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Whyexperimental variation inneuroimaging
should be embraced

Gregory Kiar 1 , Jeanette A. Mumford 2, Ting Xu 1,3,
Joshua T. Vogelstein 4, Tristan Glatard5 & Michael P. Milham 1,3

In a perfect world, scientists would develop analyses that are guaranteed to
reveal the ground truth of a research question. In reality, there are countless
viable workflows that produce distinct, often conflicting, results. Although
reproducibility places a necessary bound on the validity of results, it is not
sufficient for claiming underlying validity, eventual utility, or generalizability.
In this work we focus on how embracing variability in data analysis can
improve the generalizability of results. We contextualize how design decisions
in brain imaging can be made to capture variation, highlight examples, and
discuss how variability capture may improve the quality of results.

Central to the promise of neuroscience is the ongoing development
and discovery of models linking brain structure and function to cog-
nition, development, or clinical status. Common approaches involve
generating maps of brain activation or organization through the
complex analysis of imaging modalities, such as magnetic resonance
imaging (MRI), electroencephalography (EEG), or magnetoencepha-
lography (MEG). Efforts to identify associative and predictive rela-
tionships from brain imaging data have become increasingly
prevalent, yielding success stories such as the identification of sex1 and
age2 associations, alongside measures of health3,4 and psychiatric
diagnoses5,6.

The lack of accessible ground truths in neuroscience leads to an
abundance of approaches to generate derived measures of brain
structure and function. Each contains undefinable amounts of uncer-
tainty, contributing to a reproducibility crisis7. An abundanceof analytic
options in thefieldprovide researcherswithflexibility for how toget the
most out of their data, whichhas the addedunintended consequence of
analyses being more susceptible to p-hacking or the propagation of
significant results over robust ones—and thus compound the likelihood
of inaccurate or irreproducible findings.While the growing accessibility
of public tools (e.g., fMRIPrep8, HCP Pipelines9) and data (e.g., ABCD10,
OpenNeuro11) may greatly simplify the reproduction (identical condi-
tions) or replication (differing methods and/or data) of analyses, they
do not automatically provide insight regarding whether findings can be
robustly extrapolated across tools, configurations, or samples. Ensuring

the reproducibility of results should remain a key priority for the sci-
entific community, but the ability to reproduce findings is not enough
for generalizability or progress.

With this in mind, we believe that the field is in need of a per-
spective shift, beyond merely striving for reproducibility, and towards
striving for replicability, generalizability, and robustness. In this manu-
script, we present a perspective that embracing reproducible variation
across sets of results is necessary for generalizable findings and scien-
tific advancement. We establish the context through which many pro-
cessing and analysis related elements of experimental design can be
perturbed,with an emphasis on capturing variation reproducibly across
a range of analytic contexts. We discuss various studies that employ a
range of techniques for capturing analytical variability, and highlight
their implications on human neuroscience research. Finally, we discuss
how variability capture can be accessibly applied in experiments, and
discuss contexts when leveraging analytical variability can ultimately
improve the quality of results. While the majority of applications cov-
ered in this manuscript are focused on brain imaging, the concepts of
perturbation and ensembling are domain agnostic and widely applic-
able across the psychological or computational sciences.

Meaningfully incorporating variation into analy-
tical designs
We define variability or variation in results as the change of a result
based on perturbations performed to the experimental design,
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implementation, or, in some cases, numerical state. Throughout this
manuscript we adhere to the definitions of reproducibility and
replicability provided by Rougier et al. 12. which can be found suc-
cinctly summarized here13. In short, we refer to reproducibility as the
ability for a finding to be regenerated in similar conditions (e.g., data,
tools, analysts), while replicability refers to the ability of this finding to
be regenerated in distinct conditions. For the context of this paper,
which highlights human brain imaging, we consider that all results are
imperfect — there does not exist a single silver-bullet analysis techni-
que that dominates all others. It follows that each lone outcome or
result of an experiment is by definition conditional upon the specific
techniques used to generate them.

Results can be conditional on deliberate decisions, such as, the
selection of a neuroanatomical parcellation, incidentally due to the
infrastructure used, such as the algebraic solver performing optimi-
zation, or a combination of both. Each of these cases may lead to
sampling bias in generating the scientific findings. Experiments that
arehighly conditional (e.g., do not incorporate variation across a range
of alternatives at any stage) will tend to produce less generalizable
results14. When paired with the publication file drawer effect15 and
scientific momentum, non-generalizable findings may have long last-
ing effects on scientific disciplines. To increase the generalizability of
results, a researcher may instead reduce the degree to which their
finding is conditional by sampling variation in their approach, and
attempt to replicate the study.

