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1 INTRODUCTION

As famously said by Ben Shneiderman, “the purpose of visualization is insight, not pictures.” The process of uncovering
insights is often described in visualization as a series of “eureka” moments [4], where an analyst discovers unique ways
to connect their own knowledge and experience with the information presented within a visualization. This process
allows for the generation of ideas and insights. These insights allow for the discovery and advancement of knowledge
and patterns that further our understanding as a society, no matter how big or small. It is also from this uncovering
insights process, that it stands to reason that creativity must play a role in this specific insight generation process. In
particular, there has been interest in exploring the intersection of data exploration and creativity in the literature [42].

The definition of an insight in the visualization community is a piece of information or advancement in knowledge[4].
Insights in the visualization community are viewed as objects that can be attained[4] and in turn quantified, rather
than a series of events. Insights in the visualization community are attained through the exploratory data analysis of
visualizations. When these connections, insights, are formed they result in ideas that can be considered unique and
effective. This output can be classified as a result of creativity.

Creativity is a vague concept, and so far it has been unclear what creativity means in the visualization community.
However, in psychology, creativity is composed of two main components; the first component being originality in
which something is novel or unique and second being effectiveness in which something is valued and considered useful
[38]. The unclear relationship between creativity and data analysis has prompted us to question what the possible
effects (if any) that an analyst’s creativity could have on their ability to uncover insights during the exploratory visual
analysis process.

In this report, we present the design for an experiment to investigate potential relationships between creativity
and insight generation during exploratory visual analysis. Specifically, we seek to determine whether creativity has
a measurable effect on the total insights and quality of insights an analyst is able to make as they perform visual
exploratory analysis. However, rather than focusing on the specific insights an analyst uncovers, we plan to measure
the act of making these connections. We are considering the act of making the connections as a form of measuring of
creativity, along with more conventional psychology-based creativity survey measures.

This project, in particular, has brought to light a variety of ways that creativity can be measured and lights in which
it can be viewed. Thus far, we have revised our experiment protocol over five times and went through countless review
cycles to refine how we are measuring creativity. Creativity has been and is a difficult concept to measure, therefore the
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2 Varma et al.

following work though interdisciplinary focuses on the visualization community’s currently unsolidified measure of
creativity.

2 RELATEDWORK

2.1 Measuring Creativity

2.1.1 Measuring ‘In-The-Moment’ Creativity. ‘In-the-moment’ creativity is the current state of an individual’s creativity,
as there can be fluctuations in an individual’s creativity during the execution of a creative task [3]. ‘In-the-moment’
creativity is typically measured through surveys and self-reporting, however there also has been a record of using
external judges to rate an individual’s creative work [3, 18]. Carroll and Latulipe used all such approaches when trying
to capture ‘in-the-moment’ [3]. Though not the exact same approach, we look to “free-association tasks” to conduct a
similar external judge approach in order to identify the current state of an individual’s thinking process and creativity.

“Free-association tasks” have been used for decades to measure (in-the-moment) creativity [1, 30, 32]. The intuition
behind free-association tasks is that they enable researchers to measure associative thinking processes, which have
been known to correlate with divergent thinking, a core component of creativity [30]. Divergent thinking is also a focus
of other well-known creative thinking tests [30], such as the Torrance Tests of Creative Thinking [48] and Guilford’s
Alternate Uses test [15]. Tests related to divergent thinking have also been used to measure creativity in the context of
human-computer interaction [28]. Though not the exact same tests observed in prior HCI work, our selected measures
target similar cognitive phenomena, and are also well-established in the psychology literature [1, 30, 32].

2.1.2 Measuring Everyday Creativity. Everyday creativity, also called “little c” creativity, is the creativity that individuals
exhibit everyday through their daily activities [22, 43]. Everyday creativity is an important part of measuring creativity
as captures a broad timeframe of creative activities rather than relying on the result of a single intelligence test,
providing a more stable measure of an individual’s creative experience. This type of creativity is typically measured
using self-reporting instruments such as the application of the Biographical Inventory of Creative Behaviors (BCIB)
survey and the Creative Behavior Inventory (CBI) survey [43, 44]. The CBI has previously been used in used in HCI
literature [3], and in previous psychology literature [10, 44] as self-reporting assessments in measuring creativity.
The more recent BCIB is also considered a reliable survey to measure everyday creativity [43], and has been shown
to correlate with the CBI [44]. Using the BCIB allows us to identify the creative behaviors that an individual does
throughout their everyday life without having to keep track of that individual’s daily activities and it allows for a
rolling time-frame to reduce any external influences pertaining to factors like age [43]. External factors like age could
influence the amount of creative experiences one may have encountered during their time, therefore allowing a rolling
window allows us to evaluate their most recent mindset.

