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ABSTRACT
Recent years have marked a renaissance in efforts to increase research reproducibility in psychology, neuroscience,
and related fields. Reproducibility is the cornerstone of a solid foundation of fundamental research—one that will
support new theories built on valid findings and technological innovation that works. The increased focus on
reproducibility has made the barriers to it increasingly apparent, along with the development of new tools and
practices to overcome these barriers. Here, we review challenges, solutions, and emerging best practices with a
particular emphasis on neuroimaging studies. We distinguish 3 main types of reproducibility, discussing each in turn.
Analytical reproducibility is the ability to reproduce findings using the same data and methods. Replicability is the
ability to find an effect in new datasets, using the same or similar methods. Finally, robustness to analytical variability
refers to the ability to identify a finding consistently across variation in methods. The incorporation of these tools and
practices will result in more reproducible, replicable, and robust psychological and brain research and a stronger
scientific foundation across fields of inquiry.

https://doi.org/10.1016/j.bpsc.2022.12.006
The last decade has marked a prominent shift in focus toward
reproducibility across many fields. Converging evidence from
multiple explorations and large-scale collaborations has indi-
cated that many published findings are potentially false posi-
tives (1–6). Consequently, a “renaissance” [as termed by (7)]
was sparked, with researchers re-examining the scientific
endeavor, identifying problems—from lack of methodological
rigor to misaligned incentive structures—and working on so-
lutions. This renaissance included heated debates alongside
calls for fundamental changes in how research is performed
and evaluated. Critical, constructive steps include the ongoing
development of new tools and approaches to increase the
reproducibility of scientific findings (8).

The abundance of new tools requires substantial adaptations
from researchers, who are now expected to remain just as pro-
ductivewhile implementingpractices that often requiremore time
and a broader set of skills than ever before. Thus, it is under-
standable that the adoption of these tools and practices is rela-
tively slow (9–11). Nevertheless, increasing the reproducibility of
research is vital to its advancement and to the ability to translate
findings into integrative theories and clinical interventions.

The reproducibility of scientific findings is fundamental to
their validity and utility in guiding further research, technolog-
ical development, and treatment development. Reproducibility
is therefore central to the return on investment of public money
dedicated to scientific research. For example, results that
cannot be reproduced using the same data and methods used
to derive them are likely invalid. Publishing irreproducible re-
sults is worse than not publishing at all, because it is more
difficult to eliminate an idea than it is to introduce it (12–14).
Spurious results could mislead other researchers who conduct
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follow-up investigations or try to integrate findings into broader
theories. Moreover, practices such as data sharing increase
the value of datasets by allowing their reuse (15,16).

An important development has been to increasingly align
incentives with reproducibility. Researchers are increasingly
recognized for reproducibility efforts through awards and ci-
tations (17). Concomitantly, funding agencies increasingly
require researchers to implement reproducibility practices (18).
For example, since 2019, the U.S. National Institute of Mental
Health requires funded projects to share their data via the
National Institute of Mental Health Data Archive (https://nda.
nih.gov/about/policy.html).

In this review, we aim to facilitate researchers’ transition
toward increasingly reproducible research, with a focus on
neuroimaging in psychiatric research. We provide an overview
of challenges, potential solutions, and best practices related to
3 main types of reproducibility (see Figure 1): 1) the ability to
reproduce the same results using the original data and
methods (analytical reproducibility); 2) the ability to replicate
findings with the same methods but new data (replicability);
and 3) the ability to reproduce similar or converging results
with the same data and hypotheses but different methods
(robustness to analytical variability) (19). These complement
other important properties of useful scientific research,
including generalizability, interpretability, and translatability,
which are also critical for future progress.

