us about realistically defined power in science. A final explanation for the observed
differences is the different meta-analytical models employed by both analyses. The current results
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are based on Random-Effects estimates as opposed to WLS, WAAP-WLS and PET-PEESE. Indeed,
these other models provide lower estimates, which would subsequently translate into lower
computed retrospective power.
An interesting secondary observation in the current study is the decline in statistical power
between approximately 1972 and 1986, which corroborates two previous investigations that found a
decline and a slight increase in the same period. For one, Sedlemeier and Gigenrenzer (1989) found
that Cohen’s petition for statistical power did not result in an increase in statistical power in the
Journal of Abnormal Psychology between 1960 and 1984. In fact, the median power dwindled from
46% to 37% (Sedlemeier & Gigenrenzer, 1989). Similarly, Rossi (1990) found 53% median power
across three journals including the Journal of Abnormal Psychology in 1986, which constitutes only a
marginal increase compared to the 46% figure from 1960. These percentages are somewhat larger
than those found in 1972-1986 in the present investigation, but that is primarily because power in
those studies is computed uniformly according to Cohen’s medium effect sizes (e.g. d = 0.5) – a
larger effects than the those observed now. Combined with these previous findings, the current
study shows that statistical power picked up only around the 90s within psychology. This illustrates
how changes in scientific traditions take time to occur. Now with widespread access to the internet
to widely and rapidly disseminate knowledge on statistics and research methods, the hope is that
appeals for more power and larger sample sizes produce a more swift positive response within the
scientific community.
Comparing the current results to those found in a similarly-performed retrospective power
analysis of Cochrane reviews in medical science (Lamberink et al., 2017) reveals that psychology is
doing comparatively well. The observed power of publications in the current analysis in psychology is
decidedly larger, e.g. an overall median of 46% compared to 20%. Lack of statistical power is an
interdisciplinary issue and psychology is definitively not the only field that would benefit from more
emphasis on the issue.
Limitations
There are a number of limitations that may affect the interpretation of the current findings.
The most important limitation is the restrictired generalizability of findings to overall psychological
science. The present study only reports on publications that were included in tables in systematic
reviews in Psychological Bulletin between 1993 and 2017. This is biased portion of the entire
population of psychological studies; hence the lack of inferential statistics, which making which the
current analysis in principle only descriptive. The extent to which the current temporal trends are
present within the entire psychological field is unknown. Meta-analyses in Psychological Bulletin are

BRINGING ORDER TO PSYCHOLOGICAL DATA

51

generally performed on more established research areas (Stanley et al., 2018), which can both be
argued to increase and diminish representativeness. Nonetheless, the results we obtained are
comparable to the ones in previous investigations. We too found low overall power in the same
orders of magnitudes (Nuijten et al., 2018; Fraley & Vazire, 2017; Stanley et al., 2018), and we too
found stable sample sizes (Vazire & Fraley, 2017). This correspondence attests the pervasiveness of
problems in statistical power, and at least to some extent to the representativeness of the current
sample of scientific fields and studies.
A second limitation of the current study is that the assumption of one meta-analytical
estimate per area, disregarding heterogeneity in effect sizes. With random effects meta-analysis we
assume that true effects scatter symmetrically around an average true effect size (ζ). However, in
the power estimations, we did not take this variability of effect sizes into account. We merely
computed the power to detect the meta-analytical summary estimate. Although it would be
reasonable to think that fluctuations in power estimates average out over multiple publications, this

