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ABSTRACT

Analyzing data is a complex, multi-step process, with multiple choices available at each step, such
as whether and how to exclude outliers, what approach to use to operationalize a variable, or what
model and parameters to apply. While it is often possible to exclude some choices as invalid,
often many alternatives remain that are equally valid, and when these alternatives lead to divergent
conclusions there exists what I term analytical uncertainty. Faced with this complexity and the
practical demands for professional productivity, analysts often report either a single analysis or
a small number of non-divergent supporting analyses, which can result in what has been called
uncertainty laundering: misrepresenting uncertainty as if it were a known quantity. Yet accurately
communicating analytical uncertainty, which is often non-quantified or non-quantifiable, in a way
that is both practically useful and professionally acceptable often proves to be an exceedingly
difficult task.

In this dissertation, I explore ways to use data visualizations and interactive systems to support
the assessment, communication, and reduction of analytical uncertainty. My aim is to pare away a
slice of the ontological uncertainty present in empirical research and render it in such a way that
not only can it be assessed and clearly communicated, but also so that it can be reduced.

A review of literature on topics related to uncertainty led me to reconceptualize the method
of multiverse analysis as a way to assess and communicate analytical uncertainty. A systematic
review and critical analysis of published multiverse analysis reports resulted in the derivation of
a taxonomy of multiverse analysis tasks, as well as the identification and detailed description of
multiverse visualizations archetypes. The systematic review also resulted in the observation that
a specific set of multiverse analysis tasks—validation tasks and interpretation tasks—are critical
to making a multiverse analysis useful and meaningful, yet are also the tasks that are the least
supported by existing archetypes and interactive systems. I conclude that these tasks may be par-
ticularly difficult and require multiple perspectives on the data, such that they are perhaps best
supported by a set or series of visualizations.

I then developed a prototype system is developed named AugMeet, which uses two techniques in
combination to support validation and interpretation tasks: augmented presentation; and a specially
designed series of interactive visualizations, including new designs, namely parameter-faceted

outcome curves, outcome-faceted outcome curves, and twin-faceted residual plots. 1 evaluated

Xii



this system by recording an approximately 25 minute presentation I gave using the AugMeet sys-
tem, which was based on my own novel analysis of the hurricane gender-name multiverse created
by previous authors [89, 81]; I then showed the recorded demonstration to seven experienced re-
searchers, who I judged to be representative of the intended users for this type of system. Based

on these interviews, I offer the following four conclusions:

* The augmented presentation aspects of AugMeet seemed to serve primarily as a way to make
it easier for the audience to listen to and understand the information being conveyed to them

about and through the visualizations themselves.

* Comparing residuals of twin universes elicits divergent thinking, even though the design
intent of twin-faceted residual plots was to avoid spurious conclusions about the superiority

of one multiverse option over another.

* Parameter-faceted outcome curves give perspective and focus first by providing an overview
of all the choices that have been identified as worth considering, and then by providing visual

features to identify what is important (potentially impactful) and what is not.

* AugMeet supports the iterative group effort necessary to complete difficult validation and
interpretation tasks, and participants found particular value in the demonstrated workflow

that featured progressive iteration around a multiverse in a group setting.

Analytical uncertainty is far from trivial to assess, communicate, and reduce, but the techniques
developed and explicated within this dissertation show how it is indeed possible and can be practi-

cable.
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CHAPTER 1

Introduction & Overview

1.1 Background

Analyzing data is a complex, multi-step process, with multiple choices available at each step, such
as whether and how to exclude outliers, what approach to use to operationalize a variable, or what
model and parameters to apply [57]. While it is often possible to exclude some choices as invalid,
often many alternatives remain that are equally valid. When these alternatives can lead to divergent
conclusions, there exists what I term analytical uncertainty. Faced with this complexity and the
practical demands for professional productivity, analysts often report either a single analysis or a
small number of non-divergent supporting analyses. This practice, sometimes termed undisclosed
flexibility, can cause serious transparency and methodological issues [86, 98, 40] and has been
identified as a major cause of the replicability crisis in psychology and other disciplines [68, 65,
23]. Undisclosed flexibility is but one example of a deeper underlying problem of uncertainty
laundering: misrepresenting uncertainty as if it were a known quantity [38, 39]. Yet accurately
communicating analytical uncertainty, which is often non-quantified or non-quantifiable, in a way
that is both practically useful and professionally acceptable often proves to be an exceedingly
difficult task.

In this dissertation, I explore ways to use data visualizations and interactive systems to support
the assessment, communication, and reduction of analytical uncertainty. My aim is to pare away a
slice of the ontological uncertainty present in empirical research and render it in such a way that
it can not only be assessed and clearly communicated, but also so that it can be reduced. In the
following sections I give a summary of each chapter of this dissertation, followed by the thesis

statement for the dissertation as a whole (section 1.5).



1.2 Defining & Grounding Analytical Uncertainty (Chapter 2)

The replication crisis has highlighted the fact that scientific findings are inherently uncertain, and
that the uncertainty is often greater than commonly anticipated [74, 49]. In chapter 2, I review
literature related to the concept of analytical uncertainty, a term I define as: uncertainty about
empirical knowledge acquired through the process of data analysis due to a lack of certainty about

the data analysis process itself (see Figure 1.1).

Large World
3
Measurement
............................................
Understanding : Ontological Uncertainty

Analytical Uncertainty

- Interpretation
Knowledge .............................
[ Data Analysis J
s

3) Multiverse Analysis 1) Prepare data for analysis
(many specifications, universes)

> > N <
Raw Constructed
- /)

1 2) Model the phenomena l
Multiverse of Models Multiverse of Datasets
(many small worlds) Small World (SW) (many dataset universes)

(model, microcosm)

|sw||sw||sw||sw|

Aleatory Uncertainty

|sw||sw||sw||sw|

Epistemic Uncertainty

| Hall 2020 | Spiegelhalter 2017 | Steegen etal. 2016 | McElreath 2015 |

Figure 1.1: Diagram of the connections between analytical uncertainty and related concepts.

Chapter 2 addresses two research questions, summarized in the following subsections. Research

questions are numbered according to their associated chapter in this dissertation.



RQ 2.1: What are the types of uncertainty that may be contributing to the
replication crisis?

Figure 1.1 is a diagram of the empirical research process, which I depict as being set against a sur-
rounding background of ontological uncertainty (section 2.7): from the Latin ontologia, meaning
an account of being or existence, it is described by Spiegelhalter as “uncertainty about the entire
modeling process as a description of reality ... not part of the modeled uncertainty, and can only
be expressed as a qualitative and subjective assessment of the coverage of the model, conveying
with humility the limitations of our knowledge. ... Such doubts about the whole modeling process
arise from scientific uncertainty due to limitations in the available evidence, and this presents a
complex communication challenge.” [91]

Within the small worlds (section 2.6) used to model a phenomena of interest (bottom-center
of Figure 1.1), it is possible to account for two other types of uncertainty (section 2.7): aleatory
uncertainty and epistemic uncertainty. Aleatory uncertainty—from the Latin alia, meaning the
rolling of dice or a game of chance—Kiureghian & Ditlevsen say is “presumed to be the intrinsic
randomness of a phenomenon” [54], and Spiegelhalter describes it as “inevitable unpredictability
of the future due to unforeseeable factors, fully expressed by classical probabilities” [91]. Epis-
temic uncertainty—from the Latin episteme, meaning knowledge— Kiureghian & Ditlevsen say is
“presumed as being caused by lack of knowledge (or data)” [54]. The difference between aleatory
and epistemic uncertainty is thus decided based on context, is defined relative to a given model,
and the difference is decided by the person creating the model [54]. While aleatory uncertainty can
theoretically be fully accounted for in even basic statistical models, the extent to which any given
model accounts for epistemic uncertainty varies widely, with most approaches being primarily

concerned with estimating intervals based on the variance in the collected samples.

RQ 2.2: Are there particular types of uncertainty that are not being ade-

quately considered or routinely communicated?

While most statistical methodology focuses on the handling of aleatory and epistemic uncertainty,
with ontological uncertainty either left mostly implicit or reported as a qualitative degree of confi-
dence subjectively assessed by a study’s authors [91], a different type of uncertainty is highlighted
by methods like multiverse analysis [92]. Steegen et al. [92] observe that raw data usually needs
to be converted into a form that is ready for analysis (creating a Constructed Dataset, center-right
of Figure 1.1), such as combining multiple variables, transforming values, or applying exclusion
criteria. However, there is often more than one reasonable, defensible (potentially valid) set of

choices to make in this process, which leads to the existence of a Multiverse of Datasets (bottom-



right of Figure 1.1). Just as with datasets, defensible alternative analysis choices may exist for
statistical models, implying a Multiverse of Models (bottom-left of Figure 1.1), and the combina-
tion of every defensible (potentially valid) model with every valid dataset produces the multiple
statistical results that compose a multiverse analysis (center-left of Figure 1.1). In a multiverse
analysis, every potentially valid combination of choices under consideration is calculated, and the
entirety of the collected results is reported; the uncertainty is indicated by the extent to which
results differ, indicating that any conclusions to be drawn from the results materially depend on

decisions between defensible alternative analysis choices.

Chapter 2 Conclusions

The type of uncertainty highlighted by multiverse analysis is what I refer to as analytical uncer-
tainty; it is uncertainty about the data analysis process which is not fully encompassed by modeled
uncertainty (aleatory or epistemic), yet which can in principal be more concretely examined than
other forms of ontological uncertainty. However, merely having the concept of analytical uncer-
tainty in mind while performing a multiverse analysis is not sufficient to overcome the “complex
communication challenge” [91]. What is next required is a detailed understanding of precisely
what can be communicated by methods like multiverse analysis, and in what way can those details
be usefully communicated in light of the inherent complexity involved with making sense of a

multiplicity of conflicting quantitative outcomes.

1.3 Tasks & Visualization Archetypes for Communicating An-

alytical Uncertainty (Chapter 3)

In chapter 3, I further explore multiverse analysis as a way to concretely assess and communicate
analytical uncertainty.! Multiverse analysis is an approach that consists of identifying a set of de-
fensible analytical choices, performing all analyses corresponding to the possible combinations of
such choices (possibly hundreds, thousands, or even millions) and reporting all outcomes, typically
using summary visualizations. The approach has been increasingly popular in academic papers;
for example, a Google Scholar search for the term “specification curve”—a type of multiverse
analysis visualization [88, 89]— returns 217 papers for the years 2019-2020. However, multiverse

analyses still raise many challenges, three of which are particularly relevant to this dissertation:

* Explaining and reporting the outcomes of hundreds or thousands of statistical analyses is

I'This chapter is based on and contains previously published work [45]. I retain usage of the word ‘we’ to refer to
the collective efforts of my colleagues and myself, and return to the use of ‘I’ and ‘this author’ to make clear when
statements have not been reviewed by those who collaborated with me for this particular work.
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difficult, especially when some of those analyses do not all point towards the same general

conclusions [88, 30].

* Literature specifically discussing the methodology of multiverse analysis is scattered across
several fields and uses inconsistent terminology, which makes it difficult to communicate

and reason about multiverse concepts.

* Visualization methods that have been proposed for helping to conduct and report multiverse

analyses are similarly scattered across several fields and use inconsistent terminology.

These challenges motivated the need for a systematic review and critical analysis of published
multiverse analysis reports. This review was conducted on a corpus of 43 published research
articles that included a non-trivial multiverse analysis report (see section 3.5 for methodology used
to curate and analyze the corpus). The research questions addressed by this review are summarized
in the following subsections.

RQ 3.1: What tasks or analytical questions do researchers aim to perform or

answer when reporting a multiverse analysis visualization?

The corpus of multiverse analysis reports was used to derive a taxonomy of tasks, shown in Ta-
ble 1.1 and briefly described below.

Composition tasks involve descriptions of the dataset source, how the data was processed, the
included variables in the data, and what analytical choices are being considered (parameters” and
their parameter values®). These tasks lay the groundwork necessary for the later sense-making
process of drawing conclusions from the multiverse analysis.

Outcome tasks directly consider the fundamental concern of multiverse analysis: if all consid-
ered analytical choices lead to effectively the same conclusions, then there is no need to proceed
any further in the multiverse analysis. If outcomes* are not sensitive, one can conclude that which
of the considered choices one prefers does not matter, as the ultimate conclusions one would reach
are the same regardless. Importantly, how sensitive an outcome is depends upon context and ex-
pert judgment in the domain of the analysis. Assessing to what extent outcome values® vary across
a multiverse typically requires judgments of practical magnitude that are domain-dependent and
subject to the analyst’s interpretation.

2A parameter is a characteristic of the reported statistical analyses that varies across the multiverse.

3A parameter value is a possible value taken by a parameter. A synonym is option [30], but we use here the term
parameter value for consistency with the rest of the terminology.

“An outcome is a statistical result that is reported for all analyses in the multiverse.

3 An outcome value is a possible value taken by an outcome.



Category

Task

Composition

Composition > Process: understand the process that defines and creates the uni-
verses being considered.

Composition[>Parameters: understand the definition and composition of uni-
verse parameters and parameter values.

Outcome

Outcome > Range: assess range or spread of outcome values across all universes.
Outcome > Frequency: assess overall frequency of outcome values across all uni-
Verses.

Connect

Connect > OutcomeRange: connect parameters to outcomes by comparing similar-
ity or range of outcome values across a subset of universes defined by a specific param-
eter value.

Connect > OutcomeFrequency: connect parameters to outcomes by comparing
frequency of outcome values across a subset of universes defined by a specific parameter
value.

Connect > SpecificOutcomes: connect parameters to outcomes by examining
specific outcome values of interest and identifying parameter values that lead to those
outcomes.

Connect
Combinations

ConnectCombo > OutcomeRange: connect combinations of parameters to out-
comes by comparing range of outcome values across subsets of universes defined by
parameter values.

ConnectCombo > OutcomeFrequency: connect combinations of parameters to
outcomes by comparing frequency of outcome values across subsets of universes defined
by parameter values.

ConnectCombo > Idiosyncratic: connect combinations of parameters to out-
comes according to idiosyncratic patterns particular to a given visualization or analysis.

Validate

Validate > Metrics: assess validity metrics of universes or compare metrics across
parameter values.

Validate > Details: assess validity of universes by examining the underlying de-
tails of analyses in each universe to interrogate their validity.

Interpret

Interpretation tasks are logical and rhetorical inferences made about the meaning of any
given set of results.

Table 1.1: Overview of the derived taxonomy for multiverse analysis tasks. *The Interpret category
was not formally included in the published version of this taxonomy, for reasons explained in

subsection 3.8.2.



Connect tasks explore the potential relationships between individual parameters, parameter val-
ues, and outcome values. When outcomes have been determined to be sensitive to analytical
choices, one can seek to determine which choices produce this sensitivity. For instance, it could be
that only some small subset of parameter values produces a divergent outcome, in which case one
might wish to focus on critically analyzing these few choices in greater detail. Further attention
could either involve additional tasks described in this framework, or deeper theoretical considera-
tions.

Connect Combinations tasks explore and characterize the relationship between outcomes and
analytical choices beyond what was considered in category Connect. The primary additional factor
is considering combinations of parameters and parameter values. As a simplified example, if
some model forms are more sensitive to outliers, then any parameter value related to excluding
outliers could theoretically have a combined effect that would not be noticeable when examining
the parameter values individually.

Validate tasks critically evaluate the validity of the constructed multiverse. Analytical choices
and associated universes can be re-examined in light of additional insights gained from the mul-
tiverse analysis process itself. This can include examining model fits, statistical/predictive diag-
nostic criteria, re-evaluation of the handling of the underlying dataset, or other investigation of
individual universes or sets of universes.

Interpret tasks are logical and rhetorical inferences made about the meaning of any given set
of results, especially inferences about the original dataset or underlying phenomena of interest. In
the corpus these tasks were carried out almost entirely in the textual narrative of papers, with little

to no apparent visual representation or support.

RQ 3.2: What archetypes have been used to report multiverse analysis visual-
izations?

Most visualizations in the corpus can be classified as being composed of six archetypes®, each of
which are described in detail in section 3.7, and an overview is shown in Figure 1.2. Archetypes
can be treated as modular panels, from which more complex visualizations or dashboards can
be composed. The composability of the archetypes is illustrated in the two interactive systems
for multiverse analysis that were found in the corpus, each of which used one or more archetypes
alone, in series, or as linked visualizations to support a broader range of tasks. A few visualizations
are not described as archetypes as they are highly domain-specific, mostly involving spatial data in

weather and neuroscience (subsection 3.7.8), and their designs are not broadly applicable to most

®Definition of archetype from section 3.4: a class of multiverse analysis visualization designs that convey informa-
tion about specific multiverse entities using a specific combination of visualization idioms [67].
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Figure 1.2: Overview of the archetypes and interactive systems described in section 3.7. Shaded
cells indicate how well an archetype or system supports an analysis task in our taxonomy, on a
scale of 0 (not supported) to 3 (fully supported).

RQ 3.3: Are there tasks that are not well supported by existing archetypes or

systems (section 3.7)?

Tasks from the categories of Validate and Interpret are the least supported by existing archetypes.
While the two interactive systems in this corpus (EMAR and Boba) each individually sup-
port different Validate tasks, there is very limited support overall for interpretation tasks among
archetypes. In most papers interpretation is left entirely to narrative description, and often with
only subjective qualitative descriptions of how relatively sensitive the outcomes are to analytical
decisions. As the derivation of meaning from results is the ultimate goal of analysis, and inter-



pretation of a multiverse analysis is usually not a trivial task, why are there no visualizations that

explicitly support interpretation tasks? What would it take to support such tasks?

Chapter 3 Conclusions

While multiverse analysis is a promising method for examining analytical uncertainty, substantial
challenges remain. One particular challenge is the limited support for the Validate and Interpret
categories of tasks, which are the tasks that are ultimately essential for deriving useful meaning
from a multiverse analysis and communicating that meaning to others. So the question to be
answered in the remainder of this work is: what will it take to support validation and interpretation
tasks?

The first step towards answering this question is to consider what about the tasks might be
making them so difficult. I believe the apparent difficulty and complexity of validation and in-
terpretation tasks indicates that these tasks are fundamentally different from the other multiverse
tasks, particularly in that they often require higher-level mental reasoning and connection of dis-
parate facts, some of which may not even be encoded as specific data. For example, consider what
it would take to answer this question: is a specific analytical choice statistically appropriate, given
the data and the context of its specific multiverse? While this question is fundamental to a multi-
verse analysis and makes reference to data, it also requires logical and theoretical considerations
that are not a feature of any given dataset. A task like this can still be supported by a visualization,
but it may require multiple visualizations and views of the data at a universe-level or multiverse-
level, and even then it cannot be decomposed to the same degree that a task like Assess Outcome
Sensitivity can be. This suggests that there may not be a single visualization archetype that can
support tasks like this, but instead there may be a set or series of inter-related visualizations that
would be helpful.

These tasks may benefit from—or even require—collaboration between people with different
areas of expertise. In my prior work [44], I built an augmented presentation system that supported
nuanced discussion around a data analysis. In the next chapter, I extend this prior work to create
a system that features a series of visualizations designed to collectively support validation and
interpretation tasks in a research meeting about a multiverse analysis. This system represents one

possible way of addressing the lack of support for these important yet difficult tasks.



1.4 AugMeet: Augmented Presentation System to Support Val-
idation and Interpretation Tasks in a Multiverse Analysis
(Chapter 4)

This chapter covers the culminating project of this dissertation, which involves the development
and evaluation of a system that supports the use of augmented presentation techniques with a series

of visualizations to collectively support validation and interpretation tasks.

RQ 4.1: How can validation and interpretation tasks be supported by using
augmented presentation techniques together with a series of related data vi-

sualizations?

To answer this research question, I developed an interactive system named AugMeet. I recorded
a presentation I created and delivered using AugMeet to serve as an applied demonstration of
the system, and which depicts a person presenting the first results of a multiverse analysis to
a mock-meeting of researcher collaborators. I then conducted an evaluation study by holding
semi-structured interviews with seven participants that had relevant expertise, with each partic-
ipant being highly-educated, having 5-20+ years of research experience, and having familiarity
with multiverse analysis ranging from being somewhat familiar to having published papers about
the topic. During the interviews all aspects of the system were discussed and critiqued.

The AugMeet system combines multiple ways to support the completion of validation and in-
terpretation tasks, each of which are described in the results of the evaluation study (section 4.6).
First, it uses augmented presentation’ as a technique to make it easier for the audience to follow
along and understand information provided about and through data visualizations, while simulta-
neously making it easier for people to pay attention and encouraging them to be interested and
engaged. Second, it uses a series of visualizations to build up a shared understanding of the facts,
provide an overview of what is being considered, focus effort on what is most potentially impact-
ful, and support low-level interrogation of twin universes (4.4.2) to provide a new perspective and

source of critical information about the multiverse.

7augmented presentation: the performance of a presentation aided by live video augmentation, which is a technique
previously developed and published by this author [44]. The development of AugMeet used the prototype developed
for that prior work as a starting point, extending and adapting the technique to apply to the multiverse context.
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Chapter 4 Conclusions

The visualization series demonstrated by AugMeet integrates a variety of novel techniques and
concepts to support validation and interpretation tasks, including: the concept of twin uni-
verses (subsection 4.4.2), parameter-faceted outcome curves (Figure 4.2), two-dimensional option-
faceted outcome curves (Figure 4.3), and twin-faceted residual plots (Figure 4.6). AugMeet com-
bines all of these individual aspects together with the technique of augmented presentation to form
a single system, and the demonstration of the system also shows a workflow that participants
identified as being of further value due to its approach of progressive, iterative interrogation of a
multiverse to reduce uncertainty.

Overall, AugMeet takes a multi-pronged approach to support the tasks in a multiverse that are
not only the hardest to perform, but also are the most essential to making a multiverse analysis

useful and of more practical value when shared with others.

1.5 Thesis Statement & Claims

Through this dissertation I argue that visualizations and interactive systems can support the use
of multiverse analysis as a way to assess analytical uncertainty, direct efforts towards ways to
practically reduce it, and improve the accuracy and meaningfulness of the consequent assessment

of whatever analytical uncertainty remains.

* Claim 1 (chapter 2, chapter 3): Assessing analytical uncertainty and reducing it requires the
completion of distinct analytical tasks—which are supported to varying extents by identified
multiverse visualization archetypes—but existing systems provide only very limited support
for a category of tasks that are particularly necessary for reducing analytical uncertainty,

namely validation and interpretation tasks.

* Claim 2 (chapter 4): A series of visualizations can be used to narrow and direct focus while
still eliciting divergent insights, collectively supporting the completion of validation tasks to

reduce uncertainty and interpretation tasks to derive useful meaning from the multiverse.

* Claim 3 (chapter 4): Augmented presentation of data visualizations is a way to facilitate
and support nuanced discussions around a multiverse analysis, particularly by improving
audience attention and engagement, aiding audiences in obtaining a clear understanding of

complex information with less expenditure of mental effort.

I conclude this dissertation with final reflections on these thesis claims and offer suggestions

for future work in chapter 5.
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CHAPTER 2

Defining & Grounding Analytical Uncertainty

2.1 Chapter Introduction

Empirical research is the process of studying a phenomena through the recording of observations
and experiences as data, and then analyzing that data to determine what it can tell us about a stud-
ied phenomenon. The data analysis process alone is rarely trivial, being composed of numerous
steps, with multiple options available at each step. While it is often possible to exclude some op-
tions as invalid or inappropriate, there may still remain many defensible alternatives that cannot
be excluded, and this presents a potential problem: if there is more than one reasonable way to
perform an analysis on a given dataset, how is one to interpret multiple results that yield varying
or contradictory conclusions?

This problem represents what I call analytical uncertainty: uncertainty about empirical knowl-
edge acquired through the process of data analysis due to a lack of certainty about the data analysis
process itself. This type of uncertainty is difficult to conceptualize, quantify, and communicate,
and poses a hard problem for both researchers conducting analyses, and for researchers who read
the published analyses of other researchers.

Let us consider a published example that illustrates what I mean by analytical uncertainty, and
the difficulty it represents. In 2014, a paper entitled Female hurricanes are deadlier than male
hurricanes [53] was published in the Proceedings of the National Academy of Sciences (PNAS).
The authors used a statistical model to estimate a potential relationship between gendered hurricane
names and deaths attributed to hurricanes. In the original published analysis, the authors concluded
that feminine-named severe hurricanes are more deadly than masculine-named ones, based upon
the deaths predicted from a model they fit to the archival data.

