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Multiverse analyses—the systematic examination of the effects of decisions that researchers can take over the
course of a research project—became more common in recent psychophysiological research. However, multi-
verse analyses in psychophysiology almost exclusively focus on methodological and statistical decisions that can
have a considerable impact on the findings. The role of the conceptual multiverse regarding theory-related
research decisions is largely ignored. We argue that the choice of a theory that guides hypotheses, study
design, measurement methods, and statistical analyses is the first plane of the psychophysiological multiverse.
Depending on the chosen theoretical framework, researchers will choose different methods, and statistical an-
alyses will emphasize specific aspects. We illustrate this process with a research example studying the effects of
task difficulty manipulations on cardiovascular effects reflecting effort. We argue in favor of an approach that
explicitly acknowledges the various theoretical accounts that can constitute the background of a study and
demonstrate how a comparative analytical approach can provide a comprehensive multiverse without increasing

type I error due to mere exploration.

1. Theories and hypotheses: The forgotten plane of the
multiverse

Multiverse analysis refers to reporting and comparing the effects of
all reasonable decisions that researchers can take over the course of a
research project. Like in other scientific disciplines (e.g., El Bahri et al.,
2022; Engzell and Mood, 2023; McBee et al., 2021), multiverse analysis
(Clayson, 2024; Steegen et al., 2016) and the related specification curve
(Simonsohn et al., 2020) and vibration of effects analyses (Patel et al.,
2015) have become more frequent in psychophysiology over recent
years (e.g., Lewis et al., 2023; Sadus et al., 2024; Sjouwerman et al.,
2022). A multiverse approach acknowledges that researchers have to
make a multitude of decisions when conducting a research project and
that this introduces variability in the research outcome because re-
searchers vary in the specific decisions that they make (Breznau et al.,
2022). Every decision that a researcher can take leads to a new universe
in which the final research outcome potentially differs from the research
outcome in another universe. It is of note that pre-registrations and
registered reports—valuable tools to encourage researchers to explicitly
state their decisions before beginning a research project—cannot prevent
the variability that multiverse analysis addresses: Even if researchers

pre-register their projects, there will be variability in the decisions that
different researchers take and decisions that one and the same
researcher takes in the context of different projects.

1.1. The methodological multiverse

In psychophysiology, researchers have amongst others demonstrated
the variability of research results as a function of data-related decisions
on outlier treatment (Bloom et al., 2022), data exclusion criteria (e.g.,
Bloom et al., 2022; Lewis et al., 2023), EEG reference schemes (Klawohn
et al., 2020), applied filter frequencies (Sadus et al., 2024), skin
conductance response quantification (Sjouwerman et al., 2022), model
covariates (Bloom et al., 2022), and study sample composition (Lewis
et al., 2023)—to name a few. Depending on the analyzed multiverses
and outcome variables, some of these multiverse analyses provided ev-
idence for a considerable influence of researchers' decisions on the re-
ported findings. For instance, Lewis et al. (2023) observed that the
difference in extinction retention in a fear conditioning paradigm be-
tween individuals with posttraumatic stress disorder (PTSD) and
trauma-exposed individuals who did not suffer from PTSD varied
considerably as a function of extinction retention index, sample sex,
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exclusion criteria, and outlier trial removal—they reported a mean
Cohen's d of —0.29 with a standard deviation of 0.36.

Most of these study examples—and most multiverse analyses in
general—focused on the impact of differences in the processing and
analyzing of data in individual, original empirical studies. However,
multiverse analysis is not limited to this. For instance, Voracek et al.
(2019) applied the multiverse idea to meta-analysis demonstrating how
the various decisions that can be made in the context of the analysis of
secondary data influence the final result. Harder's (2020) work consti-
tutes another example that the multiverse approach is not limited to data
processing and analysis. They showed that decisions at the initial data
collection stage can create a multiverse, as well. Amongst other effects,
they demonstrated that the time that researchers allow participants to
respond to the target in the first-person shooter task developed by
Correll et al. (2002)—a measure of racial bias—strongly influences the
likelihood of finding a bias in shooting errors and response times. Longer
response windows around 850 ms make it more likely to find a bias on
response times whereas shorter windows around 650 increase the like-
lihood of finding a bias on response error. The purpose of the present
paper is to extend the multiverse perspective even further by illustrating
that decisions about the theoretical framework and scientific hypoth-
eses—i.e., conceptual decisions that have to be made before the decisions
about data collection and data analysis are taken—can also lead to
considerable variability in the research outcome and thus constitute
another plane of the multiverse. Surprisingly, this conceptual plane of
the multiverse has been largely neglected to date.

