'.) Check for updates

aps

ASSOCIATION FOR
General Article PSYCHOLOGICAL SCIENCE

Advances in Methods and

Multicurious: A Multidisciplinary A June 2036 Vol 01 No. 31
. ° ° pp. 1-21
Guide to Multiverse Analysis © The Authors) 2026

Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/25152459261434881
www.psychologicalscience.org/AMPPS

-
Cassie Ann Short'”), Nate Breznau?, Maria Bruntsch34, > Sage

Micha Burkhardt!, Niko A. Busch’, Elena Cesnaite?,
Maximilian Frank®, Carsten Giefling', Daniel Krihmer’,
Daniel Kristanto!, Tina Lonsdorf>#, Claudia Neuendorf®?®
Hung H. V. Nguyen?, Manuel Rausch!®!112 Xenia Schmalz''>,
Andreas Schneck’, Cem Tabakci'!, and Andrea Hildebrandt!

'Department of Psychology, Carl von Ossietzky Universitit Oldenburg, Oldenburg, Germany; *German
Institute for Adult Education - Leibniz Center for Lifelong Learning, Bonn, Germany; *Department

of Psychology, University of Bielefeld, Bielefeld, Germany; ‘Department of Systems Neuroscience,
University Medical Center Hamburg-Eppendorf, Hamburg, Germany; “Institute of Psychology, University
of Miinster, Miinster, Germany; “Department of Psychology, Ludwig-Maximilians-Universitit Miinchen,
Munich, Germany; “Institute of Sociology, Ludwig-Maximilians-Universitit Miinchen, Munich, Germany;
SEducation Department, University of Potsdam, Postdam, Germany; *Hector Research Institute for
Education Sciences and Psychology, University of Tiibingen, Tiibingen, Germany; '“Faculty Society and
Economics, Rhine-Waal University of Applied Sciences, Cleves, Germany; !'Fakultit fiir Philosophie und
Pidagogik, Katholische Universitit Eichstitt-Ingolstadt, Eichstitt, Germany; *Institut fiir Psychologie,
Alpe-Adria Universitit Klagenfurt, Klagenfurt, Austria; and “Department of Child and Adolescent
Psychiatry, Ludwig-Maximilians-Universitiat Miinchen, Munich, Germany

Abstract

Multiverse analysis offers a comprehensive response to a core vulnerability in empirical research: the uncertainty of
scientific conclusions arising from defensible yet flexible data-processing and -analysis decisions. By systematically
mapping and computing all or a sample of all plausible data-processing pipelines, multiverse analysis reports the
robustness of findings across analytical flexibility and increases transparency in the research process. As its adoption
grows across disciplines, so too does the need for clarity on how to design, report, and interpret multiverse results
responsibly. In this article, we provide interdisciplinary guidance on key procedural considerations, including
defensibility and equivalence evaluations, preregistration, and computational demands. We aim to harmonize
terminology, promote best practices, and foster conceptual cohesion across fields, supported by reference to domain-
specific resources when appropriate. By doing so, we contribute to the broader movement toward more robust,
reproducible, and transparent science, one that not only reports results but also interrogates the analytical pipelines
that produce them.
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Researchers make a series of discretionary choices at the
stages of data collection, processing, and analysis. These
choices are often methodologically defensible yet rarely
grounded in strong theoretical rationale (Gelman &
Loken, 2014). Defensible combinations of these deci-
sions along the workflow collectively form a vast analyti-
cal landscape, a “garden of forking paths” (Gelman &
Loken, 2013), in which each path or “pipeline” reflects
a different yet plausible route to answering the same
research question, creating substantial “researcher
degrees of freedom” (Simmons et al., 2011). In various
scientific disciplines, many-analyst studies have shown
that teams working independently on the same data set
select unique data-processing and -analysis pipelines,
arriving at heterogeneous results, driven not by error
but by defensible yet divergent analytical decisions in
the garden of forking paths (e.g., in social psychology,
Silberzahn et al.; 2018; in functional-MRI neurocognitive
psychology, Botvinik-Nezer et al., 2020; in sociology,
Breznau et al., 2022; in electroencephalogram neurocog-
nitive psychology, Tributschek et al., 2024). If an effect
is sensitive to defensible pipeline variations, replicability
across studies is compromised (e.g., Bryan et al., 2019),
and a theoretical multiverse of statistical models and
outcomes goes unreported.

The single-pipeline approach introduces a multiple-
testing problem in that each decision node in the garden
of forking paths generates implicit tests that are not
executed and hypothesis tests are rarely adjusted for
comparisons that have not explicitly been conducted.
This creates what Gelman and Loken (2014) termed an
“invisible multiplicity,” a hidden source of inferential
inflation, that increases the likelihood of a Type I error
(Rubin, 2017). The consequence is not merely statistical
noise but also potentially false positives and inflated
effect sizes that threaten the credibility of empirical
claims (Ioannidis, 2005; Simmons et al., 2011).

The analytical flexibility available to researchers can
be systematically quantified. Using Figure 1 to demon-
strate, we imagine three options to measure the inde-
pendent variables (e.g., one scale score, sum or average
of z values of multiple scales, scores from the first factor
of a factor analysis of multiple scales), two options to
process the data (e.g., outlier definition, handling miss-
ing data), three options to structure the statistical model
(e.g., additive linear regression, generalized additive
model, mixed-effects model), and two statistical methods
to estimate model parameters (e.g., ordinary least
squares, maximum likelihood estimator). Each option
may be defensible in its own right in a traditional single-
pipeline analysis. If all options at each decision node
are compatible with all options at each other decision
node, the number of potential defensible outcomes to
answer the same research question from the same data

set would be the Cartesian product (3x2x3x2) = 36. A
traditional single-pipeline approach, computing and
reporting the result based on only one pipeline, intro-
duces critical sources of uncertainty across measure-
ment, processing, modeling, and estimation (method
uncertainty; Hoffmann et al., 2021), thereby limiting rep-
licability and potentially misleading subsequent research
or meta-analyses that are based on these results. In our
example above, not all options across nodes may be
defensibly combined. For example, applying an aggres-
sive outlier-removal rule in a small sample analyzed with
a complex mixed-effects model may not be defensible.
This deliberately exemplifies the importance of evaluat-
ing defensibility at the pipeline level, not only at the
level of individual options, because some combinations
of individually defensible options may be incompatible
and produce unstable results.

Multiverse Analysis as a Solution

Multiverse analysis is a comprehensive, transparent, and
systematic approach to report the robustness of results
to variation across the defensible garden of forking
paths. It explicitly acknowledges methodological and
analytical uncertainty, increases transparency, and mini-
mizes the risk of overestimating the robustness and
reproducibility of results (Steegen et al., 2016). This
approach involves identifying the stages in the research
workflow in which different defensible decisions can be
made, which may include theoretical conceptualization,
data processing, variable quantification, model selection,
and statistical specifications (Hoffmann et al.;, 2021).
Each defensible combination of options across decision
nodes forms a unique pipeline, all pipelines are com-
puted, and the results are reported as a distribution. Each
result in the distribution is often visualized alongside
the corresponding pipeline (e.g., Simonsohn et al.,
2020), enabling visual assessment of robustness and the
sources of uncertainty.