2.2 Creativity Support Tools

Shneiderman originally proposed the idea of creativity support tools to elicit new ideas and allow for a greater number
of individuals to be creative more often [41]. Since then creativity has become a major field in continued HCI research
[12]. Creativity support tools are an important part in enabling different forms of expression and the discovery of
new ideas [41, 42]. It is these tools that allow individuals to obtain the Aha! moments of insight that Shneiderman
mentions [42]. There have been a number of creativity support tools in the literature that are equipped for aiding
individuals to perform a greater degree of creative work [25, 35, 46, 47, 51]. One of these creativity support tools is a
© 2021
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Measuring Creativity 3

Tarot-Based Narrative Generation system created by Sullivan et al. which allows users to draw tarot cards for a story
spread and initiate new story ideas in the process [46].

We observe that foundational research in visualization often discusses parallel concepts to those investigated
in creativity research but seems to avoid explicit references to creativity, for example emphasizing “innovation”
and “discovery” over creativity [14, 39, 42, 50], or focusing on how analysts formulate “hypotheses” and collect
“evidence” [23, 37, 50], which we point out is a common way that analysts create stories about the data they explore.
Furthermore, visual storytelling is itself a growing area of visualization research [19, 27], further strengthening the link
between creativity and visual analysis. We argue that rather than limiting our perception of the role of creativity to
presentation purposes only, visualization researchers should also consider the influence of creativity on the process of
visual exploration.

2.2.1 Measuring Creative Work. The concept of creative work is a vital part of understanding the effect and impact of
creativity support tools that have been developed in HCI [24, 41]. Several studies have been conducted that evaluate
the creativity of outputs from creativity support tools [24, 36, 49]. One of the studies is by Kerne et al. which looks into
evaluating individuals generated insights and creativity due to their interaction with an information-based ideation
platform[24]. Another study by Tripathi and Burleson looked into building computational models to assess creativity
based on face-to-face interactions and movements[49]. Measuring the output of creative work to inform and assess
creativity support tools has forged the way for new techniques and ideas to improve these tools, however the same
measurement has not yet been assessed for exploratory visualization tools.

2.3 Evaluating Exploration Performance

Exploration performance has been measured using a wide range of metrics [2]. We focus pm the most common
exploration performance measures for our own analysis: total exploration time [9, 11], total interactions performed
by the individual [5, 9, 11, 13], exploration interaction rate [11, 29, 57], and exploration breadth [53] (i.e., total unique
combinations of data attributes explored).

A big part of evaluating exploration performance in relation to our study is the collection and evaluation of insights.
Discovering insights is generally considered the a critical part of the exploratory analysis process [2, 4, 16, 29, 39]. Two
of the most common previous metrics involving insights collection and evaluation that have been used are insight
characteristics[16, 39] and originality[16]. These preceding measures are what we specifically intend to use and will
inform us regarding the depth and breadth of an individual’s exploration performance.

In this work, we are interested in assessing potential connections between measures of creativity and measures of
exploration performance. Specifically, we are seeking to understand whether creativity may influence or be influenced
by an individual’s exploration activity. However, many existing visualization insight metrics do not consider insights
as measurable objects created by individuals, but rather as transient utterances [4, 16, 29, 39]. We define insights as
explicit objects created and maintained by analysts, similar to the definitions of insight proposed by Gotz et al. [14],
Smuc et al. [45], and others. Furthermore, we extend this definition of insight by integrating concepts from research
on creativity support tools. Specifically, we consider the idea that analysts curate and refine their insights as explicit
outputs of their creativity, which researchers in turn can measure similar to other objects produced and curated using
creativity support tools (e.g., [24]).

© 2021
This work will in part (or fully) be submitted to a conference.