In Specification Curve: Descriptive and Inferential Statistics on All Reasonable Specifications,
Simonsohn et al. [88] describe five different major sets of decisions in the process of Jung et al. [52]
that could have been done some other defensible way (ex: choice of data exclusion criteria, choice

of regression model type). The full set of options combine to form 1,728 ways to analyze the data,
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which the authors call specifications. Out these 1,728 specifications, only 37 resulted in statistically
significant effects that indicated female-named hurricanes caused more deaths; all other results
were not statistically significant, including 20 that indicated that it was actually masculine-named
hurricanes that cause more deaths.

The specification curve for Jung et al. [52] is shown in Figure 2.1, and it can help us to better
understand the analytical uncertainty present in this example. If you accept all the specifications
examined as reasonable, the results show that there is so much analytical uncertainty that one can-
not conclusively establish that either masculine or feminine hurricane names are more dangerous.
Both the magnitude and direction of the effect seem especially dependent on two choices: the
model form (negative binomial) and the exclusion criteria (dropping the 2 highest observations).
Determining the proper model form to analyze this data is thus shown to be crucial, and the exclu-
sion or inclusion of options in this category may have an outsized impact on the overall results of
this analysis.

Other authors have also studied variations of the concept of performing and reporting analysis
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Figure 2.1: Illustrated example of a specification curve, reproduced from Simonsohn et al. [88],
with original author annotations in red and my own added annotations in blue. Out of 1,728
specifications, this visualization shows the 100 specifications that produced the highest and lowest
estimates (50 each), as well as 200 randomly sampled other specifications.
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of many specifications, which Steegen et al. [92] have termed multiverse analysis' [92]. Those
authors demonstrated how a dataset is itself constructed from raw data before being further an-
alyzed, such as by combing variables or setting exclusion criteria. Just a few common choices
combine to imply dozens or hundreds of possible datasets that could be constructed from the same
raw data. Patel et al. [75] focuses on how covariate inclusion changes model estimates, examining
8,192 models for each of 417 variables of interest, resulting in over 3.4 million distinct results. The
authors further calculated that if all available covariates in their dataset were included, the number
of possible specifications would be 2417, even though they only used a single form of statistical
model. Such combinatorial explosion demonstrates the need for a systematic approach.

While assessing and reporting a single analysis often takes up a substantial portion of a research
paper, interpreting and communicating so many different analyses presents new challenges. Let
us briefly consider the example of Patel et al. [75] shown in Figure 2.2 to illustrate some of the
potential issues. In every panel the x-axis is a hazard ratio, while the y-axis is a transformed p-
value, so each dot shows the output of 2 pieces of information produced by every model. Each
panel shows the output of 8,192 models, with each model including a different set of 13 possible
covariates, with the related variable of interest listed at the top of each panel.

Panel A and B of Figure 2.2 show two different visualization methods on different variables
of interest, possibly because the authors did not agree on a single best way to handle the over-
plotting that results from having so many datapoints shown in a single scatterplot. Panels C, D,
and E cover the same variable of interest, as the authors discovered that unique visual patterns
often indicate that a single covariate may be responsible for divergent analysis results. To discover
which covariates may be responsible for which patterns, Panel C uses color to show density, while
Panels D and E use color to indicate whether a single covariate was included in a given model. The
authors explain that interpretation of the visual patterns often requires subject-matter expertise, as
for example the patterns in Panels C-D-E are related to the relationship between cardiometabolic
indicators and diabetes [75].

The full workflow presented by Patel et al. [75] consists of 13 panels for each of their 417
variables of interest, composed of 1 panel as a combined summary (like Panel A, B, or C) and
13 panels for each of the 12 covariates analyzed (like Panels D and E). They also propose two
novel summary statistics, the visual identification of 6 prototypical patterns identified from their
data, and additional visualizations based on four metrics to compare analyses between variables of
interest. Even with all the depth of the vibration of effects workflow, none of their visualizations

allow a viewer to look at a single result and determine what set of analytical choices produced

'T adopt the term multiverse analysis to refer to this concept, and further unpack the meaning and origin of the term
in later sections. For now, the term need only be understood to refer to systematically performing and reporting many
analyses on a given source of data, as was done in Simonsohn et al. [88].
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them, though this task is possible with a specification curve.
Taken together, the above examples show that while there are ways to try to assess and report
analytical uncertainty in a way that can provide important insights to researchers, the remaining

visualization challenges alone are considerable.
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Figure 2.2: Example of Vibration of Effects visualization, original from [75], with addition of A—
E panel labels in red for ease of reference in this chapter. This specialized version of a volcano
plot illustrates how covariate inclusion impacts model estimates, examining 8,192 models for each
of 417 variables of interest, ultimately representing over 3 million distinct results. Each panel
represents a multiverse analysis for a single variable of interest (labeled at the top of each panel),
as further explained in the text of this chapter. This type of plot is an example of a multiverse
visualization archetype, as detailed later in subsection 3.7.4.
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2.2 Research Questions

The following research questions are addressed in this chapter.

RQ 2.1: What are the types of uncertainty that may be contributing to the
replication crisis?

The answer to this question is shown in Figure 2.4, the full explanation of which occurs throughout

the remainder of this chapter.

RQ 2.2: Are there particular types of uncertainty that are not being ade-

quately considered or routinely communicated?

I define a new term, analytical uncertainty, to refer to a particular type of uncertainty that I believe
has not before been adequately considered and is not routinely communicated. The term is fully
defined in the sections that follow. Specification curve analysis is used as an example through-
out this chapter as a way of addressing analytical uncertainty. A broader class of methods for

addressing analytical uncertainty—multiverse analysis—is the focus of the next chapter.

2.3 Common-use meaning of uncertainty

The Guide to the Expression of Uncertainty in Measurement states that “the word ‘uncertainty’
means doubt” [63]. Spiegelhalter goes a bit further, and states that many scientists use the term
uncertainty to refer to “everything that is not certain, including a single coin flip ... only [distin-
guishing] the extent to which the uncertainty is quantifiable” [91]. In other words, there are two
categories: certainty (or certain knowledge), and uncertainty (everything else).

I will not contradict these commonsensical definitions. However, the main problem with simply
referring to uncertainty is that it is so ambiguous. Whose uncertainty? What specifically are they
uncertain about? Does uncertainty differ only in magnitude, or does it differ also in kind? Are all
types of uncertainty the same, such that they can be examined and communicated in precisely the
same way?

Many alternative definitions and types of uncertainty have been proposed, with some terms
(such as aleatory and epistemic) being used by hundreds of different authors over time. Unfor-
tunately, the same terms are regularly used in different and often contradictory ways, sometimes

even by a single author.
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2.4 Defining analytical uncertainty in the context of empirical

research

To explain how analytical uncertainty relates to the empirical research process, I illustrate a simpli-
fied version of this process in Figure 2.3. First, some observable phenomena (event, act, process, or
similar object of interest) is identified. Second, some measurement (or observation) is made of the
phenomena, recorded as data. Third, data processing provides input for data analysis. Fourth, in-
terpretation of the data analysis results can produce knowledge. Understanding of this knowledge
about the phenomena can have important implications for human behavior and additional research.
While every step of the empirical process is important and complex in its own right, I will focus

on one portion of this process: going from data to knowledge through data analysis.

Phenomena
Gendered Hurricane
Names & Fatalities

Measurement Data

Counts of
fatalities

: : Data
Understanding . Processing
v

Knowledge ’< Interpretation [Data Analysis]

Hurricane names matter Negative binomial model

Figure 2.3: Illustration of the empirical research process using [52] as a simplified example.

When there is but one singular proper interpretation of a given dataset, then data analysis may
be complex in practice, but it at least will still result in a singular outcome. Any inferences made
about the studied phenomena may be flawed or simply wrong due to issues outside of the data
analysis, such as problems with measurement or definition of the phenomena, but the problems
and uncertainties are not with the analysis itself.

However, what if an analyst cannot justify a single proper analysis of a given dataset, and
concludes that many different analyses are reasonable? This is the condition of the world that

creates what I call analytical uncertainty:
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analytical uncertainty: uncertainty about empirical knowledge acquired through the process of

data analysis due to a lack of certainty about the data analysis process itself

The next sections review the theoretical works that are most relevant to the concept of analytical
uncertainty, and I illustrate their connections in Figure 2.4. I will regularly refer back to this figure

in the coming sections as each new concept is introduced.

2.5 Degrees of freedom, forking paths, and the multiverse

One way to deal with the fact that there are often so many different defensible ways to analyze
data is to exploit it to obtain a desired result, such as statistical significance, an interpretation that
is surprising or interesting, or that otherwise advances some agenda. Such a strategy has been
variously called researcher degrees of freedom [86], specification searching [42], p-hacking [87],
selective analyses and the pursuit of statistically significant results [50], and surely many other
names as well. As an example of the general body of research, the work of Simmons et al. [86]
demonstrated how even just four simple analytical choices could be combined to produce vastly
inflated false-positive rates, which “allows presenting anything as significant” [86].

Overall, works related to ideas like researcher degrees of freedom were mostly concerned with
how analytical uncertainty can be intentionally used to make findings look more certain and reliable
than they really are. This has been hypothesized as being liable to contribute to a scientific literature
that 1s distorted and more unreliable than it would otherwise be [87, 90, 98]. These terms thus tend
to have an accusatory and strongly negative connotation, as they can imply knowing dishonesty of
the involved researchers for personal gain.

Gelman & Loken [40, 41] argued that the problem of researcher degrees of freedom can be
encountered without any intention or perceptibility of any bad behavior, which they explained
through the allegory of the garden of forking paths. The Garden of Forking Paths is a short story
by Jorge Luis Borges, which features a book that resembles a “choose your own adventure story”
taken to its logical extreme. At each plot point where a character in the book would make a
decision, and where a normal book would then follow only one such decision, Borges’ storied book
describes the outcome of every single possible decision each character could make. This concept
was applied to data analysis to refer to what the authors termed data-dependent analysis [40, 41].

In a data-dependent analysis, “researchers can perform a reasonable analysis given their as-
sumptions and their data, but had the data turned out differently, they could have done other analy-
ses that were just as reasonable in those circumstances ... in this garden of forking paths, whatever
route you take seems predetermined, but that’s because the choices are done implicitly ... they are

using their scientific common sense to formulate their hypotheses in a reasonable way, given the
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data they have” [40]. To expand upon the allegory, analytical uncertainty is as a garden of fork-
ing paths, where many journeys are possible and will seem reasonable and coherent when viewed
individually. Gelman and Loken point out that, from the perspective of a researcher who is not
aware of structure of the garden, they took only one single pathway, ran only one test, and thus
incorrectly conclude the problem of researcher degrees of freedom does not apply to them [40, 41].

The next major development in this line of thinking comes in the form of multiverse analysis,
which the authors note is closely related to the garden of forking paths [92]. The authors observe
that raw data usually needs to be converted into a form that is ready for analysis, called data con-
struction, which can include combining multiple variables, transforming values, apply exclusion
criteria, and so on. There are often more than one reasonable, defensible set of choices to make
in this process, leading to there being a multiverse of datasets (many universes). This concept is
illustrated in the upper-left of Figure 2.4, where to prepare data for analysis is to choose from many
possible datasets that could be constructed. Similarly, there can a multiverse of models (or many
worlds, illustrated lower-right of Figure 2.4).

Given a defined set of universes (specifications), multiverse analysis then runs all results and
reports them together [92]. The same concept is at work with the specification curve discussed
in the introduction [88]. In the terminology of the multiverse, each universe (or world of a single
model) exists unto itself. A universe can be considered more or less synonymous with a specifi-
cation, and refers to the entirety of the set of options that went into a data analysis, from raw data
to results. World, universe, and specification are all words that can be used to describe the same
general idea (though ‘world’ has additional meaning I consider in the next section). I illustrate this
in Figure 2.4, with multiverse analysis feedback back into the data analysis process.

A multiverse is a collection of many—but not necessarily all—universes of analysis. To extend
the terminology of Steegen et al. [92], I refer to a given multiverse specification as the uniquely

identifying collection of universes that make up a given multiverse.

2.6 Small and large worlds

The terminology of referring to worlds in statistics appears to be heavily inspired by Savage’s
book, The Foundations of Statistics [82]. Savage originally defined a world as being “the object
about which a person is concerned”, then went on to define worlds as smaller if they contained
less detail and context (as in a single egg within a carton), while larger worlds have more detail
and context (the whole carton of eggs) [82]. Savage then goes on to to use the word “world” in
many other ways and senses throughout his book, even mathematically defining a small world
as states, which correspond to events in the grand world, while the grand world is defined as

having consequences. Small worlds are even said to be partitions of a grand world (mathematically
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Figure 2.4: Diagram of the empirical research process and its relationship to analytical uncertainty.
Data analysis is unpacked to show the process of conducting a multiverse analysis, which allows
an assessment of analytical uncertainty. Colors cite source of concept, with legend at bottom.

defined), while a special version of a small world is defined as a microcosm if it behaves according
to certain principles of decision-making that are not otherwise relevant here.

The myriad ways a “small world” was referred to by Savage is likely to be responsible for why
some authors cite him as giving a definition for a small world that I am not able to locate in his
book. As one notable example, Volz and Gigerenzer cite Savage as having defined a small world
as being “for situations of perfect knowledge where all relevant alternatives, their consequences,
and their probabilities are known for certain” [94]; though this is not far from what Savage called
a real microcosm, this definition seems to me to be either apocryphal or from some other work. I
mention this to warn the reader that if they have heard the term “small world” before, it may take
on very different meanings between different authors.

I instead adopt a related but distinct use of these terms, based on the book Statistical Rethink-
ing [62]. McElreath describes the metaphor of there being two types of worlds: a small world, and
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a large world. A small world is the “self-contained logical world of the model” [62]. To use his
example, a map of the Earth is a small world, in that it is a model that imperfectly and incompletely
represents the thing it models. In the same way, using the mathematical construct of the Binomial
probability distribution to model a coin flip is also a small world. No matter how complex a model
is, it is a small world unto itself. As shown in Figure 2.4, I use the term small world to refer to
a model of phenomena which may itself contain its own kind of uncertainty (discussed further
in the following section), but which is distinct from the uncertainty the analyst themselves may
have. The small world of a model can have a belief, in the Bayesian probability sense, but it is
important to remain aware that there is no guarantee a small world of a model resembles the belief
of the analyst, nor is there a guarantee the model faithfully represents the thing it was intended to
resemble.

A large world is the “broader context in which one deploys a model” [62]. To continue the pre-
vious example, while a map of the Earth is a small world model, the Earth itself is the large world
phenomenon the model was intended to represent. In Figure 2.4 I indicate this by placing phe-
nomena within a large world to retain a clear distinction between the object of study, the data and
analysis process used to attempt to learn about it, and the contextual environment that surrounds
any given phenomena.

The terminology of large and small worlds is closely related to the idea of the macrocosm and
the microcosm of philosophy (McDonough, 2020). The general historical concept was that some
greater thing, the macrocosm, could be understood through the study of some smaller and easier
to examine thing, the microcosm. If you believe in the unity of all of nature, this is especially
convenient, because if all is one then anything about a macrocosm can be discovered via study of
a valid microcosm, even if that macrocosm is the whole cosmos. If you believe that all human-
crafted models are simplified representations that may fail to reflect important characteristics of
the thing they are intended to model, things are much less convenient.

The key relevance of the small and large world concepts is that they help to clarify that any
given model is, put plainly, just a model. As George Box said, “Since all models are wrong
the scientist cannot obtain a ‘correct’ one by excessive elaboration” [11]. The idea of different
worlds—or universes—helpfully emphasizes just how far apart and fundamentally different the
world of our analytical models may be from the phenomena they were intended to help us learn
about. If you accept these premises, it may then be easier to think about what alternate ways of

modeling phenomena might help us learn.
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2.7 Aleatory, epistemic, and ontological uncertainties

Aleatory and epistemic uncertainty are remarkably overloaded terms, so I will only consider here
only the few the definitions that most contributed to the ideas of analytical uncertainty, and that
contrast most with it.

Aleatory uncertainty comes from the Latin alia, meaning the rolling of dice or a game of chance.
Kiureghian & Ditlevsen say that aleatory uncertainty is “presumed to be the intrinsic randomness
of a phenomenon” [54], while Spiegelhalter calls it “inevitable unpredictability of the future due
to unforeseeable factors, fully expressed by classical probabilities” [91]. I note that classical prob-
ability was developed, in part, by analyzing games of chance (gambling), which helps to explain
the connection between alia, aleatory, and classical probability [7].

Epistemic uncertainty comes from the Latin episteme, meaning knowledge. Kiureghian &
Ditlevsen say that epistemic uncertainty is “presumed as being caused by lack of knowledge (or
data)” [54].

It i1s important to note that these terms, used in these classical senses, attribute the cause of
uncertainty to two different sources. For example, consider the common example of a flip of a
coin. Can you predict the exact outcome of a coin flip, even if only heads and tails are possible,
and even if you know the coin flip is fair? It has been said that the inability to predict such an
outcome is because of randomness or variability of this phenomenon (coin flips or dice rolls),
and that is aleatory uncertainty. As such, the thinking is that the best you can do is learn the
probabilities, but that is the absolute limit of predictability. On the other hand, consider that a coin
is flipped and caught, but then held in such a way that it is not visible to you. As you can learn
what the coin flip resulted in, but just do not know it at the moment, it is thus epistemic uncertainty
(in the classic sense of the term).

The problem is that—outside of convenient games like coin flips and dice rolls—how can you
know if something cannot be predicted because of its natural variability, or if it could be predicted
but you do not know how to do so? This issue led Kiureghian & Ditlevsen to conclude that the
difference between aleatory and epistemic is actually up to the person making a model (or doing
an analysis) to decide [54]. In practice, they suggest that deciding that something is aleatory is
equivalent to saying that you do not think there is any near-term thing that can be done better than
estimating a probability, and this uncertainty is effectively treated as modeled and quantified but
irreducible. If one thinks that there is some near-term action you can take to reduce the uncer-
tainty, and thus deem it epistemic, one can consider additional model complexity and estimation
procedures to try to decrease the uncertainty. The difference between aleatory and epistemic is
thus decided based on context, is defined relative to a given model, and the difference is decided

by the person creating the model [54].
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In terms of doing the actual modeling, Spiegelhalter and Kiureghian & Ditlevsen seem to agree
that aleatory uncertainty is treated as randomness of a variable in a way described by classical
probability, while epistemic uncertainty is a variable in a model that is treated by more complex
mathematical treatments [91, 54]. Epistemic uncertainty might be modeled with a probability
distribution, or some learning or estimation process would be used to estimate a latent, hidden, or
otherwise unknown value.

Given the above definitions, I have included both aleatory and epistemic uncertainty as proper-
ties of the small world models, as shown in Figure 2.4. However, what is uncertainty that is not in
the model? Some might just consider it epistemic uncertainty, as it could be attributable to a lack
of knowledge. Yet if epistemic is restricted to refer to quantified knowledge defined in the context
of a modeling process (and Spiegelhalter, Kiureghian, and Ditlevsen all do restrict the term in just
this way [91, 54]), then some other term is required. Instead, one last type of uncertainty is defined.

Ontological uncertainty comes from the Latin onfologia, meaning an account of being or exis-
tence. It is defined by Spiegelhalter as “uncertainty about the entire modeling process as a descrip-
tion of reality ... not part of the modeled uncertainty, and can only be expressed as a qualitative
and subjective assessment of the coverage of the model, conveying with humility the limitations of
our knowledge” [91]. He further notes that “Such doubts about the whole modeling process arise
from scientific uncertainty due to limitations in the available evidence, and this presents a complex
communication challenge” [91].

Of all the types of uncertainty considered here, ontological uncertainty is by far the most closely
related to analytical uncertainty. Given that Spiegelhalter gives no further definition than noted
above, it is not strictly clear what the boundaries for ontological uncertainty were meant to be. As
such, in Figure 2.4 I render it simply as having no border and being in the background vaguely
around the empirical process. Having no further formal definition, I use the term ontological
uncertainty roughly to mean personal uncertainty of a type not otherwise specified. Analytical
uncertainty is, in effect, an attempt to take a slice of ontological uncertainty and make it more
intelligible, assessable, and able to be communicated in a way that is more practically useful to

researchers.

2.8 Implications for design of analytical and ontological uncer-
tainty

The theoretical foundation discussed previously suggests a potential interpretation and analysis
concern related to the type of uncertainty represented by a multiverse analysis. To illustrate this

problem, consider Simonsohn et al.’s [88] annotations of a specification curve in Figure 2.1. Those
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authors point out that, out of 1,728 specifications, only 20 show a negative effect, and only 37 gave
a result that was statistically significant. Other references to the 20 negative specifications called
them “idiosyncratic” and “atypical”, and in the details of a mathematical justification for a statis-
tical hypothesis the authors say that considering many specifications “more closely approximates
a random sample of [all reasonable specifications]” [88]. In short, Simonsohn et al. [88] define a
mathematical model, and imply a conceptual model through their choice of words, that treats the
analytical uncertainty of a multiverse analysis as either aleatory or epistemic uncertainty and thus
probabilistic.

However, if the uncertainty represented by the multiverse is ontological, then modeling it as
though it were aleatory or epistemic uncertainty may lead to results that are misleading, unreli-
able, or simply meaningless. The key questions, from an analytical standpoint, is whether con-
sidering many specifications in a multiverse analysis really does—or even theoretically could—
approximate a random sample of all reasonable specifications, and if it is even meaningful to
define the set of all reasonable specifications in the first place. It is not yet possible to answer such
questions conclusively, but that they remain open questions implies two different design directions
that can be considered going forward.

The first direction is to support the interpretation of a multiverse analysis in terms of classical
probability (aleatory uncertainty). For example, comparing the 20 specifications that produce neg-
ative effects to the 1,728 total specifications in Figure 14 suggests a user might mentally calculate
an approximate proportion, and then think of this as a probability, such as 20 / 1,728 = 0.01 (1%).
If the user were to do this, they might then reason that a negative effect being the true effect seems
very unlikely. If the designer of a visualization believes this interpretation is a good one, then it
would make sense to use a visualization design that makes completing such a task easy.

On the other hand, if one believes that a multiverse analysis should not be interpreted this
way, then one might want to avoid encouraging—or actively discourage—such an interpretation.
Just as work describing an illusion of causality has shown that some visualizations cause more
users to interpret an association or correlation as though it were causal [99], I hypothesize that
some visualizations may encourage an illusion of probability, where users will improperly interpret
counts or relative frequencies as though they represented probabilities. However, as I have not
found any published work investigating such a concept, it is not clear at this point how one can
encourage or discourage such an interpretation of a visualization.

To eliminate any ambiguity about my position, I believe that the proper interpretation of a
multiverse is that it represents only possibilities, as it lacks the properties necessary to be a reliably
treated as any kind of indicator of probability. The true outcome—to the extent that such a value
can be usefully said to exist—may not even be present in any given multiverse, and commonality

of error should not be mistaken as a likelihood of correctness. Further discussion of this point is
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provided in the following chapter (subsection 3.8.1).

2.9 Final theoretical considerations

In their original specification curve paper, Simonsohn et al. [88] provide a diagram (reproduced
here as Figure 2.5) to show how the set of analyses considered appropriate may align or differ. In
addition to ‘appropriate’ they also use ‘defensible’ and ‘reasonable’, so I believe they intend all
three words to be essentially synonymous in this context. To put the diagram into words, it indicates
that not only may people agree or disagree on what set of specifications should be considered (that
is, what multiverse specification is reasonable), but the extent of overlap in agreement may range

from total to none at all.
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Figure 2.5: Different perspectives on what is reasonable, reproduced without alteration from Si-
monsohn et al. [88].

Ways to represent, visualize, and communicate some aspects of analytical uncertainty exist,
such as the example of the Specification Curve given in the introduction [88], and many examples
are examined in chapter 3. The authors of such works do not generally talk about their methods
in terms of uncertainty, so that is my own reconceptualization of their work. As more ways are
devised to examine analytical uncertainty, there may be the opportunity to learn more about this

particular aspect of what we do and do not know.
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2.10 Chapter 2 Conclusion

The type of uncertainty highlighted by multiverse analysis is what I refer to as analytical uncer-
tainty; it is uncertainty about the data analysis process which is not fully encompassed by modeled
uncertainty (aleatory or epistemic), yet which can in principal be more concretely examined than
other forms of ontological uncertainty. However, merely having the concept of analytical uncer-
tainty in mind while performing a multiverse analysis is not sufficient to overcome the “complex
communication challenge” [91]. What is next required is a detailed understanding of precisely
what can be communicated by methods like multiverse analysis, and in what way can those details
be usefully communicated in light of the inherent complexity involved with making sense of a

multiplicity of conflicting quantitative outcomes.
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CHAPTER 3

Tasks & Visualization Archetypes for

Communicating Analytical Uncertainty
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Figure 3.1: Examples of multiverse analysis visualizations discussed in this survey: (a) outcome
matrix [92], (b) outcome histogram [92], (c) outcome density plot [101], (d) explorable multiverse
analysis reports [30], (e) specification curve [89], (f) vibration of effects plot [75], (g) Boba [58].