Although several approaches exist to mitigate meth-
odological and analytical uncertainty, hidden multiplic-
ity, and p-hacking, multiverse analysis offers a uniquely
transparent and comprehensive solution, which has
been proposed to contribute to an ideal test of robust-
ness and reproducibility (Dreber & Johannesson, 2025).
For example, preregistrations that include a preanalysis
plan can reduce the likelihood of p-hacking and publi-
cation bias (Brodeur et al., 2024), but preregistered
studies do not necessarily report the robustness of an
effect to defensible methodological choices. Because
invisible multiplicity remains, a preregistered single-
pipeline result may still be vulnerable to inflated Type
I error rates (Rubin, 2024). Furthermore, adjusting the
prespecified a level' to compensate for plausible and
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Fig. 1. A schematic example of researcher degrees of freedom at the levels of measurement, data-processing, model, and estimation pro-
cedures that produces a multiverse of statistical outcomes. The red line represents the single-pipeline approach that produces one statistical
outcome, leaving uncertainty as to the robustness of the outcome to alternative defensible pipelines.

defensible pipelines that are not explicitly computed is
a strategy that may mitigate the multiple-comparisons
problem (Rubin, 2024). However, this requires prior
identification of all defensible pipelines for the given
hypothesis, and a correction alone does not explicitly
report which decisions an effect may or may not be
sensitive to. Although multiverse analysis requires more
time and computational resources, it provides a system-
atic and transparent report of robustness across the full
range of plausible pipelines for a given hypothesis and
data set. Preregistration and a adjustment can be imple-
mented together with multiverse analysis in a comple-
mentary manner (e.g., Beauducel et al., 2024; Paul et al.,
2025; which are two of many preregistered multiverse
analyses as part of the CoScience Project available at
https://osf.io/rdpze/), but they do not provide the same
degree of explicit robustness information when applied
in isolation.

Interdisciplinary History of Multiverse
Analysis and the Benefits of
a Standardized Term

The practice of reporting the uncertainty associated with
methodological flexibility by examining multiple data-
processing or model choices is well established (e.g.,
Leamer, 1985; Ramsey, 1969); however, this approach
has tended to develop independently across scientific
disciplines. In engineering and physics, the focus on
robustness is often to determine whether a device func-
tions reliably under a range of plausible parameter set-
tings and operating conditions (e.g., Kozak et al., 2023).
In neuroscience and psychophysiology, complex data-
processing routines are required to preserve signal while

removing noise from data recordings, with many pro-
cessing options and combinations of options being often
defensible, culminating in extensive researcher degrees
of freedom at the level of data preprocessing (e.g., Paul
et al., 2022). In sociology and education, robustness
assessments tend to focus on model specification (e.g.,
Munoz & Young, 2018). These distinct epistemic priori-
ties have likely contributed to the development of varied
robustness terminology across disciplines.

Commonly used terms describing similar, partial, or syn-
onymous approaches include “sensitivity analysis” (e.g.,
Saltelli et al., 2019), “robustness checks” (e.g., Neumayer
& Plimper, 2017), “vibration of effects” (Ioannidis, 2008),
“specification-curve analysis” (Simonsohn et al., 2020),
“manyverse analysis” (Kuhn et al., 2022), “many-analysts
approach” (Silberzahn et al., 2018), “cooperative forking-
paths analysis” (Wacker, 2017), “multimodel analysis”
(Young & Holsteen, 2017), and “computational robust-
ness analysis” (Munoz & Young, 2018). The approaches
described by these terms vary in scope and methodol-
ogy, often reflecting the diversity of focus across scientific
fields (Table 1). The definitions of these terms also vary in
the literature; the definitions given in Table 1 are taken
from the above references and the Framework for Open
and Reproducible Research Training (FORRT) Glossary
(FORRT, n.d.).

Each of the approaches in Table 1 can be conducted
transparently and systematically, but this is not always
the case. For example, a review of footnotes describing
robustness checks in sociology found that pipeline selec-
tion as part of a robustness check was often not clearly
justified, transparent, or systematic (Young & Holsteen,
2017). Establishing a unifying, standardized term to
denote a transparent and systematic procedure appli-
cable across disciplines would serve multiple purposes.
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Table 1. A List of Related Analytical Approaches to Multiverse Analysis With Definitions

Term

Definition

Robustness analysis/
computational
robustness

Multiverse analysis

Specification-curve
analysis

This is the broadest term, reflecting the examination of the stability of results under
one or more experimental designs, data preprocessing pipelines, and/or alternative
model specifications; see also FORRT (n.d.). Computational robustness is an approach
to systematically test the sensitivity of results to varying modeling assumptions and
computational choices. Computational robustness is a broad concept that refers to the
property that research results are stable and consistent across a wide range of plausible
analytical choices. Computational robustness is the desired outcome; the terms below refer
to the tools used to achieve robustness.

In multiverse analyses, a single hypothesis is tested across all possible data-processing and
statistical pipelines considered justifiable; see also FORRT (n.d.).

Multiverse analyses have been visualized in many forms, including, for example, histograms,
tile plots, and specification curves. A specification curve is one of these visualization forms

and has placed more emphasis on inferential statistics to jointly interpret the multiverse of
results; see also FORRT (n.d.).

According to Ioannidis (2008), vibration of effects conveys the extent to which an effect
may change in alternative analytical approaches. The focus is mainly on comparing model
fit and evaluating results across alternative model structures and less on data-processing
decisions. In addition, the visualization of results differs from those used in more recent
multiverse and specification-curve analyses.

Multimodel analysis starts from the premise that there is often no single “correct” model.
Researchers face uncertainty about which model specification is most appropriate for a
given research question and data set, so multimodel analysis is used to test the robustness
of results across model specifications.

This approach refers to a small-scale, focused examination of the robustness of estimates to
various data-processing or -quantification choices.

Represents a larger-scale robustness report that is implemented by multiple experts in a given
research field to examine the robustness of results across varied analytical choices that
were collaboratively decided on.

In multianalyst studies, multiple researchers independently analyze the same data to address
a common research question; see also FORRT (n.d.).

According to Saltelli et al. (2019), sensitivity analysis investigates how uncertainty in a model’s
output can be attributed to different sources of uncertainty in its inputs. It aims to quantify
the influence of individual input variations on the overall uncertainty of the model’s results.
Note that this is not the only definition of sensitivity analysis. Rubin (2017), for example,
used the term “sensitivity analysis” as a synonym for multiverse or “forking paths” analysis.

Vibration of effects

Multimodel analysis

Manyverse analysis

Cooperative forking-
paths analysis

Many-analysts
approach
Sensitivity analysis

It would communicate that the approach applied
meets recommended standards, thereby increasing con-
fidence in the credibility of reported results; it would
encourage methodological rigor; and it would promote
cohesion across the currently fragmented terminological
landscape (e.g., Voracek et al., 2025) to provide a com-
mon framework for collaborative methodological
development and discussion. We and others (Young &
Cumberworth, 2025) propose that the relatively new
term “multiverse analysis” can serve as this umbrella
term for transparent and systematic procedures regard-
less of the specific field and stage of the research process
being assessed for robustness.

How to Do It

In this section, we provide a step-by-step multidisci-
plinary guide to multiverse analysis that spans

conceptualization to interpretation of the results. A
visual map of the steps is illustrated in Figure 2. Although
in the present article we focus on quantitative research,
the underlying principles of multiverse analysis apply to
qualitative and mixed-methods approaches, in which
defensible analytical variation may arise from multiple
defensible coding schemes, thematic frameworks, or
interpretive lenses.