To avoid ambiguity, it is important to state that not all attempts to
sample variation are, in practice, equal. Throughout this manuscript
wewill only consider attempts to sample variations that do not involve
making analytical decisions that are not knowably less correct than
others, but rather only those that serve as plausible alternatives. Put
another way, experimental designs that are known to be inappropriate
or incorrect (e.g., incompatible model specification and dataset)

should always be removed from consideration, and are not considered
meaningful variants in this context.

Box 1 illustrates potential levels at which variation can be intro-
duced into experiments — including data selection, expert opinion,
analytic decisions, tool selection, computational infrastructure, and
numerical state. Alongwith each,we suggest possible (non-exhaustive)
questions that prompt how variation at each stage can be explored. An
important first step towards increasing generalizability is to identify
which experimental components contain degrees of freedom that are
likely to have a noticeable impact (bias) on the results. While gen-
erating such hypotheses is not always possible in the absence of prior
exploration, consulting existing literature on methods development,
for example, can inform this process. Similarly, not all sources of bias
enumerated in Box 1 can be similarly perturbed. Data selection, for
example, is a predominantly pre-analytic source of bias, while the
others are largely introduced in the analytic or post-analytic stages.
Data-related biases, such as in participant sampling, measurement
technique, or incomplete data capture, cannot necessarily be per-
turbed to achieve external validation without great additional cost.
While data sharing efforts have mitigated this cost for a variety of
common designs and populations of interest, it remains that this is far
from a universal luxury, often leaving the axis of data variability
unexplored. Further, it is worth noting that the statistical and scientific
utility of shared data decays overtime due to repeated use16. Given the
breadth of literature on the issue of dataset related biases across a
variety of scientific domains17–20, and the noted conceptual incon-
sistency with the analytical components of experimental design, we
will largely direct attention on data-related biases to the above-
referenced works on this issue, and focus the discussions within this
perspective on specific cases that can be handled analytically.

Once variation has been captured, researchers must then decide
how to incorporate it into their experiment. Perhaps the most com-
montypeof analyses that seekout and incorporate design variability in

BOX 1:

Questions to ask towards introducing variation in
experimental design

Data Selection — Is the data population representative to answer the posed question? 
Have multiple permutations of the input data been shown to produce similar results? 
Are the results robust across measurement equipment (e.g., scanner manufacturer)? 

Expert Opinion — Do any choices in the design rely on subjective interpretation or preference? 
Are any manual steps (e.g., quality control) or data filtering process applied? 
Are the findings robust to the selection of priors (e.g. brain parcellation)? 

Analytic Decisions — Are there other valid statistical approaches to answer the posed question? 
Are there other configurations of confounding variables that could be considered? 
Are there other possible processing steps or configurations that could be used?  

Tool Selection — Could the processing pipeline be constructed in another software library? 
Are there other relevant measures or modalities that could be considered? 

Computational 
Infrastructure 

— Have the findings been replicated across computer systems (hardware or software)? 
Are the results consistent across different versions of the tested libraries or data? 

Numerical State 
 

— Are the findings robust to data-specific (e.g., acquisition) noise? 
Are the results deterministic, or dependent upon a specific random state? 
Have the numerical stability and error properties of tools been tested? 

Pre-Analytic
(Post-) Analytic
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the psychological sciences are meta-analyses. Meta-analyses are a
widely accepted technique for deriving consensus findings across
multiple evaluations of similar experimental questions, and their
results are often considered the strongest formof scientific evidence21.
Post hoc meta-analyses, however, are limited by publication bias, and
ultimately are susceptible to perpetuate widely held biases in the
literature22,23. This crucially means that capturing and analyzing varia-
bility as a core part of primary experimental designs themselves is
essential—when exploring the space of analytic and processing meth-
ods, this is typically referred to as multiverse analysis24.

In the following sections, we discuss several approaches for cap-
turing and quantifying the impact of variation that have been used
across all analytic stages of brain imaging experiments, and highlight
the impact they have had on the interpretation of findings and the
field.Wewill then explore various approaches that either helpwith the
capture of variation, or demonstrate how variation can be used in
analyses.

The importance of capturing analytic variation in
brain imaging experiments
While there exist limitless possible representations of experiments and
their components25, Fig. 1 coarsely depicts one such representation in
which experiments are composed of three (more or less) sequential
stages: (i) sampling and data collection, (ii) processing & curation, and
(iii) analysis. Orthogonally, there exist opportunities for introducing
analytical variation into each of these stages through one or more
sources, as noted in Box 1: data selection, expert opinion, analytic
decisions, tool selection, computational infrastructure, and numerical
state. Even at this coarse resolution, combinatorially there exist
thousands of possible configurations for how variation may be intro-
duced for a given experiment.