3.1 Chapter Introduction

In the previous chapter I covered the definition and theoretical grounding for analytical uncertainty,
as well as identifying multiverse analysis as a promising way to concretely assess and communi-
cate analytical uncertainty. This chapter is entirely focused around multiverse analysis and its
associated challenges.

Specifically, multiverse analysis is an approach that consists of identifying a set of defensible
analytical choices, performing all analyses corresponding to the possible combinations of such
choices (possibly hundreds, thousands, or even millions) and reporting all outcomes, typically

using summary visualizations. The approach has been increasingly popular in academic papers;
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for example, a Google Scholar search for the term “specification curve”—a type of multiverse
analysis visualization [88, 89]— returns 217 papers for the years 2019-2020. However, multiverse

analyses still raise many challenges, three of which are particularly relevant to this chapter:

* Explaining and reporting the outcomes of hundreds or thousands of statistical analyses is
difficult, especially when some of those analyses do not all point towards the same general

conclusions [88, 30].

* Literature specifically discussing the methodology of multiverse analysis is scattered across
several fields and uses inconsistent terminology, which makes it difficult to communicate

and reason about multiverse concepts.

* Visualization methods that have been proposed for helping to conduct and report multiverse

analyses are similarly scattered across several fields and use inconsistent terminology.

For a researcher who wants to report a multiverse analysis, these challenges make it hard to
make informed choices about which visualizations to use; for a researcher who wants to study new
multiverse visualization techniques, or teach the topic, it is hard to get a good overview of the
state of the art. This chapter addresses the above challenges through a survey of academic articles
that visualize multiverse analyses and related analyses. Importantly, this survey only covers ways
visualization has been used to report multiple statistical analyses in an academic communication
context. It does not discuss ways visualization has been used to help analysts explore multiple
analyses, for example in the context of model steering and selection [24, 64, 17], ensemble data
analysis [97], and visual parameter space analysis [83]. Our scope is further clarified in section 3.4.

In this survey, we! (1) propose a conceptual framework and terminology for multiverse anal-
yses that can be applied across fields, to support clarity when discussing this nascent family of
concepts (section 3.4); (2) identify the fasks researchers try to accomplish with multiverse analysis
visualizations, the questions one can seek to answer, and the central goal related to each cate-
gory (section 3.6); and (3) classify multiverse visualizations into archetypes, assessing how well
each archetype supports each task, their comparative limitations, key features, and what role they
can play in an analysis (section 3.7). We close by discussing important design considerations
surfaced by our survey—such as illusions of probability created by visualizing frequencies (sub-
section 3.8.1) and the largely unmet need to support validation and interpretation of multiverses
(subsection 3.8.2)—as well as limitations and implications for future work (subsection 3.8.5). For

visualization researchers looking to develop multiverse analysis visualizations, our work provides

I'This chapter is based on and contains previously published work [45]. I retain usage of the word ‘we’ to refer to
the collective efforts of my colleagues and myself, and return to the use of ‘I’ and ‘this author’ to make clear when
statements have not been reviewed by those who collaborated with me for this particular work.
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a foundational set of tasks for subsequent research on developing visualization tools and tech-
niques to support; for practitioners of multiverse analysis, our work provides a mapping between
tasks they wish to accomplish and archetypes they can use to accomplish them.
The research questions addressed by this chapter are summarized in the following subsections.
Note: This chapter is based on and contains previously published work [45]. I retain usage
of the word ‘we’ to refer to the collective efforts of my colleagues and myself, and return to the
use of ‘I’ and ‘this author’ to make clear when statements have not been reviewed by those who

collaborated with me for this particular work.

3.2 Research Questions

RQ 3.1: What tasks or analytical questions do researchers aim to perform or

answer when reporting a multiverse analysis visualization?

The corpus of multiverse analysis reports was used to derive a taxonomy of tasks, shown in Ta-

ble 1.1. The taxonomy is explained in detail in section 3.6.

RQ 3.2: What archetypes have been used to report multiverse analysis visual-
izations?

With archetypes defined here (in section 3.4) as a class of multiverse analysis visualization de-
signs that convey information about specific multiverse entities using a specific combination of
visualization idioms [67], most visualizations in this corpus can be classified as being composed
of six archetypes, each of which are described in detail in section 3.7, and an overview is shown
in Figure 1.2. Archetypes can also be treated as modular panels, from which more complex visu-
alizations or dashboards can be composed. The composability of the archetypes is illustrated in
the two interactive systems for multiverse analysis that were found in the corpus, each of which
used one or more archetypes alone, in series, or as linked visualizations to support a broader range
of tasks. A few visualizations are not described as archetypes as they are highly domain-specific,
mostly involving spatial data in weather and neuroscience (subsection 3.7.8), and their designs are

not broadly applicable to most multiverse analyses or domains.
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RQ 3.3: Are there tasks that are not well supported by existing archetypes or

systems (section 3.7)?

Tasks from the categories of Validate and Interpret are the least supported by existing archetypes.
While the two interactive systems in this corpus (EMAR and Boba) each individually sup-
port different Validate tasks, there is very limited support overall for interpretation tasks among
archetypes. In most papers interpretation is left entirely to narrative description, and often with
only subjective qualitative descriptions of how relatively sensitive the outcomes are to analytical

decisions.

3.3 An Example of Multiverse Analysis: are “Female’” Hurri-

canes More Deadly?

To make our discussion throughout the rest of the paper more concrete, we will be using the
multiverse analysis by Simonsohn et al. [88] as a running example. We introduce this example
here. The terms in bold are from our proposed multiverse analysis terminology and will be defined
more precisely in section 3.4.

A 2014 study claimed that hurricanes whose names are female-gendered lead to more deaths,
presumably because people do not take them as seriously as those with a male-gendered name [52].
However, later analyses of the same data called this finding into question [61, 19, 60]. It turns out
that depending on how the analysis is carried out, it can be claimed that the data support the initial
hypothesis, or the exact opposite. Simonsohn et al. [88] conducted a multiverse analysis to inves-
tigate the space of possible analysis choices in more detail, and introduced the specification curve
visualization (which we discuss in detail in subsection 3.7.2) to better understand the influence of
analytical decisions on outcomes.

The subject of the original study and its re-analyses is a dataset of hurricanes, with their name
and information such as number of victims. The multiverse as set up by Simonsohn et al. [88]
focuses on two outcomes: (1) extra deaths, the number of extra deaths occurring for hurricanes
with female names compared to those with male names, and (2) a p-value to indicate whether the
result is statistically significant. Ultimately, their question is whether or not there is a statistically
significant effect of hurricane name gender on extra deaths (i.e., if p < .05). Any single analysis
(a universe) gives rise to a specific number of extra deaths, a specific p-value, and a single answer
to that question. The whole multiverse analysis report makes it possible to assess whether those
results are sensitive to different ways of conducting the analysis. For example, one might handle

outliers from the dataset in different ways: (i) do not exclude any hurricane; (ii) exclude the most
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deadly hurricane, or (iii) exclude the two most deadly hurricanes. To reflect this, the multiverse
has an outliers parameter that can take any of these parameter values. It also has other param-
eters, such as a model parameter for different model types that could be applied to the data, and a
femininity parameter for different ways of operationalizing the gender of a hurricane name. Each
universe is defined by a single combination of parameter values, which represents one unique way
of analyzing the dataset. Simonsohn et al. [88] report 1,728 universes, all produced by options they
deemed to be reasonable.

If the outcomes of every universe were deemed to be practically equivalent the multiverse anal-
ysis need proceed no further, and one could infer simply that any of the examined choices can be
selected without impacting final conclusions. In contrast, Simonsohn et al. [88] found the esti-
mated number of extra deaths attributable to the gender of hurricane names to range from about -1
to +12 (mean of 1.63), while only 37 out of the 1,728 universes (about 2%) yield p < .05. From
those results they concluded that the proposed relationship between the gender of hurricane names
and their deadliness is not robust to defensible analytical choices, and thus should not be accepted

as correct on the basis of this evidence alone.

3.4 Definitions of Key Concepts

In this section, we introduce definitions that will serve to outline the scope of our survey (and
many of which are used accordingly throughout the remainder of this dissertation). These are
stipulative [73] and are not meant to be authoritative.
Central to our survey is our definition of a multiverse analysis report:
multiverse analysis report: any statistical report that presents multiple analyses of the same raw
dataset which answer the same question, are reported with a similar level of detail, and whose

purpose is to learn from — or communicate insights about — that dataset.

Our definition is consistent with the way the term multiverse analysis (without the word report)
is used by Steegen and Gelman [92], who first introduced it and defined it as “performing the
analysis of interest across the whole set of data sets that arise from different reasonable choices for
data processing.” The only previous usage we know of this full term is in Dragicevic et al. [30],
though they do not explicitly define it. Our definition can be seen as a sharper version that more
clearly distinguishes between multiverse analyses and related concepts.

Our definition has five key elements:

(1) any statistical report: this includes any narrative describing the result of a data analysis, in
any format, even though in this survey we restrict ourselves to academic papers (see section 3.5).
Thus, the focus is on what is reported, not what is analyzed. If multiple analyses are conducted

but a single one is reported, as is commonly the case in empirical research [98], then this cannot
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be considered to be a multiverse analysis report. Similarly, the process of building, selecting and
tuning statistical models [24, 64, 17] is not within the scope of our definition, unless a report is
written that uses multiple models to offer different perspectives on the same data.

(2) of the same raw dataset: the multiple analyses must be carried out on the same raw dataset.
Carrying out the same analysis on different raw datasets does not qualify as a multiverse analysis.
Examples are (i) ensemble data analysis, where multiple simulations are computed with different
parameter settings, and the results are summarized and analyzed visually [97, 83]; (ii) crowd-
sourced hypothesis testing, where multiple research teams conduct independent studies to answer
the same research question [56]; and (iii) meta-analysis [43], except when multiple meta-analyses
are performed on the same set of studies [29]. If different raw datasets (e.g. different experiments
in a study) are subjected to the same set of analyses, there are as many multiverse analyses as there
are raw datasets. A multiverse analysis can however involve the analysis of different processed
datasets, as long as they all arise from the same raw dataset (e.g. when collapsing the levels of
a variable in different ways; see the DATAVERSE example in [30]). Resampling techniques (e.g.
bootstrapping; see the DANCE example in [30]) also generate multiple datasets from the same raw
dataset, but in this survey we do not consider them as multiverse analyses, because their goal is
only to assess statistical uncertainty in the original raw dataset.

(3) answer the same question: the multiple analyses need to answer the same question about
the dataset. Statistical reports that use multiple analyses to answer different questions about a
particular dataset (e.g. multiple subgroup analyses) do not qualify as multiverse analyses.

(4) similar level of detail: the multiple analyses need to be reported with a similar level of
detail. A detailed data analysis followed by a cursory mention of additional analyses (e.g. “we
redid the same analysis without outliers and obtained similar results”) is not a multiverse analysis
report. The outcomes from all analyses need to be reported with a similar level of detail. Similarly,
a report that compares the goodness of fit of multiple statistical models but selects a single model
to carry out the full data analysis does not qualify. However, we impose no lower limit on the
number of analyses—a report with only two analyses can qualify as a multiverse analysis if the
outcomes of both analyses are reported with a similar level of detail (e.g. [32]). In addition, even
if the analyses are heterogeneous in how they are conducted and reported (e.g. as in crowdsourced
analyses [5, 10]), they still qualify as long as all outcomes are reported in a similar fashion.

(5) with the intent to learn from [...] that dataset: several analysis types do not qualify mul-
tiverse analyses, as they do not have the goal to learn from the raw dataset itself: such examples
that are not multiverse analyses include an evaluation of the coverage of different confidence in-
terval procedures [96], a sensitivity analysis carried out for model evaluation purposes [64], or an
educational simulation illustrating how different analytical choices yield different outcomes [35].

Similarly, reporting multiple analyses with the intent to learn from — or communicate insights
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about — the analyses (not the datasets) would also not qualify. Furthermore, the entity that is ex-
pected to learn from the data must be a human. Thus, systems that learn from data by analyzing
it in many different ways (e.g. ensemble learning algorithms [80]) are excluded, unless they ex-
plicitly convey the multiverse to human users. As stated initially, the multiple analyses need to be
reported.

Figure 3.2 shows a Venn diagram where each ellipse stands for one of the criteria from our
definition of multiverse analysis report. One criterion is not shown (i.e., that all analyses must
answer the same question). The diagram regroups the edge cases we previously mentioned, and
which fulfill most—but not all — of the criteria. We emphasize such edge cases because they
help clarify the boundaries of our definition, and can speed up the classification of reports into

multiverse or non-multiverse.

Multiple analyses

Same raw performed but
dataset only one
reported
Evaluations of
statistical methods Cursory

mentions of
. Educational . additional Model
Multi pIe simulations ~ Multiverse analyses selection
analyses analysis and
reports building
reported _—
Similar Intent to
Crowdsourced
level of el learn from
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Meta-analyses Resampling
Ensemble data
analysis
Ensemble
learning

Figure 3.2: Overview of the four major criteria making up our definition of multiverse analysis
report (each criterion is an ellipse), and examples of cases that fulfill some but not all criteria.
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We additionally introduce the notion of a trivial multiverse analysis report:
trivial multiverse analysis report: a multiverse analysis report with very few analyses and very
little detail about each analysis, and which can be fully reported in the text without the need for

tables or figures.

An example of a trivial multiverse analysis report is a paper that reports a p-value after excluding
outliers, and a p-value without excluding outliers. Such analyses formally meet our definition of
multiverse analysis report but will be excluded from our survey nonetheless, because little can be
gained from visualizing them.

We draw from previous work [30] to define five basic elements that make up multiverse analysis
reports, and which we will often refer to in this survey. In a multiverse analysis report:

universe or analysis: one of the multiple analyses that are conducted and reported in the multi-

verse analysis report.
| parameter: a characteristic of the reported statistical analyses that varies across the multiverse.
| parameter value or option [30]: a possible value taken by a parameter.

For example, suppose a paper uses three outlier exclusion methods to analyze data: (i) no
exclusion; (i1) removing 3 standard deviations (SD) from the mean; and (iii) removing 2 SD from
the mean. Thus, outlier exclusion procedure is a parameter of the multiverse analysis, and this
parameter has three possible parameter values, each defining a different analysis or universe.

Similarly, in a multiverse analysis report:

| outcome: a statistical result that is reported for all analyses in the multiverse.
| outcome value: a possible value taken by an outcome.

In the previous example, suppose the paper reports a point estimate and a p-value for the main
effect size of interest, computed for each of the three outlier exclusion methods. In this case,
the multiverse analysis reports two outcomes (a point estimate and a p-value), and a total of six
outcome values (two per universe).

A primary goal of multiverse analysis is to assess outcome sensitivity and robustness:

| outcome sensitivity is the extent to which the values of an outcome vary across the multiverse.

| outcome robustness is the opposite of outcome sensitivity, i.e., it is the extent to which the

values of an outcome are stable across the multiverse.

Now we can define our main focus of investigation:

‘ multiverse analysis visualization: any visual representation of the parameters, parameter val-

ues, outcomes, or outcome values of multiple analyses in a multiverse analysis.
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Visual representation means that at least some of the information is visually encoded [67]. Thus,
information conveyed exclusively via text and numerals (e.g. numerical tables) does not qualify,
but hybrid representations that combine text or numerals with visual encodings (e.g. tabular visu-
alization [76]) qualify.

Finally, a last key concept central to this survey is the notion of visualization archetype:

A visualization archetype (or simply archetype) is a class of multiverse analysis visualiza-
tion designs that convey information about specific multiverse entities (i.e., parameters, param-
eter values, outcomes, and/or outcome values) using a specific combination of visualization id-
ioms [67].

A visualization archetype thus defines a family of visualization designs that encode the same
type of information in (more or less) the same manner. For example, a histogram of p-values
and a histogram of effect sizes belong to the same archetype because they are both histograms of
outcome values. However, a histogram of outcome values and a histogram of parameter values
belong to different archetypes because they do not encode the same type of information, despite

using the same visualization idiom.

3.5 Methodology

Our goal was to understand:

1. What tasks or analytical questions do researchers aim to perform or answer when reporting

a multiverse analysis visualization?

2. What multiverse analysis visualizations do researchers use, and how do these visualizations

support those tasks?

To answer these questions, we curated a corpus of research articles. To be considered for inclu-
sion into our corpus, each article had to contain at least one multiverse analysis report, as well as at
least one multiverse analysis visualization. We performed a systematic analysis of our corpus, to
(1) derive a task taxonomy for multiverse analysis visualization, (ii) identify a set of visualizations

archetypes, and (ii1) analyze how well each archetype supports the tasks in our taxonomy.
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3.5.1 Curating the Corpus

Multiverse analysis reports are being used across a wide body of literature in many different areas
of science. We addressed the challenge of reviewing such a heterogeneous body of literature using
a two-step approach (Figure 3.3). We first collected articles in a serendipitous fashion during the
conduct of other research or reading activity, through social networks, or suggested by recommen-
dation systems like Mendeley. This resulted in 52 seed articles. Since there was no agreed-upon
or widely used term to refer to the concept of multiverse analysis, we extracted the terms used by
the article authors, resulting in 8 terms (Table 3.1). We then used this list in a systematic litera-
ture search using the Google Scholar API through the Publish or Perish software [47] to find any
documents with the terms appearing in the title, abstract or body text. We restricted the search to
results published in 2015 or later, which for some keywords led to more results than the maximum
of 1,000 returned by the API. To keep the number of articles we would need to analyze in detail
manageable, we sorted each source list by the number of citations as counted by Google Scholar,

and selected the first 20 items from each list. This led to 213 corpus candidates.
A second step consisted of checking whether each of the 213 corpus candidates was a research

article. We replaced any item not passing this check with the next item from the respective source
list. Using the definitions introduced in section 3.4, we then checked for each of the 213 corpus
candidates that it (1) included at least one multiverse analysis report, (2) was not of a trivial nature,
and (3) that the reported multiverse was visualized in some way. 36 of the seed articles and 19
articles discovered through the systematic literature search passed these checks for a total of 43
articles which form our final corpus (12 came up through multiple sources as detailed in Table 3.1).

More details on the corpus as well as the source lists from the systematic search are in the

supplemental material of the original publication [45].

Seed articles collected é extract terminology for the _ systematic keyword search sort each result by citations .
step SRR analyses used for each term— O Google scholar AP i T g CorpuS candidates

Step 2 R R ———> rzitiecalzh

includes a trivial is

no—>« muliverse ), ——yes— IENSITVN| corpus

visualized

A Y ;
analysis analysis
report? report? ?

no no yes no
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next item from source list

Figure 3.3: Overview of our curation process. In step 1, we curated a corpus of candidates by
combining serendipitously discovered articles with a systematic keyword search. In step 2, we an-
alyzed each candidate to identify all research articles that contain a non-trivial multiverse analysis
report and illustrate that report with some form of visualization.
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Search type Search Infinal  In both

— keyword results corpus I and Il
I. Serendipitous (seed articles) 53 36 12
II. Systematic: >4,893 19 12
— multiverse analysis 198 7 6
— specification curve 298 8 6
— vibration of effects 144 4 2
— crowdsourced analysis 264 3 2
— robustness analysis >1,000 0 0
— multimodel analysis 989 0 0
— perturbation analysis >1,000 1 0
— sensitivity analysis >1,000 0 0

Table 3.1: Quantitative background on the corpus curation, including the number of search results
per search type (serendipitous vs. systematic) and per search term, the number of papers that met
our inclusion criteria, and the number of papers from the systematic search that were already in
our initial corpus of seed articles.

3.5.2 Extracting Tasks on Multiverse Analysis Visualizations

To derive a taxonomy of the tasks researchers can perform with a multiverse analysis visualization,
we performed a detailed analysis of parts of a subset of five articles in our corpus. These five were
selected because their goal was to introduce a form of multiverse analysis as a general method
rather than to use multiverse analysis to report specific findings [88, 92, 75, 101, 85]. Each paper
analyzed one or more datasets as a demonstration of the technique being introduced, as well as
detailing reasoning and broader implications of their methodology.

For each of these articles, we extracted all figures that contained a multiverse analysis visual-
ization, as well as any relevant text either present directly on the figure or in the figure caption. We
also searched for all references to that figure in the article’s main text and extracted all statements
about the figure from the corresponding paragraphs, as well as the ones preceding and following
it. Each captured passage was split into individual quotes, then copied onto the digital equivalent
of sticky-notes in a collaborative whiteboard platform (Miro). Three authors conducted an affinity
diagramming exercise to cluster the quotes into themes, which facilitated the identification of com-
mon tasks that could be performed using multiverse analysis visualizations. A selection of quotes
relevant to each task are presented in section 3.6.

Once all quotes from the initial articles were processed and a draft task taxonomy formed, we
expanded and continued the analysis with additional articles from our corpus to ensure saturation
was reached. Articles were chosen from reviewing the visualizations and discussion notes from
our entire corpus, with a focus on selecting papers that were most likely to challenge our existing

conceptions, judged from the distinctiveness of their associated visualizations and the topic of the

37



articles themselves. The analysis of additional articles presenting interactive visualizations [30,
58] and theoretical considerations of multiverse analysis [27] inspired the definition of the last
category added to our taxonomy (Validate, subsection 3.6.5). Analysis of an additional set of 7
articles [59, 3, 78, 5, 10, 16, 69], which featured distinctively different visualizations compared to
the already included ones—and thus could likely challenge our task taxonomy—did not generate
new tasks, categories, or change our taxonomy structure.

We present the outcome of our task analysis in section 3.6. The source material, including a

PDF export of the Miro boards, can be found in the supplemental material.

3.5.3 Identifying Visualization Archetypes

To accomplish our second goal—identify multiverse analysis visualization archetypes and assess
their capacity to support the tasks in our task taxonomy—we reviewed our full corpus of 43 arti-
cles, and extracted any figures and tables that initially appeared to satisfy our multiverse analysis
visualization criteria.This resulted in a collection of 126 visualizations, which we trimmed so as
to keep at least one representative figure for every distinct visual style present, as judged by all
authors. The resulting set of 85 prospective archetypes was further reduced through closer review,
with 16 being excluded as they were not actually multiverse analysis visualizations (e.g. visualiza-
tions of simulation studies, Sankey diagrams of a literature review), leaving 69 visualizations for
further analysis.

To further distinguish between visualizations that supported different multiverse analysis tasks
to some extent, from ones that only varied aesthetically, we conducted an in-depth iterative coding
process. In each coding cycle we picked one of the prospective archetypes, then reviewed the
source paper. We then graded the visualization’s support for each of the tasks in our taxonomy on
a scale of 0-3 (as detailed below), assuming a multiverse of similar proportions than that featured in
the visualization. In each cycle, if a visualization was found to be equivalent to a previously scored
visualization, it was labeled to be a variant of the same archetype and excluded from re-scoring.

We defined a 0-3 grading system as: 0 = no support for this task; 1 = information required
for task is present, but requires a large amount of effort or mental calculations, or supports the
task minimally; 2 = tasks are sometimes well supported and sometimes not, depending on factors
that naturally vary between multiverses; 3 = supports the task in a way that makes it reasonably
fast and easy to complete, usually through clear visual features or explicit encoding of relevant
information into distinct visual channels. All scores disregard the learning-curve that may be
required to use a visualization, and so adopt the perspective of a reader already familiar with that
type of visualization. All scores were reviewed by at least two authors after all visualizations were

coded, with any disagreements resolved by discussion until consensus was reached.
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The primary results of this analysis are reported in section 3.7. The full set of visualizations

reviewed and scored are available as supplemental material.

3.6 Taxonomy of Analysis Tasks

We identified twelve tasks that can be performed using a multiverse analysis visualization, sum-
marized in Table 3.2. We organize these tasks into five analytical categories, with each category
encompassing a general class of questions and goals that are common to most multiverse analyses.
We denote each task definition as follows:

| Category Name > Task Name: definition of this task.

In-text we use the notation Category Name > Task Name to refer to specific tasks. We
have given the categories and tasks a logical ordering primarily to make them easier to describe
and understand; this order does not necessarily reflect the order in which these tasks are carried
out or reported. For each category we provide an Example Question based on our running example
from Simonsohn et al. [88] as well as sample quotes taken from the corpus that were used to

identify and synthesize these tasks.

3.6.1 Composition: Understand Composition of the Multiverse

Example Question: What are the different methods used to exclude outliers in this multiverse?
Goal: Understand the components and processes that define and makeup this multiverse.