1.2. The conceptual multiverse

When planning their studies, researchers are guided by theories and
hypotheses. These theories and hypotheses can be explicit and clear like
in the context of our own research in the context of Brehm and Self's
(1989) motivational intensity theory (e.g., Bouzidi and Gendolla, 2024;
Brinkmann et al., 2021; Falk et al., 2024; Framorando et al., 2023;
Gendolla et al., 2019; Richter et al., 2016) or they can be implicit, latent
beliefs about variables and how these variables should be related to one
another (Fried, 2021). However, even the most exploratory research is
inevitably guided by an implicit theory or hypothesis that tells the
researcher which topic to explore and what to manipulate and measure.
Independent of whether theories and hypotheses are explicit or implicit,
the theory that researchers adopt and the hypotheses that they decide to
examine determine the study that they conduct and thus the results that
they can obtain. The sample that is recruited, the factors that are
manipulated, and the variables that are assessed are amongst the many
aspects that are determined by the chosen theory and hypotheses.

Given that there is frequently more than a single theory that can be
adopted to study a phenomenon and more than a single hypothesis that
can be formulated and tested, decisions about theories and hypotheses
are part of the multitude of decisions that researchers have to make
when conducting a research project. As any other research-related de-
cision, considered and selected theories and hypotheses can introduce
variability in the research outcome given that researchers differ
regarding the decisions that they take. Decisions about theories and
hypotheses thus create an additional-—conceptual—plane of the multi-
verse. If primary data are collected in the context of a project, the
conceptual and methodological planes are tightly connected, as dis-
cussed in the preceding paragraphs. In contrast, if secondary data are
collected, both planes can become disconnected given that researchers
may decide to analyze theories and hypotheses that are different from
the ones that drove the original data collection. It is of note that vari-
ability in the hypotheses that researchers examine is not necessarily the
consequence of the adoption of different theories. It can also be the
result of researchers selecting different hypotheses from one and the
same theory (Loken and Gelman, 2014). According to our view, psy-
chophysiologists have largely ignored the conceptual theory-and-
hypotheses plane of the multiverse, so far. This is probably due to
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psychophysiologists traditionally working with only a single theory and
testing only a single hypothesis for a particular outcome variable. Psy-
chophysiologists thus frequently miss out on many universes that are
created by decisions about theories and hypotheses.

It may seem that a conceptual plane multiverse analysis is qualita-
tively different from the traditional multiverse analysis on the meth-
odological plane. This is because comparing the effects of the selection
of different theories and hypotheses may suggest that different questions
are analyzed whereas the traditional multiverse analysis focusses on the
effects of different methodological decisions in the context of a single
question. However, this is not the case. On both the conceptual and
methodological planes, multiverse analyses compare the effects of re-
searchers' decisions on outcome variability in the context of a single
question or research aim. In methodological multiverse analyses, the
questions are more specific, frequently corresponding to a single hy-
pothesis. For instance, the multiverse analysis of the impact of different
analytic methods on the strength of fear conditioning effects by Lewis
et al. (2023) described in a preceding paragraph was guided by the
hypothesis that individuals suffering from PTSD and individuals not
suffering from it differ regarding the effectiveness of fear conditioning.
In a multiverse analysis on the conceptual plane, the questions and aims
are more general, but there is still a single question or aim guiding the
analysis. For instance, the two analyses that we describe in Section 1.4
are driven by the general question about the specific relationship be-
tween task difficulty and effort mobilization.