Figure 16. The left pane shows simulated true effect sizes (k=100) under Random-Effects
assumption (ζ=1, dashed grey line, and 𝜏 2 =0.04) in Cohen's d (bottom), with the
associated power over Cohen's d assuming between-subjects design with group size n=20
(top). The right pane shows the individual power levels achieved in the simulations, both
with points (top) and density (bottom). The red line shows the achieved average power in
the simulations (80.5%), whilst the blue line shows the power at the true effect size mean
ζ=1 (86.9%).
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is not always the case. Figure 16 shows an example. Effects on either side of the Random-Effects
distribution do not necessarily result in equal differences in power compared to the mean effect. In
the example, the eventual mean achieved power (Figure 16 bottom-right, red dashed line) is lower
than the power estimated at the mean true effect (Figure 16 bottom-right, blue dashed line). Hence,
taking the average estimate in retrospective analysis for all studies leads to an overestimation of
power. If we deem the normal distribution reflective of reality in the meta-analysed areas
investigated in the current study, the computed power estimates are likely underestimated.
Widespread low median power positions the average effect size in most cases on the left side of the
sigmoid, meaning that studies with larger underlying effect sizes have disproportionally more power.
Given that in the current methodology we only used the summary effect estimate, the average
power estimates across primary studies would be too small. Every model is wrong in some way, and
the Random-Effects normality assumption is likely not representative of most scientific fields (e.g
Stanley & Doucouliagos, 2015). Nonetheless, the former example illustrates that the distribution of
true underlying effect sizes affects the accuracy of power estimates. Recently, Kenny and Judd
(2019) also noted the asymmetry in power in light of heterogeneity, providing a more detailed and
statistical description which the reader could refer to.
A third limitation pertains to two assumptions in the computation of the standard errors and
power. First, when computing missing standard errors for within-subjects designs, we assumed a
correlation between dependent variables of 0.7. In reality, the between measurements correlation is
likely to vary field-by-field. There was unfortunately no reasonable alternative to account for this
variability given the available information, and the current value is close to averages found in
previous research (Dunlap et al., 1993; Rosenthal, 1991). Within-subjects designs were also sparse
(see Figure 13), which limits the impact of the current assumption to an even greater extent. In a
primer on statistical methods for psychological research, Lakens (2013) already argued for the
inclusion of the correlations between dependent variables in reporting. Future meta-analyses could
add the statistic in their data on the included primary studies. The second assumption pertains the
inference of study design for SMD effects. The design of studies was necessary for the computation
of standard errors and power. We took quite elaborate steps to ensure that the inference is as good
as possible. Moreover, we took the conservative approach of assuming a between-subjects design
when inference was not possible (in 14% of cases).
Fourth, the current study is limited by the way it addressed dependence between effect
sizes. We averaged across the same study reference to prevent dependent effect sizes from
reoccurring in the descriptive statistics. This is a suboptimal solution to a greater problem of
overlapping samples. In the current study, we do not account for publications that appear in
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multiple separate meta-analyses, allowing some publications to be counted multiple times.
Moreover, we now also disallowed the possibility that the same study reference may report on
different independent samples. However, the alternative of collapsing across all primary effect sizes
in all datasets is perilous, since the same study reference may belong to entirely different reports.
For example, ‘Smith (2012)’ may refer to different papers in different meta-analyses. Ideally,
samples should be uniquely identified in a centralized and systematic way, which the overall
discussion addresses more extensively. In their retrospective power analysis of 134 meta-analyses,
Nuijten et al. (2018) also account for reoccurring studies. They discarded all effect sizes from the
same study in all but the smallest meta-analysis. We argue this removal is undesirable, because they
did not use all available evidence to obtain a meta-analytical estimate. Averaging over all final power
estimations within a publication is a more prudent procedure.
Finally, meta-analytical effect sizes are inherently subject to uncertainty and bias. Using
meta-analytical estimates to arrive at statistical power therefore is too. Random-effects metaanalysis, on which the present results are based, has been found to overestimate mean effects (e.g.
Stanley & Doucouliagos, 2014). Lower effect estimates, such as those given by WLS, WAAP-WLS and
PET-PEESE, would result in lower power estimates. Nonetheless, it is questionable whether other
estimation models would result in different trends than observed now. Although the power
estimates may be lower overall, trends are relative in nature and need not be affected. Future
research, as addressed next, could perform a sensitivity analysis where different meta-analytical
models are compared.
Future research
As mentioned, Stanley et al. (2018) used different meta-analytical estimates than employed
int the current study: WLS, WLS-WAAP and PET-PEESE. Although we computed these estimates, we
did not yet perform corresponding retrospective power analyses since this fell outside of the
research scope. The steps for such a subsequent analysis are relatively few and straight-forward.
One would simply compute power of the primary studies to detect these other estimates. It would
be appealing to examine whether the same increasing trends of effect magnitude and power emerge
with the other meta-analytical estimates. Especially of interest is whether there are any changes in
selective reporting over time. Does PET-PEESE, a model that specifically aims to correct for reporting
bias, result in the same increase in effect magnitude and power? If not, this would suggest an
increase in selective reporting over time. In that case, the currently observed larger median
statistical power and median underlying effect size could have partially been caused by selective
reporting rather than by shifting research focus.
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Many efforts have proposed meta-analytical models that promise to be more accurate and
reliable. Recently, Carter (2019) developed a neural network for the estimation of effect
magnitudes, ushering in a time of even more advanced and sophisticated interdisciplinary solutions
for effect approximation in scientific research. Better models could also be used in future
retrospective power analysis. For instance, to tackle the issue of variability in underlying effect sizes,
meta-regression can be applied (e.g. Thompson & Higgins, 2002). This model allows the addition of
between-study predictors to account for variance in underlying effect sizes, although it requires a
large sample of studies to ensure reliability. Future retrospective power research could employ this
model to improve retrospective power estimation by suit-tailoring to studies in the meta-analytical
sample.
The current analysis focuses on the overall temporal trend of statistical power. There are
many more questions that can be asked with regards to statistical power. Which fields produce well
powered research? And which do not? What institutions, authors and journals take part in wellpowered research? There are plenty of opportunities for future research to investigate the state of
statistical power in psychology. As explained before, statistical power is of great importance, and
understanding where it lacks is a first step towards improvement within psychological science.
Summary
Altogether, the current analysis demonstrates that statistical power of psychological studies
is insufficient but rising over the years. Soon we might see typical run-of-the-mill reach desirable
power levels, not just well-funded ambitious projects. This is good news because it ensures that
research resources are spent more efficiently and that inflated estimates are less common,
increasing the trustworthiness of the overall literature. Nonetheless, scientists will need to continue
adapting their research approaches to make the increasing power trend a permanent one. In large
parts, this includes performing a-priori power analysis and planning larger studies. Heeding this
advice will surely benefit both individual researchers and psychological science.
The current retrospective power analysis overlooks an inherent property of scientific
investigations within areas: the variability of the effects they study, or heterogeneity. The next
analysis provides a more thorough examination on heterogeneity within psychological fields.
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Analysis 2. Heterogeneity within Psychological
Fields
Heterogeneity. Included studies in meta-analyses often still have different underlying true
effect sizes despite their similarities (Higgins & Thompson, 2002). This heterogeneity arises because
of variable factors within the methodology and execution of studies. Studies may for instance be
conducted amongst participants from different populations, with different intervention strengths,
using different dependent measures, during different time periods and in different environments.
Describing heterogeneity is important to the interpretation of meta-analytical findings (Higgins,
2008), since it has implications on both the translation of theory into practice and on the replicability
of results within scientific fields.
First, heterogeneity provides more nuance to an otherwise unidimensional result and gives
food for thought when applying meta-analytical findings to practical situations. Even when a metaanalysis results in a large effect estimate, heterogeneity can cause a substantial percentage of true
effects to be weaker or stronger, and in some cases even of the opposite sign. A summary metaanalytical effect size is in such cases clearly not sufficient information. Researchers and stakeholders
should know how much effects vary depending on circumstance (Higgins, 2008). For example, in a
meta-analysis included in the Meta-data, men achieved better economic results in negotiations (𝑔 =
0.20; Mazei, Hüffmeier, Freund, Stuhlmacher, Bilke & Hertel, 2015), but the underlying effects
varied considerably (𝜏 = 0.36). The authors explain this variation with predictors such as the
negotiation experience (Mazei et al., 2015). If the goal is to balance financial outcomes of
negotiation between men and women, regulators and businesses should pay attention when there is
actual substantial disparity and when there is not. Any policies should be carefully crafted around
these boundary conditions.
Secondly, heterogeneity decreases replicability of scientific studies. When heterogeneity is
substantial, the underlying effects from studies are considerably different. We should then actually
not expect studies to give the same results, even when they have large samples. This places the
failures to replicate many psychological studies in the Open Science Collaboration (2015) in a
different light. Although selective reporting is often communicated as the primary cause of the low
replication success (e.g. OSC, 2015), it may actually stem mostly from inherent heterogeneity
between studies. With the levels of heterogeneity and power present in Psychological Bulletin metaanalyses from 2013 to 2016, the observed 36% replication rate in the OSC project is actually to be
expected (Stanley et al., 2018).
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Given both implications, it is interesting to examine what the extent of heterogeneity is in
scientific fields, for instance in those included in the Meta-data. The overall research question is:
RQ1. How large is heterogeneity in scientific fields in psychology?
Measuring heterogeneity. Heterogeneity has been measured in different ways. For one,
scientists can estimate the standard deviation of the distribution of underlying true effects. RandomEffects meta-analysis accounts for heterogeneity by assuming a symmetrical distribution of true
effect sizes. It models a variance component, 𝜏 2 , where larger values indicate more heterogeneity.
The root of 𝜏 2 , 𝜏, is the estimated standard deviation of the underlying true effects in the included
studies. With 𝜏 we can compute prediction intervals that show how a certain proportion of true
effects in the population of studies is expected to be distributed around the mean estimated effect
(Riley, Higgins & Deeks, 2011; Borenstein, Higgins, Hedges & Rothstein, 2017). Note that a prediction
interval is different from a confidence interval; a confidence interval informs about the precision of
the estimated parameter, whereas a prediction interval informs where future observations are likely
to fall (Borenstein et al., 2017). The formula for the 95% prediction interval is as follows, with 𝑒𝑠 as
the meta-analytical effect size (Borenstein et al., 2017):
𝑃𝐼95% = 𝑒𝑠 ± 1.96𝜏

(17)