Tasks in this category can involve descriptions of the dataset source, how the data was pro-
cessed, the included variables in the data, and what analytical choices are being considered (pa-
rameters and their parameter values). These tasks lay the groundwork necessary for the later sense-
making process of drawing conclusions from the multiverse analysis. This category is unique in
that it does not consider the outcomes of any analyses. We refer to this category as Composition.

In most published reports this category of tasks is addressed solely through narrative descrip-
tions, often in the form of lists in the text itself or as a table (see Figure 3.6). But as the composition
of a multiverse grows in complexity, some authors choose to use visualizations to facilitate nav-
igation and understanding of that complex structure. Two notable examples are the computation
schematic of Patel et al. [75] (Figure 3.13), and elements of the Boba interactive interface [58]
(Figure 3.15).
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Category

Task

Composition

Composition > Process: understand the process that defines and creates the uni-
verses being considered.

Composition[>Parameters: understand the definition and composition of uni-
verse parameters and parameter values.

Outcome

Outcome > Range: assess range or spread of outcome values across all universes.
Outcome > Frequency: assess overall frequency of outcome values across all uni-
Verses.

Connect

Connect > OutcomeRange: connect parameters to outcomes by comparing similar-
ity or range of outcome values across a subset of universes defined by a specific param-
eter value.

Connect > OutcomeFrequency: connect parameters to outcomes by comparing
frequency of outcome values across a subset of universes defined by a specific parameter
value.

Connect > SpecificOutcomes: connect parameters to outcomes by examining
specific outcome values of interest and identifying parameter values that lead to those
outcomes.

Connect
Combinations

ConnectCombo > OutcomeRange: connect combinations of parameters to out-
comes by comparing range of outcome values across subsets of universes defined by
parameter values.

ConnectCombo > OutcomeFrequency: connect combinations of parameters to
outcomes by comparing frequency of outcome values across subsets of universes defined
by parameter values.

ConnectCombo > Idiosyncratic: connect combinations of parameters to out-
comes according to idiosyncratic patterns particular to a given visualization or analysis.

Validate

Validate > Metrics: assess validity metrics of universes or compare metrics across
parameter values.

Validate > Details: assess validity of universes by examining the underlying de-
tails of analyses in each universe to interrogate their validity.

Interpret

Interpretation tasks are logical and rhetorical inferences made about the meaning of any
given set of results.*

Table 3.2: Overview of the taxonomy for multiverse analysis tasks derived from the multiverse
analysis visualizations in our corpus. *The Interpret category was not formally included in the
published version of this taxonomy, for reasons explained in subsection 3.8.2.
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Composition[>Process: understand the process that defines and creates the universes being

considered.

This task concerns the details and processes involved in creating individual universes, and thus the
multiverse altogether. This can generally include data sources and data collection procedures, any
processing of the data that is common to all universes, criteria for selecting outcomes of interest,
and any other contextually relevant and important information of this kind.

For example, Patel et al. [75] used the following narrative description to explain a few key steps
in their process: “First, we downloaded 417 self-reported, clinical, and molecular measures with
linked all-cause mortality information in participants from NHANES 1999-2004. ... We chose
variables of interest that had data on at least 1,000 participants and at least 100 death events during
follow-up.” In that work, the authors both described the process in the text and illustrated the steps

in a diagram — the computation schematic visualization (Figure 3.13).

Composition[>Parameters: understand the definition and composition of universe parame-

ters and parameter values.

This task involves understanding how parameters and parameter values included in the multiverse
are defined, as well as how they can combine to form universe specifications. In the hurricane
multiverse (section 3.3), one parameter is model, with two parameter values: negative binomial
and log-normal. In that multiverse, every combination of parameter values is considered valid,
so there are no complex relationships between parameters and parameter values that need to be
communicated. However, some multiverse analyses include more complex parameter contingen-
cies, e.g. selecting one value for parameter A could render some available values for parameter B

invalid. Communicating such relationships falls within the scope of this task as well.

3.6.2 Outcome: Assess Outcome Sensitivity

Example Question: Is the relationship between hurricane name genders and model-predicted fa-
talities stable across combinations of defensible analytical choices?

Goal: Assess the extent to which important outcomes vary among alternative analytical choices
(sensitivity or robustness—see definitions in section 3.4).

The topic of this category is the fundamental concern of multiverse analysis: if all considered
analytical choices lead to effectively the same conclusions, then there is no need to proceed any
further in the multiverse analysis. If outcomes are not sensitive, one can conclude that which of
the considered choices one prefers does not matter, as the ultimate conclusions one would reach

are the same regardless. For example, in the hurricane study, only 37 of the 1,728 universes result
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in a p-value below .05, which indicates that some universes produce outcome values that differ
substantially from the majority.

Importantly, how sensitive an outcome is depends upon context and expert judgment in the
domain of the analysis. Assessing to what extent outcome values vary across a multiverse typically
requires judgments of practical magnitude that are domain-dependent and subject to the analyst’s
interpretation. For example, if an analyst considers a certain range of effect sizes to be practically
equivalent, then the effect size outcome is robust if it remains within that range. Similarly, if an
analyst hinges their interpretation of p-values on a statistical significance threshold, then the p-

value outcome is sensitive if, across universes, outcome values fall on both sides of that threshold.

| Outcome >Range: assess range or spread of outcome values across all universes.

One way to assess outcome sensitivity is to examine the similarity (or spread, or range) of outcome
values that occur within the multiverse, which is the goal of this task.

Simonsohn et al. [88] describe the results of completing this task: “The point estimates range
from -1 to +12 additional deaths.” Similarly, Steegen et al. [92] write: “For fiscal political attitudes
... the remaining choice combinations lead to p values across the entire range from .05 to 1.0.”

| Outcome >Frequency: assess overall frequency of outcome values across all universes.

Another way to assess outcome sensitivity is by examining the frequency or proportion of specific
outcome values that occur within the multiverse. However, there is more than one way to interpret
outcome frequencies, which necessitates a nuanced consideration of this task.

The first interpretation of outcome frequency is probabilistic; i.e. treating frequencies as esti-
mates of relative likelihood, with outcomes that occur in more universes deemed more plausible
than ones that occur in fewer universes. For example, Simonsohn et al. [88] state: “A researcher
motivated to show a negative point estimate would be able to report twenty different specifications
that do so, but the specification curve shows that a negative point estimate is atypical.” Simonsohn
et al. [88] even introduce a technique for calculating a p-value of statistical significance for the
multiverse as a whole, which treats the selection of analytical choices as a probabilistic sampling
process.

Alternatively, a possibilistic interpretation of outcome frequency is illustrated in Steegen et
al. [92]: “If no strong arguments can be made for certain choices, we are left with many branches
of the multiverse that have large p values. In these cases, the only reasonable conclusion on the
effect of fertility is that there is considerable scientific uncertainty. ... When only one choice is
clearly and unambiguously the most appropriate one, variation [in outcomes] across this choice is
uninformative.” In other words, frequency information can indicate the possibility that something

could be true, but cannot be used to determine what outcomes are more or less likely. The second
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part of this quote goes even further, implying that relative frequency of outcomes for some options
should not be interpreted as encoding any relevant meaning.

Consideration for how a reader could, or should, interpret outcome frequencies is important
for visualization design, as we suspect different visualizations may invite incorrect probabilistic
interpretations. We discuss this issue further in subsection 3.8.1. Note that this task is closely

matched to what Amar et al. [2] refer to as a “Characterize Distribution” task.

3.6.3 Connect: Connect Parameters to Outcome Values to Identify Sources

of Sensitivity

Example Question: Do some values within the “dropping outliers” parameter lead to consistently
larger outcome values of model-predicted fatalities?
Goal: Identify which analytical choices cause outcomes to differ across universes.

This category explores potential relationships between individual parameters, parameter values,
and outcome values. When outcomes have been determined to be sensitive to analytical choices
(subsection 3.6.2), one can seek to determine which choices produce this sensitivity. For instance,
it could be that only some small subset of parameter values produces a divergent outcome, in which
case one might wish to focus on critically analyzing these few choices in greater detail. Further
attention could either involve additional tasks described in this framework, or deeper theoretical

considerations.

Connect > OutcomeRange: connect parameters to outcomes by comparing similarity or range

of outcome values across a subset of universes defined by a specific parameter value.

As with the previously described Out come > Range task, this task examines the similarity or
overall range of outcome values within a multiverse, but with the added detail of conditioning
(subsetting) on a parameter or parameter value. It is this additional point that allows for sources of
sensitivity to be identified, and for the impact of different parameter values to be compared.

An example from Steegen et al. [92] describes two parameters identified as not being the pri-
mary drivers of outcome sensitivity: “The different exclusion criteria and cycle day estimation
options do not seem to have a large impact on fluctuation in the statistical conclusion.” In contrast,
Silberzahn et al. [85] describe the identification of two parameters that are sources of outcome
sensitivity: “The teams also varied in their approaches to handling the nonindependence of players
and referees, and this variability also influenced both median estimates of the effect size and the

rates of significant results.”
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Connect > OutcomeFrequency: connect parameters to outcomes by comparing frequency of

outcome values across a subset of universes defined by a specific parameter value.

As with the previously described Out come > Frequency task, this task examines the frequency
of outcome values, but now conditioned (subsetted) on a parameter or parameter value.
Silberzahn et al. [85] compare the frequency of outcomes across the parameter model form:
“Fifteen teams used logistic models, and 11 of these teams found a significant effect... Six teams
used Poisson models, and 4 of these teams found a significant effect.” Steegan et al. [92] use
a more roughly estimated proportion: “For religiosity ... most data sets constructed under the

second option for relationship assessment (R2) yield a nonsignificant interaction effect.”

Connect > SpecificOutcomes: connect parameters to outcomes by examining specific out-

come values of interest and identifying parameter values that lead to those outcomes.

Another approach to identifying sources of sensitivity is to instead focus on specific outcome
values, and find what parameter values produce them. This can be particularly important when
some outcome values are more consequential than others, such as when some outcome values
imply a therapeutic intervention is harmful.

Simonsohn et al. [88] considered negative effect sizes in this way: “... we can see that obtaining

a negative point estimate requires a fairly idiosyncratic combination of operationalizations.”

3.6.4 Connect Combinations: Connect Combinations of Parameters to OQut-

come Values to Identify Potential Relationships

Example Question: Do the outcomes associated with the choice of model form strongly depend
upon the choice of dropping outliers? In other words, do the parameters interact?
Goal: Identify which combinations of analytical choices cause outcomes to differ across universes.
In this category, the relationship between outcomes and analytical choices is further explored
and characterized in ways that go beyond what was considered in category Connect (see subsec-
tion 3.6.3).
The primary additional factor is considering combinations of parameters and parameter values.
As a simplified example, if some model forms are more sensitive to outliers, then any parameter
value related to excluding outliers could theoretically have a combined effect that would not be

noticeable when examining the parameter values individually.
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ConnectCombo > OutcomeRange: connect combinations of parameters to outcomes by com-

paring range of outcome values across subsets of universes defined by parameter values.

This task extends task Connect > Out comeRange by considering combinations of parameter
values, rather than treating parameters as effectively independent from one another. While we
primarily consider the combination of only two parameter values at a time, conceptually there is
no reason that more complex relationships might exist with even more parameter values, just as
in a traditional multivariate analysis. However, just as in traditional multivariate analysis, it is
extremely difficult to cognitively and intuitively consider higher-order interaction effects, and a
three-way interaction is the most complex relationship we have an example for in our corpus.
Steegen et al. [92] describe a two-way interaction effect between parameters thusly: “Using the
third option for relationship status assessment (R3) leads to more fluctuation, depending on the
choices for the other processing steps.” In the report from Young et al. [101], the combined effect
of two choices is a centrally important finding: “Why do these estimates vary so much? Why
is the distribution so non-normal? What combinations of control variables are critical to finding
a positive and significant result? ... In order to draw robust conclusions from these data, one
must make a substantive judgment about two key modeling assumptions: the inclusion of race and

marital status.”

ConnectCombo > OutcomeFrequency: connect combinations of parameters to outcomes by

comparing frequency of outcome values across subsets of universes defined by parameter values.

This task similarly extends task Connect > OutcomeFrequency by adding the consideration
of a combination of multiple analytical choices, with a focus on the relative frequency of outcomes.

Steegen et al. [92] provide an example of this task where proportion is considered with rough
approximations: “The first and third options (R1 and R3) consistently lead to a significant interac-
tion effect in combination with the first and second option for fertility assessment (F1 and F2) and
to a nonsignificant interaction effect in combination with F5, whereas data sets constructed under
R1 or R3 in combination with F3 or F4 lead to more fluctuating conclusions, depending on the

other choices for data processing.”
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ConnectCombo > Idiosyncratic: connect combinations of parameters to outcomes accord-

ing to idiosyncratic patterns particular to a given visualization or analysis.

This task encompasses a variety of special relationships and patterns that are described throughout
the corpus. These patterns are generally specific to certain visualizations, and we discuss these
cases in greater detail in section 3.7. However, as a brief example we consider here the most
commonly described concept of modality/multi-modality of the outcome value distribution.

In a univariate analysis, distributions can have one or more modes, which are the value(s) that
occur most often in that distribution. When all outcome values from a multiverse are analyzed as a
distribution, there can be a single mode representing the value that the largest number of universes
produce, or the distribution can be multi-modal. In Young et al.’s report [101], multi-modality is
considered to possibly indicate that some parameter value, or combination of parameter values,
are responsible for disparity of the outcome values. Having identified such parameter values, the
authors state: “In essence, there are two distinct modeling distributions to consider”. This concept
of modality is also described by Patel et al. [75], referred to as “modality in the Vibration of
Effects”, and is given an equivalent interpretation: “We observed three modes in the association
between triglyceride levels and mortality... The multimodal plots indicated that total cholesterol

and diabetes were driving these modes.”

3.6.5 Validate: Validate the Multiverse

Example Question: Are all combinations of parameter values equally reasonable or defensible?
For instance, does model fit, or other statistical diagnostic metrics, suggest one model type may
provide more reasonable estimates?

Goal: Determine the validity, reasonableness, plausibility, or defensibility of the multiverse overall.

This category is concerned with critically evaluating the validity of the constructed multiverse.
Analytical choices and associated universes can be re-examined in light of additional insights
gained from the multiverse analysis process itself. This can include examining model fits, sta-
tistical/predictive diagnostic criteria, re-evaluation of the handling of the underlying dataset, or
other investigation of individual universes or sets of universes.

Conducting an analysis can lead one to reconsider some of the decisions that were included
in the multiverse, or to realize other parameters and parameter values should be considered as
well. Early work in multiverse analysis, such as that of Simonsohn et al. [88] and Steegen et
al. [92], primarily considered analytical choices that could be considered defensible prior to exam-

ining the data, or at least without using the data to evaluate the appropriateness of the analytical
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choices themselves. However, an analyst could reasonably come to question whether some out-
comes should be given greater weight than others, which would mean that some universes are not
considered equally defensible, even if they cannot be definitely excluded as inappropriate.

This category ultimately represents a stage of reflection that would ideally come before final
interpretation of the multiverse analysis results. While conducting an analysis, this might lead one
to reconsider some of the decisions that were included, or to realize other parameters and parameter
values that should be considered. It could also suggest that some outcomes should be given greater
weight than others, which would mean that some universes are not considered equally defensible,
even if they cannot be definitely excluded as inappropriate.

This category and its associated tasks are described in a broader and less exacting way, as there

were fewer examples of these tasks and visualizations to support them.

Validate >Metrics: assess validity metrics of universes or compare metrics across parameter

values.

This task considers the validity of universes that make up the multiverse using some form of metric,
such as model fit metrics. For example, some model types may produce better model fits overall,
or the model fits may vary across parameter values. Model fit is the only specific example of this
task we identified in the corpus, but other metrics could certainly be used for a similar purpose.

In Boba [58], support for this task is described: “Do we have evidence that certain outcomes
are less trustworthy? We toggle the color-by drop-down menu so that each universe is colored by
its model quality metric. .. The large estimates are almost exclusively coming from models with a
poor fit. We further verify the model fit quality by picking example universes and examining the
model fit view. .. The visual predictive checks confirm issues in model fit, for example the models
fail to generate predictions smaller than 3 deaths, while the observed data contains plenty such

cases. ... we have reasons to be skeptical of the large estimates.”

Validate>Details: assess validity of universes by examining the underlying details of anal-

yses in each universe to interrogate their validity.

This general task is about investigating universes in a level of depth that may be more typical with
traditional analyses, but which is difficult to do with an entire multiverse. This task is instead
concerned with diving into either single universes or small sets of universes in greater detail, to
allow for the richness and detail of a traditional analysis to be able to inform the construction and
assessment of validity of the multiverse overall.

This task has some degree of limited support in a few different visualizations, but the pri-
mary source for the identification of this task is from the Explorable Multiverse Analysis Reports
(EMAR) [30], an interactive media where balancing depth and richness with the comprehensive-

ness of a multiverse analysis is a primary design goal; for example: “Four aspects of the analysis
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can be changed by the reader, which has the effect of immediately updating the two plots and some
text elements such as explanations and figure captions.” While the technique was not designed
or explicitly described with the goal of examining the validity of a multiverse, it is one of few

multiverse visualizations that demonstrate how this task might be supported.

3.7 Multiverse Visualization Archetypes and Systems
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Figure 3.4: Overview of the archetypes and interactive systems described in section 3.7. Shaded
cells indicate how well an archetype or system supports an analysis task in our taxonomy, on a
scale of 0 (not supported) to 3 (fully supported).

We describe the set of multiverse visualization archetypes” identified in our analysis, along with
the tasks they support. We also describe two interactive visualization systems designed to support
multiverse analysis. A visual summary of task support is shown in Figure 3.4, and the process for

arriving at these results is detailed in section 3.5).

Zarchetype: a class of multiverse analysis visualization designs that convey information about specific multiverse
entities using a specific combination of visualization idioms [67].
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3.7.1 Outcome Histogram

The outcome histogram conveys the frequency of the different outcome values that occur

within a multiverse for a particular outcome, so that each individual universe outcome

value is counted once. In Figure 3.5, the x-axis encodes the outcome values (here, point
estimates of extra deaths for female hurricanes in the example of section 3.3), while the y-axis
encodes the number of times binned outcome values occur within the multiverse. The dotted line
serves as a visual aid to highlight the effect size of zero, which can be interpreted in the context
of our running example as implying that there is no net effect of hurricane name femininity on

predicted fatalities.
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Figure 3.5: Example of an outcome histogram. Recreated after Steegen et al. [92], but using the
hurricane dataset (section 3.3). The x-axis encodes outcome values (effect size estimates), while
the y-axis shows the count across the multiverse.

The outcome histogram allows a viewer to easily and simultaneously complete both Outcome
(subsection 3.6.2) tasks: Outcome > Range and Outcome > Frequency. This is made pos-
sible because both the full range of outcome values, as well as their proportions, are explicitly
encoded in the plot. For instance, Figure 3.5 allows to identify that the most common outcome
values are near zero, and that there are also many more results above zero than below it. One
can also see that the the positive effect sizes go to greater magnitudes than the negative ones (+12
versus -1). However, with no mapping of parameters and options to outcomes, the viewer cannot

explore which analytical choices are responsible for this variation.
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Though frequency is a fundamental feature of the outcome histogram, and Steegen et al. them-
selves were clearly aware of the dangers of a probabilistic interpretation (as described in subsec-
tion 3.6.2), under a strictly possibilistic interpretation the existence of even one seemingly valid
universe with a given outcome value is evidence that outcome cannot be ruled out. This suggests
a potential issue with this (and other) frequency-based encodings: they may invite unintended or
incorrect interpretations of multiverse outcomes. We discuss this further in subsection 3.8.1.

The outcome histogram is a general approach that we encountered frequently in our corpus, e.g.
[92, 27, 78, 12, 26, 95]. We also note one variation where the outcome is a p-curve [12], while

Cirillo et al. [20] reported multiple varieties of this type.

3.7.2 Descriptive Specification Curve

The descriptive specification curve is an example of a composite visualization, which is a visu-
alization that is made up of two or more linked components, each of which could individually
function as stand-alone visualizations on their own. Some composites feature super-additive func-
tionality, which is when a composite visualization supports more tasks than all of the individual
components considered separately, and this archetype is the primary example of this concept. Note
that the term specification curve has been ambiguously used in the literature to refer to a multiverse
analysis, the full composite (Figure 3.7), or just the top panel (Figure 3.7a). Following Simonsohn
et al. [88], we use descriptive specification curve to refer to the full composite. We first review

each component individually before discussing the composite.

3.7.2.1 Outcome Curve (Component)

ure 3.7a). The y-axis encodes the outcome values (here, extra deaths), and universes are
sorted along the x-axis according to outcome value, giving this visualization its distinctive shape.
In the design of Simonsohn et al. [88] shown in Figure 3.7, dot color encodes a second outcome
(black for statistically significant and blue for non-significant). In addition, due to limited horizon-
tal space and the large size of their multiverse, the authors chose to only display a subset of the
1,728 universes: only those with the top and bottom 50 outcome values are shown, along with 200
other randomly sampled universes.

The outcome curve component supports the same two tasks as the histogram of outcomes
(Outcome > Range and Outcome > Frequency), and resembles a cumulative distribution
function (CDF) with the axes swapped. Because frequency is not explicitly encoded, the
Outcome > Frequency task is more difficult and less precise, especially when values being

compared are not adjacent.
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The outcome curve is commonly presented as a stand-alone visualization, e.g. [21, 51, 95,
13, 71, 28], especially in papers explicitly reporting a specification curve analysis. Simonsohn
et al. [88] include 3 examples of the curve presented alone, with only one example of the full

descriptive specification curve.

3.7.2.2 Universe Specification Panel (Component)

oo The second component of the descriptive specification curve is the universe specification
<A . . D o
===_| panel (Figure 3.7b). It consists of a tabular visualization [76] where columns are individ-

ual universes, and rows are parameter values clustered by parameter. Columns may be sorted by
outcome value, although outcome values themselves are not shown in this component. A cell in
this table indicates when a universe (column) includes a given parameter value (row) in its spec-
ification. As this visualization shows no outcome values, it only supports task Composition-—
>Parameters.

Figure 3.6 shows a variant of this archetype, designed for sparse multiverses, i.e., where not
every combination of parameter values is used. The plot indicates on the far-right column how
many of the universes has each parameter value enabled. In this example, columns are also sorted

by the number of covariates included in the analysis performed by a team.
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Figure 3.6: A variant of a universe specification panel [84]. Each column is a team of analysts
(i.e. a universe) having analyzed the same dataset using different analytical choices, as defined
by black cells indicating the selection of parameters values. The bottom row is the number of
parameter values in each universe, and the rightmost column indicates the frequency of a given
parameter value across the sparse multiverse.

Note that the number of covariates is not a free parameter, but is instead a function of other
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parameter values (which would be, for example, one parameter per covariate that indicates if it
was used in the analysis). We refer to this as a derived parameter. Derived parameters can be
visualized the same as any other parameter.

There are a number of other examples of this archetype in our corpus, e.g. [46, 43], but all have

equivalent task support.

3.7.2.3 Descriptive Specification Curve (Composite)

ST descriptive specification curve (Figure 3.7), which allows the viewer to connect outcome
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Figure 3.7: Example of a descriptive specification curve [88, 89]. We treat the full figure as a
composite visualization that is made up of two components: (a) an outcome curve, (b) an universe
specification panel. The composite visualization has super-additive functionality, enabling tasks
that neither component supports by itself. 300 universes are shown here, out of the full multiverse
of 1,728. The 50 universes with the smallest and largest outcome values are shown, along with a
random sample of 200 other universes.

The composite supports all the tasks that its individual components support, but also supports
all tasks in the Outcome and Connect categories (subsection 3.6.2 and subsection 3.6.3). Consider,
for instance the dropping outliers parameter: at the bottom of the specification panel (Figure 3.7b),
the eye is drawn to a continuous pattern of dark blue dots indicating that the drop 2 highest deaths
parameter value (i.e. exclude the two deadliest hurricanes Katrina and Audrey) leads to the all of

the lowest outcome values. The viewer can read up to see that all of the outcome values below
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zero are associated with this parameter value (Connect > OutcomeRange). Alternatively, if
the viewer were interested in outcome values below zero, they could have started in the Outcome
Curve (Figure 3.7a) and read down (Connect > SpecificOutcomes), leading to the same
observation, with other similar patterns observed for the controlling for the year parameter value
none (purple), or model parameter value log(fatalities + 1) (yellow).

The tasks ConnectCombo > Out comeRange and ConnectCombo-
> OutcomeFrequency can be completed in the same manner, but with less ease because
columns that satisfy a combination of more than one parameter values (e.g. controlling for year =
year X damages and feminity of name = rating on Likert scale (1-11)) are not clustered together,
making it difficult to identify whether the corresponding outcome values form patterns.