Examining the conceptual multiverse created by theory choice can
be difficult given that different theories may lead to completely different
studies. In contrast to a multiverse analysis of data analysis-related de-
cisions where research outcomes of alternative universes can easily be
created by re-analyzing one original data set using different processing
and analytical strategies, it is obviously impossible to examine the
research outcome of a study that has not been conducted. However, if
two or more theories can be applied to generate hypotheses for one and
the same study, it is possible to examine the effect of theory choice on
research outcomes by testing the hypotheses generated by the different
theories and comparing the results. The same strategy can be adopted to
examine the variability created by the choice of one of multiple hy-
potheses offered by one and the same theory.

1.3. An example: The conceptual plane of the Richter et al. (2008)
experiment

We will now illustrate the effect that the adoption of different the-
ories and hypotheses has on research outcomes using a psychophysio-
logical experiment that we published a while ago (Richter et al., 2008).
In that study, participants performed a short-term memory task
randomly allocated to one of four task difficulty conditions—labelled
“low difficulty”, “moderate difficulty”, “high difficulty”, and “impos-
sible difficulty”. Task-related reactivity of participants' cardiac pre-
ejection period1 (PEP) constituted the main outcome variable to assess
the intensity of mental effort during task performance. The first source of
variability in this study results from the various hypotheses that our
guiding theoretical framework—motivational intensity theory (Brehm
and Self, 1989)—offers for a manipulation of task difficulty across four
levels. Motivational intensity theory suggests that effort—which we
operationalized as PEP reactivity (Kelsey, 2012; Wright, 1996)—is a
direct function of task difficulty if task success is possible and if the

1 Pre-ejection period (PEP) is a measure of the heart's contractile force and
assessed as the time interval (in ms) from the onset of the electrical depolari-
zation of the left heart ventricle to the beginning of the ejection of blood from
the ventricle into the aorta. PEP reflects beta-adrenergic sympathetic nervous
system impact on the heart and becomes shorter with increasing contractile
force. Pre-ejection period reactivity refers to the change in pre-ejection period
from a baseline period to a task performance period.
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required effort is justified by the importance of successfully completing a
task. If success is not possible—for instance, because the necessary effort
exceeds a person's ability—or if the required effort is not justified, in-
dividuals should disengage from the task and no effort should be
invested. The specific hypothesis that the theory predicts for a study
involving a manipulation of task difficulty across four levels depends on
two decisions that a researcher has to make: A decision about the dif-
ficulty level where disengagement is expected because of the task being
too difficult—either because the required effort is not justified by suc-
cess importance or because task success is impossible—and a decision
about the relative difference between the predicted effort in the low-
difficulty condition and the conditions where disengagement is
expected.

The first decision to be taken determines the range of difficulty levels
where an increase in effort and thus stronger PEP reactivity is expected
with increasing task difficulty and leads to five different hypotheses: (1)
A researcher assuming that success importance is high enough to justify
the required effort in all four conditions and additionally assuming that
success is also possible in the condition that we labelled “impossible”
will predict an increases in PEP reactivity with increasing task difficulty
across all four levels. (2) A researcher assuming that success was indeed
impossible in the impossible-condition or that success importance was
not high enough to justify the extreme effort required in the impossible-
condition, will predict an increase in PEP reactivity with increasing task
difficulty across the first three levels and disengagement—that is, no or
very weak reactivity—in the impossible-condition. (3) A researcher
assuming that the required effort is only justified in the two easiest
conditions, will expect an increase in PEP reactivity across these two
conditions and disengagement in the other two conditions. (4) A
researcher assuming that the required effort is only justified in the
easiest task condition, will expect increased PEP reactivity only in this
condition but not in the other three conditions. (5) A researcher
assuming that success importance is so low that it does not justify the
required effort in any of the four difficulty conditions will predict
disengagement and no PEP reactivity in all four conditions. The last
hypothesis is probably not very meaningful given that it makes not much
sense to conduct a study where the single manipulated variable is ex-
pected to have no effect. We will therefore not consider this latter hy-
pothesis in the following discussion.