Step 1: defining the focus of the multiverse

The first step in performing a multiverse analysis is to
(a) specify the stages of the research process in which
robustness will be examined and (b) select the metric
of interest that will be assessed for robustness. Researcher
degrees of freedom exists at multiple stages of the
research process (Hoffmann et al., 2021), including mea-
surement (in which conceptualization, measurement,
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Fig. 2. A flowchart of the recommended procedural steps for defining, computing, and reporting a systematic
multiverse analysis.
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and collection are defined), data processing (in which
the data are prepared for analysis, such as setting dif-
ferent exclusion criteria), modeling (in which the statisti-
cal model is specified, such as different types of
regression models and choosing which independent
variables to include), and estimation (in which the
approach to parameter estimation is determined, such
as the ordinary-least-squares method or a robust maxi-
mum-likelihood estimator). Researchers may choose to
examine robustness in a single stage or across multiple
stages; the latter enables exploration of potential interac-
tions between options across stages, revealing whether
certain combinations of defensible choices influence
results. After identifying the relevant stage(s), it is essen-
tial to define the metric(s) of interest that will be assessed
for robustness. Multiverse analyses have traditionally
reported distributions of p values (e.g., Steegen et al.,
2016), effect sizes, and confidence intervals (e.g., Beau-
ducel et al., 2024); common effect measures across mod-
els (e.g., Lonsdorf et al., 2022); and overall variability in
multiverse effect sizes (Olsson-Collentine et al., 2025).
Alternatively, psychometrics, such as reliability estimates,
can also be estimated across the multiverse to assess, in
part, the psychometric quality of estimates across the
garden of forking paths.

Three interpretive goals of multiverse analysis include
to evaluate the extent of variability in the metric of inter-
est across all pipelines, to identify specific sources of
this variability, and to draw conclusions about the effect
or metric under investigation (Sarma et al., 2024). Clari-
fying the goal in the early stages of multiverse design
can inform subsequent decisions. For example, if the
primary aim is to report the extent of variability, a key
focus may be to develop a structured approach to mea-
sure and report empirical similarity across data sets. If
identifying the sources of variability is the primary aim,
a key focus may be to develop a structured procedure
for measuring and reporting pipeline similarity. Estab-
lishing the interpretive aims in advance can support
preregistration and promote coherence between the
analytical design and interpretation.

Step 2: defining the multiverse

Defining the multiverse of pipelines involves a system-
atic procedure of substeps, which we describe in detail.

Distinguishing between defensibility and equiva-
lence. Before defining the specific decision nodes and
options that constitute the multiverse, it is important to
distinguish between defensibility and equivalence. Defen-
sibility concerns whether a given analytical pipeline can
be justified independently; in other words, whether it
could be reasonably defended in the context of a peer
review if it were the only pipeline applied to answer the

research question using the data set at hand. A pipeline
may be considered defensible based on theoretical ratio-
nale, established conventions, statistical logic, or empirical
validation. Approaches to evaluating defensibility are
described in Steps 2a and 2b. The term “equivalence” was
introduced as a classification framework to systematically
evaluate whether “alternative specifications” (i.e., options
or pipelines) can reasonably be treated as interchangeable
(Del Giudice & Gangestad, 2021), building on the argu-
ment that results depend on analytical decisions being
defensible, arbitrary, and motivated (Simonsohn et al.,
2020). Del Giudice and Gangestad (2021) argued that such
arbitrariness can be justified when alternatives are
expected a priori to be equivalent with respect to a
researcher-specified criterion relating to construct mea-
surement, the effect of interest, or the power to/precision
in estimating an effect, for example. Accordingly, their
framework classifies candidate pipelines as equivalent,
nonequivalent, or uncertain with respect to that criterion,
providing a principled basis for determining when alterna-
tives may reasonably be considered interchangeable for
inclusion in a multiverse analysis.

Building on this framework, we formalize the concep-
tual and procedural distinction between defensibility and
equivalence on two bases. First, many multiverse analy-
ses have justified the inclusion of pipelines by applying
alternative transparent evaluation frameworks, such as
those used in the existing literature as determined by a
systematic literature review (e.g., Kristanto et al., 2024).
In such cases, pipelines are evaluated independently as
defensible. However, the framework proposed by Del
Giudice and Gangestad (2021) emphasized that defensi-
bility, in the sense of being commonly applied, does not
necessarily warrant treating them as interchangeable. For
example, in a behavioral task, performance may be quan-
tified as either the proportion of correct responses or as
d' (z[hit rate] — z{false-alarm rate]). Both measures are
widely used in the literature and defensible in isolation
(e.g., Allard et al., 2023; Duschek et al., 2022; Pergher
et al., 2018), yet they target different constructs (overall
accuracy vs. bias-corrected sensitivity) and would there-
fore be nonequivalent under a criterion of construct
validity. Although multiple pipelines may be defensible
in isolation, some may be objectively preferable to others
with respect to a relevant criterion, and treating such
pipelines as interchangeable would therefore be inap-
propriate (Del Giudice & Gangestad, 2021). This high-
lights a distinction between a defensible multiverse,
which is defined by independent justification, and a prin-
cipled multiverse, which is constrained by equivalence
based on relative evaluation.

Second, candidate pipelines must first be identified
to evaluate equivalence. Therefore, we place equiva-
lence as a subsequent step to the identification of defen-
sible pipelines. This procedural order is reflected in the
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Table 2. Overview of Theoretical and Empirical Approaches to Assessing Defensibility and Equivalence

Theoretical approach

Empirical approach

Defensibility
(individual
pipelines)

Equivalence
(pipelines relative
to each other)

Definition: conceptual and methodological
justification of a pipeline in isolation. A pipeline
is defensible if it could reasonably be justified
as appropriate for the research question and
data.

Example methods: systematic literature review,
expert panel, multilab expert consensus

Benefits: aligns with disciplinary standards,
facilitates comprehensive mapping of analytical
flexibility

Limitations: subject to publication bias,
constrained by researcher expertise

Definition: conceptual assessment of whether
defensible pipelines can be expected a priori
to yield practically equivalent answers with
respect to a researcher-defined criterion (e.g.,
construct validity or estimation precision) and
can therefore be treated as interchangeable (Del
Giudice & Gangestad, 2021)

Example methods: expert consensus, theoretical
expectations, or evidence from prior
methodological studies

Benefits: clarifies interpretive comparability,
provides principled justification for treating
alternatives as arbitrary when appropriate.

Limitations: not tested on the present data set,

Definition: empirical evaluation of individual
pipelines to test whether they produce data or
estimates that meet an adequacy threshold when
applied to the data set. For example, does this
pipeline meet a minimum standard on its own?

Example methods: psychometric properties (e.g.,
reliability), data-quality checks (e.g., signal-to-
noise ratio)

Benefits: ensures each pipeline produces
functionally adequate data or estimates

Limitations: may exclude pipelines that are
commonly used in the literature but perform
poorly in the current data set, thereby limiting
the ability to investigate whether such pipelines
contribute to low replicability

Definition: empirical comparison of defensible
pipelines using the data set at hand to evaluate
equivalence relative to a defined criterion and
threshold. For example, given that these pipelines
are defensible, are their results on a specified
criterion sufficiently similar to be treated as
interchangeable?

Example methods: using an interval threshold for
similarity of results on the specified criterion
to establish equivalence, as in SMART (Short,
Inceler, et al., 2025)

Benefits: ensures interpretative comparability across
pipelines

Limitations: equivalence conclusions may be

sensitive to theoretical assumptions

data-set-specific

Note: All approaches can be transparent when well documented and involve a degree of subjectivity in selecting evaluation criteria, adding to
researcher degrees of freedom. SMART = Systematic Multiverse Analysis Registration Tool.