Variability can be something that is deliberately introduced (e.g.,
comparing alternative processing tools), appear incidentally (e.g.,
switching computational systems), or a combination of both (e.g., a
replication attempt of prior work with incomplete reporting). When
designing such experiments, unavoidable questions arise with respect
to responsibility and negligence. How many alternatives should be
considered? Which elements of design should be perturbed? Where is
the line between deliberate and incidental variation?

Let’s take the example of operating system variation, which has
been shown to have an impact on brain imaging results26. Lacking any
principled expectation for why this analysis detail may lead to sig-
nificant variation in results, this was initially uncovered as an incidental

source of variation. However, with the knowledge of this result,
operating system selection nowmay become a deliberate decision for
researchers. Before claiming that ignoring this source of variation
would err on the side of negligence, it is essential to first ask the
question of how it impacts the study being performed.

While differences due to operating systems may be statistically
significant, are they impactful for the downstream derivatives being
studied, the group-differences being explored, or otherwise? If the
answer appears to be no, then it would be reasonable to leave it there
and move on to the next source of variation. If yes, it then becomes a
matter of scoping how this variation can be incorporated into an
experiment. It would then be unreasonable andwasteful to expect that
every operating system and version be tested moving forward, for
example. In this particular case, it may be considered responsible to
instead consider 2–3 alternatives that are generally considered as
common alternatives, such as switching between CentOS and Ubuntu.
In the general case, it also holds that exhaustively permuting every
possible source of variation will inevitably be intractable. As is the case
in all elements of experimental design, it is the researcher’s (and
reviewers’) responsibility to justify (and evaluate) the selections based
on the current understanding of which factors may limit general-
izability in the domain.

The following section begins to grapple with these questions, and
showcases real-world applications of the approaches described in
Fig. 1 alongside what they have taught us about the state of general-
izability in brain imaging research.

Impact of variability in data selection
It has long been accepted in the life sciences that the selection of
participants plays a substantial role in the outcomes of scientific stu-
dies. As a result, the generalizability of results across samples places a
bound on their importance. Data sharing efforts such as the Con-
sortium of Reliability and Reproducibility27, Adolescent Brain Cogni-
tive Development10, and Human Connectome Project28 studies have
dramatically increased the availability of healthy control samples with
test-retest data, and can be used to pool data into large collections or
evaluate the generalizability of results in some cases. While similar
resources may exist for more specific populations (e.g., to study dis-
ease, aging, or particular regions), such as the Alzheimer’s Disease
Neuroimaging Initiative29 study, these resources are inconsistently
available, and are thus likely to suffer from dataset decay more
rapidly16. When observing phenomena with exceedingly small effect
sizes, or otherwise performing a low-powered study, these open

Fig. 1 | Example experiment, annotated with common approaches for incor-
porating analytical variability. In this illustration, we break down experiments
into three coarse stages: sampling and data collection, processing and curation,
and analysis. By looking at the elements of experiments one can perturb at each of

the analytic stages, you can see how various forms of common experimental
designs are performed. Importantly, any of these elements can be perturbed either
jointly or independently, and doing such explorations is likely to provide insight
into the generalizability or robustness of results.
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samples may provide little added value due to the broad hetero-
geneity, and (true) results may still fail to replicate30.

In part, these issues may be exacerbated by limitations in the
reliability of either imaging or phenotypic data31–33. Further, it remains
a challenge to produce generalizable findings while lacking epide-
miologically representative samples. In these cases, naturally occur-
ring heterogeneity is dramatically underrepresented in the data, which
artificially inflates the importance of the variability which is repre-
sented. Adopting a “population neuroscience” approach17,34 is neces-
sary as the field continues to advance. In cases when large
epidemiologic samples are not available—and it is not possible to
collect them—the best-case for evaluating generalizability may be
through the use of external datasets containing samples with sig-
nificantly different social determinants of health. Otherwise, the only
available alternatives for evaluating generalizability remain limited
internal validation approaches such as cross-validation35.