This visualization also enables identification of Simonsohn et al. [88] termed idiosyncratic spec-
ifications (ConnectCombo > Idiosyncratic), e.g. pointing out that only a particular, small
subset of the available parameter values lead to negative effect sizes. We discuss such interpreta-

tions of outcome frequencies in more depth in subsection 3.8.1.

3.7.2.4 Variants of the Descriptive Specification Curve

Figure 3.8 shows notable variants featuring interesting adaptations and improvements. In Fig-
ure 3.8a, statistical significance is color-coded on both the outcome curve and the universe speci-
fication panel (red is significant), and standard error is shown using an error band around the out-
come values. This places more visual emphasis on statistical significance and confidence within
each universe. Figure 3.8b maps significance to color but uses a three-color scheme that also
indicates the sign of the effect.

Figure 3.8c also uses an error band and a different three-color scheme for statistical significance
(blue: a = 0.05, red: o = 0.10, and black: non-significant). Note also that the columns in
this variant are the result of a depth-first sorting across the parameter values. This makes some
tasks in Connect Combinations (subsection 3.6.4) easier compared to Figure 3.7 (so long as the
desired combinations of parameter values are clustered together) while making tasks in Connect
(subsection 3.6.3) more difficult (by disrupting the sorting within single parameter values).

Figure 3.8d presents a multiverse of meta-analyses, where each universe is one meta-analysis.
The number of studies within each universe is color-coded (red = 2, blue = 18), and plotted as
a frequency plot as an additional middle panel. More generally, this is mapping an additional
outcome variable onto color in the specification curve. This allows a task specific to multiverse
meta-analysis (ConnectCombo > Idiosyncratic): reasoning about the validity of individ-
ual universes based on the number of studies included in their meta-analyses.

Figure 3.8e is a variant of the outcome curve component (stand alone). It uses confidence inter-

vals around a bootstrapped null distribution instead of around the outcome value, but is otherwise
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Figure 3.8: Example variants of the specification curve archetype, notable for their alternative
mappings of the color channel and integration of uncertainty quantification metrics. (a) Figure 1
from Orben et al. [71], (b) Figure 5 from Del Giudice et al. [27], (c¢) Figure 7 from Burstyn et
al. [14], (d) Figure 2 from Voracek et al. [95], (e) Figure 5 from Jelveh et al. [51]

similar to other variants that use error bands.

While not strictly variants of this archetypal family, the standard forest plot, e.g. Arslan’s Figure
4 [3], and dot-interval plot, e.g. Silberzahn’s Figure 2 [85] could be considered as ancestors of the
outcome curve, and have some similar visual features and functionality, though to show only a very
small number of universes. See the supplemental material for more detail, including a number of
other examples of this archetype [71, 72, 70, 14, 27,79, 95].

3.7.3 Outcome Density Plot

The outcome density plot shows the distribution of outcome values as a density plot. In

Figure 3.9, the outcomes of a multiverse analysis examining potential racial and gender
bias in a mortgage-lending dataset are shown. The parameters in this universe indicate whether a
specific variable (such as a mortgage applicant’s race, marital status) was included as a covariate
in a statistical model. The x-axis encodes outcome values of estimated effect size, while the y-axis
encodes the relative proportion of universes with the associated effect size.

While similar in function to the outcome histogram, this archetype splits the multiverse into two
distribution lines (blue and red) corresponding to two different subsets of the multiverse defined
by chosen parameter values. This allows it to support additional task categories, Connect (sub-
section 3.6.3) and Connect Combination (subsection 3.6.4), by isolating subsets of the parameter

space of interest. This also means that these tasks are only supported for the particular parameter
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Figure 3.9: Example of an outcome density plot, from Young et al. [101]. Here, each density
curve represents the relative frequency of outcome values across a subset of universes, defined by

combinations of parameter values.

value(s) or subsets that are directly encoded. While one can easily imagine plotting more than
two curves in one plot, it can quickly become cluttered. See the supplemental material for more
examples of this archetype [59, 48, 69, 100, 66].

The limited scalability of this archetype in terms of the number of parameters that can be sup-
ported is emblematic of an important tradeoff in multiverse visualization design: some visualiza-
tions are better for identifying the source of sensitivity in a multiverse overall, while visualizations
like the outcome density plot can effectively show the sensitivity of a small selection of parameters
after having identified them by other means.

Multi-modality in a density curve of outcome values may indicate that a small subset of
parameter values, or combination of parameters, are especially important as they are uniquely
responsible for widely different outcome values. As an example of task ConnectCombo-
> Idiosyncratic, Young et al. [101] identify variables for race and marital status as being
especially important in their study, and use Figure 3.9 to illustrate the effect of these decisions on
outcome sensitivity. The distribution is multi-modal: all outcome values are close to zero (left

curve) or they span large positive effect sizes (right curve). The importance of modality of the
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outcome distribution is also emphasized in vibration of effects plots (subsection 3.7.4).

3.7.4 Vibration of Effects Plot

Figure 3.10 depicts a multiverse analysis concerned with the reliability of hazard ratios
(an effect size) associated with various health factors, like blood levels of vitamin D. The
parameters in this analysis are thirteen covariates that can individually be included or
excluded, resulting in 8,192 universes. In this vibration of effects plot (also called a volcano plot
by Patel et al. [75]), the effect size is plotted on the x-axis and statistical significance is plotted on
the y-axis of a scatter plot with density contour lines. Some other variants in Patel et al. [75] use

2D binned heatmaps instead of scatterplots.
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Figure 3.10: Example of a vibration of effects plot [75]. The x-axis encodes outcome values
(effect size estimates), and the y-axis encodes the statistical significance (negative log transform of
p-value). Blue contour lines show the relative frequency of outcomes within the multiverse.

All tasks in Outcome (subsection 3.6.2) are well-supported by this plot to the extent that density

contours and overplotted scatterplots support frequency estimation. All tasks in Connect (subsec-
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tion 3.6.3) are supported with comparable ease, and in much the same way, as the Outcome Density
plot (subsection 3.7.3). Similar caveats apply: generally only a small set of combinations of param-
eter values can be compared at once, e.g. by mapping parameters to colors (Figure 3.11). However,
the 2D density of statistical significance and effect size may allow additional clusters of outcomes
to be visible that would not be visible in a 1D density chart, potentially aiding identification of

interesting clusters of parameter values.
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Figure 3.11: Variant of the vibration of effects plot [75] where each universe mark is color-coded
to indicate the value of the parameter value for that universe. Marks that are gold indicate the
parameter (triglyceride) was included in that model, while black indicates exclusion.

The identification of potentially important clusters in outcome values is an example of the task
ConnectCombo > Idiosyncratic. Patel et al. [75] dedicate extensive discussion of visual
patterns exhibited by vibration of effects plots and their interpretation. For example, while the color
coding of parameter values in Figure 3.11 shows this parameter is part of the cause of multimodal-
ity in outcomes, there are still at least two visually distinct regions within the outcomes associated

with this parameter. This suggests this parameter is not the only cause of multimodality, and that
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there may be an interaction with another parameter. This ability to identify interaction effects is
a unique feature of this archetype, though identifying what specific parameters are responsible
(ConnectCombo > OutcomeFrequency or ConnectCombo > Out comeRange) requires
creating additional charts—Patel et al. [75] describe how hundreds of such figures are to be gener-
ated to this end.

Patel et al. [75] also describe many idiosyncratic visual patterns and corresponding relationships
that can be identified with vibration of effects plots. As an example, outcomes may form a U-
shape around O, which indicates that there are universes that show opposite effect sizes, which
Patel et al. [75] call the Janus effect (after the Roman god with two faces). Other patterns feature
when all universes had the same direction of effect, but disagreed only on magnitude or statistical
significance of the effect.

Another common feature of vibration of effects plots is the red line with numerically labeled
points, where each points is the median outcome value of all universes with the corresponding
number of covariates included (a derived parameter as defined in subsubsection 3.7.2.2). This
allows identification of patterns concerned with the joint combination of effect size, statistical
significance, and the number of covariates used (ConnectCombo > Idiosyncratic). For
example, Patel et al. [75] reported finding cases where more adjusting variables were associated
with smaller effect sizes, larger effect sizes, and cases where the effect size appeared to have no
dependence on this parameter.

Overall, this archetype represents an effective way of getting an overview of the outcome of a
multiverse where two outcome metrics are jointly important. The only other example we found of
this archetype was in del Guidace et al. [27], but this was a near-exact reproduction of the style of
this archetype that differed primarily in color choice.

3.7.5 Outcome Matrix

£ - An outcome matrix is a tabular visualization [76] where both rows and columns are

parameter values, and each cell reports an outcome value. In Figure 3.12 each cell reports

a p-value, both using numerals and a color (statistically significant in gray). In this figure, the axes
are dendrograms where each level of the tree is a parameter and each branch a parameter value,
thus a path through the tree shows the combinations of parameter values defining each universe.
Insofar as the size of the tree is able to scale to the size of multiverse, there is good support
for Composition>Parameters in that the structure and relationships within and between
parameter values can be derived easily.

Figure 3.12 is an example of the outcome matrix from Steegen et al. [92], a work of the authors

who coined the term multiverse analysis itself. They chose to visualize their analyses both with this
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archetype (the outcome matrix) and the previously described outcome histogram (subsection 3.7.1).
They examined data that explored the relationship between human fertility and religious and po-
litical attitudes, across a multiverse defined by data exclusion and operationalization parameters.
The outcome of interest is a p-value.

The color coding of the outcome values supports Out come > Frequency (here, the more
gray cells the more occurrences of a significant outcome). Outcome > Range for other types
of outcomes (e.g. effect size) could be supported given a more granular color coding, although
known issues with heatmaps may make certain tasks difficult [55, 37].

Tasks in Connect (subsection 3.6.3) are generally well supported, with a few qualifiers. Tasks
Outcome > Range and Outcome > Frequency are relatively easily accomplished when the
specified parameter is at the top of the hierarchical axis (e.g. RI Figure 3.12 spans 5 adjacent
columns), but require more mental effort otherwise as all the relevant universes are not found

within adjacent columns or row (e.g. FI spans 3 non-adjacent columns). The ease of connecting
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Figure 3.12: Example of an outcome matrix [92]. The double-dendrogram structure encodes pa-
rameter specification: each level is a parameter, and each node at a given level is a parameter
value. Each cell in the matrix thus corresponds to a universe, and indicates the outcome value for
this universe (also color-coded).
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specific outcomes to parameters (Connect > SpecificOutcomes) depends on the hierarchi-
cal structure of the parameters as it impacts how outcome values cluster with parameter values: in
Figure 3.12 one can easily observe that all significant p-values are in R1 and R3, but if the axes were
ordered differently (e.g. swap the order of the R and F parameters), or if the viewer were interested
in a more specific outcome value, the task can become difficult. Similarly, ConnectCombo-
> OutcomeRange and ConnectCombo > Out comeFrequency may be well-supported for
some combinations of outcome values and axis orderings, making this one of the few visualizations
that can support these tasks (at least in some cases). However, the difficulty of all of these tasks de-
pends heavily on row and column ordering and the resulting clusters, as with matrix visualization

in general [6].

3.7.5.1 Variants of the Outcome Matrix

Variants of the outcome matrix in our corpus were generally less structurally complex than the
example shown in Figure 3.12, as they omitted the use of a hierarchical axis on either columns or
rows. Multiple examples used only one axis to represent parameters, while the other axis was used
to show outcomes of interest [18, 25, 28]. Multiple variants used continuous outcomes and applied
different color maps (e.g. diverging palette for positive-negative effect and magnitude), illustrating

how this archetype is not fundamentally limited to binary outcomes types [31, 28].

3.7.6 Multiverse Computation Schematic

Figure 3.13, also from Patel et al. [75], is an example of the multiverse computation
Dl% schematic archetype. This is one of the few archetypes whose focus is on Composition
(subsection 3.6.1)—as opposed to reporting outcome values—providing the most support for the
tasks Composition>Process and Composition[>Parameters in our corpus.

Each panel of Figure 3.13 denotes a single major stage of the analysis pipeline for creating this
multiverse analysis. Panel A describes the data source and Panel B describes the dependent vari-
able in the analysis. Supporting Composition > Parameters, Panel C lists parameters (here,
parameter values are either include or exclude) and Panel D describes the statistical model used to
produce outcome values for each universe (in some multiverses this would be a parameter if there
were more than one model type). Panel E is a miniature vibration of effects plot (subsection 3.7.4).
Panel F contains two metrics the authors use to quantify the spread of outcome values of a multi-
verse (Out come > Range), though this is not an essential part of this archetype and the vast ma-
jority of multiverse analyses in our corpus do not use such metrics. The illustrated pipeline helps a
viewer gain a high level understanding of the multiverse structure (Composition>Process)

and the process of analysis.
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a Data Source
NHANES 1999-2004
417 variables of interest
time to death
N=1000 (2100 deaths)

v

b Variable of Interest
1 SD of log(serum Vitamin D)

c v

Adjusting Variable Set All-subsets Cox regression d

- —>
n=13 273= 8,192 models .
SES [3rd tertile, *
education [>HS] .
race [white]
BMI [normal]
total cholesterol
any heart disease
family heart disease
any hypertension
any diabetes
any cancer
current/past smoker
[no smoking]
drink 5/day
physical activity

Statistical model used to
produce outcome values

A list of binary parameters

Vibration of Effects f
Relative Hazard Ratio (RHR)=HRgg/HR

Range of P-value (RP)=
-log10(p-value) + log10(pvaluegg)

Figure 3.13: Example of a multiverse computation schematic [75], describing data source (a), vari-
able of interest (b), and parameters (c,d) composing the multiverse; and elements of the multiverse
analysis report: a vibration of effects plot (e); and measures of outcome value spread (f).

3.7.7 Interactive Visualization Systems

While most of the visualizations in our corpus are static, we identified two interactive visualization
systems designed to support multiverse analysis. These systems are the primary inspiration for cat-
egory Validate (subsection 3.6.5), as these tasks are largely unsupported by the other visualizations

in our corpus.
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3.7.7.1 Explorable Multiverse Analysis Reports (EMAR)

—=| Explorable Multiverse Analysis Reports (EMARs) (Figure 3.14) are interactive variants

of academic articles inspired by explorable explanations [93]. EMARSs allow readers to
interactively explore individual universes by selecting combinations of parameter values directly
in the report, and see the full analysis report resulting from the corresponding universe update ac-
cordingly. For example, the dot-interval plot in Figure 3.14 is not itself a multiverse visualization;
instead, each parameter value in the text is an interactive widget that allows the reader to select
different values for that parameter, which updates the body text and all visualizations in the re-
port to describe the analysis resulting from the selected universe. For example, clicking on the

t-distribution widget allows the reader to switch to bootstrapped confidence intervals.

Outcome values
physical touch —®—  from one universe

physical no touch — 0.’
virtual prop S —
virtual mouse —

10s 20s 30s 40s 50s 60s
Figure 3. Average task completion time (geometric mean) for
each condition. Error bars are 95% t-based Cls.
Parameter value
We focus our analysis on task completion times, reported in
Figures 3 and 4. Dots indicate sample means, while error’
bars are 95% confidence intervals computed on log-

Strictly speaking, all we can assert about each interval is
that it comes from a nrocedure decioned to _canture the

Figure 3.14: Excerpt from an explorable multiverse analysis report [30], where parameter values
can be selected dynamically through interactive text widgets, resulting in figures, numerals and
text updating accordingly in the report.

Unlike the summary visualizations in our corpus, EMARSs allow the reader to inspect the full
statistical report for a single universe. This allows a reader to make more informed judgments
about the validity of each universe (Validate>Details). However, this can make it more
difficult to gain a higher-level understanding of outcome sensitivity (subsection 3.6.2). EMARs
address this by allowing the reader to animate over all of the universes to see how much individual

visualizations of outcomes change depending on the active universe (Out come [> Frequency).
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3.7.7.2 Boba

Boba (Figure 3.15) is an interactive system designed to support multiverse analysis. As

=/\[]

a full system it supports many tasks in our taxonomy, but the support for some tasks are
limited.. It supports tasks in Connect (subsection 3.6.3) by allowing viewers to interactively select
parameters of interest (Figure 3.15c), which it uses to show dotplots of outcome values faceted by
parameter values (Figure 3.15d). It has some support for Connect Combination (subsection 3.6.4)
tasks by allowing the viewer to select multiple parameters, though the scalability of these tasks
is limited by the fact that faceting is itself limited to two axes. It does not support Validate—

>Details as it mainly relies on summary visualizations.
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Figure 3.15: Screenshot of the Boba system [58]. Panel C shows the design space of parameters
and their relationships; parameters that are source of sensitivity are in a darker color. Panel D is
a trellis of dotplots of outcome values, subsetted by parameter values. Panel D shows predictive
distributions from each universe compared to the observed data.

A unique contribution of this system is that it explicitly considers model fit (Figure 3.15¢e) as
a component of assessing multiverse validity (Validate I>Metrics). This is because a cross-
product of a priori reasonable parameters may produce many universes with poor model quality,
and some universes may not provide a sound basis for inference [27]. Support for this task is
provided by allowing the viewer to examine model fit (Figure 3.15¢) and exclude outcome values

from poor-fitting models in the final interpretation.
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3.7.8 Domain-Specific Visualizations

We selected the archetypes above for full description as we believe they are likely to be widely ap-
plicable to multiverse analyses, regardless of domain. Some of the visualizations in our corpus are
instead highly domain-specific [16, 4, 77, 5]. A common example is spatial data, such as encoun-
tered in geographic and medical research. We present two examples of this type of visualization
that both employ heatmaps to encode multiverse outcome data together with domain-specific visu-

alizations that would otherwise only show the result of a single analysis.

~
o
agreement (%) ¥

<-50-30 -10 10 30 >50
relative change (%)

Figure 3.16: Two examples of domain-specific visualizations of multiverse analyses. (a) outcome
values are contextualized in a geographical map [8], (b) correlation matrix of outcome values [10].

Figure 3.16a shows the output of water runoff (discharge) predictions from 55 climate models
[8]. Outcome values and sensitivity are encoded on a bivariate color scale: mean predicted change
in water runoff (outcome value) is mapped to hue, and percentage agreement between universes
(outcome sensitivity) is mapped to saturation, helping the viewer assess the range of outcomes in
each region on the map (Out come > Range).

Figure 3.16b shows the correlation between outcomes across universes in a neuroimaging anal-
ysis multiverse. The top panel is a correlation matrix: rows and columns are universes, and each
cell shows the correlation of outcome values between two universes. The dendrogram axes are
similar to those of the outcome matrix (subsection 3.7.5), but are the result of a clustering algo-
rithm rather than a direct representation of parameters. The color-coding on the rows links the
results in the matrix to the models of human brains in the lower panel. Each brain model uses a
heatmap to show the averaged relative activation of certain brain areas. This aids in assessing the

sensitivity of outcomes to different analysis choices (Connect, subsection 3.6.3).
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3.8 Discussion

In this section, we discuss some difficulties and limitations of current multiverse analysis visual-

izations, implications for design following from our survey, and directions for future work.

3.8.1 The Illusion of Probability in Multiverse Visualizations

One issue with existing multiverse visualizations that show outcome values stems from the subtle
yet important distinction between probabilistic and possibilistic interpretations of frequencies. Al-
though this is a general difficulty when interpreting any multiverse analysis, it may be exacerbated
by visualizations.

Under a probabilistic interpretation, all specified universes would be assumed to be equally
likely to be correct, so outcome values that occur more frequently within the multiverse must
be more likely to be correct. Yet the set of reported universes in a multiverse analysis is not
a random sample of all reasonable specifications, and universes are themselves not statistically
independent [88]. Authors and readers may even disagree on the validity of some universes [88]. It
follows that when interpreting visualizations such as outcome histograms, the relative frequencies
of outcomes should not be treated probabilistically.

Instead, variation in outcomes should be treated possibilistically [36]: the presence of an out-
come in a multiverse indicates that it is a possible result of reasonable analytical choices. Under
this interpretation, no outcome value can be considered any more or less likely to be correct solely
based on how frequently it occurs; one must instead examine the validity of universes leading to
particular outcomes.

However, the probabilistic interpretation is very tempting: we suspect many readers may in-
terpret visualized outcome frequencies as probabilities or likelihoods, and we have encountered
such interpretations while reading multiverse analysis reports. This relates to classic notions of
visualization expressiveness: density plots, histograms, dotplots, and so forth. all invite a proba-
bilistic interpretation even though that interpretation is not intended for multiverse data. One might
consider this misinterpretation a kind of illusion of probability. This illusion puts designers of vi-
sualizations for multiverse analysis in a bind, as the frequency information that creates the illusion
is still useful for many tasks (e.g. Connect > OutcomeFrequency and ConnectCombo-
> OutcomeFrequency). How can we visualize this frequency information while preventing
erroneous probabilistic interpretations? One potential direction may be to use visualization types
explicitly designed for possibilistic uncertainty, such as probability boxes [34]; see Bonneau et
al. [9] for further discussion of possibilistic versus probabilistic uncertainty visualization. We have

not seen examples of possibilistic uncertainty visualizations applied to multiverse analysis as yet.
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3.8.2 Visualizations to Better Support Multiverse Validation and Interpre-

tation are Needed

We considered proposing a sixth task category, “Interpret the Multiverse” as the logical final step in
a multiverse analysis: to make some inference about the original dataset (not about the sensitivity
of that inference). We decided against doing so as we did not find examples of tasks in this category
that were substantially supported by multiple sources in the corpus, generalizable, and explicitly
a feature of a visualization. Overall, we found that interpretations of a multiverse vary widely
between authors, are often domain-dependent, and are not strongly tied to specific features of any
visualization.

Del Giudice et al. [27] stated that, “Going forward, multiverse-style methods should not be
narrowly thought of as a means to promote transparency in reporting, but rather as an analytic
tool that can profitably aid the interpretation of data and inform the development of theoretical
models.” This echoes similar suggestions made in earlier works [88, 92], but most multiverse
reports we reviewed did not go beyond tasks from the Outcome (subsection 3.6.2) and Connect
(subsection 3.6.3) categories, or at least not in a way that explicitly referenced a visualization.

Only 2 visualizations provided support for tasks under the Validate category (subsection 3.6.5).
Two recent threads of research have suggested the need to more carefully validate the universes
in a multiverse, possibly pruning some universes. Liu et al. [58] suggest doing so by examining
model fit and provide some support for this task in Boba (Figure 3.15). They suggest an analyst
might wish to iteratively redefine the multiverse itself as a result of a previous round of multiverse
analysis, given that some analytical choices may no longer be considered equally defensible after
having run them on the data.

Relatedly, Del Giudice et al. [27] argue that analysts should explicitly consider whether ana-
lytical choices have principled equivalence, principled non-equivalence, or if there is uncertainty
about their equivalence; each conclusion leads to different choices about whether to include a pa-
rameter value in the multiverse. They argue that if poor analysis choices were truly excluded,
most multiverses would be much smaller than ones seen in practice. Simonsohn et al. [88] note
that, “While all included specifications should be theoretically justified, statistically valid and non-
redundant, researchers may nevertheless consider some specifications superior to others and that
some should be given greater weight than others.” However, to date we are not aware of reported

multiverse analyses that attempt such relative weightings.
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3.8.3 Multiplexing and Interaction to Investigate Parameter Combinations

Few visualizations provided substantial support for tasks in the Connect Combinations category
(subsection 3.6.4). For most visualizations, this support comes with the caveat that meaningful
combinations of parameters have been selected ahead of time (e.g. Figure 3.9), which does not
address how visualization might be used to discover these interesting relationships in the first place.
Two strategies in the corpus were used to help analysts discover the impact of arbitrary parameter
combinations on outcome sensitivity: multiplexing in space (e.g. faceting), and interactivity.

While the vibrations of effects plot (subsection 3.7.4) can only compare across a small number
of parameter values at once, Patel et al. [75] describe a full analysis workflow in which an analyst
reviews potentially hundreds of vibration of effects plots representing combinations of parameter
values. On a smaller scale, Poarch et al. [78] faceted by both variables of interest and parameters,
producing an 8-by-6 of outcome histograms (subsection 3.7.1) to report their multiverse analysis.
In theory, faceting by parameter can be performed with any base-plot type, but in our corpus
faceting was primarily used with archetypes that did not otherwise support connecting parameters
to outcome values (subsection 3.6.3 and subsection 3.6.4).