Systematic Multiverse Analysis Registration Tool (SMART;
Short, Inceler, et al., 2025), a recently published applica-
tion designed to guide users through the systematic and
transparent identification of multiverse pipelines. In
SMART, potentially defensible pipelines are first identi-
fied and evaluated individually, and justification strate-
gies are defined by the researcher. An optional
subsequent stage then evaluates the defensible pipelines
relative to one another for equivalence based on a
researcher-specified criterion. Consequently, defensibil-
ity can be justified independently without an equiva-
lence assessment, whereas an equivalence assessment
further structures interpretation by pruning the multi-
verse based on a relevant researcher-specified criterion
to pipelines that are interchangeable. Identifying the
analytical space precedes assessing equivalence within
it, highlighting a distinction in the procedural order.
For these two reasons, we frame equivalence assess-
ment as a subsequent step in the procedure. Assessing
equivalence requires a set of individual defensible
pipelines, whereas a defensible multiverse does not

necessarily need to be equivalent. The appropriate
approach depends on the goal of the multiverse analysis.
For example, when the goal is to assess robustness of
an effect across analytical diversity in the literature, such
as investigating potential sources of low replicability,
defensibility without pruning for equivalence may be
appropriate. On the other hand, if the goal is to report
the robustness of a single underlying construct or theo-
retically postulated effect, then an equivalence evalua-
tion may prevent defensible but nonarbitrary decisions
from being treated as arbitrary (Del Giudice & Gangestad,
2021). Approaches to evaluating equivalence are dis-
cussed in Step 2c. A summary of the distinctions is pre-
sented in Table 2, and Figure 3 illustrates three practical
examples based on behavioral, biophysiological, and
survey data.

Step 2a: identification of decision nodes and options.
First, researchers should decide on the method for identi-
tying defensible pipelines. Approaches in the literature
include systematic literature reviews (e.g., Kristanto et al.,
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Defensibility and Equivalence in Defining the Multiverse

Defensible
(Steps 2a and 2b)

Equivalent
(Step 2c)

Question

Is this pipeline independently justifiable; could | expect to see it in a peer-
reviewed journal?

Are these two defensible pipelines equivalent on my criterion?

Example Bases for Decision

Systematic literature review, expert consensus, theoretical rationale

Measurement, effect, power/precision equivalence

Outcome

Set of defensible pipelines that would pass peer-review in a
single-pipeline analysis

Subset of defensible pipelines that are equivalent on the criterion selected

Defensible set

4

Equivalent subset

Example 1: Behavioural Data

Performance quantification

Proportion of correct
responses

Used in the literature:

defensible [\':

J Used in the literature:
defensible

d'

=

Equivalence criterion: construct validity
Threshold: measures a specific theory-derived construct

Proportion of correct
responses

Measures overall
performance

d'

Measures bias-

corrected sensitivity

Non-equivalent
measurement:
not
interchangeable
under construct

validity

Example 2: Biophysiological Data

Selecting a band-pass filter

Equivalence criterion: precision of component estimation
Threshold: estimates of slow-wave components comparably precise

Non-
Used in the literature: P
0.1-30 H defensible 0.1Hz-30Hz > Retanssiowdrits | Svecicion
[\,:> non-equivalent
) ) in the
1-30Hz J Used in the literature: Greater attenuation of | attenuation of
: 1Hz-30Hz > . :
defensible slow drifts relevant signal
components

Example 3: Survey Data

Computing a personality score

Mean of item

J Used in the literature:
responses

defensible

Equivalence criterion: construct validity
Threshold: estimates the same effect

Mean of item
responses

Unweighted composite
score

Non-equivalent
effect:
an effect on a
broad composite

Defensible multiverse

Principled multiverse
(Del Giudice & Gangestad,

[’\:> Vversus on a

- — . . . variance-

First principal J Used in the ||_terature. First principal Weighted variance- maximising

component score defensible component score maximising component | jatent dimension
\Y% V

2021)

Fig. 3. Example distinctions between defensibility and equivalence in defining the multiverse. Options may be defensible
because they are commonly used in the literature and could reasonably appear in a peer-reviewed analysis. However, once
an equivalence criterion and threshold are specified for the effect or component of interest, some defensible options may be
excluded from a principled multiverse because they are nonequivalent relative to that target. Examples illustrate equivalence
assessed with respect to three equivalence modes proposed by Del Giudice and Gangestad (2021): measurement, effect, and
power/precision equivalence. RT = response time; d' = sensitivity index (signal-detection theory); gray shading = removal on

the basis of nonequivalence.
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2024), collaborative expert consultation (e.g., Paul et al.,
2022; Wacker, 2017), and many-analyst or crowdsourcing
approaches in which independent experts, or teams of
experts, each provide one preferred pipeline (e.g.,
Trabutschek et al., 2024). Regardless of the approach, a
degree of subjectivity is inherent. For example, the inclu-
sion criteria in systematic reviews are flexible, and expert
consensus reflects collective but nonobjective judgment.
When the expert or collaborative-expert approach is
taken, researchers should first list each decision node
along the pipeline that was identified and whether multi-
ple options exist at each node. Each decision node that
was identified and each potential option at each node
should be documented. These will be used to build defen-
sible pipelines in the following step. Varying the inclusion
of covariates as a decision node warrants particular con-
sideration, as discussed in the Ongoing Debates section.

Step 2b: identification of defensible combinations
of defensible options (defensible pipelines). Once
the available nodes and options have been identified, the
next step is to determine whether all Cartesian combina-
tions of options across nodes are defensible or if some
options are incompatible with each other. Although this
step is time-consuming, it is essential to define a multi-
verse that is free of indefensible pipelines, which would
contaminate the final reported distribution with noise.
This process should be repeated for each defensible order
of options along the pipeline because the defensibility of
combined options can depend on the sequence of opera-
tions. This defines the defensible multiverse, which is the
set of pipelines that are individually plausible. All combi-
nations deemed indefensible should also be transparently
documented with clear justification because these justifi-
cations influence the multiverses’ interpretive boundaries,
enabling readers to appraise potential bias and supporting
transparency (Short, Inceler, et al., 2025).

In the literature, defensibility, whether at the option
or pipeline level, has tended to be assessed on a theo-
retical basis, such as relying on precedent in the litera-
ture, expert discussion, or multilab consensus, as
outlined above. Although these strategies draw on accu-
mulated disciplinary knowledge and align with prevail-
ing methodological norms, they remain vulnerable to
publication bias, are restricted to the search criteria or
expertise of participating researchers, and risk overlook-
ing specific data characteristics that might render a theo-
retically defensible choice unsuitable for a particular
data set. An empirical approach to assessing defensibility
on a given data set can involve testing each pipeline
individually against a prespecified threshold of ade-
quacy, such as a data-quality or psychometric threshold.
Any pipelines that pass this threshold, regardless of the
similarity of the results between pipelines, would be
included within a defensible multiverse. Such an

approach could help ensure that each pipeline is statisti-
cally adequate. Both theoretical and empirical approaches
to determining defensibility introduce additional
researcher degrees of freedom in terms of selecting cri-
teria and thresholds.

Step 2c: selection of equivalent pipelines for a prin-
cipled multiverse analysis. A proposed further step in
the procedure is to refine the defensible multiverse into a
principled multiverse (Del Giudice & Gangestad, 2021). In
a principled multiverse, all pipelines are judged to be
equivalent on a relevant criterion, such as measuring the
same construct, testing for the same effect, and estimating
the effect with comparable power or precision (Del Giudice
& Gangestad, 2021). Whereas defensibility assessment con-
cerns the adequacy of each individual pipeline considered
in isolation, equivalence assessment concerns interpretive
comparability across pipelines, evaluating whether defen-
sible pipelines are sufficiently similar with respect to a
researcher-defined criterion and threshold to be meaning-
fully compared within the same multiverse.

The equivalence-criterion and -assessment approach
may vary across multiverse analyses. For instance, one
study may define equivalence theoretically, based on a
priori expert expectations, and another study may define
equivalence empirically, defining an acceptable devia-
tion within which pipelines can fall to be considered
equivalent. Theoretical assessments of equivalence rely
on conceptual reasoning, prior literature, or domain
expertise. Although these approaches enhance interpre-
tive clarity, they may not reflect the actual data structure.
In contrast, empirical approaches can test equivalence
directly by computing the chosen criterion on the data
set in question. Equivalence assessment may lend itself
to empirical evaluation in some contexts, particularly in
cases in which a priori knowledge is limited.