Impact of variability in expert opinion
As science has evolved as an increasingly social enterprise, the many-
analyst approach36 has grown in prevalence. Organizers of many-
analyst studies typically provide curated datasets and specific objec-
tives detailing the derived data to be produced and the inferences to
be performed. Given the deliberate lack of instruction regarding the
methods to be used, the consistency of results across problem for-
mulations was then evaluated. This has been attempted numerous
times in brain imaging, including in the analysis of task-based func-
tional analysis by the Neuroimaging Analysis Replication and Predic-
tion Study37 (NARPS), the generation and segmentation of diffusion-
MRI based tractograms38, andwith other studies ongoing at the timeof
writing, including the EEGManyPipelines project. In the case of
NARPS37, the 70 participating teams each used unique processing and
statistical testing workflows, which ultimately led to considerable
disagreement in the outcomes of tested hypotheses—despite often
high similarity in the functional maps used. This phenomenon was
mirrored in the case of tractometry analysis, in which 42 teams pre-
sented 57unique segmentationprotocolswhen taskedwith identifying
14 white-matter pathways38 from identically pre-processed data.
Importantly, this exploration found that the variability observed
across results generated from each of these largely expert-driven
segmentation protocols was larger than the variation introduced by
upstream processing differences. Similar results were found in the
context of connectomics, in which the selection of brain parcellations
—often considered a subjective design decision—were found to sig-
nificantly change the distribution of derived network statistics39. These
explorations demonstrate that expert preferences in decision making
are a dominant factor in the generation and interpretation of results.

Impact of variability in analytic decisions
While several dominant pipeline packages exist in each modality of
brain imaging, their component pieces or parameterizations vary
considerably across tools. When processing identical data using 5
commonly-used fMRI preprocessing pipelines, the median correlation
of derived connectomes for conceptually identical pipelineswas found
to range between a correlation of 0.50–0.82 across tools40. When the
pipeline componentswereperturbed tomake the toolsmore similar to
one another, it was notable that no single stage of processing (e.g.,
structural normalization, denoising) was solely responsible for the
observed differences. In fact, making the pipelines more similar con-
ceptually reduced the numerical similarity of the results in several
cases, demonstrating the complexity of interactions among their
components and an inability to predict the similarity of results a priori.
Beyond suffering from a lack of comparability across results, the
reliability of derived data may be inconsistent across pipelines.
Leveraging the flexibility of the Configurable Pipeline for the Analysis
of Connectomes (C-PAC), reliability was evaluated for each of 192

unique pipelines41. Averaged across 28 test-retest datasets,
pipeline reliability ranged from 0.85–0.95. While individual dataset-
pipeline pairs peaked near 1.0, or dropped below 0.75 in some cases,
there was importantly no uniformly dominant pipeline. Importantly,
this lack of dominance was also observed on a more local scale, when
considering datasets with highly similar acquisition parameters.
Together these approaches highlight both the potentially significant
bias that results generated with a single pipeline may contain, and
demonstrate that the selection of a single dominant pipeline remains
infeasible.

Impact of variability in tool selection
When matching the conceptual approach taken to analyze data, the
implementations of algorithms can play a role in the determination of
results. Recently, three task-based fMRI studies were carried out using
eachof the three dominant fMRI analysis libraries42. Aftermatching the
techniques and strategies applied, despite achieving qualitative simi-
larity across the generated activation maps, thresholded statistical
maps across the tools were found to range in overlap (Dice) coeffi-
cients from 0, indicating no overlap, to 0.684 (ideal: 1). When inter-
rogating these differences further, it was found that while some steps
consistently produced little difference across implementations (e.g.,
modeling of low-frequency signal drift), there was no single step that
consistently drove significant differences43. When performing a similar
exploration in the context of cortical surface estimation, the correla-
tion between cortical thickness measures across software libraries did
not exceed 0.52 or 0.66 on typical- and high-quality datasets,
respectively44. Joint analysis of cortical features showed that cross-tool
differences significantly overshadowed individual (i.e., participant-
level) differences. Specifically, the distributions of results with respect
to subject and disease varied significantly across tools, as well as the
relative importance of derived features of these distributions. These
findings demonstrate a severe limitation in the generalizability of
learned relationships across tools individually, underscoring that
variability in tool selection may be necessary to understand the
trustworthiness of the presence or absence of significant results, as
well as the structure of individual- and group-level relationships that
may be discovered.