A second measure to denote heterogeneity is 𝐼 2 . It is the proportion of variance in the
observed effect sizes left unexplained by the average within-study sampling error, i.e. the relative
variance in true effects between studies only (Higgins & Thompson, 2002). It is an unintuitive
measure (Rücker, Schwarzer, Carpenter & Schumacher, 2008; Borenstein et al., 2017). If standard
errors of effect sizes are low (i.e. with large samples), the true effect variance is always large in
comparison to the sampling variance, producing large 𝐼 2 values. Even when in absolute terms
variance in true effects is small, if the included studies have many participants, 𝐼 2 will undeservedly
indicate large heterogeneity. In line with this, Rücker et al. (2008) observed a positive correlation
between sample size and 𝐼 2 in a sample of 157 meta-analyses. Borenstein et al. (2017) emphasize
that scientists should base their assessment of variability of true effects on 𝜏 rather than on 𝐼 2 . Since
𝜏 2 is an outcome parameter specific to Random-Effects meta-analysis, to obtain a standard
deviation of underlying true effects researchers can instead use the square root of the product of 𝐼 2
and the total variance in observed effect sizes (Borenstein et al., 2017).
Prior research. Preceding investigations in psychology has generally found large extents of
heterogeneity within fields, both measured in 𝐼 2 and 𝜏 2 . In their retrospective analysis of
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Psychological Bulletin meta-analyses, Stanley et al. (2018) found median heterogeneity was three
times as large as the random variance sampling (𝐼 2 of 74%), which translates into a standard
deviation of 0.35 for a median effect size of 0.39 (both in SMD). The associated 95% prediction
interval ranges from -0.30 to 1.08, indicating that the typical field contains a relatively large portion
of effects in the opposite direction of the mean. Van Erp, Verhagen, Grasman and Wagenmakers
(2017) present a dataset of heterogeneity measures of 705 meta-analyses published in 61
Psychological Bulletin publications. In this dataset, the median 𝐼 2 is 70.6% and the median 𝜏 is 0.24
(Kenny & Rudd, 2019). The latter measure is somewhat lower than the one found by Stanley et al.
(2018), which is likely reflective of the employed level of aggregation. By dividing studies into smaller
homogeneous subsets, which is often done in moderator and subgroup analysis (e.g. Borenstein et
al., 2009), methodological differences between studies are cancelled out. This decreases the extent
of heterogeneity within each subset. Van Erp et al. (2017) followed subdivisions of the studies to a
greater extent than Stanley et al. (2018), with 11.5 meta-analyses per report as opposed to 3.5.
Evidently, underlying methodological differences between studies within a field cause
heterogeneity. Scientists can often partially explain this variability away, but these are all
assessments made in a post hoc manner after a field is deemed sufficiently developed, i.e. when a
meta-analysis is performed. Unclear is yet how heterogeneity generally unfolds during the course of
a field. This is a gap in the understanding of scientific progress. If scientists would understand how
heterogeneity is introduced within fields, they can account for it in their own research planning, and
they can place existing heterogeneity better into perspective.
The lack of attention to the trajectory of heterogeneity is peculiar, given that the variety of
methodological differences is seemingly related to the maturity of fields. Initially, when studies in a
scientific area have no fundament to build on, research practices are diverse and unstandardized.
When methodologies and research practices are dispersed over time within scientific communities,
for instance through scientific articles, one would expect more homogeneity in studies. Standardized
questionnaires, experimental conditions, dependent measures and study designs, would ensure that
later studies encompass less heterogeneity than earlier studies. Eventually, scientists may focus on
innovative studies or explore boundary conditions of effects under study, causing again an increase
in heterogeneity. In this analysis, we investigate whether these predictions are reflected in actual
psychological areas:
RQ2. How does heterogeneity develop over the course of psychological fields?
Thorlund et al. (2012) previously investigated how 𝐼 2 developed over time in sixteen medical
meta-analyses from the Cochrane database. They examined whether during the course of the field
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𝐼 2 and its confidence interval were representative of the final value. They found that 𝐼 2 is reasonably
stable after approximately 15 trials and 500 observations, and that the confidence intervals
throughout the development of the fields captured the eventual 𝐼 2 value a majority of the times. In
contrast to the current research, they did not describe the shape of heterogeneity over the course of
the examined fields. In the current analysis, the approach is to anecdotally inspect trajectories of
heterogeneity in some of the largest fields within the Meta-Data.

Method
The method section of Analysis one already provides the details on the preparation of the
Meta-data. The focus here is on the methodology specific to the current analysis. Since the samples
and methodologies for both research questions differ, they are treated one at a time.
Research question 1
Sample. The sample consists of all 710 meta-analyses in the Meta-data. Because
heterogeneity is also present when the overall effect is presumably substantially zero, we primarily
investigate the complete sample. To compare heterogeneity within fields that overall support and
fields that do not support the effects under study, we also investigate heterogeneity in the samples
of meta-analyses that gave significant results (hereafter significant sample) and meta-analyses that
gave insignificant results (hereafter insignificant sample). The left side of Figure 9 presents the
distribution of the number of effect sizes and publications per meta-analysis; the typical metaanalysis includes 22 effect sizes from 17 publications.
Measures. Whilst performing the meta-analytical iterations in Analysis one, we concurrently
obtained 𝐼 2 and 𝜏 2 . As before, the medians of 𝐼 2 and 𝜏 2 of the 1000 iterations were the final values
for each dataset. Afterwards 𝜏 was computed by taking the square-root of 𝜏 2 . We used Equation 17
to calculate 95% prediction intervals (PI95s). To describe heterogeneity within the typical field, we
calculated the median 𝐼 2 and 𝜏 across all meta-analyses, along with their IQRs.
Research question 2
Sample. The sample consists of the ten largest meta-analyses in the Meta-data that include
only unique references, i.e. for which there is only one effect size per publication. We analysed only
the largest meta-analyses since these have the greatest potential in showing the trajectory of
heterogeneity over the course of their respective fields. Only meta-analyses without dependent
reoccurring study references were selected, because this reduces the complexity of obtaining metaanalytical estimates. A list of these ten meta-analyses is found in Appendix C3, along with resulting
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Random-Effects estimates, 𝜏, 𝐼 2 , and the number of included primary studies. Within the metaanalyses, the effect sizes were ordered by year of publication. When the publication year was the
same, the order of effect sizes was randomly determined.
Measures. For each of the ten datasets, we performed Random-Effects meta-analysis in R
(metafor package Version 2.1-0, EB estimator3) with increasingly larger sets of included primary
studies according to the chronological sequence of publication. Effect sizes were thus added one-byone in order of publication time. The first meta-analysis included only the first two published effect
sizes, whereas the last included all effect sizes.
To reveal the conjecture of heterogeneity over the course of each field, we coded the
number of included effect sizes, the running sum of sample sizes as well as the running metaanalytical estimate, 𝐼 2 , 𝜏 2 and 𝜏 for each meta-analysis. To provide a measure of uncertainty of 𝐼 2 ,
we computed 95% confidence intervals with the confint function in the metafor package (Version
2.1-0; Viechtbauer, 2010).

Results
Research question 1
Table 7 reports the median observed 𝐼 2 and 𝜏 in the meta-analyses. The median 𝐼 2 is large at
79.9%. Compared to the median effect size 0.313 SMD in all meta-analyses, the median 𝜏 of 0.284
SMD is also substantial. The PI95 associated with these values ranges from -0.244 to 0.871 in SMD.
See Table 7 for a breakdown per effect size index. The overall PI95s include values below zero,
indicating that the typical field has underlying effects that are in the opposite direction of the
average true effect. Tables C1 and C2 provide the heterogeneity measures for respectively the
significant and insignificant samples. Even if we consider only meta-analyses in the significant
sample, whose median average effect magnitudes are larger, the typical PI95s include effect sizes in
the opposite direction.
Figure 17 shows the distribution of individual PI95s of all meta-analyses. Whilst there is a
sizable portion of meta-analyses with not much apparent heterogeneity, the majority does show
considerable heterogeneity. There is, for both SMD and correlational meta-analyses, a slight rightskew in the distribution of prediction intervals.

3

We used the Empirical Bayes estimator as opposed to the Restricted Maximum Likelihood estimator, because
it ensures that confidence intervals include the heterogeneity estimates (Viechtbauer, 2010).
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Table 7. Median heterogeneity measures found in the meta-analyses.