When comparing all defensible pipelines for equiva-
lence, Del Giudice and Gangestad (2021) proposed three
categorical outcomes: (a) If pipelines are deemed equiv-
alent, they are classified as “Type E” and should be
included in the principled multiverse analysis. (b) If
pipelines are deemed nonequivalent with respect to the
chosen criteria, those that are dissimilar and less justifi-
able are classified as “Type N” and should be excluded.
(o) If the equivalence of a pipeline to the others is
uncertain, it is classified as “Type U,” and the researcher
may decide whether to include or exclude it based on
whether the multiverse analysis is exploratory. The con-
cept of pipeline equivalence is discussed in the Ongoing
Debates section.

Step 2d: preregister the multiverse analysis and the
decision-making process. In addition to the content that
is preregistered for single-pipeline studies, a multiverse-
analysis preregistration should document the procedure,
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Table 3. A List of Open-Source Packages and Toolboxes to Facilitate Computation and/or Visualization of Multiverse

Analyses

Package/

toolbox Functionality Language Authors Link to documentation

Boba/Boba Compute and visualize Agnostic Liu et al. (2020) https://github.com/uwdata/
Visualizer (Boba is a boba

metalanguage)
Specr Compute and visualize R Masur and Scharkow https://masurp.github.io/
(specification curve) (2020) specr/
Multifear Compute and visualize (in R Lonsdorf et al. (2022) https://github.com/
the field of human fear AngelosPsy/multifear
conditioning)

Multiverse/ Compute (mverse is an R Sarma et al. (2023) https://github.com/

mverse extension of multiverse MUCollective/multiverse
with a student-friendly https://github.com/
interface) mverseanalysis/mverse

Milliways Visualize JavaScript Sarma et al. (2024) https://abhsarma.github.io/

(standalone) milliways/
Code output: R
Multitool Compute and visualize R E. S. Young and https://ethan-young.github
Vermeent (2024) .io/multitool/

Multiverse Sample pipelines when the Python Short, Hildebrandt, https://github.com/cassiesh/
Sampling multiverse is too large to et al. (2025) MultiverseSamplingTool
Tool compute exhaustively

Comet Compute and visualize (in Python Burkhardt and https://github.com/miburl/

the field of functional
MRI dynamic functional
connectivity)

GieRing (2026) comet

justification, and outcomes of Steps 1 to 2¢ and the planned
descriptive and inferential analysis of results across the mul-
tiverse. Practical support to implement and document the
full decision-making process has recently been developed
(Short, Inceler, et al., 2025).

Step 3: computing the multiverse analysis

Several packages and toolboxes have been developed
across different software programs to facilitate the com-
putation of multiverse analyses. Using a tool that aligns
with the specific needs of a given researcher can save
time and improve reproducibility. For an overview of
the tools currently available, see Table 3. If no existing
tool is fully suited to the desired analysis, some design
aspects may still be useful. In line with good open-
science practices (Nosek et al., 2015), care should be
taken to avoid creating a black box that is difficult for
other researchers to understand and reproduce.

Step 4: visualizing of the multiverse
of results

Clear visualization is essential for accurately interpreting
the results. Several visualization approaches have been
developed and applied throughout the literature. These
include vibration of effects plots (Patel et al., 2015),

outcome matrices (Steegen et al., 2016), histograms and
density plots (Young & Holsteen, 2017), and specification
curves (Simonsohn et al., 2020), which were reviewed
by Hall et al. (2022). The specification curve, illustrated
in Figure 4, offers a particularly comprehensive repre-
sentation by plotting all statistical results in vertical align-
ment with the corresponding pipeline. However, one
limitation of the specification curve is that it does not
intuitively plot more complex structural variability
between pipelines, such as variation in the order of deci-
sion nodes along the pipelines and varying pipeline
lengths. Although additional visual features (e.g., icon
size or transparency) could be used to encode some of
this variability, subtle but potentially impactful distinc-
tions may not be clearly communicated. Furthermore, as
the number of pipelines increases into the thousands,
displaying all results within one curve can become chal-
lenging because of spatial constraints. To address this
issue, new formats such as multiverse plots (Krihmer &
Young, 2026) are being developed to accommodate
large-scale multiverses while maintaining high informa-
tional value about influential options and decision nodes.

Interactive visualization tools offer another promising
solution, allowing users to explore multiverse results
dynamically. Examples include interactive specification
curves, created using applications such as ShinyApp (e.g.,
https://coscience.psy.uni-hamburg.de/sample-apps/


https://coscience.psy.uni-hamburg.de/sample-apps/FAA_Experimenter
https://github.com/uwdata/boba
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https://github.com/MUCollective/multiverse
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Fig. 4. An example specification-curve figure that visualizes the outcomes of a multiverse in vertical alignment with the respective
pipelines. Created using the Comet Toolbox (Burkhardt & GieBing, 2026).

FAA_Experimenter), interactive documents (Dragicevic
et al., 2019), and specialized toolboxes such as Boba for
Python (Liu et al., 2020) and Milliways for R (Sarma et al.,
2024). These dynamic visualizations may improve clarity
for large-scale multiverse analyses, helping to identify
patterns and influential decisions that may be obscured
in static figures.

Although visualizations are central to communicating
multiverse results, it is the responsibility of authors to
guide interpretation rather than leave readers to inde-
pendently infer meaning. Statistical literacy encompasses
accurate analysis and transparent, ethical communication,
which includes providing a concise narrative that sum-
marizes the key findings ethically (e.g., Gigerenzer et al.,
2007). Providing such guided interpretation ensures that
visualizations are informative and accessible.

Step 5: interpreting of the multiverse
of results
Interpretation of results should align with the broader

goals of the multiverse analysis. In this context, Sarma
et al. (2024) distinguished three interpretive objectives:

(a) to evaluate the extent of variability in the metric of
interest across all pipelines, (b) to identify specific
sources of this variability, and (¢) to draw conclusions
about the effect or metric under investigation. Below,
we highlight which interpretation approaches address
which of these objectives.

Descriptive interpretation. Descriptive interpretation
remains the most common and accessible approach to
interpreting the multiverse of results. This involves report-
ing statistical summaries of central tendency, such as the
median effect size and the percentage of pipelines that
reach statistical significance in each direction and those
that do not (e.g., Beauducel et al., 2024; Paul et al., 2025).
These approaches contribute toward evaluating the extent
of variability in the metric of interest across all pipelines.
Descriptive interpretations can also entail identifying
options and combinations of options across nodes that
are proportionally overrepresented in extreme results, as
visualized by specification curves (e.g., Simonsohn et al.,
2020). These approaches contribute toward identifying
specific sources of this variability. Furthermore, research-
ers may use visualizations or descriptive statistics to
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evaluate the overall robustness of the effect of interest,
interpreting what the distribution implies about the effect.
For example, if the majority of pipelines yield effects of
similar magnitude in the same direction, the effect may be
considered robust across various defensible analytical
decisions. Conversely, widely distributed or conflicting
effects may indicate that a more cautious interpretation of
the effect is required. This approach contributes toward
drawing conclusions about the effect or metric under
investigation. By descriptively examining the variability in
multiverse results, preliminary claims about robustness or
the lack thereof can be made, and influential decision
nodes or options can be identified. However, caution
should be exercised when drawing conclusions because
the degree of overlap between pipelines may vary, and
specific options or combinations thereof may be unequally
represented. Empirical similarity across data sets can pro-
duce the illusion of consistency rather than genuine
robustness (for further discussion, see dataset similarity
across pipelines).