Impact of variability in computational infrastructure
Many of the differences described up to this point may be relatively
straightforward to accept from a scientific point of view. The infra-
structure underlying these elements, however, are often not con-
sidered as similarly relevant. In addition to the libraries being used,
software versions may play an appreciable role in results26. In the case
of cortical surface estimation, correlations across three commonly-
used versions of FreeSurfer have been found to range from
0.83–0.8944 for identical data; even assuming monotonic progress of
the tools, this poses significant limitations on backwards-
reproducibility. When using a fixed tool version, modifying the ver-
sions of data dependencies used, such as atlas templates, was also
found to lead to significant variation in results. In the case of fMRI
analysis, varying the near-ubiquitousMNI152 template45,46—the version
of which is often unreported—within fMRIPrep showed that identical
individual data may have correlations below 0.840. More easily over-
looked, the version and flavor of the operating system used during
analysis can significantly influence results26. These differences are the
result of changes to foundational numerical libraries, and importantly
do not suggest that results generated using one configuration are
superior to any other. While an individual study may not be likely to
vary software, template, or operating system versions internally, the
significance of these effects suggests that results are far more depen-
dent on these hidden factors than once believed, and even well-
calibrated replication attempts may fail if variability across infra-
structures is not explored.
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Impact of variability in numerical state
At a lower level thandifferences in infrastructures arenumerical states,
which remain far more obfuscated. While the field of uncertainty
quantification exists in part to define and understand variation across
numerical states, for the purposes of this review we can divide these
into two categories: random effects and error. In the case of random
effects, variability may be introduced into results due to the initi-
alization of models. In one recent study, both the random state (e.g.,
the starting-point for optimizations) andmodel parameterizationwere
found to lead to significant differences in performance of machine
learning models of brain imaging data47. The random state of com-
monly used algorithms, such as nonlinear image normalization, has
been found to similarly influence the results of these processes. From
the perspective of error, often overlooked are the limitations of how
modern computers handle decimal floating point data. Given a finite
space for storing data, mathematical operations performed on these
data are imperfect by nature48. In practice, floating point errors com-
monlymanifest themselves in analyses through either a gradual loss of
precision over the course pipelines, effectively resulting in a drop in
signal-to-noise ratio (SNR) throughout, or a steep drop in precision,
such as by solving poorly conditioned problems49. In the context of
structural connectome estimation, the in-place perturbation of
numerical errors were shown to lead to variation on the order of
individual differences50. Interestingly, while this was true for individual
networks and both the univariate and multivariate statistics derived
from them, the group-level sample characteristics were robust to such
perturbations51. This shows that just as increasing the sample size of a
study may be necessary to reduce the likelihood of false positives,
increasing the number of numerical states sampled in processing may
be similarly necessary.

The inconsistency in results across each of the domains of varia-
tion explored above necessitates a shift towards multiverse analysis in
order to achieve reproducibility in the field of brain imaging. While
each of the discussed approaches for capturing and evaluating the
impact of methodological variations on results have historically been
performed independently, they complement one another and, when
used together, can paint a clearer picture of discoveries.

Incorporating and documenting the exploration of
analytical variability into experiments
The above section demonstrates the often considerable significance of
variability in analyses, and how it can affect published results. How-
ever, challenges remain in how to conduct such explorations broadly;
in each of the described works, the evaluation of variability was the
primary focus of the studies, often in lieu of testing novel downstream
hypotheses or models. This is likely driven in part by the reality that
capturing variability across experimental designs typically requires a
several-fold increase in the computational effort required, data pro-
duced, and results analyzed. In parallel, the clear communication of
such results is often hampered in publication by strict word and figure
limits, particularly in high-impact journals—often necessary to ensure
clear and concise reporting,—leaving little room for these types of
validation alongside the communication of novel results. In this sec-
tion, we will raise awareness of several initiatives, tools, and commu-
nities that can aid in both the capture and evaluation of analytical
variability.

Capturing variability across data selection
As mentioned previously, the external validation of results across
datasets is inherently limited by the availability of comparable data
resources. Many platforms and initiatives have been developed to
provide vast collections and entry points for such validations. Data
resources, such as ABIDE52 for Autism Spectrum Disorders, provide
accessible entry points for replication in specific disease populations.
Alternatively, Neurovault53 and downstream analysis tools (e.g.,

NeuroQuery54, NeuroSynth55) support meta-analysis based evaluation
of findings, typically for non-disease-centric cognitive neuroscience
studies.

In cases where such external resources do not capture the
population, modalities, or experimental paradigms of interest, tech-
niques such as cross-validation serve as essential guides for internal
validation. Importantly, cross-validation is not a silver-bullet solution,
and when mis-used can lead to false confidence in results35,56,57. Even
when properly applied, cross-validation still does not ensure robust
estimates of generalization error given, for example, the significant
presence of batch effects present in medical imaging datasets, e.g.,
ref. 58. Ultimately, while analytic sources of bias can be identified and
overcome iteratively throughout experimental development and
execution, appropriately capturing variability in data requires
thoughtful proactive evaluation of the specific population(s) that are
being targeted by the study, followed by a population neuroscience
approach to sampling.