ANALYTICAL REPRODUCIBILITY: SAME DATA, SAME
METHODS

The minimal requirement of reproducible research is that re-
sults will be precisely reproduced when the same data and
iological Psychiatry. Published by Elsevier Inc. All rights reserved. 1
science and Neuroimaging - 2023; -:-–- www.sobp.org/BPCNNI

Delta:1_given name
Delta:1_surname
https://doi.org/10.1016/j.bpsc.2022.12.006
https://nda.nih.gov/about/policy.html
https://nda.nih.gov/about/policy.html
http://www.sobp.org/BPCNNI


Figure 1. The 3 types of reproducibility covered in
this review, along with a summary of the main solu-
tions. DOI, digital object identifier.
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methods are used. While this may seem like an obvious
feature, it has been shown to be much more challenging than
expected. For example, Hardwicke et al. (20) attempted to
reproduce results from 25 published papers that publicly
shared their data and code (and thus might be particularly
likely to be reproducible). They found substantial numerical
discrepancies between reported statistical values and values
obtained from reproduction attempts in 64% of these papers
(or 28%, following input from the original authors). Such dis-
crepancies do not necessarily imply that the original studies’
conclusions are wrong, but they do limit confidence in their
accuracy and raise questions about how they were produced.

This example highlights the fact that reproducibility requires
a complete description of the methods used to collect, pro-
cess, and analyze data. This is a fundamental challenge, as
textual descriptions are often vague or insufficient to describe
complex procedures—for example, stating that “a linear model
was fitted” is not enough. Unless all variables included in the
model are described, including covariates, interaction terms,
and coding of categorical variables, both interpretability and
reproducibility are compromised. The Reproducibility Project:
Cancer Biology illustrated the extent of this problem by
attempting to replicate 193 experiments from 53 papers in
preclinical cancer biology (21). All 193 studies were missing
important details in the published description and therefore
could not be replicated based on the published paper alone.
Attempted replication was possible in only 50 of the original
193 studies, even after attempting to get further information
from the original authors. Other attempts to reproduce pub-
lished papers have encountered similar challenges (22–24).

This issue is further complicated by the uncertainty
regarding which details are ignorable. For example, the model
of the analysis computer and the operating system used are
widely considered ignorable but have been shown to affect
results (25,26). Here, we describe 3 levels of defense that
enable increasingly precise reproduction of published results.

The first level is standardization of reporting practices. Many
societies have produced consensus documents on methods
and reporting (27,28), and journals increasingly require detailed
methods checklists, though notably these guidelines are rarely
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enforced. Novel publication platforms allow publication of
objects beyond static text and two-dimensional visualizations
[e.g., Aperture journal and NeuroLibre preprint server (29)]. A
related, promising development is the emergence of automatic
tools for error detection. For example, statcheck (http://
statcheck.io/) helps automatically detect inconsistencies be-
tween statistical values, degrees of freedom, and corre-
sponding p values and has already been implemented by some
journals (30).

The second level is data and code sharing. Many re-
positories are available for sharing data and code (e.g., Github,
Open Science Framework). Open sharing enables readers to
reproduce the analysis, understand precisely what was done,
and reuse methods and data in future studies. However,
sharing does not guarantee utility, and useful sharing will
require a shift in scientific training and allocation of time and
resources. There are currently few standards in place for code
readability, reusability, and error checking. Most scientists
were not formally trained in software engineering and have not
dedicated years to perfecting their code—nor is it practical for
them to do so. The result, however, is that code and datasets
are often not sufficiently clear and well documented to allow
reproducibility. Even if results are reproducible, code errors
may make the original results incorrect.

Several good practices can help reduce these problems.
First, while scientists must learn many things beyond software
coding, it is increasingly essential for trainees to obtain some
proficiency in coding and data science. Trainees and estab-
lished researchers alike can benefit from adopting best prac-
tices in code writing (31–34), including version control (35),
code modularity, code documentation (36,37), unit testing (38),
and versioned, documented code releases to clearly track
which version was used to produce published results (e.g.,
with Zenodo).