The second decision to be taken is about the difference between the
effort predicted in the low-difficulty condition and the condition(s)
where disengagement is expected. From a purely theoretical perspec-
tive, one would expect more effort and stronger PEP reactivity in the
low-difficulty condition—if one assumes that the required effort is
justified by success importance in this condition—than in the disen-
gagement conditions. Even if only very little effort is required to suc-
cessfully perform the easy task, this would still be more than no effort,
which is expected if someone disengages. However, researchers may be
reluctant to make such a prediction given that the difference in effort
between the low-difficulty task and disengagement may be so small that
it may be difficult to empirically observe it. Researchers thus have two
choices: predicting higher effort in the low-difficulty condition than in
the disengagement conditions or predicting equal effort in these
conditions.

Summing up, the two decisions that researchers have to make to use
motivational intensity theory (Brehm and Self, 1989) to predict effort in
a study with a manipulation of task difficulty across four levels like in
our Richter et al. (2008) experiment lead to the six meaningful hy-
potheses displayed in Fig. 1. However, following the standard approach
in psychophysiology, researchers would normally only test the hy-
pothesis that they derived from motivational intensity theory as a
function of their own specific decisions. We followed this standard
approach in our article and tested the single hypothesis that we had
formulated—Hypothesis 2 in Fig. 1—which was significant with p <
.001. It is, however, not difficult to complement this single test with a
multiverse analysis. Given that the study had a between-persons design,
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the reported summary statistics are sufficient to conduct tests for the
other five meaningful hypotheses. Using the reported information about
means, standard deviations, and number of participants in each condi-
tion, one can create a surrogate data set (Larson, 1992)—an artificial
data set that leads to the same single-factor analysis of variance sum-
mary statistics than the original data set—and then test the other hy-
potheses with the same planned a priori contrast method (Rosenthal and
Rosnow, 1985) that we used to conduct the test presented in the paper.”
The contrast weights that can be used to test the hypotheses as well as
the p values of the associated planned contrasts for all six hypotheses are
indicated in Table 1. The R script that was used to conduct the analyses
described in the paper can be found at https://osf.io/7teuv/?
view_only=857d4287b84c411eble4cc51f2d91ef5.

As Table 1 reveals, the statistical tests were significant for some
hypotheses, but not for others. This demonstrates the variability of the
research outcome as a function of the expected effects and consequently
as an effect of the two decisions that researchers are forced to make
when applying motivational intensity theory to a study like the Richter
et al. (2008) experiment. Assuming that task difficulty in the impossible-
difficulty condition was indeed impossible and that effort in
this—disengagement—condition would not be different from the effort
invested in the low-difficulty condition, we predicted Hypothesis 2 in
the paper and found a significant results. A researcher applying moti-
vational intensity theory's disengagement prediction more strictly by
expecting higher effort in the low-difficulty condition than in the
impossible-difficulty condition would have formulated Hypothesis 5 and
also obtained a significant planned contrast result. However, researchers
making any of the other meaningful predictions would not have found a
significant effect.

In addition to the variability in research outcome that is introduced
by examining different hypotheses resulting from one and the same
theory (Loken and Gelman, 2014), using different theories can also lead
to different hypotheses and corresponding variability in the outcome.
For instance, some authors suggested that the relationship between task
difficulty and effort is best described by an inverted-U shape (Fairclough
and Ewing, 2017; Mallat et al., 2020; van der Wel and van Steenbergen,
2018)—and not the sawtooth pattern suggested by motivational in-
tensity theory (Brehm and Self, 1989). This theory would lead to the
prediction of high effort in the moderate-difficulty and high-difficulty
conditions and low effort in the low-difficulty and impossible-
difficulty conditions. Hypothesis 7 in Fig. 1 displays this prediction.
Another example of a theory that leads to different predictions for the
Richter et al. (2008) experiment is the postulate that task difficulty and
effort-related sympathetic activity are related in an exponential,
quadratic manner (Slade et al., 2021)—and not in the linear manner
assumed by many researchers who relied on Wright's (1996) psycho-
physiological adaption of motivational intensity theory. This alternative
postulate assumes that the differences in the amount of sympathetic
activity (and thus PEP reactivity) induced by adjacent difficulty levels
are not stable but increase with increasing task difficulty. That is, the
difference in effort-related sympathetic activity between the easy-
difficulty condition and the moderate-difficulty condition should be
smaller than the difference between the moderate-difficulty condition
and the high-difficulty condition. This hypothesis is presented as Hy-
pothesis 8 in Fig. 1.