Capturing variability across expert opinions
Recently, cross-team explorations have taken place in the brain ima-
ging community through self-organization on either Twitter/X or the
Brainhack59 public forum. Through these communities, the 70-team
NARPS project37, the 42 teams tractometry project38, and the ongoing
EEGManyPipelines projects have produced incredible benchmarks for
the community. Similarly, from the perspective of downstream mod-
eling, challenge platforms such as Kaggle have been used to great
effect to both estimate the variance in approaches used in the field,
and evaluate out of sample performance on prediction or association
tasks57. In each case, the formula for this approach remains consistent.
The organizers first define a well-scoped challenge, wherein both the
form of the data to be used for analysis and the scientific question are
concretely defined.With these instructions, the teams then apply their
chosen approach to independently solve the challenge, and report
their conclusions in a standardized format, alongside the methodolo-
gical details. The organizers then evaluate the variation in each of the
approaches using a number of qualitative or quantitative strategies, as
appropriate for the domain. The NARPS and tractometry studies
referenced earlier in this section are both excellent examples that can
be followed when applying this approach to other domains. In a
broader sense, this approach is similar to citizen science, which has
been applied to great effect in a variety of domains, and famously
through platforms or communities such as Mechanical Turk and
Kaggle.

Capturing variability across analytic decisions, tool selection,
and computational infrastructure
While social engineering and organization can be considered as uni-
versally relevant solutions, capturing variation across pipelines and
libraries unavoidably remains a domain-specific question. In the case
of structural and functionalMRI analysis, the Configurable Pipeline for
the Analysis of Connectones60 (C-PAC) has been developed specifically
to address these questions. C-PAC integrates processing tools from a
variety of commonly used libraries, andprovides replicated versions of
several of the major fMRI preprocessing pipelines (e.g., fMRIPrep8,
HCP Pipelines9). While this platform provides access to end-to-end
pipelines and the perturbation of their components across libraries, it,
or equivalent tools, only apply to a single scientific domain. Context-
independent tools such as Boutiques61 or Common Workflow
Language62 (CWL) can be used to facilitate comparisons across arbi-
trary pipelines and infrastructures, as it wraps tools with a consistent
interface, allowing for the simplified deployment across large com-
puting resources. Once results are generated using multiple config-
urations, provenance-rich versioning software such as DataLad63 can
facilitate both theunambiguous storageof results, andmakes it easy to
either move between versions of results for re-analysis, or consider
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multiple versions of derived data simultaneously. While Datalad and
Boutiques have largely been applied in the brain imaging community,
they are flexibly domain agnostic.

Capturing variability across numerical state
Many tools thatdependupon randomprocesses, such asoptimization,
support the specification of random states. In addition to the repeated
evaluation of tools across these random configurations, techniques
such as Monte Carlo Arithmetic48 allow for the perturbation of
numerical errors that are inherent to the executed software. Fuzzy64

provides transparent environments for scientists to run their software
and evaluate the significance of numerical error in their results. By
processing data using Fuzzy, distributions of equally-valid and likely
results can be obtained across various manifestations of numerical
error. It is common to evaluate results across the repeated “fuzzy”
executions by computing the number of significant digits, or esti-
mating the likelihood of pipeline failures. This has recently been used
in the evaluation of the fMRIPrep Long-Term Support release8 to
identify drift across pipeline package development, and successfully
highlighted a release when significant algorithmic change was intro-
duced without supervision65.

Each of the described techniques and tools takes a unique
approach to capture, summarize, or describe, variability across
experiments. Given the complementary nature of these techniques, it
is possible that any combination of such approaches may be used
concurrently. With a broad foundation of results motivating the
inclusion of such variability throughout brain imaging research, what
remains to be solved is a convenient and concise vehicle for incor-
porating and communicating these results into novel studies. In the
interest of providing an actionable resource for the perspective pre-
sented here, we propose such a checklist to aid in designing and
reporting multiverse experiments, that can be found online at https://
www.nmind.org/variability-capture-checklist, or more strictly version-
controlled on GitHub at https://github.com/nmind/. This resource can
be used by authors to either inspire or directly summarize variability
explorations in studies, alongside their impact on presented conclu-
sions. The checklist is structured into three main blocks that help
authors describe how variability was explored in their study, how the
results of this exploration were used in analysis, and what they believe
the impact of this exploration to be specifically on their findings, or
how it may be extended further.

This is by no means the first checklist interested in enhancing the
reproducibility and quality of research. Similar efforts, such as the
COBIDAS report66, have been designed to describe an experiment
from data collection through to analysis. While COBIDAS contains a
section on reproducibility specifically, it focuses on software and data
availability rather than the steps taken to measure or achieve gen-
eralizability. Given the primary focus of the checklist presented here is
to consider the degree of bias or variation considered in an analysis,
and is complementary to the COBIDAS mission.