Reuse of code across user groups is another crucial
advantage, as it increases the chances that errors will be
discovered. For example, the machine learning toolbox scikit-
learn (39) is used by thousands of groups worldwide. Along
with its extensible design and clear structure, it provides a
robust analysis platform. In neuroimaging, there is substantial
023; -:-–- www.sobp.org/BPCNNI
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convergence on popular free, open-source toolboxes. SPM
(40), the FMRIB Software Library (41), and AFNI (42) packages
are used by numerous groups. Many other open-source tool-
boxes complement these tools or provide specialized func-
tions. For example, the Cognitive and Affective Neuroscience
Lab neuroimaging analysis tools (canlab.github.io) is an object-
oriented toolbox that enables complex analytic processes to
be run with simple commands, resulting in readable and
reusable analysis scripts. The Group ICA of fMRI Toolbox
(GIFT; https://trendscenter.org/software/gift/) performs multi-
variate analysis functions not covered in other packages. Both
reuse SPM functions for image reading and writing, building off
of a heavily vetted code base for basic functions.

As for data sharing, this key practice has become much
more common with the emergence of sharing platforms and
regulations by some funding agencies and journals (15,43,44).
Publications are now expected to be accompanied by openly
shared data, unless there are specific ethical constraints.
Importantly, enforcement of these requirements is still lacking,
which has slowed progress. Free platforms are available for
neuroimaging data sharing, such as OpenNeuro (45).

Standardized data structures are making it easier for re-
searchers to understand and use shared data. For example,
the National Institute of Mental Health Data Archive uses
common data elements that identify the same type of data
across studies (e.g., the same question in a questionnaire).
This facilitates making data findable, accessible, interoperable,
and reusable (46). Many of the most important data stan-
dardization efforts are community-driven. For example, the
brain imaging data structure (BIDS) (47), a widely accepted
standard for organizing neuroimaging data, has greatly facili-
tated sharing and reuse. This has allowed the development of
BIDS Apps that perform analytic processes on these data
structures (48). Open tools for research data management,
such as the Neuroimaging Data Model (49,50) and DataLad
(51), further help researchers organize, manage, track, and
share their data (10,52).

The third level comprises tools for managing the computing
environment. As mentioned above, even minor deviations from
the original computing environment (e.g., a different software
version) could result in meaningful differences in results
(25,26,53,54). Thus, tools that reproduce the computing envi-
ronment do not affect the quality of results but are crucial for
analytic reproducibility. For example, R’s checkpoint (https://
github.com/RevolutionAnalytics/checkpoint) and Groundhog
(https://groundhogr.com) packages install other packages with
the versions that were available on a specific chosen date, thus
preventing discrepancies due to changes in code over time.
Containers go a step further. They are standalone executable
software packages that include an operating system, code,
and all dependencies (e.g., required packages and software,
system tools, and settings, etc.) to run an analysis. Popular
container platforms are Docker and Singularity (55) (see also
https://www.repronim.org/neurodocker/).

In summary, a wide variety of practices, tools, and stan-
dards for improving analytical reproducibility have emerged
over the past decade and come into widespread use. This is
encouraging, as reproducibility is the most basic expectation
for published results and a gateway to replicability and
robustness. We turn to these next.
Biological Psychiatry: Cognitive Neuroscien
REPLICABILITY: NEW DATA, SAME METHODS

Replicability is the ability to reproduce findings using the same
or similar methods in new samples. The first study to provide
direct large-scale evidence on replicability of findings across a
field was the Reproducibility Project: Psychology. The Open
Science Collaboration attempted to replicate 100 prominent
findings in psychology (2). Strikingly, only 36 of the 100 studies
were successfully replicated, with effect sizes about half the
size of the original effect sizes, on average. Similar projects in
different fields followed, revealing a replication crisis that
spans many scientific fields, from social sciences (56) to
economics (57), experimental philosophy (58), and preclinical
cancer biology (21,59).

Another series of large-scale collaborations, the Many Labs
studies, focused on providing broader evidence on the repli-
cability of findings in the social sciences and testing potential
moderating variables. Many Labs I successfully replicated 10
of 13 effects (findings) across 36 independent samples and
provided evidence that replicability depends more on the effect
being studied than on the specific sample or settings (e.g.,
online vs. in-lab settings) (60). Many Labs II went bigger,
attempting to replicate 28 effects, with about 60 preregistered,
peer-reviewed protocols per effect. The study successfully
replicated 15 effects (54%). Like Many Labs I, replicability
depended mainly on the effect, rather than the sample or
context (61). One of the main claims against the findings of the
Reproducibility Project: Psychology was that some effects
failed to replicate because of lack of adherence to expert re-
view or low power. To test this, Many Labs 5 conducted
multiple additional replication attempts of each of 10 of these
effects, with preregistered, peer-reviewed protocols (62).
These revised replication attempts produced effect sizes
similar to those of the Reproducibility Project: Psychology,
providing evidence against this claim.