Testing the hypotheses derived from these two alternative theo-
ries—the associated contrast weights are indicated in Table 1—leads to

2 Please see Richter, M. (2016). Residual tests in the analysis of planned
contrasts: Problems and solutions. Psychol Methods, 21(1), 112-120. https
://doi.org/10.1037/met0000044, for an introduction on how to translate
theoretical hypotheses into contrast weights and how to conduct the associated
planned a priori contrast. Please note that a priori contrasts take into account
all cells/conditions of a design and thus differ from tests of pairwise compari-
sons that are sometimes also called planned contrasts.
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Fig. 1. Meaningful Hypothesis for the Richter et al. (2008) Study.
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Notes. Hypotheses 1-6 are derived from motivational intensity theory (Brehm and Self, 1989). Hypotheses 2-4 reflect predictions that are based on the decision to
predict equal effort in the low-difficulty and disengagement condition(s). Hypotheses 5 and 6 are based on the decision to predict less effort in the disengagement
condition(s) than in the low-difficulty condition. Hypothesis 7 is based on the prediction of an inverted U-relationship between task difficulty and effort. Hypothesis 8
reflects the assumption of an exponential relationship between increases in task demand and effort-related sympathetic activity if the required effort is justified and

success is possible.

Table 1
Contrast weights and p values of the planned contrasts used to test the hy-
potheses presented in Fig. 1.

Hypothesis Contrast weights Contrast p value
Low Medium High Impossible
1 -3 -1 +1 +3 .48
2 -3 +1 +5 -3 <.001
3 -1 +3 -1 -1 .35
4 +3 -1 -1 -1 .01
5 -1 +1 +3 -3 <.01
6 +1 +5 -3 -3 .19
7 -1 +1 +1 -1 <.001
8 -5 -1 +11 -5 <.001

significant results in both cases. A researcher working with one of the
two alternative theories would thus also have found supporting evidence
in the Richter et al. (2008) experiment.

The objectives of the two types of conceptual multiverse analyses
described in the preceding paragraphs slightly differ. The analysis of
variability due to the adoption of different hypotheses derived from one
and the same theory mainly examines variability that is caused by dif-
ferences in how researchers interpret the study manipulations—for
instance, whether task success is considered to be impossible in the
highest difficulty condition. The analysis of variability due to the
adoption of different theories has a slightly different objective. It aims to
illustrate how well different theories explain the data and to examine
how large the outcome variability caused by the adoption of different
theories is.

1.4. Results aggregation using bayes factors

Many multiverse analyses only exploratively describe the variability
in the research outcome as a function of the potential decisions that

researchers can make, frequently not controlling for an increase in type I
error. There are notable exceptions like specification curve analysis
(Simonsohn et al., 2020), but most analyses do not offer any integration
of the results. In the context of a multiverse analysis of the effects of
decisions on theories and hypotheses, an integration can be provided
using likelihood ratios or Bayes Factors to directly compare the relative
fit of the various hypotheses with the data. Likelihood ratios and Bayes
Factors compare the likelihood of the data under one hypothesis with
the likelihood of the data under an alternative hypothesis and provide
thus a relative measure of how well the data fit the individual hypoth-
eses. Bayes Factors range from near zero to infinity and indicate how
much support there is for one hypothesis—or model—over the other. A
Bayes Factor of 1 indicates that both hypotheses are equally strongly
supported by the data, whereas smaller and larger Bayes Factors favor
one of the two hypotheses. Even if Bayes Factors constitute a continuous
measure of support, some researchers provided categorical labels to help
interpretation. For instance, Lee and Wagenmakers (2014) suggested
that Bayes Factors ranging from 1 to 3 and from 1/3 to 1 should be
considered anecdotal evidence, from 3 to 10 and from 1/10 to 1/3
moderate evidence, and from 10 to 30 and from 1/30 to 1/10 strong
evidence. It is straightforward to calculate the required likelihood ratios
or Bayes Factors using the information that is available from the planned
contrast analyses (e.g., Glover and Dixon, 2004; Masson, 2011; Richter,
2016)—mainly the sum of squares associated with the various sources of
variance. Table 2 presents the Bayes Factors for the comparison of the
eight hypotheses discussed in the preceding paragraphs.®