Inferential interpretation. Inferential analysis of the
multiverse is more complex and remains an area of active
development. Such analyses require careful consideration
of several statistical challenges, including the noninde-
pendence of pipelines, varying degrees of independence
between pipelines, unequal representation of some
options in the computed multiverse (e.g., because of
dependencies or pipeline sampling), and the multiple
comparisons now made explicit. Several inferential
approaches have emerged that aim to overcome these
issues. For example, Step 3 of the specification-curve
analysis of Simonsohn et al. (2020) tests whether the
median, share, or average z value of all effects are more
extreme than would be expected if all specifications had
an effect of zero. Postselection inference in multiverse
analysis (Girardi et al., 2024) uses a sign-flip, score-based,
conditional-resampling procedure to enable postselection
inference with family-wise error-rate control across pipe-
lines. Some data meta-analysis approaches account for
interpipeline dependence (Lefort-Besnard et al., 2025)
and avoid overconfident inference under shared data
(Bartos et al.,, 2025). A statistical sensitivity-analysis
framework estimates the dependence structure between
pipeline-specific estimates, using it to estimate depen-
dence-aware pooled effects and test cross-pipeline
hypotheses (e.g., no effect across all pipelines or at least
one null effect; Ozenne et al., 2025). Young and Cumber-
worth (2025) proposed a thought experiment that quanti-
fies how strong unobserved confounding would need to
be in aggregate to fully account for an observed multi-
verse-level effect.? Although inferential approaches to
multiverse analysis are still developing, these methods
offer promising solutions for dealing with the inherent
complexity. However, inference tests that reduce the

variability of interest to a binary outcome (e.g., significant
vs. nonsignificant) may risk oversimplifying the uncer-
tainty that multiverse analysis aims to make transparent
(Gotz et al., 2024).

Probabilistic versus possibilistic interpretation.
When one interprets the results of a multiverse analysis, it
is important to distinguish between probabilistic and pos-
sibilistic uncertainty (Sarma et al., 2024). Probabilistic
uncertainty arises in each individual-analysis pipeline and
reflects the inherent variability in estimating unknown
quantities (e.g., regression coefficients) from a finite sam-
ple size. This type of uncertainty supports probabilistic
statements to be made about the likelihood of certain val-
ues, conditional on the model and assumptions. On the
other hand, possibilistic uncertainty refers to the range of
possible results across the entire multiverse of analysis
decisions. It arises from the multiple defensible decisions
made during data processing, model selection, or other
stages of the procedure, producing a set of defensible,
possible results. These results should not be interpreted as
being more or less likely to be true based on their fre-
quency in the multiverse. For example, although a particu-
lar result may occur more frequently than others across
different pipelines, this does not imply that it is more
likely to be the “correct” result. This is because possibilis-
tic uncertainty does not rely on probability; rather, it rec-
ognizes each result as a valid possibility arising from
defensible analytical choices. Recognizing this distinction
is essential for avoiding misinterpretation. Tools such as
Milliways (Sarma et al., 2024) are designed to make the
difference explicit, using visualizations such as conso-
nance curves and probability boxes to distinguish between
probabilistic uncertainty within a pipeline and possibilistic
uncertainty across pipelines. Emerging inferential frame-
works, such as those described above, offer promising
approaches to inference without assuming probabilistic
independence.

Dataset similarity across pipelines. The potential for
empirical similarity between data sets produced by differ-
ent defensible pipelines should be considered. If such
similarity is prevalent but unreported, consistent results
across the multiverse may be misinterpreted as robustness
to analytical variation when they instead reflect underly-
ing empirical similarity. However, empirical similarity is
not inherently problematic. Rather, the degree of empirical
overlap can provide valuable information about which
analytical decisions exert minimal influence on the data
and which are most consequential. This knowledge could
guide future robustness assessments when resources are
limited, inform interpretations of replication efforts, and
be incorporated into methodological developments aimed
at integrating multiverse results. Therefore, we recom-
mend quantifying and reporting empirical similarity across
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the multiverse. For example, pairwise similarity or dis-
tance metrics can be used for this purpose, such as cosine
similarity (e.g., Dafflon et al., 2022) and Euclidean dis-
tance (e.g., Short, Hildebrandt, et al., 2025) or graph neu-
ral networks (e.g., Burkhardt et al., 2024). Reporting
empirical similarity would therefore enhance transpar-
ency, reduce the risk of overstating robustness, and inform
the interpretation of multiverse results.

Feature-Specific Procedures

Specific data features may bring particular procedural
considerations. For example, although secondary data
sets (e.g., Program for International Student Assessment,
OECD, 2022; the British Household Survey, University
of Essex, 2023) are resource-efficient, there is a lack of
control over data-collection methods. This restricts the
decision nodes available for multiverse analysis at the
design stage, and theoretical hypotheses may not always
align perfectly with the constructs and measures present
in the data set. In addition, limited contextual knowledge
about the sampling procedures and data-collection con-
ditions may make accurate a priori equivalence ratings
more challenging. We recommend reviewing the dataset
documentation to understand the data-collection process
and study design, inform the defensibility and equiva-
lence assessments, and explicitly explain how each deci-
sion is consistent with the documented properties of the
data set. Further feature-specific considerations arise in
longitudinal designs, in which additional uncertainty is
introduced by time-related factors and autoregressive
structures, and in the presence of missing data, in which
the nature of missingness (D. B. Rubin, 1976) and the
strategy with which missingness is handled (Peugh &
Enders, 2004) may influence whether bias is introduced
to the multiverse-analysis results.

Large and complex multiverse analyses have arisen
across multiple research domains, including the social
sciences, observational studies, and biophysiological
research (e.g., Botvinik-Nezer et al., 2020; Engzell &
Mood, 2023; Munoz & Young, 2018; Paul et al., 2022;
Trubutschek et al., 2024). Biophysiological data provide
a salient example of the challenges this can pose in
defining the multiverse because of the complex prepro-
cessing required to extract signal from noise across a
large number of potential decision nodes, options, and
sequences. Various approaches have been used in the
literature to systematically identify defensible pipelines,
such as multilaboratory expert consensus (e.g., Paul
et al., 2022), systematic literature reviews (e.g., Kristanto
et al., 2024), and crowdsourcing pipelines through a
many-analysts approach (e.g., Triibutschek et al., 2024).
However, the defensibility and equivalence of prepro-
cessing pipelines for biophysiological data are context-
dependent. What is defensible and equivalent may

depend on factors that shape variability in the raw data
set, such as the population studied (Haller et al., 2014),
data quality (Clayson et al., 2021), and the experimental
task (Clayson, 2024). Consequently, defensibility and
equivalence evaluation should be tailored to these con-
texts, particularly in cases in which the inclusion of
options can contribute to a large number of pipelines
being generated. When literature reviews are used to
identify pipelines, the eligibility criteria should be spe-
cific enough to reflect contextual factors; otherwise,
unnecessarily large or internally incoherent multiverses
may be generated.

Open Challenges and Future Directions

Although multiverse analysis is a powerful tool for
improving the transparency and rigor of empirical
research, its implementation is not without challenges.

Transparently balancing broadness
and specificity

A central challenge in multiverse analysis is defining the
analytical scope and doing so transparently because the
goals of multiverse analysis may be undermined by
undisclosed bias in the selection of included pipelines.
An overly restrictive scope risks inadvertently introducing
bias, whereas an overly broad scope may dilute interpret-
ability. Following a systematic procedure and a clear
conceptual framework for pipeline selection, such as that
proposed by Del Giudice and Gangestad (2021), and
conducting a data-driven quality or psychometric assess-
ment of pipelines (Short, Inceler, et al., 2025) when rel-
evant to the goals can help researchers to appraise
potential bias. Decisions regarding scope, options, and
pipelines should be explicitly justified in relation to the
stated goals of the multiverse analysis and documented
in sufficient detail to allow readers to evaluate them.