Similar projects are emerging in various fields, such as
developmental psychology and electroencephalography
(63–65). An exciting development is the emergence of scientific
organizations that promote cross-lab replication. In psychol-
ogy, the Many Labs projects have led to the foundation of the
Psychological Science Accelerator, a globally distributed
network of psychology labs that coordinates data collection for
democratically selected studies (66).

Sample Size, Effect Size, and Replicability

Replicability depends on statistical power. Underpowered
studies become a big problem when combined with a publi-
cation bias toward positive findings (67). Notably, sample sizes
in neuroscience are often underpowered (68,69). For example,
a recent study concluded that replicable brainwide association
study–associations between individual differences in brain
structure or function and complex cognitive or mental health
phenotypes often have very small effects (e.g., r , 0.15) and
thus require thousands of participants for high replicability, far
more than the typical sample sizes of dozens of participants
(70). Moreover, the reliability of phenotypic measurements
common in psychiatric research are typically low, limiting the
ability to develop replicable and reliable markers, irrespective
of sample size and the type of data used to predict these
phenotypes (71).
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This is a sobering analysis, but there is cause for hope.
Effect sizes from multivariate predictive models are often
several times larger than univariate brainwide association
studies (e.g., r z 0.4). This confers a dramatic increase of
power (72). In addition, the brainwide association study ana-
lyses did not consider within-person effects, requiring much
fewer participants for high replicability. Finally, many of the
limitations in replicability stem from the need to replicate many
small effects in individual brain regions. If multivariate analyses
are used to define integrated measures that aggregate across
brain regions, effect sizes are larger (73,74) and the multiple
testing problem is eliminated (75,76). Nevertheless, while such
machine learning approaches address some issues (e.g., po-
wer), they raise new challenges, including data leakage, sam-
ple variability, and the need for sufficiently large test sets for
robustness, depending on the research aim, level of analysis,
potential confounding factors, effect sizes, and more (77–83).

At the same time, large collaborations such as the Human
Connectome Project (84), UK Biobank (85), and Adolescent
Brain Cognitive Development (ABCD) Study (86) are generating
mega large databases that could be used to achieve more
replicable findings. However, these projects mostly include
well-studied tasks and cannot replace smaller studies of more
novel effects, rare populations, or specific experimental de-
signs. To fill this gap, consortia have formed to aggregate data
across labs into large samples [e.g., (87)], although they face
the challenge of data harmonization across studies and sites in
multisite studies (88–90).

An overall lesson is that researchers should design their
studies to be statistically powered (see https://brainpower.
readthedocs.io/en/latest/index.html for resources), consid-
ering the effect size, type of association (between or within-
person), and analysis (univariate or multivariate) (91). Notably,
power analysis for neuroimaging data is particularly chal-
lenging, in part because brain regions are intercorrelated in
complex ways, and the current standard is study-specific
multiple comparison corrections that accommodate the char-
acteristics of the individual dataset. Furthermore, these stan-
dards are also being debated and revised (92–94). Finally, few
unbiased a priori estimates of effect sizes are available in most
areas of study (95). One approach is to pick a minimal effect
size of interest and fixed multiple comparisons threshold in
advance. This enables straightforward power analysis (e.g.,
calculating power to detect an effect of a given size, sample
size required for a specific power level, or minimal detectable
effect size given a fixed sample size). In addition, a minimal
effect size of interest could later serve in equivalence and
Bayes factor tests providing evidence also for the absence, not
just the presence, of an effect (96). Nevertheless, defining a
minimal effect size of interest is often challenging, particularly
in nonclinical mechanistic neuroimaging studies.