Number
of metaanalyses

𝐼 2 (IQR)

𝜏 (IQR)

Median
estimate
(SMD)

PI95 (SMD)

Correlational
r/z

332

81.6 (63.6, 91.2)

0.304 (0.202, 0.428)

0.421

-0.175, 1.017

Cohen’s d

314

77.2 (58.4, 90.0)

0.265 (0.156, 0.394)

0.206

-0.274, 0.767

Hedges’ g

64

71.8 (43.0, 87.2)

0.298 (0.200, 0.447)

0.370

-0.214, 0.955

Overall

710

79.9 (59.6, 90.5)

0.284 (0.180, 0.417)

0.313

-0.244, 0.871

Effect size
index

Note. Fisher’s z values were converted to Cohen’s d. In correlation r, the median estimate for correlational meta-analyses is
0.206, PI95 = [-0.083, 0.494].

For areas analysed in correlational indices and Hedges’ g, heterogeneity was slightly larger
than for areas analysed in Cohen’s d. This is reflected in both the medians and IQRs of 𝜏, see Table 7.
Nonetheless, the larger effect sizes in both Hedges’ g and correlational research made that the
distribution of true effects in these meta-analyses are somewhat more in the direction of the
average true effect (see PI95s in Table 7). The larger heterogeneity found for Hedges’ g metaanalyses is not present in the significant sample (see Table C1); the insignificant Hedges’ g metaanalyses show much more heterogeneity.
Heterogeneity is generally larger for meta-analyses in the insignificant sample than those in
the significant sample (compare Tables C1 and C2). Only meta-analyses in Cohen’s d have a similar
median 𝜏. This is remarkable, because even when we presume the average effect magnitude in the

Figure 17. The PI95s of the true effects studied in the meta-analyses, with SMD meta-analyses on the left and correlational
meta-analyses on the right.
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field to be practically zero because of meta-analytical insignificance, some of the underlying effects
are estimated to be of medium size around 0.5 SMD (PI95 = [-0.546, 0.709]).
Research question 2
Figure 18 shows the trajectories of 𝐼 2 and 𝜏 2 over the course of the ten selected fields metaanalysed in Psychological Bulletin. The figure also shows how the associated distribution of
underlying effect sizes developed over the years in the form of PI95s. This gives a concrete overview
of how the 𝜏 2 values relate to the effective variability in true effects. Clearly, there are extensive
differences amongst the trajectories of heterogeneity. When inspecting the 𝜏 2 measure, all
trajectories peak either at the beginning or in the middle of the course of the field, but not at the
end. Most trajectories show some kind of slope downwards near the end of the frame. Thus,
heterogeneity generally increases at the start and then decreases afterwards.
Field 3 is an example that strongly follows my expectation of a u-shape in heterogeneity over
the course of a field. The distribution of underlying effect sizes first broadened at start and then
narrowed when more studies were published. Eventually, after 144 studies were published,
heterogeneity increased again. Field 7 also shows this trend, but in a much smaller frame studycount wise; heterogeneity already started increasing for the second time after only 24 studies.
Heterogeneity gradually shrunk again afterwards. In other fields, there are elements that show
subsequent decrease and increase, although not as uniformly as in the two discussed fields. Not all
fields show signs of a u-shape.
Given the numbers of studies published in field 1 and 2, it is remarkable that heterogeneity
has not decreased substantially at any point. Field 1 includes studies into the relationship between
perceived peer support and depression (Rueger, Malecki, Pyun, Aycock & Coyle, 2016). The authors
of the meta-analytical review describe one overall effect size (r = .26) which is associated with large
heterogeneity, 𝐼 2 = 93.6%. They subsequently analysed a plethora of moderators to account for
this variability. Note that the authors relied solely on 𝐼 2 to inform them about heterogeneity, whilst
they omit a 𝜏 2 estimate even though they performed Random-Effects meta-analysis. Moreover, the
sample sizes in the primary studies in the field quickly became larger and thus inflated 𝐼 2 without
necessarily informing about the relevant change in heterogeneity. The overall high levels of
heterogeneity over the course of the entire field observed in the current investigation are sensible,
because the primary study sample includes many diverging studies that the authors account for in
moderator analysis. A similar analysis applies to field 2. The topic of this field is the effect of diversity
training on affective, behavioral and cognitive outcomes (Bezrukova, Spell, Perry & Jehn, 2016),
where all studies were first collectively analysed in one overall meta-analysis (g = 0.38, 𝐼 2 = 85.7%,
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𝜏 2 = 0.10). Afterwards the authors accounted for heterogeneity by performing subgroup and
moderator analyses.
Field 4 shows a peculiar heterogeneity trajectory. Even though it is realistic that variability in
underlying effects is absent at the start of a field – there are simply not that many studies that can
diverge –, the disappearance of heterogeneity after 28 studies is unexpected. Field 7 shows a similar
pattern, with 𝜏 2 reaching zero twice for a brief moment.
Note that fields with larger sample size (1, 2 and 5) generally have larger 𝐼 2 values than
other fields. In these fields, the common sampling variance is smaller, inflating 𝐼 2 regardless of the
actual extent of variability in true effects.

BRINGING ORDER TO PSYCHOLOGICAL DATA

63

Figure 18. From left to right: 𝐼2 , average sample size n, 𝜏 2 , and meta-analytical estimate with PI95 s, over the course of ten
selected fields analysed in Psychological Bulletin. Identifying numbers to the left correspond to the those in Table C1.
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Discussion
The preceding analysis on 710 scientific fields in psychology demonstrates that
heterogeneity within fields is typically large. The median 𝐼 2 of 79% across fields shows that the
variability in underlying effects is almost four times larger than the common sampling variance
within primary studies. The results show that underlying effects in the opposite direction of the
average should be expected within the typical field. The substantial prevalence of heterogeneity is in
line with findings from prior research (Stanley et al., 2018; Van Erp et al., 2017).
In practice, the considerable extent of heterogeneity implies that meta-analytical summary
effect sizes generally do not tell the entire story, which has been emphasized by others before (Lau,
Ioannidis & Schmid, 2000; Longford, 1996). In the typical field, even though the average metaanalysed effect may be in one direction, there is a substantial portion of effects that are in the
opposite direction. This has consequences both for translating theory into practice and for the
replicability of studies within fields.
First, uncertainty about whether an effect holds across different populations, situations,
interventions, time periods and outcomes, limits the application of scientific knowledge to the
outside world. Would therapists be as readily accepting of a novel therapeutic intervention if they
know that, despite an overall positive effect, there are circumstances in which the intervention
actually has detrimental consequences for patients? The answer is presumably negative. An
important objective of scientists should be to find out what the moderating influences on effects are
(Higgins, 2008), so that scientific knowledge can confidently be applied outside academics.
Secondly, the replicability of research also suffers from high levels of heterogeneity within
fields (Stanley et al., 2018). When every study within a field examines effects of profoundly different
magnitudes, inconsistent results should be expected. Figure 19 shows how the underlying effect