Boba (Figure 3.15) combined faceting with interactivity, allowing viewers to facet according
to interactively-selected parameters. Interactivity removes the need to present all faceted plots
at once and could aid in more focused exploration. However, there is an untapped potential to
enhance the value of other plot types in our corpus through interactivity, beyond just interactively
selecting facets: the outcome matrix plot (Figure 3.12), for example, could benefit from interactive
row and column reordering to aid in cluster identification [76]; similar functionality could also
help reduce tradeoffs in fixed column ordering on specification curve charts (e.g. Figure 3.8a
versus Figure 3.8b). Such approaches could be used in interactive systems aimed at analysts, like

Boba [58], or incorporated into interactive reports aimed at readers, like EMARs [30].

3.8.4 Importance of Multiverse Scale and Structure

Multiverses vary in their scale, in terms of both the number of parameters and the number of
universes those parameters form in combination. Some multiverses are dense, if most or all com-
binations of parameter values are included, while some are sparse, if many theoretically possible
combinations of parameters are not included. Sparse multiverses are typical in analyses constructed
by using only the specifications found in previous work, or when specifications are crowdsourced
(e.g. [85]). Some archetypes explicitly visualize this structure (e.g. the dendrograms in outcome
matrices; Figure 3.12) and may not scale well to large numbers of parameters or complex rela-
tionships between them, while others do not depict any particular structure and are thus usable

regardless (e.g. the outcome histogram; Figure 3.5).
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Part of the inherent difficulty of multiverse analysis is that the data is not easily reduced or
summarized without losing information that is critical for supporting important tasks, such as
Connect > OutcomeRange or ConnectCombo > Out comeRange. Summarization of out-
come values can appear trivial at first, such as when stating the proportion of universes with out-
comes values that were statistically significant, or presenting outcomes with a histogram (subsec-
tion 3.7.1). As discussed previously (subsection 3.7.1 & subsection 3.8.1), under a possibilistic
interpretation even this task is fraught with the danger of misinterpretation. While frequency can
also serve as an indicator for how much of the examined choice space is connected to any given
outcome, summarizing outcomes severs the threads that connect outcomes to parameter values,
thus preventing one from performing any Connect-related tasks (subsection 3.6.3). It may be that
supporting some tasks better will tend to reduce support for other tasks. This implies that design-
ers and researchers may be best served by building up a toolbox of multiverse visualizations that
support their desired tasks, rather than trying in vain to create an all-in-one solution.

Given this, the design of visualizations must take into account the scale of the multiverses they
are to support. In the visualization table in the supplement we provide our estimation of the scale
of multiverses that are supported by each archetype, both in terms of number of parameters and
number of universes. As an example, the vibration of effects plot (subsection 3.7.4) scales to an
unlimited number of universes, but is only able to show one (or very few) parameter values in a
single plot. By contrast, an interactive system is not limited in the amount of parameters it can
support overall, but the component visualizations are still limited to simultaneously displaying a
number of parameters on the order of tens. Future work might investigate ways to scale multiverse

visualizations that already have good support for some tasks to larger multiverses.

3.8.5 Limitations of this Survey and Future Work

There are several ways in which our survey is limited. We set out to survey tasks and visualizations
for multiverse analysis reports, as detailed in section 3.4. Since adjacent concepts, such as model
comparison, or parameter space exploration (also see Figure 3.2) likely entail different tasks, we
curated our corpus by strictly applying the definitions presented in section 3.4. The eight relevant
keywords identified from our list of 53 seed articles resulted in a total of 213 corpus candidates. In
analyzing these candidates we only found a total of 43 articles fulfilling our criteria. Consequently,
our survey may have missed some potentially relevant visualizations.

Our survey only covers multiverse visualizations reported in academic papers, most of which
are static. We had to exclude many visualization designs and tools—some of which are
interactive—that have been designed for related purposes (see Figure 3.2). Future work should ex-

amine how such tools can inspire the design of multiverse analysis reports, while remaining aware
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of differences in goals. For example, interactive visualization tools for model building [24, 64, 17]
and for ensemble data analysis [97, 83] focus on using data visualization to help analysts prune
vast spaces of possibilities, often with the goal of identifying one optimal model or set of parame-
ters. In contrast, in a typical multiverse analysis the entire multiverse is reported as it was decided
before the data was analyzed, irrespective of the outcomes of those analyses. Nevertheless, pruning
tools require effective data overview techniques, which can be re-purposed for multiverse analysis
reporting. In addition, adding interactive pruning tools to multiverse analysis reports could help
readers navigate them.

Our survey covers how multiverse visualizations have been used across disciplines, but few of
the papers we examined are from within the field of information visualization. This is because
such visualizations are not broadly used, and we know of very few examples in information vi-
sualization. Our focus is however less on helping information visualization researchers use such
visualizations in their own papers, and more on helping them sfudy them as a research subject.
We however expect that many of the insights gained by looking at practices across disciplines can
transfer to visualization papers, as methodologies for analyzing and reporting experiments and
transparency criteria are very similar across research areas.

None of the tasks discussed in this work are unique to any single domain or discipline, and
the vast majority of datasets being analyzed are well expressed in tabular data structures familiar
to all quantitative analysts. Major challenges to be addressed by future researchers will involve
finding ways to effectively communicate multiverse results of data and analyses with additional
structural complexity. For example, hierarchical data and modeling techniques can require multiple
visualizations to adequately communicate the results of a single analysis. Similarly, there is no
reason why multiverse analysis techniques cannot be applied to analyses of other data structures,
such as networks. While domain-specific techniques applied to spatial data may provide some

inspiration (subsection 3.7.8), considerable innovation may be required.

3.9 Chapter 3 Conclusion

This chapter serves as a state of the art report reviewing the development and advances made in the
visual design and communication of multiverse analysis results, starting with related techniques
that go back long before the term multiverse analysis was first coined, and carried through the year
2020. It covers a survey of literature across multiple fields and disciplines, considering visualiza-
tions from areas as diverse as psychology, statistics, economics, and visualization.

As a matter of general contributions, this chapter includes a coherent and operational terminol-
ogy to provide researchers with a common vocabulary so they can better communicate and reason

about multiverse analyses (section 3.4). It also provides an assembled a taxonomy of analysis
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inspection tasks that multiverse visualizations should support, grounded in an extensive analysis
of the curated corpus (section 3.6). It also provides a detailed discussion of the design and func-
tionality of major multiverse visualization archetypes, including an assessment of how well each
of them supports multiverse tasks (section 3.7), in order to guide analysts in the selection of ap-
propriate visualizations to use when conducting or reporting multiverse analyses. Ultimately, no
single multiverse visualization has dominant support for all tasks, and there is ample opportunity
for future work to investigate improvements to existing visualizations, new visualizations, or even
combinations of visualizations to better support the range of tasks needed for a complete reporting
of a multiverse analysis.

All this said, if the derivation of meaning from results is the ultimate goal of analysis, and
interpretation of a multiverse analysis is usually not a trivial task, why are there no visualizations
that explicitly support interpretation tasks? What would it take to support such tasks?

While multiverse analysis is a promising method for examining analytical uncertainty, substan-
tial challenges remain. One particular challenge is the limited support for the Validate and Interpret
categories of tasks, which are the tasks that are ultimately essential for deriving useful meaning
from a multiverse analysis and communicating that meaning to others. So the question to be an-
swered in the remainder of this work is: what will it take to support validation and interpretation
tasks?

The first step towards answering this question is to consider what about the tasks might be
making them so difficult. I believe the apparent difficulty and complexity of validation and in-
terpretation tasks indicates that these tasks are fundamentally different from the other multiverse
tasks, particularly in that they often require higher-level mental reasoning and connection of dis-
parate facts, some of which may not even be encoded as specific data. For example, consider what
it would take to answer this question: is a specific analytical choice statistically appropriate, given
the data and in the context of this specific multiverse? While this question is fundamental to a mul-
tiverse analysis and makes reference to data, it also requires logical and theoretical considerations
that are not a feature of any given dataset. A task like this can still be supported by a visualization,
but it may require multiple visualizations and views of the data at a universe-level or multiverse-
level, and even then it cannot be decomposed to the same degree that a task like Assess Outcome
Sensitivity can be. This suggests that there may not be a single visualization archetype that can
support a task like that, but instead there may be a set or series of inter-related visualizations that
would be helpful instead.

The conclusion of this chapter is two-fold. First, validation and interpretation tasks are higher-
level tasks that can require multiple perspectives on the data, the multiverse itself, and considera-
tion of things that are not even in the data itself (e.g. statistical methodology, theory specific to the

subject). As a consequence, these tasks may benefit from or even require collaboration between
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people with different areas of expertise, and as they may be especially cognitively demanding
any reduction in effort required to complete dependent tasks in support of them could be especially
helpful. Second, given that validation and interpretation tasks may be require multiple perspectives
on the data, it might be better to consider a series of visualizations to better support all dependent
tasks collectively.

The first conclusion motivates the search for ways to ease the cognitive burden necessary to ex-
plain, understand, and have discussions around data in general. The second conclusion motivates
the special attention on exploring a series of visualizations as a way to collectively support vali-
dation and interpretation tasks. These two threads are explored simultaneously in the penultimate
chapter of this work.
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CHAPTER 4

AugMeet: Augmented Presentation System to
Support Validation and Interpretation Tasks in a

Multiverse Analysis

4.1 Chapter Introduction

The multiverse analysis tasks of validation and interpretation are necessary for deriving meaning
from the multiverse, and the degree to which they are successfully completed essentially deter-
mines how much value can be obtained from the process of conducting and sharing it with others.
The support previously reviewed multiverse visualizations have for these tasks is particularly lim-
ited (as detailed in chapter 3), which testifies to just how challenging these types of tasks can be
in practice. While this could be a limitation merely of published visualizations, reconsideration
of the papers associated with those visualizations finds that most show no indication that valida-
tion and interpretation tasks were completed by their authors through any means. The difficulty of
these tasks stems from the fact that validation and interpretation requires a higher level of thinking
than other multiverse tasks (like assessing outcome sensitivity), and often involve multiple lines of
reasoning informed by multiple perspectives on the data and phenomena of interest. Rather than
trying to overload a single visualization with information, which could make otherwise simple
tasks harder to perform while causing high cognitive load, it may instead be fruitful to explore
how a series of visualizations can be designed to collectively build up the network of connections
necessary to convey and support arguments common among multiverse analyses.

When considering the practical usefulness of multiverse analysis, it is also important to con-
sider that multiverse analyses may often be conducted by a team of professionals, as evidenced
by the fact that no multiverse-related papers in the previously surveyed corpus (chapter 3) are
single-authored. Analysis may also benefit from experience in statistical methodology as well as
additional subject matter expertise [92], which would be an additional potential benefit of collabo-

ration; in some topic areas, teams are even composed of such highly specialized sets of skills that
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group coordination is a necessity [33, 1]. Insights from group discussion can be used to guide what
analyses are performed next, and conclusions are either devised collectively or require assent of
the group before they are reported externally [57, 33, 1]. All these observations suggest that it may
prove fruitful to intentionally design systems to support multiverse analysis done by a group.

The other line of observation that motivates this work is that validation and interpretation tasks
are inherently difficult and cognitively demanding (as discussed in section 3.9). Using the example
of a validation task that asks ‘is this set of choices statistically appropriate?’, completing this task
may require multiple perspectives on the data at both a universe and multiverse level, in addition to
consideration of theory-based concerns that are are not encoded in the data itself. When tasks are
as demanding as this it can be be particularly helpful to reduce the cognitive burden of prerequisite
tasks as much as possible, to preserve mental energy for where it is needed most. A previous work
of this author [44] established that a technique I now call augmented presentation' is a way to make
it easier for people to pay attention and understand information provided in data visualizations, and
in a way that encourages engagement and can help to facilitate discussion. However, the evaluation
of that system focused on only the most common types of visualizations, concepts that were much
less demanding than the ones considered here, and was not designed or evaluated in the specific
context of a multiverse analysis.

This chapter describes the design and evaluation of a system to support teams conducting a
multiverse analysis, with particular focus on the stage of analysis where the results of a provisional
exploration are presented to the working group. Here the multiverse analysis will not be considered
a singular end-point, but rather an iterative process of questioning and learning from all of the
data—both the underlying data used within universes and the multiverse of results itself. The
group will be interrogating the multiverse, which is to critically re-examine the analytical choices
in light of what can be learned from the multiverse analysis. Validation and interpretation tasks
are central to the focus of this chapter, and other multiverse tasks are featured only to the extent
they are necessary to the completion of the focal tasks. Special consideration is also given to
the pragmatic concerns of productivity and progress, and the efficient use of meeting time and

direction of group effort is also given substantial attention.

'augmented presentation: the performance of a presentation aided by live video augmentation
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4.2 Research Question

RQ 5.1: How can validation and interpretation tasks be supported by using
augmented presentation techniques together with a series of related data vi-

sualizations?

To answer this research question, I developed an interactive system named AugMeet. I recorded
a presentation I created and delivered using AugMeet to serve as an applied demonstration of
the system, and which depicts a person presenting the first results of a multiverse analysis to
a mock-meeting of researcher collaborators. I then conducted an evaluation study by holding
semi-structured interviews with seven participants that had relevant expertise, with each partic-
ipant being highly-educated, having 5-20+ years of research experience, and having familiarity
with multiverse analysis ranging from being somewhat familiar to having published papers about
the topic. During the interviews all aspects of the system were discussed and critiqued.

The AugMeet system combines multiple ways to support the completion of validation and in-
terpretation tasks, each of which are described in the results of the evaluation study (section 4.6).
First, it uses augmented presentation as a technique to make it easier for the audience to follow
along and understand information provided about and through data visualizations, while simulta-
neously making it easier for people to pay attention and encouraging them to be interested and
engaged. Second, it uses a series of visualizations to build up a shared understanding of the facts,
provide an overview of what is being considered, focus effort on what is most potentially impact-
ful, and support low-level interrogation of twin universes to provide a new perspective and source
of critical information about the multiverse.

The visualization series demonstrated by AugMeet integrates a variety of novel techniques
and concepts to support validation and interpretation tasks, including: the concept of twin uni-
verses (subsection 4.4.2), parameter-faceted outcome curves (Figure 4.2), two-dimensional option-
faceted outcome curves (Figure 4.3), and twin-faceted residual plots (Figure 4.6). AugMeet com-
bines all of these individual aspects into a single system, and the demonstration of the system
also shows a workflow that participants identified as being of further value due to its approach of

progressive, iterative interrogation of a multiverse to reduce uncertainty.
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4.3 Use Case: Research group critically evaluating hurricane

gender-name effects

The use case described below is used throughout this chapter, and centers on a fictional remote
meeting of a team of professional researchers collaborating on an ongoing research project. This
use case provides the context for the presentation that was created and performed as a demonstra-
tion of AugMeet. The demonstration presentation was recorded and shown to participants in the
evaluation study of this system (section 4.5), and the use-case was described similarly to partici-
pants for shared context. This use case deals with the same topic of hurricane gender-naming as
used in section 3.3, but is approached from a different angle here so review of that earlier example
is not necessary for the purposes of this chapter.

In this use case, a team of researchers are currently re-evaluating the statistical results taken
from a real published paper titled Female hurricanes are deadlier than male hurricanes by Jung,
et al. [53]. The dataset being re-analyzed includes information about past named hurricanes in the
USA, including their associated death tolls, dollar damages, and the femininity of their names. The
original study estimated the association of hurricane name femininity with deaths not otherwise
predicted by the dollar value of damages sustained, finding that female-named hurricanes were
associated with more deaths regardless of dollar damages. Such a finding is consistent with a
hypothesis that people take female-named storms less seriously, and thus may be inclined to take
more risks than they otherwise would in the face of such storms.

The presenter leading the meeting has planned to discuss the results of a multiverse analysis
on the aforementioned dataset, which is a method that involves running multiple different analyses
using justifiable alternate data analysis choices. Each category of potential analysis choices is
referred to as a parameter and each choice in that category is called an option. The analysis
discussed in the meeting involves 6 parameters with 2-4 options each. Combining one option
from each parameter results in a single statistically estimated effect size (called an outcome), and
each unique combination of options is called a universe. The multiverse initially discussed in this
meeting is made up of 2016 distinct universes, giving a wide range of estimated outcomes.

The multiverse specification in this use case is a slightly modified version of a multiverse pub-
lished by other authors [81], which was itself based on the example used in the specification curve
publication [88]. The goal of the depicted meeting is to discuss the multiverse, and to further

discuss whether all the included choices should still be considered reasonable.
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4.4 AugMeet

In order to support validation and interpretation tasks in a multiverse I developed AugMeet, a sys-
tem for live augmented presentation of interactive multiverse visualizations in remote meetings.
The AugMeet system is the result of an iterative design and development process which used the
previously developed AugChiro [44] system as a starting point, and all new design concepts de-
scribed here were developed specifically for supporting communication around a multiverse anal-
ysis to complete the focal tasks of validation and interpretation. As with AugChiro [44] before
it, AugMeet is implemented as a browser-based presentation environment developed in JavaScript
that composites presenter webcam video with interactive visualization overlays that respond to a
presenter’s bodily actions, which is a technique I will refer to more generally as augmented pre-
sentation. The presenter can use their hands to interact with the data visualizations to highlight or
show additional information about a data point, transform the visualization, or transition between
visualizations. The system is designed to be controlled by a single presenter in a live remote meet-
ing, with the single composite view of themselves behind the data visualizations being shared with
meeting attendees via standard video conferencing software (e.g. Zoom, Google Meet).

The following subsection explains the system as it was demonstrated to participants for the eval-
uation study (section 4.5), and is illustrated using screenshots taken from that same demonstration
video. Subsequent subsections describe the aspects of AugMeet that are new and distinct from the

previous AugChiro [44] system.

4.4.1 Demonstration

The demonstration of AugMeet described here depicts a presenter leading a group meeting whose
agenda is to interrogate the multiverse—that is, to complete validation and interpretation tasks,
with a focus on questioning whether all initially included options are indeed appropriate. The
description of the demonstration of AugMeet that follows is divided into seven scenes to match the
seven video segments shown to participants during the evaluation study. As a brief overview, the
presenter first describes the overall results of the initial multiverse analysis, then leads the group
step-by-step through some arguments the presenter had initially planned in advance, followed by
depicting alternative considerations and digressions suggested by colleagues. The group ultimately
comes to a decision about two parameters, and the meeting closes with a summary of findings and

suggestions for next steps.
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4.4.1.1 Scene 1: Assess initial multiverse of outcomes overall

Multiverse Analysis of Mean Deaths Due to Female-Named Hurricanes

192
9]
=
]
<
=
5
T
°
@
€
]
T
A
©
€
]
w
>
)
192}
=]
]
@
[a)]
©
(9]
=
c
)
(%]
®
o
[}
c

Mean Deaths: 9

€

Universe

Figure 4.1: Screenshot from AugMeet demonstration Scene 1, featuring an outcome curve (com-
monly called a specification curve) that shows all of the effect sizes that are outcomes of the
example multiverse analysis. For detailed description of this plot, see subsubsection 4.4.1.1.

Using an outcome curve visualization (also known as a specification curve, subsubsec-
tion 3.7.2.1), the initial multiverse of results are visualized as shown in Figure 4.1. Each universe
is a single mark, with the universes ordered by effect size and distributed evenly along the x-axis
so they can all be seen. The outcome shown here on the y-axis is an effect size that is defined
as the estimated difference in mean deaths associated with female-named hurricanes compared to
male-named ones, and ranges from -17 to 409. The presenter notes the large range of effects sizes
and that some seem implausibly large, and that this multiverse includes both universes that indicate
male names are a deadlier (effect sizes that are negative numbers) and ones that indicate female
names are deadlier. Figure 4.1 is also used to point out a few potentially interesting features of
the distribution: the comparatively small tail of negative effect sizes on the far left of the plot; the
discontinuity in effect sizes visible as a gap appearing on the right third of the plot; and the large

upper tail of outcomes on the far right of the plot.
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4.4.1.2 Scene 2: Comparing potential impactfulness of parameters

Damage Outliers Damage Transform Death Outliers

Femininity Calculation Main Interaction

Figure 4.2: Screenshot from Scene 2, featuring an example of parameter-faceted outcome curves,
where each mark is colored according to the option level values within that parameter. For detailed
description of this plot, see subsubsection 4.4.1.2.

The presenter states that the multiverse is now visualized in a different way (Figure 4.2), which
is a grid of six outcome curves where each cell of the grid is assigned to a single parameter of
the multiverse; I will call this visualization design parameter-faceted outcome curves. Within
each individual cell the universe marks are colored according to level value of each option in that
parameter, such that the first option for that parameter receives the first color, the second option
receives the second color, and so on. Each cell thus is a duplication of the full multiverse (as seen
previously in Figure 4.1), but the use of faceting, color, and the assignment of options to arbitrary
level values allows this plot to support a task that is not possible with the original (described next).

The presenter states that the parameters do not have the same potential for reducing uncertainty
at this stage, and thus it may be more productive to focus on the ones that have the greatest potential
impact. Damage Outliers (upper-left cell of Figure 4.2), for example, is described as looking like
a crayon box due to how the colors are all mixed; it is explained that, because no single color is
clearly associated with any of the interesting features previously identified, it is not worth spending
time discussing this parameter at this point because even if one option could be excluded it would

not substantially change the overall range of outcomes in this multiverse. By contrast, the Death
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Outliers parameter (upper-right of Figure 4.2) has one single option that is associated with the large
upper-tail and upper portion of the discontinuity; this shows that it is possible that excluding even
one option from this parameter could substantially change the multiverse as a whole, and thus this
parameter is worth exploring more at this time. The Model parameter (lower-right of Figure 4.2) is
similarly indicated as important, due to having a single option associated with both the upper-tail
and small lower-tail of negative effect, which also happens to be colored blue in this case.> The
remaining parameters are then briefly described for completeness: Femininity Calculation is not
impactful; Damage Transform could be impactful; Main Interaction also could be impactful, but
less so than the others as it seems only cleanly associated with the small tail of negative effect
sizes and is otherwise mixed. The presenter then acknowledges that there are a few valid options
for which parameter to pursue further, but that he thinks Death Outliers and Model are the two

parameters that should be selected for further discussion in the meeting.

4.4.1.3 Scene 3: Consider interactions between two select parameters

The scene begins with the presenter selecting the two parameters discussed previously using the
touchless interaction of a two-hand grab, as seen in in Figure 4.2. With a shake of the hands and
pulling motion, the visualization transforms into the one shown in Figure 4.3. I call the plot shown
in Figure 4.3 two-dimensional option-faceted outcome curves, which is the result of faceting rows
according to the options of the Model parameter and faceting columns according to the options of
the Death Outliers parameter. Figure 4.3 thus divides the multiverse into unique subsets, where
each cell in the plot is an outcome curve of only the universes that have the relevant combination
of options indicated by its row and column position.

The presenter points out that one cell looks much unlike the others (upper-left of Figure 4.3),
which is the cell containing only universes that have these two facts in common: use of the No
Death-Based Exclusions option for the Death Outliers parameter, which excludes no hurricanes
excluded from the original dataset based on how many deaths they were associated with; and the
Linear option for the Model parameter, where a gaussian-family generalized linear model is used.
Nearly the entire range of outcomes in the full multiverse occur within this cell (3—409 here versus -
17-409 overall), yet every other pair of combinations of these two parameters result in a far smaller
range (the next largest range being -16-21 in the upper-center of Figure 4.3). This observation is
described as showing that there is an interaction effect between these two selected parameters,
which means that the sensitivity of one specific option or parameter depends upon what option is

used for the other parameter. In particular, choosing No Exclusions for Death Criteria, and only

“Note that there is no shared meaning of colors between cells in Figure 4.2, due to the fact that what option in a
parameter is assigned the first level of color is essentially meaningless here (e.g.: random, alphabetical, first occurrence
in the data).
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Figure 4.3: Screenshot from Scene 3, featuring an example of option-faceted outcome curves,
where the multiverse is divided into a grid of cells in a way that allows for interaction effects
between parameters to be considered. Rows and columns are each assigned a respective parameter,
so that there will be one cell for each unique pair of options that occur for the two given parameters.
For detailed description of this plot, see subsubsection 4.4.1.3.

when also combined with a choice to use the Linear model, is the only pair of these decisions that
result in very large effect sizes and such a large range of outcomes.

There are a few other non-obvious implications supported by the design of Figure 4.3 worth
noting. First, it shows that the Linear model option—but not the Poisson model option—is sensi-
tive to a single specific datapoint, which happens to be hurricane Katrina as it was the most deadly
hurricane in this dataset. Realization about this dataset-level fact based on a multiverse-level visu-
alization is made possible because one of the parameters involves data exclusion criteria, and the
names of the options for that parameter allow one to infer that it must be a single datapoint that is
responsible. However, it is also important to observe that while the upper-left cell contains large
effect sizes, it also contains small effect sizes, so it would not be true to conclude that hurricane
Katrina alone causes large effect sizes; rather, it is the presence of hurricane Katrina in this dataset,
together with the use of the Linear model, and even then only when using some other subset of

analytical choices, that leads to some large effect size estimates.
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4.4.1.4 Scene 4: Interrogating the residuals of twin universes

Residuals of Linear Extreme Universe (#505) Residuals of Poisson Twin Universe (#526)
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Figure 4.4: First screenshot from Scene 4, featuring an example of a twin-faceted residual plot.
Each side of the plot depicts a separate universe, where the two cells here all for comparison
between twin universes. For detailed description of this plot and explanation of the twin universe
concept, see subsubsection 4.4.1.4.