Other methodological decisions are also key. For example,
testing external validation with independent samples (82) and
optimization of data acquisition and measurement (97) are
important for creating replicable biomarkers (98). Another
important, but often overlooked, source of statistical power is
the number of trials collected from each participant (99).
Importantly, the optimal number of participants and trials de-
pends on the ratio between the within-participant and
between-participant variance (100,101). Additional approaches
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include real-time within-participant optimization of experi-
mental designs or artifact minimization (102–104).
Analysis Flexibility and Preregistration

If researchers test multiple analyses and report only the one
that yielded significant results [i.e., p-hacking (105,106)], or
change their hypotheses after the results are known [HARKing
(107)], they introduce a selection bias that increases the rate of
false positives and decreases the likelihood of independent
replication. Despite the increased awareness of this issue,
such questionable practices are still prevalent (108–110).

Preregistration is a partial solution to these issues. The
experimental design, sample size, hypotheses, and analysis
plan are registered prior to data collection (or at least prior to
observing the outcomes), distinguishing between confirmatory
and exploratory analyses (111,112). This limits p-hacking and
HARKing, depending on the completeness of the preregistered
plan and the closeness with which it is followed. Guides and
templates for preregistration have been developed for several
fields and study types [e.g., (113–115)]. A related promising
publication format that has already been implemented in
hundreds of journals is Registered Reports, in which studies
are peer reviewed prior to data collection, and once accepted
(in principle) they are executed and later published in the
journal, irrespective of the outcome (116). It has already been
shown to mitigate publication bias with much higher rates of
null findings than traditional publications (17), and guidance for
writing Registered Reports is available (117).

Preregistration comes with many challenges that are
actively being discussed. Many analytic choices depend (and
should depend) on the characteristics of the data, which are
difficult or impossible to know in advance, particularly with
novel research questions. Thus, the plan that is preregistered
is likely to be suboptimal. In addition, best practices are
constantly developing. It is common for methods to develop
after a study is registered. Consequently, deviations from the
preregistered analysis plan are very common.

One way to address the uncertainties inherent in preregis-
tration is to include a range of options that will be explored and
optimized based on positive control effects, which are effects
that are expected but are independent from the outcome of
interest (e.g., motor and visual responses when the outcome of
interest is an emotional response). Then, the optimized anal-
ysis will be used once on the effect of interest. For example, we
often use the neurological pain signature (118)—a multivariate
pattern whose effect size, sensitivity, and specificity have been
extensively examined (73)—as a positive control. Importantly,
the effect of interest (e.g., meditation effects) must be inde-
pendent of the effect that is optimized (e.g., neurological pain
signature responses to pain vs. rest). Such domain-specific
positive controls are common in many biological assays, and
the principle can be used broadly across research domains.
Another approach is to use independent data (rather than an
independent effect) to optimize analysis and test models and
then apply them once on the test data, as is common in ma-
chine learning. Preregistered plans can specify the range of
options tested and how the final choices will be made. If fol-
lowed assiduously, these practices allow researchers to
accommodate data characteristics and optimized methods
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while retaining the ability to test a hypothesis of interest in an
unbiased fashion.
ROBUSTNESS TO ANALYTICAL VARIABILITY: SAME
DATA, DIFFERENT METHODS

Data analysis requires many analytical decisions. As discussed
above, these decisions can lead to false positive results
(105,119). Critically, they also increase the uncertainty of any
given single result. For example, Carp (120) compared brain
maps from nearly 7000 analysis pipelines based on the same
data and found substantial variability. More recently, 70 inde-
pendent analysis teams tested 9 prespecified hypotheses us-
ing the same task–functional magnetic resonance imaging
(fMRI) dataset (121). Strikingly, the 70 teams chose 70 different
analysis pipelines, and this variation affected the statistical
maps and conclusions drawn about the hypotheses tested.
Similar effects of analytical variability have since been shown in
resting-state fMRI (122), diffusion MRI (123), structural MRI
(124,125), positron emission tomography (126), and electro-
encephalography (127) and also in psychology (128–130) and
the social sciences (131,132), more broadly. Even in the
absence of selection bias (e.g., p-hacking), such variation rai-
ses critical questions about which choices lead to correct
conclusions and how robust findings are to arbitrary choices
(133).