How analytical variability can improve transpar-
ency and generalizability of results
Capturing variability affords researchers several opportunities to both
evaluate the limitations or sensitivity of their work with respect to
experimental configuration, and tomitigate these effects. When looking
across arrays of perturbed results, techniques can be applied to either
quantify confidence, identify sources of deviations, or construct more
representative and generalizable results. We will discuss cases in which
each of these approaches has been applied in the context of brain
imaging and how they can be adapted or applied for future studies.

Quantifying confidence in results
Measures such as number of significant digits/bits, coefficient of var-
iation, or confidence intervals, estimate the bound of quality on

obtained numerical results of experiments—and subsequently temper
the strength of downstream claims. Recently, significant digits—
defined as the number of unchanging digits across all sampled variants
of a result—were used to evaluate the stability of two structural con-
nectome estimation pipelines51. By measuring the significant digits of
every edge in the connectome, a confidence-connectome was con-
structed which highlighted the connections that were more or less
robust50. This approach could be used to identify subsets of data most
likely to contain reliable signal, even in the absence of test-retest data.
Further, this study showed that numerical errors alonemay contribute
to variation on the level of individual differences, significantly dis-
torting the ability to make individual predictions from data—while
group-level statistics were, crucially, stable.

Pairing numerical perturbation with measurement of significant
digits can be seamlessly applied across data regardless of the specific
domain or properties of the analytic perturbations. Crucially,
approaches such as these can be used to establish and communicate
the level of trust a reader may have in the results. Using Fuzzy-tools in
this context may dramatically lower the barrier to performing
repeated-measures analyses67, such as a repeated-measures ANOVA68,
allowing researchers to identify the impact of variability in their ana-
lysis strategy. Beyond structured analysis approaches, evaluating and
reporting results across experimental perturbations also reduces the
likelihood of either accidental or deliberate p-hacking in results. In
these cases, pre-registration69 becomes an essential tool in ensuring
accountability.

Identifying sources of analytical variation
Beyond characterizing the stability of conclusions, sources of variation
can be identified by applying similar approaches at various stages of
long processing workflows. While in some cases this tracing requires
manual intervention due to varied infrastructures43, tools like PyTracer
can be used to instrument software and construct both processing
graphs and consolidated evaluations of result consistency across
executions. In contexts when it is possible to perturb many
conceptually-orthogonal components of a design, a metastudy
approach70 can be used. Applied in the context of evaluating design
elements in cognitive testing, this technique was able to identify the
dependence of results on specific components of the design (e.g.,
subliminality of cue presentation), while identifying others as unim-
pactful towards driving variations (e.g., cue color).

While the specific metastudy approach cited above uses a Baye-
sian modeling framework, structural equation modeling techniques
such as Intra-Class Effect Decomposition71 (ICED) can also be used to
conveniently characterize the impact of variations across studies. In a
less structured approach, brain imaging pipelines were perturbed by
swapping processing steps across four tools40, and then a to-from table
was constructed to demonstrate the impact of each perturbation.
What resulted was a clear demonstration that not only was the impact
of variation relatively evenly spread across components, but com-
monly undocumented pipeline components—namely, the data write-
out resolution and the version of the MNI152 template used,—play a
significant role. A broad exploration into the impact of variability
across analytic stages can be used to inform the sampling of variation
in future experiments, ensuring an efficient andbroadcharacterization
of the experimental space.

Generating representative results
Perhaps the most exciting and least often exploited avenue for incor-
porating variability into experimental designs in brain imaging is in the
generation of robust or representative results. In these cases, the core
underlying assumption is that all of the distinct results contain some
portion of non-overlapping signal from one another, and thus can be
complementary used. Following the Fuzzy evaluation of structural
connectome estimation pipelines, we previously demonstrated that
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incorporating the variability observed across numerical error in the
construction of predictive brain-phenotype models led to an increase
of classification performance and generalizability to unseen data72.
Importantly, we demonstrated that this simple dataset augmentation
ensemble approach can be applied agnostically across measurements
or techniques, and does not require more complex approaches than
averaging of results across perturbations in order to improve their
quality significantly. When exploring sampling variability, the boot-
strapped analysis of stable clusters73,74 (BASC) approach has previously
been developed to identify the stability of resting state networks
across the dataset. Similarly, the multi-atlas MUSE approach to image
segmentation75 has been developed to optimize image data normal-
ization based on the premise that an array of distinct parcellations
provide complementary information that may vary across the brain
region and individual differences. In each of these approaches,
typically-fixed elements of data analysis (e.g., numerical error, sample,
template) were varied and the resulting array of outcomes were
ensembled to refine the final results. Formore details on a comparison
of various ensembling approaches in the context of connectomics,
please refer to ref. 72. While each of these examples demonstrate a
machine learning approach to ensemble the results, meta-analytic
frameworks are currently a topic of active development, and present
additional challenges due to the unclear dependence of results across
groups.