Figure 19. The distribution of true underlying effect sizes in the typical meta-analysed field from the significant sample, with
a mean effect size of 0.424 and 𝜏 of 0.279, both measured in SMD.
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sizes are distributed for the typical observed field that yielded a significant meta-analytical result,
with Cohen’s (1988) ranges of the small, medium and large effects accentuated. We would expect an
‘ideal’ replication unaffected by sampling variance (i.e. with an infinite sample) to observe these
exact underlying effect sizes in the given percentages (Stanley et al., 2018). When we consider
observing a small or medium effect a successful replication given the average estimate of 0.424
SMD, which is arguably a wide range, we would expect to successfully replicate 70% of the times.
The other 30% of the times, we would observe a zero or negative effect size (21.1%) or a large effect
size (8.9%). When we employ a more stringent interval of ±0.1 SMD around the estimate, we would
expect only 28% of replications to be successful. In either case, replications have high rates of
failure, even when assuming an infinitely sized study. Considering the low levels of statistical power
found in the first analysis, observed effect size are even more divergent from the meta-analytical
estimate. With realistic power, successful replication will thus be infrequent in the typical field
investigated in the Meta-data. Many Labs investigations (Klein et al., 2014; Elebrose et al., 2016;
Klein et al., 2018) and Registered Replication Reports (Camerer et al., 2018; Hagger et al., 2016;
Wagenmakers et al., 2016; Eerland et al.,2016; Cheung et al., 2016; O’Donnell et al., 2018; McCarthy
et al., 2018) perform exact replications of research to confine the extent of heterogeneity, which is
successful in most of their efforts. The base level of heterogeneity one should except in regular
meta-analyses with diverging methodologies is thus considerably larger than the variability one
should expect in a multiple-lab replication effort.
An interesting finding is that meta-analyses with significant results showed more variability
in underlying effect magnitudes than meta-analyses with insignificant results. This appears to be in
direct contradiction to observations from the Many Labs 2 investigation (Klein et al., 2018), in which
researchers exactly replicated 28 effects multiple times. They found that noteworthy heterogeneity
was only present for effects of larger magnitude and not for effects near zero, bar one exception
(Klein et al., 2018). Small and early studies have been shown to overpromise theories with biased
estimates (e.g. Fanelli et al., 2017), which may lead to subsequent investigations that arrive at
tempering conclusions. Even though the eventual meta-analyses may rightfully provide null results,
the initial outlying estimates inflate eventual heterogeneity measures (Jackson, 2006). For this
reason, meta-analyses yielding no support for the effects under study may be associated with larger
heterogeneity measures in the Meta-data. The observed heterogeneity is then not an indicator of
actual variability of studied effects within a psychology field, but rather of selective reporting. Metaanalysts should mind that such biased studies can depreciate their overall findings, including the
measured heterogeneity. Especially early large effect sizes warrant extra investigation, and should
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possibly be excluded to arrive at more reasonable heterogeneity measures that truly inform about
the variability researchers should expect.
The investigation of ten large meta-analyses in the Meta-Data reveals that it is difficult to
generalize amongst trajectories of heterogeneity over the course of fields, although the trend often
peaks and subsequently diminishes. The a-priori expectation was that the divergence of research
scope would first increase variability in underlying effects, and that afterwards convergence would
decrease variability, which the ten trajectories indeed suggest. However, the prediction was also
that heterogeneity would increase after some time because fields would turn to new problems. The
ten fields do not decidedly exhibit this trend. The premise of the current analysis is that
heterogeneity fluctuates over the course of a field due to temporal developments, which the current
investigation supports.
Limitations
There are a number of caveats to the current findings. A first limitation of the current
analysis relates to the diverging levels of meta-analytical aggregation present in the Meta-data
datasets. Whereas some Psychological Bulletin meta-analytical articles provide the results of one
overall primary meta-analysis and then report moderator analyses, others perform altogether
separate meta-analyses. In the extraction procedure of the meta-analytical tables in the Meta-data
project, the highest level of reporting before moderator analyses was retained as the final
subdivision, thus relying on what the expert authors deemed one coherent set of studies.
Unfortunately, there is not one definitive way to establish what is one confined field. Nonetheless, in
order to obtain a more genuine estimate of variability within fields, a valid strategy would be to
subdivide some of the largest meta-analyses into smaller ones when possible. Similarly, some very
small meta-analyses might better be aggregated into larger sets. This could make the meta-analysed
fields more comparable, and thus provide a better indicator of heterogeneity within psychological
fields. Nonetheless, the level of aggregation only has a limited effect on the magnitude of
heterogeneity. Even in a dataset where Psychological Bulletin meta-analyses are divided to a greater
extent, heterogeneity was still substantial; τ = 0.24 (Van Erp et al., 2017). The difference with the
currently observed τ = 0.28 is marginal.
Secondly, an inherent limitation of the use of heterogeneity measures is their low power
(Ioannidis, 2008; Sterne et al., 2000; Mittlböck & Heinzl, 2006) and uncertainty (Ioannidis, 2008;
Thorlund et al., 2012; Borenstein et al., 2017). First, low power complicates the interpretation of
instances where there is no observed heterogeneity, such as in field 4 and 7 in the analysis of
heterogeneity trajectories. Do we observe zero heterogeneity because we had no power to detect it,
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or because it is not there? Reasonably, given the number of studies, one would expect heterogeneity
to be present. Researchers have suggested using a prior estimate of τ in Random-Effect metaanalysis to prevent heterogeneity unduly reaching zero (Chung, Rabe-Hesketh, & Choi, 2013), for
which the estimates in the dataset of Van Erp et al. (2017) can be used. Secondly, uncertainty of
heterogeneity affects the degree to which individual point estimates of heterogeneity should be
relied upon. In the investigation of the first research question, we took the median over multiple
fields, limiting the impact of uncertainty on the results. However, in the investigation of trajectories,
the first values of heterogeneity should be taken with a grain of salt; these are most uncertain due to
the small number of studies included.
A third limitation of the current study is that heterogeneity measures can be affected by
selective reporting bias (Jackson; 2006; Peters et al., 2010; Stanley et al., 2018). This complicates the
assessment of whether the observed heterogeneity is due to varying underlying effects or due to
bias. We are generally interested in the ‘true’ heterogeneity, since this would reflect how much
effects should truly be expected to vary. Unduly large heterogeneity may wrongly cause
stakeholders and researchers to believe that findings are not robust or reliable, and therefore should
not be investigated further nor be applied to outside problems. Ensuring that heterogeneity
measures are not inflated by biased estimates is thus of importance. The current study therefore
also investigated the sample of meta-analyses that yielded significant overall results, excluding fields
in which a null effect is studied and in which possibly biased early estimates inflated heterogeneity.
The results of this significant sample should arguably be relied upon more than those from the
insignificant sample.
Finally, the current second analysis of heterogeneity trajectories is performed only on a
small convenience sample, although one should realize that each of the fields still includes at least
58 primary studies. The observed trends could reasonably not be representative of the trajectories
in other psychological fields. The intention of the analysis is to provide preliminary evidence for
fluctuation of heterogeneity over the course of a field, and as such to inspire new research, as
explained next.
Future research
Future research could investigate the precise governing factors of heterogeneity over the
course of a field. Did systematic standardizations and narrower research scopes decrease
heterogeneity within fields? And is heterogeneity at the start of a field indeed systematically larger
than at the end of a field? More knowledge about the underlying causes of heterogeneity will allow
researchers to control for it to a greater extent, and might inform them in planning their research.
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Nonetheless, as Ioannidis (2008) notes, attribution of heterogeneity to specific causes is subject to
substantial uncertainty, which researchers should be mindful of.
The large amounts of heterogeneity observed in the meta-analysed fields in the current
analysis is another impetus for psychologists to perform more exact multi-lab replication studies.
These studies eliminate more of the variability of underlying effect sizes and are designed to reach
high statistical power (e.g. Klein et al., 2018). Participation in such replication efforts provides more
reliable and trustworthy findings to the overall science.
The current analysis leaves unclear what the causes are for the large amounts of
heterogeneity within fields that presumably study (close to) null effects, which is a gap future
research could address. Does selective reporting bias, as reflected in inflated estimates for early and
small studies, indeed explain the larger observed heterogeneity within the meta-analyses that
yielded insignificant results? Or does the observed heterogeneity truly show variability amongst
effects? If research finds that observed heterogeneity is not caused by biased studies but rather
reflective of a distribution of true effects, even fields with overall insignificant meta-analytical results
contain studies that investigate non-zero effects.
Summary
In sum, the current analyses show that heterogeneity within fields in psychology is
substantial, which complicates the translation of theory into practice and reduces replicability of
studies. As described, when there is large variability in effects, scientific knowledge is not readily
applied to outside problems and replication efforts will fail more often than not. We recommend
that more attention is paid to how heterogeneity is introduced into fields. In the future, researchers
could attempt to control more for heterogeneity, for instance by performing multi-lab replication
studies. To produce unambiguous results in psychological science, reducing heterogeneity is of
crucial importance.
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Overall discussion
By now, several examples of data reuse possibilities have passed in review, highlighting the
positive impact of transparent data within psychological science. Open data is not only about
verifying and debunking findings from previous studies, but also about allowing others to obtain
undiscovered insight. Even when researchers themselves see no further use in their data (e.g. Wallis
et al., 2013), they would do well to make them available regardless. By publishing their data,
scientists ensure fertile ground; others might just know exactly which seeds to grow in it. This point
is exemplified by the second part of this thesis, where we extracted valuable novel insight about the
state of psychological science from existing meta-analytical data that was previously inaccessible and
unusable. Paradoxically, by looking to the past, the analyses and findings give an impression of what
will be possible in the future when open data has become the norm within psychological science.
Despite these prospects, open data remains a challenge for now.
Even though the current thesis emphasizes the ease and efficiency of transparent data
practices, the reported Meta-data project did not always proceed swimmingly. Throughout the
process, we made several suboptimal decisions. For instance, we uploaded the data to GitHub rather
than the OSF, and we made a codebook in a plain text table instead of a Psych-DS data dictionary.
Adopting open data practices was for us a learning-by-doing experience, and it may be for others
too. Even though there is value in such a learning approach, difficulties should not withhold anyone
from trying to make their data available. It is therefore important to guide researcher in their open
data efforts.
For that reason, the first part of this thesis details a born-open data workflow as a
suggestion for researchers to employ in their own projects. As explained, the workflow includes the
Open Science Framework as a storage repository and Psych-DS as a dataset structure. If researchers
would adopt this workflow, they limit the effort and time they spend on sharing their data, and they
optimally set up for future reuse. Nonetheless, in order to make born-open data attainable to
ordinary psychological scientists, we require more future steps.