One solution that has been suggested is multiverse analysis
(134,135), in which a range of reasonable analysis pipelines are
tested and reported. This concept has been used across fields,
sometimes under different names [e.g., specification curve
analysis (136,137)]. Such analyses can be performed by
collaborative teams in multianalyst studies (121,128,132) [for
guidelines, see (138)] or with a single analyst (Figure 2).
Knowing whether a finding is robust to variability helps cali-
brate confidence in its accuracy and generalizability. In addi-
tion, the inference across models is likely to be more accurate
than any single model.

Multiverse analysis comes with challenges that must be
addressed for it to become widely adopted. First, it requires
the specification of a range of valid choices. Some choices
may better fit particular datasets, and this will be largely un-
known in advance when testing novel hypotheses. Further-
more, results will depend on the multiverse of pipelines
chosen, and multiverse analysis can be p-hacked just like
Biological Psychiatry: Cognitive Neuroscien
standard analyses (139). Therefore, tools and practices must
be developed to guide researchers through this process. For
example, the multianalyst fMRI study discussed above (121)
identified several key factors contributing to results variability,
including data smoothness, the analysis software used, and
parametric versus nonparametric statistical tests. Future
studies could be designed to identify such field-specific key
choices with more certainty. Alternatively, machine learning
approaches can inform the choice of a subset of analysis
pipelines (140).

A second challenge is that multiverse analysis requires
extensive computational resources. Tools to increase
computational efficiency could enable researchers to run them
with widely available resources. Sharing of preprocessed data
and derivatives further decreases computational barriers. In-
frastructures and tools for multiverse analysis in neuroimaging
are starting to be developed (122,141), but there is still a long
way to go before they are ready for broad use.

Third, multiverse analysis is complex, making it challenging
to integrate, visualize, and summarize findings. Diverse ap-
proaches to visualization and reporting have been developed
(134,136,142,143). One approach to integrate results of mul-
tiverse analyses in fMRI is a consensus analysis, which is a
type of meta-analysis adapted to account for the dependency
across pipelines that are based on the same data (121,144).

All in all, multiverse analysis is a developing framework and
is currently more feasible with simpler datasets and analyses
(136,145,146) than with the multidimensional data and com-
plex pipelines in neuroimaging. Extensive efforts are being
made and new tools are expected in the near future. Mean-
while, researchers can perform more limited sensitivity ana-
lyses, in which key parameters are varied (e.g., inclusion of
covariates) and their effects assessed. Importantly, any anal-
ysis pipeline that was run and observed should be reported.
And, finally, multiverse analyses can themselves be preregis-
tered, facilitating the examination of robustness to methodo-
logical choices.
CONCLUSIONS

Psychiatric disorders such as depression, anxiety, substance
use, and even chronic pain are increasingly understood to result
from biological dispositions interacting with environmental
stressors that are altering the brain. Yet, unlike other types of
Figure 2. Illustration of multiverse analysis and
multianalyst studies.
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medicine, both diagnosis and treatments in psychiatry are
mostly based on symptoms or self-reports, which are subjec-
tive and context dependent (147–149). Effective treatments for
diabetes, for example, would probably not be available if they
were developed based on patients’ subjective reports rather
than their blood sugar levels. Thus, psychiatric biomarkers are
urgently needed to provide mechanistic targets.

For such biomarkers to be translated to clinical practice,
they must be reproducible. Numerous new tools and practices
aiming to increase reproducibility have been developed, but
their adoption is still relatively slow. Furthermore, as issues are
being solved, new challenges are being revealed. Thus, the
quest toward reproducibility is an ongoing endeavor. We hope
this review, together with other resources [e.g., a review
including a comprehensive table of tools and resources (8)],
helps by informing researchers in the field about the main
challenges and introducing some new solutions. Along with
other developments, increasing reproducibility in psychiatric
research will advance the field toward developing these long-
needed biomarkers.
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