While variability-based augmentation is an important concept and
powerful technique to improve generalizability, it is not a silver bullet
that will resolve all analytical biases or issues. In fact, there are two
scenarios in which the method can actually worsen the situation. First,
in cases where an analysis introduces two ormore alternatives that are
highly collinear, it is possible that the method will increase the varia-
bility without substantially improving the generalizability—with the
end result being a reduction in the overall signal-to-noise ratio (SNR)of
the experiment. Second, in cases where poor techniques are incor-
porated, the variation added may not be particularly meaningful, and
as a result also lead to a reduction in SNR. In each of these extremes,
the act of defining a threshold for techniques that are too similar, or
poor, respectively, remains empirical work. One recently proposed
solution to identifying a threshold is through variance-driven
truncation72. In this approach, the researcher constructs models
using the unchanged portion of the signal across perturbations, and
then compares the outcome against the initial result prior to pertur-
bation. If highly similar, then a researcher knows that variability cap-
ture across the particular domain tested would add little variation to
improve the generalizability of the results; if dramatically different,
then variation may contribute sufficient noise to overpower the
remaining signal. In cases where there is a reduction in model per-
formance, but the relationship remains trending towards significance,
we expect the augmentation of models across perturbations to be
beneficial in termsof improving results generalizability. Ultimately, the
importance of evaluating the validity of perturbations performed in
each particular experimental context cannot be overstated, and
requires careful and ongoing consideration.

Discussion
In this piece, we have clarified that robust or generalizable findings are
those that hold across many degrees of variation. A natural con-
sequence of the exploratory and iterative nature of scientific
advancement is that the outcomes of all experiments are imperfect,
and we can accelerate discovery by observing these outcomes across
as many degrees of experimental freedom as possible—such as pro-
cessing approach, datasets, or inferential techniques. There are a
growing number of approaches that facilitate variability capture and
incorporation across a range of experimental stages that can be used
to temper confidence, or improve overall result quality.

A key considerationwhen applying the techniques presented here
are the associated increases in the cost of running experiments.
Varying parameters of processing, whether through numerical error,
processing parameters, or otherwise, may lead to a several fold mul-
tiple in time for completing experiments, cost, and of course the
associated environmental impact due to energy consumption. To
balance each of these trade-offs, it may often be important to perform
variability capture in preliminary studies so that the effect of design
variability may be understood for the proposed experiment. However,
maintaining a close correspondence between the preliminary and full-
scale study in such cases is essential; while one studymay demonstrate
a relative sorting of the impact of variability sources, a lack of theo-
retical understanding of these variations makes extrapolating such
relationships across experiments dangerous. Broadly adopting open
science practices—data and code sharing, open access publishing—will
further lower the barrier to both producing and evaluating results and
the impact of variations transparently, and reduce duplication of
effort. Cost can further be mitigated in many cases by partnerships
with accessible computing resourcesmade available to scientists, such
as the Digital Alliance in Canada, the NSF-supported ACCESS network
in the United States. Each of these academic-facing networks aim to
provide low-to-no-cost solutions for large-scale computational analy-
sis for researchers.

With respect to non-financial costs associated with incorporating
variability into studies, such as additional time, planning, and experi-
mental complexity—and therefore likelihood of software bugs—the
authors again refer to the adoption of open science practices, in par-
ticular as many of these costs may have already been paid by the
community. Leveraging existing open-science software solutions, such
as fMRIPrep and C-PAC configurable pipelines in brain imaging, can
dramatically reduce the likelihood of introducing new bugs in pro-
cessing and analysis, and each contain years of insight in their designs
as to which analytic designs may make sense and should be imple-
mented/considered. Active support forums such as NeuroStars pro-
vide avenues for collaboration, seeking feedback, and getting
assistance or clarification.

Alongside our showcased examples of variability capture
throughoutbrain imaging andpsychology research,wehave discussed
techniques that can be applied to induce, capture, and leverage
variability across the computational sciences more broadly. Ulti-
mately, we hope this piece will aid in the generation of more robust
and generalizable scientific contributions in the life sciences and
beyond.
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