Making Born-Open Data more Attainable
The current work does not yet not offer straightforward materials to implement the bornopen data workflow. In the future, researchers and IT specialists could write scripts that upload
study data to the OSF every night. This software should be easily implemented in all kinds of
psychological study projects, requiring them to be compatible with the software solutions that labs
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and researchers already use for their on-site data storage. Interoperability of these upload scripts is
thus a key concern.
Even when scripts become available, researchers should have access to tutorials that explain
in simple terms how they can implement the workflow step-by-step. As of writing, there is for
instance no finished educational document on how to format a data dictionary according to PsychDS. Buchanan et al. (2019) describe tutorials for three other data dictionaries; a similar tutorial
would make Psych-DS more tempting to use. The goal is to attain a widespread adoption of
transparent data practices, making open data accessible to all researchers who show an interest in
doing so – even those who are less tech-savvy.
Additionally, the born-open data workflow does not yet address ethical concerns in sharing
data, even though this is one of the practical difficulties researchers encounter (Stuart et al., 2018;
Joel et al., 2018). Making data widely available may come at the cost of confidentiality (Meyer,
2018). Some psychological studies produce sensitive information that participants realistically may
not want traced back to them (e.g. Joel et al., 2018). Scientific data sharing solutions should allow
researchers to protect the privacy of participants, for instance by de-identifying and controlling the
access to the data (Meyer, 2018; Joel et al., 2018). In the born-open workflow, de-identification
could be incorporated in the scripts that prepare the data for upload (Rouder, 2016). Moreover,
even though access control is incorporated in the OSF in the form of a dichotomous choice between
private or public availability, specific cases may require more granularity. Other repositories limit
access to those with verifiable institutional e-mail addresses or by requiring a formal request (Joel et
al., 2018; Meyer, 2018). When circumstances necessitate such kinds of access policies, these other
repositories could be used instead of the OSF (see Meyer, 2018 for options). Altogether, given the
widespread benefits of open data, it is worth working out a way to balance openness with ethical
concerns – even if requires extra attention. Meyer (2018) provides a more detailed account that can
guide this process.
Despite the considerable attention for born-open data, it is not a one-size-fits-all solution for
transparent psychological data. For instance, researchers may collect non-digital qualitative data
instead of quantitative data. How could they make these details more transparent? Moreover, some
data may not be published because of legal restrictions. How can we open up such research whilst
respecting the inherent constraints? Some researchers may also find an automatic upload
problematic, for instance because they fear others will scoop their data (Rouder, 2016; Tenopir et
al., 2011; Wallis et al, 2013), but would still want to participate in open research, which should be
encouraged. The discussion of open data extends further than born-open data, and future research
could look into solutions for sharing data in the aforementioned circumstances. Other workflows
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and technologies should be considered for research that is incompatible with the born-open
philosophy. Altogether, the objective is to enable transparent research across the board, leading the
way to a future where data is reused by humans and machines.

The Role of Machines in Psychological Data
Although the current thesis has focused extensively on the reuse of data, the role of
machines has not been thoroughly discussed. When data complies with FAIR+ guidelines, machines
can process data to different extents without human guidance (Wilkinson et al., 2016). For instance,
Arslan (2019) describes how FAIR datasets would allow instantaneous meta-analysis without any
human interference. Despite such prospects, we should be careful in relying too much upon
machines to perform analyses. Machines are not fully aware of the context in which data were
obtained, and may not understand what can and cannot reasonably be done with a dataset
(Boeckhout et al., 2018). Instead, we could focus on improving the assistive role that machines
currently have. Machines could, for instance, help scientists find relevant datasets by performing
advanced searches based on name-spaces of associated concepts (e.g. MetaBUS: Bosco et al., 2015)
and citation networks. Future research could deduce which tasks researchers need help with, and
propose automated technological solutions towards those ends, alike how the current thesis
suggests a born-open data workflow as a solution for efficient data sharing.
Because Psych-DS both advertises and describes the contents of datasets in a standardized
way, it plays a substantial role in giving machines easy access to data. Working with meta-analytical
data in part two revealed that Psych-DS is as of yet primarily geared towards regular psychological
study data, and not so much towards meta-analytical data. Nonetheless, Psych-DS could be
extended to accommodate meta-analyses. Since meta-analyses effectively describe multiple
datasets from primary studies, they can be seen as an umbrella tier within the scientific data
hierarchy. Schema.org, which is already assimilated in Psych-DS, describes a DataCatalog content
type which is precisely aimed at describing collections of datasets. This content-type could thus be
added to Psych-DS. Implementing a ‘meta-analytical dictionary’ could eventually provide exact
traces of datasets that are included in a meta-analysis, allowing complete reproduction of results
from the original participant-level data to the final meta-analytical estimates. Adaptations like these
will hopefully help realize the potential of Psych-DS.
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Conclusion
In the cultivation of knowledge, data are the fundament upon which scientists rely. Whereas
before researchers kept them primarily to themselves, there is now an understanding that data are
valuable beyond their first usage. New technologies, workflows, data reuses and norms will shape a
recycling culture of scientific data that is already now coming into being. Future generations, both
within and outside academics, will benefit from the groundwork that psychological researchers are
now laying towards a more transparent and healthier science. That is a goal worth striving for.
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Appendix A
The tables below report on the descriptives statistics from Analysis 1.
Table A1. Descriptive statistics of the retrospective power estimates.