157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208
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3 MOTIVATION AND RESEARCH QUESTIONS

In the visualization community, tools are developed to aid individuals in creating visualizations and exploring datasets
for the end result of insight generation. Insight generation in the visualization community is defined as a substance of
information (i.e. an idea) that can be attained [4]. Alternatively, in the HCI community, creativity support tools have
been developed to aid the generation of ideas across a wide array of field [17, 42], similar to those developed in the
visualization community. The visualization community has established that visualization tools used for exploratory
analysis have an impact on insight generation. However, there has been no previous work that illustrates the impact of
exploratory visual analysis through the use of visualizations tools on creativity.

On the other hand, psychology literature has identified a relationship between creativity and the generation of ideas
[8]. Though this relationship has been identified in psychology, it has not been formally recognized in the visualization
community. As a result, we seek to formally investigate and recognize the relationship between creativity and insight
generation in the visualization community. We acknowledge that the relationship between creativity and the generation
of ideas may also be bidirectional.

This experiment will allow for us to better understand if visualization tools have an impact on an individual’s
creativity, through the insight generation process. In this experiment, we seek to identify and show the link between
exploratory visual analysis and creativity, and argue that in some case exploratory visualization analysis tools can be
classified as creativity support tools.

For this experiment, our main research question is: How might a user’s creativity relate to their data exploration

performance? In this experiment, we will measure creativity using two types of surveys: surveys that measure “everyday
creativity” [43] (i.e., as an inherent property of a person) and surveys that measure “in-the-moment” creativity [3] (i.e.,
as a property that can fluctuate in response to a person’s environment, emotions, etc.). Since it is unclear whether one
of these two existing treatments of creativity will be more predictive of a person’s data exploration performance, we
intend on measuring both forms of creativity and will analyze potential correlations between them, as well as any
potential correlations with established exploration performance measures.

However, it is also possible that other factors may modulate or even overwhelm the effect of creativity on exploration
performance. To account for these possibilities alongside to our initial question, we investigate the following secondary
research questions:

• How do measures of everyday creativity and in-the-moment creativity compare in the context of data exploration
performance?

• How does a user’s creativity scores differ pre- and post-exploration?
• How does user’s perception of her own creativity relate to her data exploration performance?
• How might a user’s prior experience with data analytics modulate the effects of creativity on exploration
performance?

• How might a user’s perception of the chosen data exploration system modulate the effects of creativity on
exploration performance?

These research question will inform us to whether or not there is a link between exploratory data visualization
performance and creativity.

© 2021
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Measuring Creativity 5

4 EXPERIMENT DESIGN

We designed a study to explore the relationship between creativity and insight generation. The study will be conducted
online via a video conferencing platform.1

4.1 Participants

We will recruit 24 video participants for the main experiment through emails to professional organizations. The video
participants will each be compensated with $20 Amazon gift cards.

Recruited participants will be at least 18 years of age with a minimum of 3 months visualization experience through
data analysis tools (e.g., Microsoft Excel, Tableau Desktop, and Power BI). Also, the participants will not have any prior
experience with the dataset selected for the experiment (Movies), as to be sure that the insights participants exhibited
in the experiment was not from prior exploration. We purposefully chose not to place more selective criteria as to allow
for greater diversity in the participants [54].

4.2 Experiment Overview

Participants will review and sign a consent form prior to starting the study, and will be notified that they can withdraw
at any time. Participants will then complete one main activity broken into seven phases:

• Phase 1: complete a survey to measure the participant’s baseline in-the-moment creativity level;
• Phase 2: explore a provided dataset using a visualization system;
• Phase 3: complete a post-task survey to measure the participant’s current in-the-moment creativity level;
• Phase 4: complete a survey to measure the participants’ experience with the visualization system;
• Phase 5: complete a survey to measure the participants’ perception of their own creativity;
• Phase 6: complete a demographic survey to collect information regarding the participants’ background and past
experience; and

• Phase 7: complete a survey to measure everyday creativity.

Phases 1, 3, 5 and 7 are creativity measurement activities, while phase 2 is a data exploration activity. Phases 4 and 6 are
system perception and background survey activities. Each of the activities is described below.