Preregistration

Preregistration has become an important tool for promot-
ing transparency and reducing bias in empirical research
by specifying research questions, hypotheses, study
design, and analysis plans before data collection and
analysis begin. This practice is increasingly recognized
across scientific disciplines for its contribution to research
integrity. However, questions commonly arise about
whether and how to preregister multiverse analyses.

A common misconception is that multiverse analysis
negates the need for preregistration. Multiverse analysis
involves exploring all defensible or equivalent analytical
pipelines within a specified scope to report robustness,
whereas preregistration commits researchers to a pre-
specified analysis plan. Preregistration and the disclosure
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of analytical flexibility have both been proposed as two
of four approaches to the forking-paths problem (Rubin,
2017). However, nonpreregistered multiverse analyses
may allow post hoc selection of pipelines whereby unfa-
vorable results could be omitted. Furthermore, nontrans-
parent and unsystematic selection of pipelines before
computation can be biased toward those expected to
produce a desired result. Combining preregistration with
transparent and systematic pipeline selection offers a
powerful safeguard against selective reporting by ensur-
ing all defensible pipelines are disclosed even if it does
not resolve all inferential challenges associated with fork-
ing paths (e.g., Rubin, 2017). Accordingly, prespecification
of pipelines is encouraged (e.g., Ankel-Peters et al., 2024),
and transparent, systematic documentation of the deci-
sion-making process can ease the cognitive and logistical
load (e.g., Short, Inceler, et al., 2025).

Practical guidance for preregistering multiverse analy-
ses remains limited. The availability of numerous prereg-
istration templates for the single-pipeline approach (e.g.,
a variety of targeted templates are provided on the OSF)
has likely contributed to the widespread adoption of
preregistrations. However, relatively few templates exist
for multiverse analyses, for which multiple pipelines and
the decision-making procedure used to identify them
should be documented. Although an initial preregistra-
tion template for multiverse analyses has been published
(Flournoy et al., n.d.), it is customized for neuroimaging
data. However, a newly developed documentation tool
supports such preregistration across multiple scientific
disciplines (Short, Inceler, et al., 2025). In addition, the
number of preregistered multiverse analyses is increasing
(e.g., Beauducel et al., 2025; Sabey, 2023), offering struc-
tural examples. Consequently, support for preregistering
multiverse analyses is growing.

Computational challenges

Multiverse analysis can impose substantial computational
demands, particularly when the multiverse of pipelines
is large and complex combinations must be navigated.
This is further exacerbated when multiple software pack-
ages or programming languages are required, which can
introduce compatibility issues, fragmented workflows,
and pipeline-specific errors that can be relatively difficult
to identify and resolve compared with global errors.
Consequently, computational feasibility becomes a meth-
odological concern and a technical one with implications
for transparency, completeness, and interpretability.
Several strategies have been proposed to address
these challenges. For example, parallel processing can
substantially reduce run time by distributing pipelines
across cores or computing nodes, and a modular

workflow design can improve efficiency, reproducibility,
and error tracing. Tools such as Boba (Liu et al., 2020)
and Multiverse (Sarma et al., 2023) implement this struc-
ture by breaking down pipelines into modular compo-
nents. When the exhaustive computation of all pipelines
becomes infeasible, machine-learning-based sampling
approaches can infer the outcomes of unsampled pipe-
lines based on the sampled ones (e.g., Dafflon et al.,
2022; Kristanto et al., 2023; Short, Hildebrandt, et al.,
2025). Transparent reporting of computational con-
straints, optimization strategies, and approximation
methods and careful validation of these methods provide
computational support and enable readers to evaluate
the scope, limitations, and interpretability of multiverse
results.

Defensibility and equivalence assessments

The assessment of defensibility and equivalence remains
a methodological challenge in multiverse analysis. Theo-
retical approaches, such as those based on literature
precedent, expert consensus, or many-analyst designs,
are currently the predominant means of establishing
defensibility (e.g., Breznau et al., 2022; Jacobsen et al.,
2025; Kristanto et al., 2023; Paul et al., 2022; Trtibutschek
et al., 2024; Wacker, 2017). Although these approaches
draw on accumulated disciplinary knowledge, they nec-
essarily rely on researcher judgment and may reflect
publication bias or prevailing conventions in a field.
Empirical approaches to defensibility and equivalence
assessments are increasingly discussed but remain com-
paratively underdeveloped. Empirical defensibility
assessments evaluate whether individual pipelines pro-
duce data or estimates that meet minimum adequacy
criteria (e.g., acceptable signal-to-noise ratio or psycho-
metric properties). In contrast, empirical equivalence
assessments involve relative comparisons across defen-
sible pipelines and evaluate whether alternative pipe-
lines yield sufficiently similar results with respect to a
researcher-defined inferential target (e.g., measurement,
effect, or power/precision equivalence; Del Giudice &
Gangestad, 2021) given an explicitly stated threshold.
Although both approaches involve criteria and thresh-
olds, their objectives differ: Defensibility concerns
whether a pipeline is acceptable in isolation, whereas
equivalence concerns whether pipelines are sufficiently
comparable to be treated as interchangeable for a given
analytical purpose. Standardized implementation guide-
lines to assess empirical defensibility and empirical
equivalence remain underdeveloped. This represents a
critical direction for future work that could improve
transparency and comparability and strengthen robust-
ness claims in multiverse analyses.
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Statistically bandling the similarity

of pipelines

Pipelines that share common options, such as the same
normalization technique, may exhibit greater covariance
than pipelines that share fewer options, particularly if
the shared options heavily influence the result. This can
lead to pseudoreplication, whereby the dependency
structure of the variance is unequal across pipelines,
inflating the Type I error rate. Essentially, the same varia-
tion in the data is being tested repeatedly across pipe-
lines that are not fully independent. Such overlap may
also create a false impression of robustness because
pipelines sharing influential analytical options can yield
empirically similar data sets, as discussed in Dataset
Similarity Across Pipelines.

To mitigate this challenge, researchers should avoid
treating pipelines as independent samples (e.g., applying
a traditional ordinary-least-squares-based analysis across
all results) and should avoid treating the results based
on a theory of repeated sampling. As described above,
nuanced statistical methods are being developed (e.g.,
Girardi, 2024). When the goal is to identify key moderat-
ing variables and qualitatively compare underlying mod-
els and their assumptions, organizing the results into
smaller components may be useful. This can be achieved
at the hypothesis-test level by identifying that different
estimands are being tested and running separate multi-
verses for each (e.g., Auspurg & Briidderl 2021) and at the
model level by analyzing the variance or using set theory
to identify model components that lead to certain results
and seeking to understand these differences using theory
or causal-inference logic (e.g., Breznau et al., 2022).
Because variation in multiverse results is systematically
generated by analytical decisions, it can, in principle, be
explained by those decision parameters. Machine-learn-
ing models, such as random forests, gradient boosting,
and permutation-based feature-importance methods, may
offer promising strategies for identifying and ranking the
most influential decision nodes or combinations of
options given that decision nodes can interact in nonad-
ditive ways. We view this as a promising avenue for
future methodological innovation. However, it is impor-
tant to note the potential for reduced interpretability in
some instances, such as when the model is nonlinear,
contains hundreds of features, or relies on complex archi-
tectures, particularly when post hoc explanations are
required (Rudin, 2019; Rudin et al., 2022). These
approaches highlight the need for careful evaluation of
multiverse-analysis results. A standardized approach to
interpretation is yet to be developed.

Ongoing Debates

While preparing this article, it became clear that research-
ers from different disciplines may hold different opinions

on some aspects of multiverse analysis. These varying
opinions highlight the importance of bringing cohesion
across disciplines in terminology and standards to facili-
tate clear and effective debate and interdisciplinary inno-
vation. Here, we summarize the collaborative positions
we reached, in line with the existing literature.