The scene begins with a mention that during a break for discussion, an analyst asked a specific
question the presenter wants to respond to (which the presenter says while pointing to the phone
they are holding, indicating the source of the question), which is: “why are any of the universes
so extreme?” The presenter highlights the largest effect size universe in the upper portion of the
same visualization featured in the previous scene (Figure 4.3), and notes that its corresponding twin
universe is also selected in the lower portion of the plot. It is explained that the initially highlighted
universe’s twin universe is a universe that has all the same option selections except for the Model
parameter, which is the parameter that the rows are faceted by in this figure.?

Comparison of the twin universes highlighted in Figure 4.3 shows that the universe with the
largest outcome would instead have an outcome near the center of the distribution if the only fact
about that universe that was different was the use of a Poisson model instead of a Linear one;
specifically the most extreme Linear model universe has an outcome of 409, but its twin that

uses Poisson has an outcome of only 44. The presenter then says the posed question of “why so

3The twin universe concept is further discussed in subsection 4.4.2.
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Figure 4.5: Second screenshot from Scene 4, featuring the same plot as shown in Figure 4.4, but
with the single datapoint associated with hurricane Katrina hidden from the left side of the plot so
the y-axis can be re-scaled to better view the rest of the data. For detailed description of this plot,
see subsubsection 4.4.1.4.

extreme” will be explored using these twin universes, and visibly leans in and looks down (towards
their keyboard) and says the visualization will be changed to something entirely different. The plot
shown on screen then changes to the one shown in Figure 4.4.

Figure 4.4 is not using marks to indicate universes, and instead each mark represents a hurri-
cane from the underlying dataset, and I call this visualization design a twin-faceted residual plot.
The figure shows a plot that is duplicated side-by-side to form two cells, with each side of the
visualization dedicated to one of the two twin universes identified previously. Each cell has the
same axes, where the y-axis is residual deaths (difference in model predicted deaths and histori-
cally recorded death for that hurricane), and the x-axis is the percentile of deaths attributed to the
historical hurricanes.

The presenter says that one extreme data point is throwing off the entire chart, which is hurricane
Katrina, and in the linear universe the model over-predicted associated deaths by a factor of more
than 10 (left-side of Figure 4.4). The presenter says this one data point is making the rest of the
chart too hard to see, then performs a one-handed grab-and-scrub gesture over the datapoint to
filter (hide) this one mark, which results in the plot transforming into the one shown in Figure 4.5.

Figure 4.5 is described as being the same as the previous plot, except the y-axis is re-scaled
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because the mark for hurricane Katrina is hidden only on the left-side of the plot. It is noted
that both models were over-predicting the amount of deaths for hurricane Katrina, though in the
Poisson universe this was only a minor over-prediction. However, it is also noted that both models
under-predicted the deadliness of many of the most deadly hurricanes (marks seen on the left two-
thirds of each cell), while also under-predicting the deadliness of many the most deadly hurricanes,

before then again under-predicting the deadliest hurricane (as previously noted).

4.4.1.5 Scene 5: Interrogating the percentile-residuals of twin universes
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Figure 4.6: Screenshot from Scene 5, featuring another example of a twin-faceted residual plot, but
this time the y-axis shows percentile-residuals instead of regular residuals. For detailed description
of this plot, see subsubsection 4.4.1.5.

This scene continues the examination of residuals, starting with the presenter noting that another
way of examining residuals is to consider how well models predict the relative ranking of the
deadliness of hurricanes. To do this the previous plot (Figure 4.5) has the y-axis changed from the
residual deaths to percentile-residuals, which is the difference in the predicted percentile deadliness
of hurricanes and their historical percentile of deadliness, as shown in Figure 4.6.

The presenter mimes a linear regression line with their hands (as shown in Figure 4.6), while
noting both universes show a downward slope, which agrees with the previous observation about

over/under-prediction of hurricanes in both models. The presenter deselects all data points and
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says to step back and look at the results overall (while then visibly leaning back and getting farther
away from the screen), and points out that the dots are colored according to the hurricane name
genders (male names in blue and female names in pink). It is pointed out that male hurricanes tend
to be under-predicted, while female hurricanes were over-predicted, indicating a bias in the models
that would lead to an exaggerated difference in estimated effect size beyond what the data itself
indicates.

The presenter reasons that consideration of residuals suggests that perhaps both models are
particularly poor, and indicates that perhaps neither universe should be taken seriously. If the goal
of the project were to identify individual universes for potential exclusion, it is said that these

universes would be good candidates.

4.4.1.6 Scene 6: Considering interaction effects of exclusion parameters

No Damage Exclusion Top 1 Damage Excluded Top 2 Damage Excluded Top 3 Damage Excluded
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Figure 4.7: Screenshot from Scene 6, featuring another example of option-faceted outcome curves
(also in shown in Figure 4.3), but this time faceted by the options for Death Exclusion and Damage
Exclusion parameters. For detailed description of this plot, see subsubsection 4.4.1.6.

The presenter states that after more discussion (implied to have occurred between scenes or of-
fline), it was suggested that the Model parameter will require more investigation later. However, the
importance of data exclusion criteria led to a new observation: there are two parameters that deal

with data exclusion criteria, so perhaps they should be considered at the same time. The presenter

84



concurs and shows a new visualization in response, which is a plot of two-dimensional option-
faceted outcome curves just like the one described previously (Scene 3 in subsubsection 4.4.1.3
with Figure 4.3), but now the columns are faceted by options for the Damage Exclusion parameter
and rows are faceted by options for the Death Exclusion parameter to form a total of 12 cells (as
shown in Figure 4.7). The universe marks are colored according to their Model option, but this is
not shown on screen or mentioned by the presenter.

The presenter notes that the two twin universes discussed previously both come from the same
cell of this visualization (upper-right cell of Figure 4.7), as both of them had the option “no death-
based exclusions” and “exclude 3 most-damaging hurricanes”; the source of this information is not
depicted visually or mentioned earlier, and is merely offered as an observation by the presenter. In
considering all of the cells of the figure, the presenter notes that every possible pair of options for
the two exclusion criteria parameters would result in a smaller range of outcome values than the
set of options associated with both of the twin universes. It is pointed out that this alone does not
provide information about what choices are the right ones, but that it does show the importance of

this set of decisions and thus would be a good use of the group’s time.

4.4.1.7 Scene 7: Reflect on the impact of tentative decisions

The final scene of the demonstration begins with the presenter stating they will restate and sum-
marize the conclusions that have been arrived at through previous discussion (implied to have
occurred after the previous scene). The presenter says that it seems that the entire reasoning for
excluding hurricane data seems to be because some data points caused some models to fit poorly.
However, no one seems to claim that the hurricanes being excluded are inaccurate or that they are
not valid examples of the subject being studied. It is reasoned that the decision to exclude any
data is a case of changing the data to fit a model rather than changing the model to fit the data,
and is thus inappropriate. The result of this is that one option for each of the two exclusion-based
parameters are selected as explicitly appropriate and all other options are deemed inappropriate,
thus effectively eliminating two parameters from further consideration in this multiverse.

The impact of these decisions is then plotted as in Figure 4.8. The left-side of the figure shows
the original multiverse the group started with, and the right-side shows the multiverse that would
result from implementing the discussed decisions. The presenter notes that these decisions are
subject to any new objections, but notes tentative next steps in the case that all are in agreement.

The presenter prepares to end the meeting by restating the previous consideration of the Model
parameter is still important, though probably will require further analysis and discussion outside
of the meeting. They also point out the universe marks in Figure 4.8 are colored according to
the Model option associated with them, which indicates the clear potential importance the Model

parameter still has. One final point of note is that the size of the multiverse has been reduced from
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Figure 4.8: Screenshot from Scene 7, depicting the initial multiverse on the left and the after-
decision multiverse that would be left if the decision not to exclude any data were adopted. For
detailed description of this plot, see subsubsection 4.4.1.7.

2016 universes to only 168 universes appearing on the right-side of the figure and that the range of
outcomes has been more than cut in half and eliminated negative effect sizes, which the presenter

notes is still a larger range than desired but that this is still pretty good progress for one day.

4.4.2 Twin Universes for Contrast in Statistical Examination

The concept of twin universes is first described in demonstration Scene 4: Interrogating the resid-
uals of twin universes (subsubsection 4.4.1.4), but the utility of this concept is substantial enough
to warrant further description here.

Twin universes (or alternatively sibling universes) are universes that share all the same options
other than the value of a specified parameter. In the example case shown in Figure 4.3, two twin
universes are selected and highlighted, with the universe highlighted in the bottom-left cell being
the only universe that shares every option with the universe highlighted in the top-left cell other
than their option for the Model parameter. With respect to a selected parameter and a target uni-
verse to use as a reference point, the number of all sibling universes will be the same as the number
of unique option values for the selected parameter.

The clearest value provided by the concept of twin universes is that it facilitates learning about
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parameter-level considerations while simultaneously engaged in individual universe-level investi-
gations of statistical validity. For example, the original inspiration for the topic of Scene 4 (subsub-
section 4.4.1.4) and Scene 5 (subsubsection 4.4.1.4) was my own suspicion that the linear model
option was a poor choice for this data, and an examination of the residuals for that universe agreed
with that hypothesis. However, when one simultaneously considers the twin universe where the
only option that differs is the Model option, the idea that the poor model fit previously observed
was solely a feature of the linear option was quickly dispelled.

It appears that the use of twin-faceted residual plots as illustrated in Figure 4.4 and Figure 4.5
can also encourage divergent thinking, as discovered during the evaluation study and further de-
scribed in section 4.6.

4.4.3 Augmented Presentation for the Multiverse

The primary role of augmented presentation in AugMeet is to ease the cognitive burden required to
complete tasks that are prerequisites to being able to complete validation and interpretation tasks.
Put simply, if it is easier and takes less time to get everyone on the same page, then more time
and energy can be spent discussing what matters most. AugMeet thus benefits from all the core
features of AugChiro [44], but some modifications and additional considerations were necessary
to adapt augmented presentation techniques to the multiverse.

While augmenting deictic gestures (e.g.: pointing to a specific data point, touching the margins
to show an axis value reference line) was still helpful in simpler plots like the first large outcome
curve in Figure 4.1, they are harder to perform in a useful way in faceted plots like the one in
Figure 4.3. To help with this a few new features were introduced, like the ability to toggle margin
and datapoint selection features individually using a keyboard command, and most importantly
keyboard commands to freeze, hide, and re-select data points. While these types of modal features
were intentionally avoided in the AugChiro [44] system due to the cognitive overhead it places
on the performer/presenter, I personally found the added difficulty I experienced while demon-
strating the system to be a small price to pay for the ability to switch between augmented and
non-augmented use of my hands at any time.

Two new noteworthy touchless interactions were also depicted during the demonstration: two-
hand grab selection to trigger a transformation to a new plot based on those selections (shown in
Figure 4.2), and a one-handed grab-and-scrub gesture to filter or hide a specific data point (shown
in Figure 4.4). The two-hand gesture to trigger a transformation is intended as a way to help an
audience follow a transition between two quite different visualizations, but where some aspect of
the first chart is being retained—even if only as a logical connection—and used in the second vi-

sualization. In the demonstration this was the selection of parameters for further discussion, which

87



were then split apart into their constituent options, yet the logical connection between these sets
of facts is not immediately obvious from reviewing the before (Figure 4.2) and after (Figure 4.3)
visualizations and this can be distracting until the connection is understood by the audience. Tran-
sitions like this can also be supported through visual means like animation, but the gesture seemed
to provide additional support regardless. The grab-and-scrub to filter gesture had essentially the
same role, but with the added detail that the transition was not between different plots but between

states of the same plot.

4.4.4 Multiverse Visualization Designs: Multi-Faceted Faceting and

Archetype Variations

Adapting augmented presentation to a multiverse context required the implementation of additional
types of interactive visualizations, ultimately resulting in multiple distinct types of visualizations
that are all distinctly different from the ones used in the AugChiro [44] system. Uses of faceting
and archetype variation are only briefly described below, as detailed descriptions and example
tasks are provided for every visualization used in this system in their respective portion of the

Demonstration section (subsection 4.4.1).

4.4.4.1 Multiple uses of faceting to support different tasks

Faceting is a technique used in multiple ways in AugMeet, and each way of applying faceting
supports different types of tasks. In order of their use in the demonstration, the first use of faceting
is parameter-faceted outcome curves (Figure 4.2), which uses faceting to create one grid cell for
each parameter in the multiverse, and where the additional use of color allows the potential im-
pactfulness of each parameter to be compared.

The second use of faceting creates the two-dimensional option-faceted outcome curves shown
in Figure 4.3, where faceting is used to assign the option value of each of two select parameters
to individual rows and columns. The cells here are also not reproductions of the entire multiverse
of outcomes, but rather each cell depicts a subset of universes associated with that cell’s respec-
tive pair of option values. This application of faceting allows for any potential interaction effect
between the options of two parameters to examined directly, which is also an example of a Connec-
tion Combination task (subsection 3.6.4). This type of plot can enable many non-obvious insights,
examples of which are described in subsubsection 4.4.1.3.

The third and final noteworthy use of faceting results in a twin-faceted residual plot, as shown
in Figure 4.6 (also in Figure 4.4 and Figure 4.5). By faceting across twin universes, there will be
one cell per universe, and one universe for every option of the reference parameter. This use of

faceting integrates universe-level analysis into a way of performing a multiverse analysis, which is
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a feature of only two other previously reviewed systems ([30, 58]); however, the simultaneous use
of the twin universe concept with universe-level analysis allows for parameter-level insights to be

obtained from universe-level examination, which is a novel feature unique to AugMeet.

4.4.4.2 Variations of the outcome curve archetype

AugMeet focuses on variations of the outcome curve archetype for all of its multiverse-level vi-
sualizations. The reasons for this decision are entirely pragmatic. First, the outcome curve is one
of the most commonly used types of multiverse visualization, so audiences are more likely to be
familiar with it already. Second, it is one of the most visually simple archetypes that also supports
a large variety of multiverse tasks even in its basic form. And finally, it turned out to be so flexible
that varied uses of faceting and mark color mapping was sufficient to provide good support for ev-
ery multiverse-level task required for the full demonstration of this system. Put simply, variations
of a single archetype performed well enough in all included tasks that no other archetypes were

needed at this time.

4.5 Evaluation Method

To evaluate this system, this author conducted an interview study with human participants, con-
ducted through remote video-meeting software. Interviews were each approximately one hour and
fifteen minutes in length. The protocol for this study was reviewed by the Institutional Review
Board (IRB) of the University of Michigan and approved as exempt from ongoing review.

As a brief summary of the process, participants were asked to view an online form and screen-
share their view of the form with the interviewer. After completing a consent form and responding
to a few self-rated experience questions, participants watched video clips (seven in all) showing a
demonstration of the AugMeet system depicted as a live remote meeting of a research group. After
each clip the interviewer solicited participants for their thoughts, critique, and assessment of the
content of that video clip. Once all video clips were reviewed in this way, participants completed
a final multi-choice rating form and the interviewer solicited their critical reflection on the entirety
of what they viewed.

The following subsections provide details on each aspect of the study, and the results of the

interviews are provided in section 4.6.
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4.5.1 Participant Recruitment

Participants were recruited from a list of people selected for their prior knowledge and experience
with multiverse analysis specifically, or data analysis communication and statistics knowledge in
general. The list itself was seeded with people known to the author as having previously worked
with multiverse analyses or closely related concepts (such as specification curves), then extended
by recommendations from members of that list (snowball sampling). The purpose of this recruit-
ment process was to focus on participants who possess relevant experience sufficient to allow them
to make substantial critiques of all aspects of the system, as well as serving as representative users.
Participants were asked to self-rate their experience and prior familiarity with the subject, the re-

sults of which are reported in section 4.6.

4.5.2 Interview Form Prompt

The focal prompt for the interviews was an online form (Qualtrics), which consisted of the five

sections briefly described below.

1. Consent form: used to obtain informed consent and authorization to participate (required to
be a legal adult and not currently physically located within the EU, and thus not subject to

the GDPR), as well as additional authorization to record the interview (optional).

2. Overview of interview process and topic: a brief description of the interview content and
process, along with a two paragraph description of the mock meeting scenario context for

the videos that will be reviewed (described in subsection 4.5.3).

3. Familiarity and experience self-rating form: a three-question multi-choice rating form for
the participant to self-rate their familiarity with general method of multiverse analysis, the
subject of gendered-naming of hurricanes, and their level of experience with interpreting the

results of statistical models commonly used in the social sciences.

4. Video vignette review: repeated for each of the seven vignettes, each page consisted of an
embedded video vignette to be watched first, followed by a request to say what were the key
points being communicated in the video, a multi-choice question to rate the mental effort
to understand these points, and then a semi-structured oral discussion with the interviewer

about the vignette.

5. Final evaluation form and concluding feedback: form with six multi-choice questions which

asked the participant to rate different aspects of the system as presented in the previous
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vignettes, followed by a final oral discussion with the interviewer guided by a set of semi-
structured oral interview questions (not listed on the form). Ratings were requested for
the reasonableness and justification for arguments made in the presentation, helpfulness of
see-through aspect of the system, helpfulness of the interactive gesturing with the data visu-
alizations, potential usefulness in other multiverse analyses, and potential usefulness in other

types of projects.

4.5.3 Video Vignette Structure and Purpose

The primary focus of the interviews were video vignettes, which served as an applied demonstra-
tion of the AugMeet system, the content of which is described in subsection 4.4.1. The participants
were told that the videos depict a remote meeting of a team of professional researchers collabo-
rating on an ongoing research project, and were given the context of the meeting as previously
detailed in section 4.3. Videos were edited for length by trimming the beginning and end points,
but all audio and video content within the videos were as originally recorded without alteration.
Each scene was 2-4 minutes in length, with a total run-time of 23 minutes and 50 seconds.
Participants were asked to share their critiques and opinions on any aspect of what they were
seeing, especially the subject matter content and arguments depicted, how data was visualized, and

the overall workflow for conducting a multiverse analysis in a group setting.

4.5.4 Qualitative Analysis Process

Interviews were recorded for review and transcription for participants who consented to be
recorded. Any participants who did not consent to digital recording were interviewed in an al-
ternate form, wherein the interviewer shared the videos one at a time and took additional notes
during and after the session to use in lieu of a transcript for that participant. Manual notes were
taken by the interviewer during all interview sessions, and memos were written immediately after
each session to collect observations and reflections for later review. Transcripts, notes, and memos
were reviewed by the author during an iterative open-coding process to flag all notable participant
feedback and identify overall themes to organize and summarize the content of the interviews. All
participants who agreed to be recorded submit their responses to multi-choice questions through
the online form, in addition to discussing with the interviewer the response to each question as it
was made, so the responses to these questions will be analyzed and reported holistically rather than

only quantitatively summarized.
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4.6 Evaluation Results

Direct quotations from participants are drawn from transcriptions and hand-written notes of oral
conversations with participants, and have only been lightly edited to adapt them to the written
form, such as by the removal of conversational artifacts like repeated clauses and the use of filler

words.

4.6.1 Description of Participants

A total of seven people were interviewed for this study, six of which agreed to be recorded and
with the other consenting to a non-recorded alternate form for the interview. All participants were
highly educated, having attained a PhD or being in the latter stage of completing a PhD program,
including: three professors, two post-doctoral researchers, one PhD student, and one PhD graduate
employed by a technology company. All participants had at least five years of research experience
in fields of technology or social science, with many having a decade or more. All participants
were authors of multiple research papers, at least three had co-authored published research papers
explicitly about the subject of multiverse analysis (two of which included a multiverse analysis of
the same subject as the use case of this chapter), and all had co-authored papers involving the use
and interpretation of statistical models.

In response to the multi-choice item asking each participant to rate their experience in interpret-
ing the results of statistical models commonly used in the social sciences, all participants described
themselves as being either moderately experienced (4 participants) or extremely experienced (3
participants). Participants that rated themselves as only moderately experienced gave reasons for
their rating such as stating they were not a statistician, that some people have greater expertise than
they do, or that they did not consider it their primary area of expertise.

With regards to familiarity with the general method of multiverse analysis, all participants rated
themselves as at least somewhat familiar (3 participants) or very familiar (4 participants). The
participants also also rated their familiarity with the subject of gendered-naming of hurricanes as
at least somewhat familiar (5 participants) or very familiar (2 participants). The participants who
rated themselves as somewhat familiar with the hurricane example generally described hearing
about it prior to the interview but that they had not studied the topic closely. Both participants who
rated themselves as very familiar with the hurricane example also rated themselves as very familiar
with multiverse analysis, and specifically they both had been separately involved with at least one
multiverse analysis project that used it as an example for analysis.

Overall, all participants are considered by the author as representative of the intended audience

for the AugMeet system. Their self-ratings were also consistent with the content of their interviews
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and the interviewer’s knowledge of the background of each participant.

4.6.2 Augmented presentation makes it easier for people to understand and

pay attention

The most common theme across all interviews was how easy it was to pay attention, follow along
with explanations, and understand the key points being communicated in each scene. These de-
scriptions also often ran together with mentions of feelings of engagement, interest, and human
connection. The participants most commonly described the augmented presentation aspects of the
system as the cause of these judgements and feelings.

For example, P1 contrasted how poor the experience is of trying to talk through a visualization
using a mouse cursor with the use of touchless interactions: “I especially like that, specifically
pointing as you talked through things like that. Now I think this is quite helpful, because you have
a good sense of where and what you’re talking about. Often, you know, hovering [over a data
visualization with] the cursor is not great.” P3 compared the experience with what is typical and
expected in most meetings: ‘“The whole thing, using your hands with the data and all of that, its
cool and fun and interesting ... it is just different from everything else you see. ... makes things
very easy to pay attention to, and very clear.” P3 also thought the fun-factor would impact their
desire to participate in such a meeting: ‘It makes me want to ask a question. ... You know they
might do something interesting to answer it.” P5 pointed out how even non-augmented gestures
were helpful, referring to a moment in scene 5 where the presenter uses their arms to point out a
relationship in the data (as shown in Figure 4.6): “I really like the moment when your hands were
trying to draw the regression line visually. I think that’s very helpful.” They further explained how
the use of touchless interactions helped them specifically: “When your hand was tracking along
with where you pointed, it helped me to follow what you were saying. When the hands were not
there it was harder for me to pay attention and follow along.”

As to exactly how and why the augmented presentation elements of the system were beneficial,
P6 explained it this way: “I appreciate I'm not getting bored. I think the component of seeing you
on top of seeing the visualizations, I don’t have divided attention. I look at it and I have everything
there, I look at the person and they keep me engaged. I’'m not doing that kind of thing where you
are listening and you try to look at the person, and then I have to look at the visualization and try
to recombine whatever they were saying with the visualization. So I find, it works. It works well.”
P7 described how he had trouble figuring out why the experience felt so different, then suggested:
“It’s almost like you’re using a tool versus having a visual effects person come through ... it’s just
like it’s me, and [you], and this [system] is the tool. It’s not me, [you], and someone else who came

in to polish.” P6 also reflected on how the feeling of human connection with the presenter can help
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improve receptiveness to the information: “This is great. I love this tutorial thing. I praise the way,
you know, it’s hand-holding—but not in a manner that makes me feel like I’'m some dumb person
you are explaining the concept to.”

Overall, the augmented presentation aspects of AugMeet seemed to serve primarily as a way to
make it easier for the audience to listen to and understand the information being conveyed to them
about and through the visualizations themselves. At the same time, augmented presentation ele-
ments also provide additional visual stimulation, novelty, and a sense of human connection which
promotes attention, engagement, and interest in the material—and all of these would naturally also

contribute to reduce the effort required for an audience to listen and understand.

4.6.3 Comparing residuals of twin universes elicits divergent thinking

The comparison of residuals between twin universes that occurred in scenes 4 and 5 prompted
multiple participants to engage in divergent thinking, specifically suggesting additional options
or concerns that were not directly mentioned or implied in the videos themselves. For example,
after viewing these scenes P1 said: “Let’s compare what’s going on with the universes, and I
think seeing the individual diagnostic plots made me realize it’s like, okay, maybe both of them
[linear and poisson model options] are not great choices. Maybe we need some different model,
which accounts for the variance as well as the impact of other predictors in the model ... things I
hadn’t really considered [in their previous thinking about this multiverse example]”. P1 suggested
it was possible all the options for the Model parameter were inappropriate and should be excluded,
which is an example of a validation task with a possibly dramatic impact on the multiverse. If
this suggestion was adopted, all universes considered so far would be eliminated and it would be
required to find at least one new model option to be able to generate an entirely new multiverse.
Regardless, this is an exemplar of the type of discussion AugMeet aims to elicit.