4.2.1 Phases 1, 3, 5 and 7: Creativity Measurement. In phases 1 and 3, participants will be asked to answer survey
questions designed to measure each participants’ creative abilities. We designed our survey questions based on well-
known “free-association tasks” from psychological research in measuring creativity [1, 30, 32]. We use one well-known
free association task in our study called “continuous association,” where participants come up with the first 𝑛 words
that they can think of that are related to a specific stimulus word [7, 31]. In this experiment, we focus on color-based
and shape-based word associations [20, 26]. Our survey questions are all of the form: List the first five words that come

to mind that are associated with the word [e.g., purple, orange, circle, square]. For each phase, participants will be asked
about one color parameter and one shape parameter, resulting in eight possible ordered color and shape combinations:

• purple, circle, orange, square
• purple, circle, square, orange
• circle, purple, square, orange
• circle, purple, orange, square

1Tentative pre-registration draft here: https://docs.google.com/document/d/1xDqaHJVLpU1TbwHEZIX4-x3wBx4cubTglxKWrVP16Cw/edit?usp=sharing.
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• orange, square, purple, circle
• orange, square, circle, purple
• square, orange, purple, circle
• square, orange, circle, purple

For each cue word (purple, orange, circle, square), participants will be asked to list five words associated with that cue
word. We chose not to formally time the participants based on participant performance in our pilots (see subsection 4.4
for details).

The question parameters were selected such that the cue words (purple, orange, circle, square) would have similar
numbers of associated words observed in The “Small World of Words” English Word Association Norms dataset [6](124,
106, 116, and 120 total words, respectively). To further preserve the integrity of our survey results, participants will be
explicitly asked not to look up answers online for each of the surveys, to only write individual words, and to focus on
only the cue word provided for each survey question.

Survey Scoring. Creativity will be measured based on how statistically uncommon a participants’ responses were.
Nemeth and Kwan [34] considered a word to be statistically uncommon if it was not reported in the 1952 Minnesota
Word Association Norms by J.J. Jenkins [20], otherwise the word was given an association score relative to the frequency
in which it appeared. We will use the same approach as Nemeth and Kwan of calculating a frequency score for each
survey response and summing all resulting scores to produce a single creativity measure per participant [33]; however,
we will considered a word to be statistically uncommon if it was not reported in the more comprehensive “Small World
of Words” English Word Association Norms [6]. In the context of The “Small World of Words” English Word Association
Norms, we will use cue-response association strength to measure frequency [6]. In this way, we cab measure the relative
originality of ideas generated by each participant. Note that we will account for some cases where a participant did not
answer a survey question, for example when a participant could not think of a word in time, or repeated an answer they
already provided. We will adapt our calculations accordingly by substituting each null result with the max frequency
score observed in The “Small World of Words” English Word Association Norms for words associated with the given
color or shape. If a participant writes a word that did not appear in the thesaurus for the given cue (i.e., provided a
completely original word), then we will substitute a frequency of zero, consistent with the approach of Nemeth and
Kwan [34].

As an example, suppose two participants, Mary and Rosa, complete the color association task for the color blue.
Mary writes sea, sky, cheese, calm, and bird. Rosa writes sky, sadness, sea, water, and eyes. Mary and Rosa each had five
total responses. If Mary and/or Rosa had not given five answers their null answers are substituted with the max cue
strength score for the color blue. Between the two participants, Mary produced a final strength score of 0.254based
on The “Small World of Words” English Word Association Norms [6], while Rosa produced a final strength score of
0.294.To calculate creativity, we compare the final strength scores of both Mary and Rosa; Mary is considered to have
more creative answers as she has a lower final strength score.

Phase 5: Short Scale Creative Self Survey. In this phase, participants will fill out the Short Scale Creative Self survey, a
well known survey used to collect data regarding participants’ perceptions of their own creativity [21]. These results
will allow us to measure whether participants’ perceptions of their own creativity could be used as a reliable proxy for
established creativity measures.
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Phase 7: Creative Behaviors Survey. In this last phase, participants will fill out a Biographical Inventory of Creative
Behaviors survey so as to collect measures of participants’ “everyday” creativity and be able to compare the results of a
well-known creativity survey to our word association results [43].

4.2.2 Phase 2: Data Exploration Task. Participants will be asked to perform data exploration using a simplified version
of the Voyager visualization system [53]; this simplified version was created by Zeng et al. [55]. During our study,
participants will explore an existing dataset from the visualization literature, specifically the movies dataset used by
Wongsuphasawat et al. to test the Voyager system [53].

Participants will be introduced to the system and given 5 minutes to familiarize themselves with the environment.
Then, participants will then be asked to perform an open-ended data exploration task using the system, similar to
the open-ended exploration tasks used in existing studies [29, 52, 53, 58]. All participants will be given 15 minutes to
perform the data exploration task, which is in line with prior studies of data exploration [2, 56, 58].