Using multiverse analysis to identify
the “best” pipeline

Although there appears to be a broad consensus that
the primary goals of multiverse analysis are to report
uncertainty and assess robustness, there is an ongoing
debate about whether and how multiverse analyses can
or should be used to identify an optimal data-processing
pipeline. It has been proposed that empirically evaluat-
ing pipelines against predefined quality criteria, such as
reducing measurement noise or improving psychometric
reliability, can prune the multiverse of pipelines within
a specific analytical context (e.g., Clayson et al., 2021),
thereby supporting empirical assessment of defensibility
or equivalence. Importantly, such evaluations do not aim
to identify a universally superior pipeline or recover a
ground truth but, rather, to refine the space of defensible
pipelines for a particular population, component, and
study design. However, caution is warranted when
selecting the criteria for such assessments. In particular,
effect size is not an appropriate criterion for ranking
pipelines because larger or more consistent effects can
arise from measurement bias rather than by improved
validity or accuracy when the true effect is unknown
(Feuerriegel & Bode, 2022). Accordingly, although
empirical assessments of pipeline quality can improve
context-specific pruning of the multiverse when appro-
priate criteria are used, they do not justify general claims
about the “best” pipeline without additional theoretical
justification, simulation evidence, or cross-validation.

Inclusion of covariates as a decision node

The inclusion of covariates as a decision node in a mul-
tiverse analysis is a key point of debate. One perspective
treats the inclusion of covariates analogously to other
analytical decisions, arguing that varying covariates across
pipelines can illuminate the sensitivity of results to plau-
sible modeling choices, particularly in observational
research, in which confounding is a primary concern.
However, Del Giudice and Gangestad (2021) cautioned
that alternative covariate sets often do not represent dif-
ferent ways of answering the same question; rather, they
correspond to substantively different estimands. From this
perspective, pipelines that differ in covariate structure
alter the underlying model structure and no longer esti-
mate the same causal effect or association. As a result,
pipelines are rendered effect nonequivalent and should
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not be interpreted as interchangeable within a single mul-
tiverse (Del Giudice & Gangestad, 2021). Recent work
grounded in causal-inference principles, although not
addressing multiverse analysis specifically, supports this
view, demonstrating that conditioning on different vari-
ables may open or close causal paths, introduce bias, and
fundamentally alter the causal quantity being estimated
(Chen et al., 2024). Consequently, varying covariates
across pipelines may shift the focus from assessing the
robustness of a single model to comparing substantively
different models, complicating interpretation if causal
equivalence is not explicitly addressed. Ultimately, the
decision of whether to include covariates as a decision
node in a multiverse analysis depends on the research
aims. If the primary aim is to explore how different, theo-
retically defensible modeling choices correspond to dif-
ferent estimands, including covariates in the multiverse
analysis may be appropriate, provided the results are
interpreted in a causal framework. However, if the aim is
to assess the robustness of results from a single model,
covariate variation should be handled with caution,
potentially through separate multiverses based on effect
equivalence.

Existence and measurement of
equivalence between options or pipelines

There is ongoing debate surrounding the existence and
measurement of equivalence between pipelines in a
multiverse analysis. Some argue that analytically distinct
pipelines can reasonably be treated as equivalent with
respect to a clearly defined criterion, such as testing the
same effect with comparable validity or precision (Del
Giudice & Gangestad, 2021), despite functional differ-
ences in how the data are processed. However, others
caution that any functional variation necessarily alters
the data in nonidentical ways and therefore conflicts
with a strict interpretation of “equivalence.” This con-
cern is particularly pertinent when equivalence is opera-
tionalized using point or interval thresholds. Under such
approaches, pipelines that yield nonidentical results
may nonetheless be classified as equivalent if they fall
within a prespecified bound. Critics argue that this
usage risks semantic confusion because the term “equiv-
alence” may be interpreted as implying identical values
rather than practical interchangeability relative to a
defined criterion. Relatedly, there is debate about how
equivalence should be represented. Del Giudice and
Gangestad (2021) proposed a discrete classification
framework comprising Types E, N, and U as a pragmatic
tool for decision-making, whereas others have sug-
gested that equivalence is better conceptualized as a
continuum. Regardless of whether equivalence is treated
categorically or continuously, it remains essential that

researchers clearly document the rationale, assump-
tions, and thresholds underlying equivalence judgments
to avoid misinterpretation.

Conclusion

Multiverse analysis is a powerful tool for assessing
robustness and articulating uncertainty in empirical
research, but its application requires transparency, sys-
tematicity, and careful consideration of the data and
design. In this article, we aimed to promote interdisci-
plinary cohesion by providing comprehensive guidance
for conducting multiverse analysis appropriate for a vari-
ety of scientific disciplines. As multiverse analysis con-
tinues to evolve, several key challenges and opportunities
arise for future attention. First, further development is
required in the area of empirical assessments of defen-
sibility and equivalence, and interdisciplinary collabora-
tions in this respect could provide well-informed,
multiperspective standards that can be applied across
disciplines. Second, advancing statistical methods that
account for variable nonindependence between pipe-
lines is a promising area for methodological innovation.
This could involve the integration of causal-inference
logic, dependence-adjusted aggregation techniques,
and machine-learning models to detect influential deci-
sion nodes. Third, improving transparency in how and
why defensible options are included or excluded and
developing empirically grounded metrics for measuring
both dataset and pipeline similarity will facilitate valid
interpretation. Finally, achieving consensus on best
practices will require continued interdisciplinary dia-
logue, shared open-source tools, and a collective com-
mitment to transparent reporting. Together, these
developments could lead to a more rigorous, standard-
ized, and collaboratively developed framework for mul-
tiverse analysis.

Glossary

Multiverse analysis: A method that systematically explores
and evaluates the impact of multiple defensible analyti-
cal decisions on research outcomes, such as those relat-
ing to data processing or model specification, to assess
robustness and report on methodological and analytical
uncertainty.

Decision node’: A specific step in the research work-
flow (pipeline) in which the researcher must decide to
either include or exclude the step or a step in which
multiple alternative options are available for selection
(e.g., outlier detection).

Option?: One of the alternative choices available at a
given decision node (e.g., a method for outlier detection,
such as £3.29 SD from the group mean).
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Pipeline: One sequential combination of options from
the first to the last decision node, representing one com-
plete workflow alternative.

Defensible: An option or pipeline can be considered
defensible if it is rationally justifiable within the context
of a single-pipeline analysis. Although this can be partly
subjective, the evaluation can be guided by domain
knowledge, accepted methodological approaches, the-
ory, application in recent peer-reviewed literature, or
empirical assessment.

Equivalent: Options or pipelines are considered equiva-
lent when relative to a researcher-specified criterion, they
can be reasonably treated as interchangeable for the pur-
pose of a given multiverse analysis. Equivalence is assessed
relatively and can rely on, for example, theoretical expec-
tations, expert consensus, or empirical assessment.

Pipeline similarity/analytical similarity: The degree
to which analytical pipelines share overlapping decision
nodes, decision-node sequences, and options; leading
to structural or methodological dependence between
pipelines.

Dataset similarity/empirical similarity: The degree of
overlap or correlation between data sets produced by
different analytical pipelines, reflecting how similar the
resulting data are in their empirical properties.
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Notes

1. “Alpha level” is the threshold probability (commonly set at
.05 or 5% or less) used to determine whether to reject the null
hypothesis. It represents the maximum acceptable risk of making
a Type I error—incorrectly rejecting a true null hypothesis.

2. The formula to assess the threat of a confounding variable is
expected.corr(x,y) = corr(x,y) — (corr(x,cv) x corr(y,cv)).

3. We prefer the terms “decision node” and “option” to the cor-
responding terms “parameter” and “parameter value” that were
proposed by Hall et al. (2022) because the term “parameter” is
usually used to indicate the population estimate within a statisti-
cal model.
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