Another example of divergent thinking is provided by P4, after viewing scene 4: “Do we even
have the right features [in the data] to answer this research question about female versus male
names being more deadly? Because we’re just measuring deaths, not evacuation counts or anything
like that... I started thinking, are there other factors that make it hard to potentially get at the
research question?” Omitted variable bias and the potential impact of confounding variables is a
major concern in analyzing any data, yet it has not received substantial attention in most treatments
of multiverse analysis. Even though it was not the subject of the presentation, the examination of
twin universes and their respective model fits elicited deeper consideration about the nature and
completeness of the data, and this participant wondered if the models could not predict hurricanes
accurately because it might not be possible to do so when the most important information is not

available to them.
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P2 also noted how this universe-level focus and examination of what is appropriate is a point of
departure from how multiverse analysis has generally been described: “especially this part [Scene
4], 1 think, is where it really starts to transition in a way, and this is not something you would
have automatically seen from knowing about a multiverse. This is a different kind of approach.”
P1 concurred with this, and even though they had previously published at least one paper with a
multiverse analysis of the same subject as the one in this presentation, they noted particularly after
scene 4: “Now this is information that I hadn’t seen before. ... These are things I have never
considered before.”

If multiverse analysis led to less attention on the most important of questions in exchange for
more attention being paid to salient trivialities, it would not be a worthwhile endeavour. While I
initially conceived of the use of twin universes as a way to avoid spurious conclusions about the
superiority of one option over another, the fact that multiple participants offered divergent insights
in response to them suggests this technique can support validation tasks in more ways than one.
It also illustrates how focusing on the low-level details examined in twin universe residual plots
need not distract from the most important high-level questions, and can even support high-level

validation tasks by eliciting divergent insights about what options are appropriate.

4.6.4 Parameter-faceted outcome curves give perspective and focus

The parameter-faceted outcome curves shown in scene 2 (Figure 4.2) were described as giving
perspective by first providing an overview of all the things that are being considered, and then
providing focus on what is most important by providing the details of comparative importance
of parameters; essentially, this visualization complies with “The Mantra” of “overview first ...
details-on-demand” [22, 15]. P4 described the effect the scene had on them this way: “It’s that
these [parameters] seem to be the 2 biggest factors we need to make a decision on this, and we
need to spend time on that, say over something else. ... It’s so much nicer that this stuff is getting
explored, and then this is also effectively—very effectively—saying, ‘Hey, let’s spend time in a
meeting talking about our reasoning for excluding [data] ... as opposed to arguing about how you
measure femininity of a name.” You know, that makes me happy. Knowing there’s things that I
don’t need to be anxious about, or at least far less anxious about. ... that sort of narrowing and
process has been convincing and is very valuable.”

At the same time, even what was described as narrowing and focusing still elicited divergent
thinking from P4, as shortly after the previous comment they suggested another parameter or op-
tion should be considered if it had not been already: “I am starting to anticipate [what the next
point in the presentation will be] ... [for example,] did the deaths get log transformed? Is it data

that should be log transformed? And I would, I would guess, given most things that never go
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negative need to be log transformed. But obviously, that’s probably a point that you’re leading
to.” Though P4 considered this detail obvious enough that it surely would be the next point in the
presentation, indeed it was not. While the log transformation of the damage variable is a feature
of this multiverse, the log transformation of deaths is not and for a relatively complex reason well
beyond what was discussed in the video. The linear model option treats hurricane deaths as fol-
lowing a log-normal distribution by having a generalized linear model predict the log of deaths
plus one and assume a gaussian distribution (post-transformation); however, in the poisson model
option a log link function is used for the calculations, but the predictor is not itself explicitly log
transformed. I would suggest the addition of a separate log transformation parameter, which might
only be valid for the linear model and not the poisson, but in any case this is another good example
of a validation and interpretation task being accomplished based on a divergent insight.

On a related note, after viewing this same scene P2 asked about the underlying hurricane data,
specifically how many people hurricanes usually kill, and how the effect size estimates compare to
a naive analysis of historical averages. While the presentation makes some reference to the general
historical performance of hurricanes, and this author had considered the addition of minimal refer-
ences to historical averages in a few of the visualizations, I had decided to leave out these details.
On further consideration of P2’s questions, I realized that basic facts about the underlying data are
important for building intuition about what model outputs seem reasonable and which are more
indicative of a procedural error than an estimate that should be given serious consideration. This
oversight is not inconsequential, and more or better ways to include dataset-level consideration
into multiverse analysis reports and workflows would be a worthy subject for future research.

P7 also noted that the step-by-step progression of information caused them to engage strongly
with the content of the presentation, saying: “I was actually thinking really hard about it, you
know. Now, there’s like 6 things to consider ... I guess it’s more related to the the data problem
and the complexity of what we’re talking about itself. Less so than with the graphs. I think you
know these are still quite understandable, that interface. ... It’s like, you know, there’s a puzzle in
front of us. And we’re thinking about it.”

Parameter-faceted outcome curves provide an overview of all the choices that have been iden-
tified as worth considering, and then in the context of AugMeet their visual features are used to
identify what is important (potentially impactful) and what is not. Narrowing the focus to what
is most important can help people to not feel overwhelmed by the multiplicity of options that can
be considered, and thus there can be more energy available to apply to a smaller ‘surface’. At the
same time, it may be that the act of trying set other considerations aside contributes to the elici-
tation of some divergent insights, as some people may be compelled to make sure everything has
been considered before they are able to ‘relax’ and focus. Divergent insights can essentially com-

plete some validation tasks, while focusing effort and mental energy can make it easier to perform
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many others, so this technique supports target tasks in more ways than one.

4.6.5 AugMeet supports the iterative, progressive group effort necessary to

complete difficult validation and interpretation tasks

Participants also called attention to an aspect of the demonstration that has not been described as
an explicit feature of the AugMeet system, yet which multiple people considered interesting and
valuable. This aspect is the overall workflow depicted in the demonstration, which is the general
process and way of organizing the meeting, as well as the idea of an iterative and progressive
approach to multiverse analysis in a group setting.

For example, P2 stated she was currently working on a new multiverse analysis with a colleague,
and was encountering problems she realized cold be addressed by applying some of the techniques
shown in the demonstration: “We are putting together preliminary results, and we’re trying to
interpret things. And there are all these universes that don’t make sense... And applying that
iterative process to that project, I can see how it would work. I almost wanna do that now.”

P2 also described how the demonstration changed her mind about the purpose of a multiverse
analysis and what it can be used to achieve: “Depending on what parameter options you choose
for an analysis, you could end up with wildly different results, and I think that that in itself is
interesting, and so maybe hogs the spotlight. But actually, the thing that you want is to have some
kind of substantive understanding about the research question at hand. How much uncertainty do
we have? Can we say, we know with some certainty what we think the relationship between these
specific variables are? And probably that is the more useful endeavor—and, I think, what this
kind of workflow allows for.” In other words, she wants to go beyond a description of sensitivity
to give a more focused, accurate, and useful description of what findings are uncertain and how
much uncertainty there really is. At the same time, are there conclusions that have substantially
less uncertainty than others? For example, if it is highly uncertain what the health impact is of a
small exposure to a toxic substance, but there is very little uncertainty on the health impact of a
large dose, then it might be far more valuable to be able to communicate that clearly even while
additional efforts can be used to try to unravel why the impact of a small dose is so much more
uncertain.

P4 specifically noted the appropriateness of the iterative aspect of the workflow, saying: “It-
erative is something I just think is fitting for a multiverse analysis.” P7 also considered how the
system might be applicable to projects beyond multiverse analysis, and said: “Try to learn some-
thing from it, iterate based on what we have, and then wrap up the meeting. That kind of tactic,
as in do that again and again and again until we have something. It’s not just that it’s useful, I feel

like it’s necessary.”
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Overall, participants thought the workflow demonstrated in AugMeet is well suited to multi-
verse analysis, and they emphasized the importance of progressive iteration and group effort. If
people with different areas of expertise are able to work together in the way demonstrated by Aug-
Meet, doing so in a way they find manageable and allows them make progress a step at a time, then
validation and interpretation tasks of even the most challenging variety could be made practically

achievable.

4.7 Limitations

The intentional selection of participants who are representative users of a system like AugMeet
brings with it the limitation that no presumptions should be made about generalizability to other
populations; all participants were highly-educated, and more statistically-literate than even the
norm among highly-educated people overall. Interviews were also all conducted one-on-one, so
this evaluation was not able to examine how larger group dynamics might develop or influence par-
ticipant behavior and perception. Future work might consider studying how a system like AugMeet
could support groups with a more substantial diversity in experience levels and areas of expertise,
and with groups of varying size.

While the augmented presentation aspects of this system have been studied with a larger vari-
ety of participants during the previous study of AugChiro [44], and all findings in this study are
consistent with what was found previously, there is a common factor to both studies: the presenter
performing the presentations for both evaluations was I, your humble author. Given this, it cannot
be determined what the impacts of augmented presentation would be when performed by other
people. From my own personal experience I can say with certainty that augmented presentation in-
volves multiple skills that can improve with practice, and people will certainly vary in their interest
and ability to give augmented presentations.

AugMeet was also demonstrated using a single multiverse, in a single presentation that repre-
sented only one iterative cycle of analysis. The presentation and data analysis were also created
by me, and other people might want to tell a different type of story or explain it in a different way,
which could lead to different system requirements or call for features I have not considered. While
participants thought AugMeet would apply well to any multiverse they had been involved with,
only future work can determine what changes or new features might be inspired by applying these
techniques to an entirely different multiverse, or repeatedly through many iterations on the same
multiverse.

Finally, many aspects of the demonstration were a novel experience for participants. Some
participants had seen some version of augmented presentation before, but it was still essentially

unfamiliar to all participants. Perceptions of systems like AugMeet are also likely to be subject
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to acculturation, and experience with similar systems could eventually impact how people receive

and react to systems that appear similar—for good or ill.

4.8 Chapter 4 Conclusion

To return to the research question of this chapter (section 4.2), the AugMeet system provides
a collection of ways to support the completion of validation and interpretation tasks. First, it
uses augmented presentation as a technique to make it easier for the audience to follow along
and understand information provided about and through data visualizations, while simultaneously
making it easier for people to pay attention and encouraging them to be interested and engaged.
Second, it uses a series of visualizations to build up a shared understanding of the facts, provide
an overview of what is being considered, focus effort on what is most potentially impactful, and
support low-level interrogation of twin universes to provide a new perspective and source of critical
information about the multiverse.

The visualization series demonstrated by AugMeet integrates a variety of novel techniques
and concepts to support validation and interpretation tasks, including: the concept of twin uni-
verses (subsection 4.4.2), parameter-faceted outcome curves (Figure 4.2), two-dimensional option-
faceted outcome curves (Figure 4.3), and twin-faceted residual plots (Figure 4.6). AugMeet com-
bines all of these individual aspects into a single system, and the demonstration of the system
also shows a workflow that participants identified as being of further value due to its approach of
progressive, iterative interrogation of a multiverse to reduce uncertainty.

Overall, AugMeet takes a multi-pronged approach to support the tasks in a multiverse that are
not only the hardest to perform, but also are the most essential to making a multiverse analysis
useful and of more practical value when shared with others. Perhaps a more eloquent summation
of this chapter is this assessment of AugMeet offered by P6 during their interview: “This is, ‘here’s
a way to do it’, which I think is meaningful. Until there is another proposal of how to do it better,
this is kind of saying that, you know, this works, and some areas don’t work as well. But you know,

good luck solving these areas, and that is for future people to pick up.”

99



CHAPTER 5

Conclusions and Future Work

5.1 Reflecting on Thesis Statement and Claims

I will now return to the thesis statement and claims made way back in section 1.5, to reflect on
what I have achieved, how it was achieved, and what remains. I ask the reader’s indulgence as I
engage in a bit of story telling in this penultimate section of the final chapter of this work, which
has been so many years in the making.

Thesis statement: Visualizations and interactive systems can support the use of multiverse anal-
ysis as a way to assess analytical uncertainty, direct efforts towards ways to practically reduce it,
and improve the accuracy and meaningfulness of the consequent assessment of whatever analytical
uncertainty remains.

Thesis claims:

* Claim 1 (chapter 2, chapter 3): Assessing analytical uncertainty and reducing it requires the
completion of distinct analytical tasks—which are supported to varying extents by identified
multiverse visualization archetypes—but existing systems provide only very limited support
for a category of tasks that are particularly necessary for reducing analytical uncertainty,

namely validation and interpretation tasks.

* Claim 2 (chapter 4): A series of visualizations can be used to narrow and direct focus while
still eliciting divergent insights, collectively supporting the completion of validation tasks to

reduce uncertainty and interpretation tasks to derive useful meaning from the multiverse.

* Claim 3 (chapter 4): Augmented presentation of data visualizations is a way to facilitate
and support nuanced discussions around a multiverse analysis, particularly by improving
audience attention and engagement, aiding audiences in obtaining a clear understanding of

complex information with less expenditure of mental effort.

When I first identified multiverse analysis as a potential way of dealing with analytical uncer-

tainty, it seemed to me to be a method with great potential even if it were not yet practical for most
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work. At the time there were essentially no tools to help actually perform a multiverse analysis,
and even if there were, I was plagued by one particular line of questions in my mind: if an outcome
is sensitive to analytical choices that seemed reasonable to begin with, then what? In the end, do
we just so often know nothing at all?

The survey of multiverse visualizations (chapter 3) was essentially a way to try to answer these
questions for myself under the implicit theory that perhaps deriving meaning from a multiverse
is just very hard and we lack the tools to make it easier. For that matter, it was not even clear
what kind of tasks one can or might want to do, so I set out on a quest to closely read and deeply
consider as many interesting-looking multiverse analyses as my collaborators and I could manage
to find. Given how complicated and hard to understand so many multiverse visualizations seemed
at first, perhaps if I just stared at them long enough I could find enlightenment. While not quite
enlightenment, I did at least learn a lot. The findings from that work also provide the support
for the first thesis claim and a piece of my thesis statement: visualizations can certainly support
multiverse tasks to varying degrees, making tasks easier or essentially impossible depending on
the information they encode and details of their design.

However, after the multiverse survey was complete the questions I had from before bothered
me even more. The question I most wanted an answer to—then what?—remained unanswered. In
the multiverse survey this problem manifested itself as the prospective category of tasks I called
“interpretation”, which was the tasks required to make meaning from the multiverse, and for which
I could find so few clear and useful examples. If you cannot say what the meaning of an analysis
is, why bother to do it? Is sensitivity all there is?

As no direct answer to the question that seemed most important to me was forthcoming, I
advanced in what I initially thought was an entirely different direction. My experience in doing
data analyses had repeatedly given me the feeling that I learned a lot from performing a data
analysis, but then when I wanted to discuss what I had learned with others I had a new problem.
Specifically, it was often so difficult and time consuming to build up the set of facts and network
of related observations necessary to have a discussion that there ended up being too little time or
energy left to have a useful discussion. This was especially true in online meetings, where my
usual strategy of pointing and gesturing at visualizations proved to be of far less use than they
were in person. This line of motivation eventually led to AugChiro [44], which is how I found that
I could work with visualizations in a way that people described as easy to understand and follow,
and even resulted in an experience people thought was fun and interesting.

Afterwards I returned to again thinking more about the multiverse, and still felt I had not made
progress on the questions that bothered me most. 1 ended up deciding that it would just have
to be enough if I could only find a way to make it easier to talk about a multiverse analysis,

to share and explain the sensitivity of results to others. Given my extensive study of multiverse
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visualizations, and with augmented presentation as a technique that made comparatively more
simple discussions of data easier, perhaps I could combine the two to find ways to make it easier
to assess and communicate analytical uncertainty to others than ever before? Perhaps, if it were
easier to understand and share, it would leave more time and energy for discussion, which could
at least be pleasant. This resulted in the last project of this dissertation, AugMeet (chapter 4),
which brought augmented presentation into the multiverse context. Augmented presentation of
a multiverse required some tweaks and adjustments to support some of the more complex and
information-dense multiverse visualizations, but it worked. This project provides support for my
claim 3: augmented presentation can perhaps be even more effective at making it easier for people
to understand and engage in critical discussion in the context of a multiverse than it is in simpler
contexts, if for no other reason then there is more difficulty to be reduced.

What surprised me was that, while conducting the interviews to evaluate AugMeet, it was the
reactions and feedback of the people I interviewed that made me realize I had succeeded in doing
a bit more than making it easier to communicate analytical uncertainty and discuss it with others.
This ultimately resulted in support for Claim 2: a series of data visualizations—including some
new designs I created for this project—can be used to manage focus, elicit divergent insights, and
work together in a way that supports not only assessing analytical uncertainty, but supports a way
to interrogate the multiverse through the completion of validation tasks to reduce the uncertainty
and interpret whatever remains. What shocks me still is that the answer to my earlier questions
now seem so blindly obvious, I can no longer understand why it took me so long to figure it out. I
believe the answer to “now what?” is this: now you try to figure out how the data actually should
be analyzed. Just because you have a bunch of choices you thought were reasonable, or other
people thought were reasonable, doesn’t mean they are actually appropriate to this specific context
and your specific dataset. Rather than the work ending with a multiverse analysis, it is actually just
the starting point for digging towards the truth. The advantage of the multiverse analysis is you
won’t have to do all the digging in the dark. And the benefit of a system like AugMeet (and any
system whatsoever that can provide support) is that everything in a multiverse is hard enough as it
is, so anything that lightens any portion of the load can be a welcome relief that frees up resources
that will probably be applied right back into the multiverse anyhow.

The above observations are not a claimed finding of this dissertation, just as the question I had
would not pass as a proper research question. I share it, however, because it is a question that has
kept me awake and been the center of countless hours of my thoughts, and I doubt that I am the
only one who it has so afflicted. I also share my answer because, at least for me personally, it puts
to bed a question I have had for more years than I care to count.

I have now made full use of all the story-time indulgence I requested. In the the remaining

section of this final chapter I share my suggestions for future work.
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5.2 Suggestions for Future Work

After reflecting on what I have learned in the course of completing this dissertation, and on the
limitations of that knowledge, I now humbly suggest a few directions for future research. I have
limited this list to the things that I think I would would like to do, were it not time for me to move
on to whatever it is that comes next in life.

The first subsection is dedicated to my musings on augmented presentation, while the subse-
quent subsection holds a list of other ideas in no discernible order and without a singular guiding

theme.

5.2.1 What is the role of augmented presentation?

I believe the practice of augmented presentation, which was demonstrated in AugChiro and Aug-
Meet, represents a fantastic way to potentially make discussions of data easier to have, more in-
teresting, and more pleasant. I emphasize ‘potential’, because it is important to consider that it is
beyond a doubt possible to use augmented presentation to make things so much worse that people
long to see bullet point text explanations in Comic Sans on a bright green background.

On the other hand, I personally have had a dismissive attitude in the past towards the supposed
line of thinking in HCI that assumes things will be better because they are easier or simpler. Yet
when working with complex statistical analyses or multiverse analyses, where cognitive load is
often maxed out because there is so much to look for and think about, I have gained a new appreci-
ation for the value of seeking out ways to make lower-level tasks easier so as to support higher-level
ones. In short: first find what works; remove anything not clearly essential to making it work; add
things only when their value is resoundingly positive and substantial in magnitude.

Given all this, I think augmented presentation is more than a minor or unrelated add-on. People
have limited mental energy, nearly everyone has to expend at least some effort to pay attention
and be an active listener, and people naturally find it easier to think about and be involved with
experiences they find pleasant. As obvious as this might seem, if these details are not attended to
then the true value any other beneficial aspects of the system have can be completely lost.

While augmented presentation requires technological tools to perform it, it is nonetheless a per-
formance. Some people are going to be better at on their first try, no one will be as good as they can
be with practice, some people are going to want to do it, and some people will not. However, as a
performance, prior work has hardly scratched the very surface of what can and should be done, and
there is very little directly relevant work to inform how systems can help people get better, support
the achievement of excellent performance, and so on. Now that it is at least technologically pos-

sible to give an augmented presentation of data, both as demonstrated in AugChiro and AugMeet
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and as publicly announced as a future feature of Tableau, a whole new avenue of research is now
possible. How else can it be done? What are the effects of doing it different ways, and do these
effects vary by person—how and why? How can it be better supported? How can people be sup-
ported in getting better at it? What happens when you try to apply it to a new context or use case?
What can be done to enable and support the performance of really great augmented presentations?

Finally, the recurring themes of attention, focus, and engagement that have been mentioned
by so many participants (and other people who have commented on the topic) in relation to aug-
mented presentation suggests to me that there might be a disproportionate effect on some subsets
of the neurodivergent population. Pleasantly, I suspect some effects might be disproportionately
positive for people with characteristics similar to those that are common with ADHD, and perhaps
also some on the autism spectrum, though I would only have encountered people who are gen-
erally considered high-functioning in respect to this particular topic. If some uses of augmented
presentation are helpful for most people, and in addition are especially helpful to some people
who otherwise have trouble in contexts like this, that would really be a really nice thing to know.
Of course if the reality were less happy, and is almost certainly more complex and nuanced, that

would be important to know too.

5.2.2 Other Ideas and Unanswered Questions

How can convergent thinking be encouraged without suppressing divergent thinking? Prior to
evaluating AugMeet, I was concerned that the proximate goal of reducing uncertainty might unin-
tentionally discourage people from divergent insights, such as realizing there were other options
or parameters that should be considered. I wagered that people who were interested in multiverse
analysis like me might already be naturally quite good at divergent thinking, but could use help to
make progress towards convergence. Participants still came up with great divergent insights, so my
original wager at least was not completely wrong, but I still feel like there is far more that needs
to be understood about supporting convergent thinking in contexts like this, and especially without
discouraging or preventing the type of divergent thinking that is still critical.

What happens when you try to apply the uncertainty reduction workflow to other multiverses?
While simple enough in concept, and with the proviso that I did at least have multiple multiverses
in mind when I designed AugMeet and participants thought it would be applicable and useful in
cases they know about, there is still no substitute to what can be learned by a full experience of
trying something with a new use case. I know of at least one person other than me who will give
it a try, but there is no way of knowing what new interesting patterns, strategies, or visualizations
might suggest themselves.

What do you do with a multiverse that has multiple outcomes? I am aware of prior work that
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integrates a few extra details for outcomes that have both point estimates and upper and lower
ranges like uncertainty intervals. But what do you do—what can you do—when there may be
multiple related yet discrete outcomes of interest? Naively I would first try generating a multiverse
for each and look at them separately, but I would think there must be some better way to consider
this problem. This problem in particular was pointed out to me by someone who wanted to consider
more complex models, especially ones that can model all sorts of non-linear relationships. Perhaps
some work on the topic of model comparisons could be guidance about what could be applicable
to a multiverse? But what about other cases where multiple outcome metrics are of interest?

How about an actual tool to help interrogate a multiverse in some of the ways demonstrated
in AugMeet, and beyond? Multiple participants expressed their wish to have a tool that actually
made this as easy to do as it looked in the video. For example, the multiverse package in R is a
tremendous help in executing the analyses, but pulling out individual universes is still a chore that
involves a lot of copy-pasting and manual editing, and even then I myself spent many hours on what
certainly could be done in a matter of minutes with the help of a tool (generating a visualization to
compare parameter A and B, creating plots comparing a specific universe and its twin). With a tool
to make doing a multiverse interrogation as easy as it looked in the video, it would really expand
the opportunities for further study.

Visualizations for Multiverse Interrogation: The visualizations I used to demonstrate AugMeet
were as simple as I thought could possibly work, and adjusted until they actually worked, and that
is just about all. I would think there must be all sorts of visualization designs to support the stages

of the uncertainty reduction workflow that are better than what I came up with.

5.3 Dissertation Conclusion

In this dissertation I define and ground the concept of analytical uncertainty, propose multiverse
analysis as a way of assessing and communicating this distinct type of uncertainty, and ultimately
demonstrate an interactive system designed to support the use of multiverse analysis as a way
to reduce analytical uncertainty. The aim of this work is to pare away a slice of the ontological
uncertainty present in all empirical research, and render it in such a way that it can be assessed,
communicated, and reduced. Analytical uncertainty is far from trivial to assess, communicate, and
reduce, but the techniques developed and explicated within this dissertation show how it is indeed

possible and can be practicable.
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