Effect size index

Power in significant sample

Power in complete sample

M

Median

IQR

M

Median

IQR

Correlational r/z

0.648

0.743

0.314, 0.992

0.583

0.618

0.196, 0.982

Cohen’s d

0.451

0.350

0.148, 0.760

0.393

0.265

0.097, 0.673

Hedges’ g

0.398

0.296

0.118, 0.638

0.348

0.220

0.082, 0.553

Overall

0.519

0.458

0.179, 0.908

0.457

0.348

0.114, 0.837

Table A2. Descriptive statistics of the underlying effect size estimates.

Effect size index

SMD estimates in significant sample

SMD estimates in complete sample

M

Median

IQR

M

Median

IQR

Correlational r/z

0.517

0.496

0.313, 0.652

0.466

0.439

0.219, 0.625

Cohen’s d

0.373

0.276

0.175, 0.446

0.320

0.253

0.107, 0.406

Hedges’ g

0.426

0.394

0.248, 0.472

0.375

0.337

0.122, 0.456

Overall

0.433

0.359

0.216, 0.553

0.379

0.303

0.145, 0.505

Table A3. Descriptive statistics of the total sample sizes.

Sample size in significant sample

Sample size in complete sample

Effect size index

M

Median

IQR

Range

M

Median

IQR

Range

Correlational r/z

442

121

66, 260

4; 225,217

423

116

62, 250

4; 225,217

Cohen’s d

1425

111

48, 292

3; 4,002,244

1358

117

51, 299

3; 4,000,244

Hedges’ g

207

62

29, 129

6; 12,004

186

60

30, 120

6; 12,004

Overall

924

109

51, 258

3; 4,002,244

892

108

51, 255

3; 4,000,244
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Table A4. Proportions of publications in the significant sample powered at different levels over time, shown in percentages.

Retrospective power
Period of time

≥ 50%

≥ 60%

≥ 70%

≥ 80%

≥ 90%

1972-1976

44.5

38.0

32.4

27.3

22.1

1977-1981

41.6

34.0

28.8

24.3

18.8

1982-1986

36.2

31.1

26.7

21.9

17.9

1987-1991

42.0

37.6

32.2

27.4

22.7

1992-1996

47.6

42.0

36.8

31.2

25.4

1997-2001

44.9

39.9

34.8

30.6

24.8

2002-2006

50.9

45.1

40.0

34.9

29.1

2007-2011

53.9

47.5

41.0

35.0

28.8

2012-2015

55.8

49.6

41.9

36.7

30.9

Overall

47.5

41.8

36.3

31.1

25.6

Table A5. Proportions of publications in the complete sample powered at different levels over time, shown in percentages.

Period of time

Retrospective power
≥ 50%

≥ 60%

≥ 70%

≥ 80%

≥ 90%

1972-1976

38.1

32.3

27.5

23.3

18.9

1977-1981

35.4

29.1

24.7

20.7

15.9

1982-1986

31.0

26.9

22.9

18.8

15.4

1987-1991

35.8

32.0

27.4

23.2

19.2

1992-1996

41.3

36.5

32.1

27.2

22.0

1997-2001

37.8

33.5

29.2

25.7

20.8

2002-2006

44.3

39.3

34.7

30.3

25.3

2007-2011

46.6

41.0

35.4

30.3

24.8

2012-2015

49.4

44.0

37.0

32.5

27.2

Overall

40.9

36.0

31.1

26.8

21.9
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Table A6. Proportions of studies with different designs over time, shown in percentages.

Period of
time

Complete sample

Significant sample

Betweensubjects

Withinsubjects

Correlational

Betweensubjects

Withinsubjects

Correlational

1972-1976

74.0

2.8

23.2

69.9

2.8

27.3

1977-1981

75.2

2.3

22.5

71.3

2.6

26.1

1982-1986

75.2

4.4

20.5

72.8

5.0

22.2

1987-1991

67.4

4.6

28.0

64.4

5.4

30.2

1992-1996

54.7

5.1

40.2

52.0

5.4

42.5

1997-2001

45.5

7.1

47.3

42.4

8.2

49.4

2002-2006

44.9

8.5

46.6

43.6

9.8

46.6

2007-2011

38.0

10.2

51.8

37.4

11.4

51.3

2012-2015

30.9

8.6

60.5

31.3

9.4

59.3

Table A7. Power, effect size and sample size over time in the significant sample.

Number of
publications

Median power (IQR)

Median SMD effect
size (IQR)

Median sample size
(IQR)

1972-1976

715

0.403 (0.159, 0.847)

0.335 (0.175, 0.496)

115 (51.5, 240)

1977-1981

996

0.356 (0.152, 0.780)

0.316 (0.171, 0.464)

114.5 (49.8, 292)

1982-1986

1,374

0.306 (0.129, 0.730)

0.301 (0.164, 0.467)

101 (43, 277.3)

1987-1991

1,976

0.378 (0.155, 0.843)

0.285 (0.185, 0.497)

124.5 (51, 295.7)

1992-1996

2,288

0.455 (0.167, 0.909)

0.310 (0.199, 0.572)

121.3 (56, 294)

1997-2001

2,928

0.415 (0.163, 0.897)

0.358 (0.214, 0.539)

107 (50, 218)

2002-2006

3,030

0.514 (0.209, 0.944)

0.394 (0.264, 0.576)

108 (52.5, 262.8)

2007-2011

3,531

0.564 (0.245, 0.941)

0.422 (0.263, 0.610)

102 (54, 226.5)

2012-2014

1,136

0.594 (0.260, 0.967)

0.422 (0.245, 0.583)

108.7 (44, 275)

Overall

17,974

0.403 (0.159, 0.847)

0.335 (0.175, 0.496)

115 (51.5, 240)

Period of time
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Table A8. Power, effect size and sample size over time in the complete sample.

Number of
publications

Median power (IQR)

Median SMD effect
size (IQR)

Median sample size
(IQR)

1972-1976

864

0.288 (0.102, 0.772)

0.285 (0.128, 0.465)

114 (56, 240)

1977-1981

1,211

0.277 (0.104, 0.695)

0.269 (0.124, 0.438)

121 (52, 306.5)

1982-1986

1,670

0.232 (0.092, 0.645)

0.266 (0.108, 0.434)

112.5 (44, 306)

1987-1991

2,385

0.276 (0.100, 0.765)

0.265 (0.112, 0.453)

127 (52, 306)

1992-1996

2,673

0.346 (0.114, 0.845)

0.276 (0.134, 0.534)

117 (54, 283)

1997-2001

3,556

0.301 (0.103, 0.813)

0.296 (0.134, 0.496)

107 (50, 214)

2002-2006

3,575

0.407 (0.124, 0.903)

0.347 (0.167, 0.539)

105 (53, 260.5)

2007-2011

4,121

0.444 (0.151, 0.899)

0.358 (0.200, 0.564)

102 (54, 223.7)

2012-2014

1,296

0.493 (0.165, 0.934)

0.381 (0.215, 0.539)

102 (41, 260)

Overall

21,351

0.348 (0.114, 0.839)

0.303 (0.145, 0.505)

108 (51, 255)

Period of time

Table A9. Absolute effect size estimates in SMD and Fisher’s z found with the four different meta-analytical estimation
procedures for the complete sample, displayed by median and IQR.