Table 2 illustrates that some hypotheses—Hypotheses 2, 5, and
8—consistently outperform the other hypotheses. This additional ag-
gregation of the data beyond the presentation of whether the planned

3 Given that likelihood ratios provide in this context the same information as
the Bayes Factors, we refrained from presenting likelihood ratios.
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Table 2
Bayes Factors for the comparison of the hypotheses presented in Fig. 1.
Hypothesis 1 2 3 4 5 6 7 8

1 - 4.16x 107 0.92 0.03 448x10%°  0.66 327x 107 1.70x 103!
2 2.40 x 10% - 222x 103" 7.53x10%®  107.68  1.58x 10" 7.85x10'° 4.09
3 1.08  451x10% - 003  485x10%° 071 B354x105 1.85x 107
4 3192 133x10% 2947 - 143x 102 2093  1.04x 10" 544x 103
5 223x 10  0.01 2.06x 10*  7.00 x 107 - 1.46x 102 729x 10  0.04
6 153 635x10%2 141 0.05  6.83x10™ - 4.98x 10 2.60 x 107!
7 3.06x 10 1.27x 1077 2.83x 10" 9.59x 10> 1.37x 10 2.01 x 10™ - 522x 10"
8 5.87 x 10%° 0.24 542x10° 1.84x10%° 2630  3.85x 10 1.92x 10 -

Notes. Cells with strong relative evidence in favor of the hypothesis listed in the first column are highlighted in light grey.
Cells with strong relative evidence against the hypotheses listed in the first column are highlighted in dark grey.

contrast tests were significant for the individual hypotheses shifts the
multiverse analysis from exploratory to explanatory. Instead of merely
illustrating that the research outcome varies as a function of decisions
made when selecting theories and hypotheses, it allows researchers to
illustrate which hypotheses are more supported by the data than others
and thus prepares future focused work that advances the field. For
instance, the suggested multiverse analysis can help to select the specific
hypotheses that are than tested against one another in decisive studies
enabling a strong inference (Platt, 1964) or multiple working hypothe-
ses (Chamberlin, 1897) approach. It is noteworthy that this benefit of
the suggested aggregation constitutes a qualitative difference to most
other multiverse analysis approaches: Instead of merely constating the
amount of variability that researcher decisions cause, aggregating the
data with Bayes Factors—or likelihood ratios—provides information
about which decisions are more supported by the data.

1.5. Recommendations

We encourage researchers interested in a multiverse analysis to not
only consider the impact that methods and data analysis-related de-
cisions have on research outcome, but also to consider the impact that
decisions about guiding theoretical frameworks and hypotheses have.
These decisions are the first that are normally made when designing a
study and can have a considerable impact on the outcome—as illus-
trated in the discussed example. Exclusively focussing multiverse ana-
lyses on methodological and analytical decisions would miss out on an
important source of variation. Integrating the conceptual plane of de-
cisions about theories and hypotheses in multiverse analysis will provide
a more comprehensive approach to studying the sources of research
outcome variability. However, the suggested analysis is only possible if
sufficient information for a re-analysis of the data is provided. Cell
means, standard deviations, and number of participants per condition
are sufficient in the case of between-person designs as illustrated in the
preceding sections, but the creation of a surrogate dataset is not possible
with these pieces of information in the case of repeated-measures de-
signs, mixed-model designs, or correlational designs. We thus strongly
recommend that researchers make their full data sets available so that
other researchers have access to all information required for a multi-
verse analysis of the impact of decisions about theories and hypotheses
on research outcome. We also recommend that researchers do not
conduct multiverse analysis with the aim to merely describe the amount
of variability but with the aim to provide some kind of integration that
goes beyond the descriptive level. In the case of variability due to the-
ories and hypotheses, the suggested Bayes Factor-based analysis

provides such an integration.
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