Meta-analytical model

SMDs (m = 378)

Fisher’s z (m = 332)

median

25th Q

75th Q

median

25th Q

75th

Random-Effects

0.247

0.104

0.447

0.209

0.107

0.325

Fixed-Effect

0.205

0.103

0.400

0.196

0.093

0.325

WAAP-WLS

0.183

0.082

0.366

0.195

0.083

0.330

PET-PEESE

0.192

0.086

0.381

0.182

0.081

0.343
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Table A10. Random-Effects estimates found in significant sample published in periods of three years.

Years of
publication
meta-analyses

Number of
meta-analyses

Median Effect size
weighted by metaanalysis (absolute SMD)

Number of
included
publications

Median Effect size
weighted by publication
(absolute SMD)

1993-1995

37

0.464 (0.296, 0.713)

958

0.401 (0.266, 0.598)

1996-1998

22

0.783 (0.642, 0.950)

468

0.707 (0.581, 0.939)

1999-2001

51

0.216 (0.144, 0.353)

2,610

0.187 (0.123, 0.316)

2002-2004

55

0.359 (0.221, 0.560)

1,356

0.276 (0.212, 0.569)

2005-2007

54

0.493 (0.338, 0.714)

1,475

0.331 (0.130, 0.517)

2008-2010

54

0.508 (0.284, 0.695)

1,464

0.434 (0.303, 0.666)

2011-2013

66

0.480 (0.312, 0.769)

3,157

0.358 (0.177, 0.645)

2014-2016

87

0.375 (0.243, 0.504)

4,689

0.394 (0.275, 0.534)

2017

97

0.440 (0.267, 0.665)

1,797

0.491 (0.250, 0.667)

Overall

523

0.424 (0.257, 0.662)

17,974

0.359 (0.216, 0.553)

Table A11. Medians of median effect sizes, proportion of adequately powered (> 80%) studies included, and median power
estimates in the meta-analysed areas in the complete sample.

Number of
meta-analyses

Median effect
size (SMD)

Proportion
adequately
powered (%)

Median Power

Correlational r/z

332

0.421

29.4

.549

Cohen’s d

314

0.206

4.4

.192

Hedges’ g

64

0.370

0.0

.234

Overall

710

0.313

12.3

.363

Effect size index
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Appendix B
The figures below are of the complete sample of meta-analyses analysed in Analysis 1.

Figure B1. Histograms of year of publication (top-left), retrospective power (top-right), underlying effect size estimate
(bottom-left) and total sample size (bottom-right) of publications in the complete sample.

Figure B2. Observed p-values of the primary studies in the complete sample. Left shows all p-values and right shows only
significant (< 0.05) p-values.
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Figure B3. Retrospective power of publications in the complete sample over time. Highlighted points are medians for each
year with error bars showing IQR. The dashed line represents the threshold for sufficient power (80%).

Figure B3. Proportions of publications in the complete sample powered at different
levels. Error bars show the 95% confidence intervals of the percentages powered at least
80% in each time period.
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Figure B4. Top: Average underlying effect size studied in publications in the complete sample over time. Bottom: Average
total sample size of publications in the significant sample over time. Highlighted points are medians for each year with error
bars showing IQR.
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Appendix C
The tables below report statistics from Analysis 2.
Table C1. Median values of heterogeneity measures found in the significant sample.

Number
of metaanalyses

𝜏 (IQR)

Median
estimate
(SMD)

𝐼 (IQR)

PI95 (SMD)

Correlational
r/z

259

80.7 (63.9, 91.1)

0.283 (0.194, 0.411)

0.512

-0.043, 1.067

Cohen’s d

213

77.3 (59.3, 90.0)

0.266 (0.156, 0.394)

0.313

-0.209, 0.835

Hedges’ g

51

76.7 (48.4, 88.3)

0.265 (0.210, 0.393)

0.427

-0.092, 0.945

Overall

523

79.8 (60.7, 90.6)

0.279 (0.185, 0.402)

0.424

-0.122, 0.97

Effect size
index

2

Note. Fisher’s z values were converted to Cohen’s d. In correlation r, the median estimate for correlational meta-analyses is
0.248, PI95 = [-0.022, 0.518].
Table C2. Median values of heterogeneity measures found in the insignificant sample.

Effect size
index

Number
of metaanalyses

𝐼 2 (IQR)

𝜏 (IQR)

Median
estimate
(SMD)

Correlational
r/z

73

84.6 (60.1, 91.2)

0.362 (0.255, 0.542)

0.113

Cohen’s d

101

77.2 (56.8, 89.8)

0.260 (0.155, 0.387)

0.073

-0.435, 0.582

Hedges’ g

13

68.1 (28.7, 77.4)

0.376 (0.160, 0.469)

0.097

-0.639, 0.833

Overall

187

80.4 (57.5, 90.3)

0.320 (0.174, 0.436)

0.081

-0.546, 0.709

PI95 (SMD)

-0.596,
0.821

Note. Fisher’s z values were converted to Cohen’s d. In correlation r, the median estimate for correlational meta-analyses is
0.056, PI95 = [-0.282, 0.395]
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Table C3. The ten meta-analysed areas included in the sample for the analysis of heterogeneity of the course of a field.

Reference meta-analysis

Number of
effect sizes

Effect size
index

Meta-analytical
effect size

𝜏

𝐼2

1

Rueger, Malecki, Pyun,
Aycock & Coyle, 2016

341

z

0.266

0.162

95.1

2

Bezrukova, Spell, Perry
& Jehn, 2016

258

g

0.394

0.385

90.9

3

Sugden & Marquis,
2017

165

d

0.809

0.604

55.2

4

Frattaroli, 2006

146

z

0.065

0.048

14.4

5

Grabe & Hyde, 2006

92

d

0.296

0.260

80.1

6

Smith & Lilienfeld, 2015

80

z

0.209

0.158

71.7

7

Johnsen & Friborg, 2015

67

g

1.601

0.645

35.1

8

Baas, de Dreu & Bijstad,
2008; positive-neutral
meta-analysis

63

z

0.150

0.154

65.0

9

Baas, de Dreu & Bijstad,
2008; negative-neutral
meta-analysis

61

z

-0.033

0.133

54.8

10

Pole, 2007

58

z

0.141

0.081

24.2

ID
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Appendix D
The online appendices are found on the Open Science Framework at www.osf.io/d7rw6/. In
the table below, links to the individual documents are presented.
No.

Document

Link

1

Guide on the extraction of pdf tables from meta-analyses

https://osf.io/7j29r/

2

Spreadsheet of the Psychological Bulletin publications

https://osf.io/jguq4/

3

Codebook online appendix 2

https://osf.io/j9f73/

4

Spreadsheet of the inferred study designs

https://osf.io/s8t4a/
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