For each insight that participants discovers during their exploration, we will ask participants to bookmark the
visualization most closely associated with their insight and to annotate the bookmark with a short comment about
their insight. Participants can write multiple comments for the same bookmark if this visualization elicited multiple
insights. This approach is based in part on the insight diaries protocol originally proposed by Saraiya et al. [40]. Our
approach is also based on prior work in measuring information-based ideation, which involves participants curating an
ideas board to record and share insights [24].

4.2.3 Phases 4 and 6: Tool and Demographic Survey. In phase 4, the participants will be given a tool survey to complete
after the main exploration task. The participants will be presented with Likert-scale rating questions to measure the
participant’s perception of the tool used in the study.

The participants will also given a demographic survey to complete after phase 5 of the study, to provide context
for our measures of creativity and exploration performance. The survey will collect data on the background of each
participant (age, gender, education level, race, and occupation), and Likert-scale ratings pertaining to the participant’s
perception of her own creativity.

4.3 Data Collection

During the study, we will collect three types of study data: survey responses, creativity measures, and exploration
breadth and depth measures. The survey data we collect, as described above, will be transcribed, labeled (in the case of
insights), and anonymized for later analysis and sharing.

For the creativity measures, we will measure the participants’ creativity scores via their answers to the surveys
completed during the study (see Section 4.2.1). For the exploration breadth and depth measures, we will collect known
measures from the literature [2, 16, 29, 39, 53]: (1) the total number of insights a participant has during each exploration
task; (2) the time between insights; (3) the task completion time; (4) the insight generation rate of the participants (total
insights divided by task completion time); (5) the number of visualizations created; (6) the time taken to produce each
visualization; (7) the total unique combinations of attributes explored; and (8) the logs of participants’ activities within
each tool (e.g., mouse clicks, cell changes, visualizations created). The exploration breadth and depth data we will collect
will be used to measure exploration pacing and overall interaction rates. The participants’ session recordings, and the
researchers sessions notes, will be used to calculate the above measures. We will also apply the protocol proposed by
Liu and Heer to label participants’ insights based on the type of insight observed [29].

© 2021
This work will in part (or fully) be submitted to a conference.



365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

8 Varma et al.

We will excluded all data for participant that met any of the following exclusion criteria: (1) the completion time of
any one of the exploration tasks is too short (less than 10 mins) or too long (no interactions for more than 4 mins); (2)
the participant did not complete the whole study for any reason; (3) the participant repeats the study multiple times (in
which only the first trial was included, if the other other criteria are met); (4) the participant did not understand one or
more of the tasks or surveys.

4.4 Pilot Study

The objective of the pilot was to test the validity and flow of our experiment design prior to running the full experiment.
Our key concerns going into the pilot were experimental flow and Voyager tool comprehension and execution. In
conducting the pilot study with four participants, we affirmed most of our perceptions whilst designing the study.
However, the pilot did reveal some minor changes that needed to be made in order for us to successfully measure and
address our objectives for this study.

During the pilot, we realized that we may have overestimated the time we believed it would take the participants to
complete the survey sections of the study. With this realization, we decided not to time participants for the survey
questions during Phases 1 and 3 of the experiment (See Section 4.2.1). All pilot participants took less than half of that
time to formulate responses.

We also decided not to prompt participants about the task before every survey succeeding the post-task survey
(Phase 3 of 4.2.1). Instead, we will prompt participants following the post-task survey about the remainder of the study,
and the following execution will be self-directed.

Another alteration the we decided to make as a result of the pilot was to the demo section of the study. Right before
the task we allowed participants to interact with the demo Voyager interface for up to 5 minutes. We allocated this
time to allow for the participant to get familiar with the environment with an undirected mini exploration. However, it
seemed that those that did not spend the full length of time exploring the demo were a bit overwhelmed when it came
time to completing the task. Therefore, we decided to require participants to explore the demo for the full 5 minutes and
execute a smaller version of the task that was to follow. During this demo process, we will also guided the participants a
bit about all the features of the Voyager system that they may have failed to explore, despite the participants watching
a tutorial video on the Voyager system prior to the demo.

5 ANALYSIS

The intention of this study is to understand whether there is a relationship between a person’s creativity and their
exploration performance. In this section, we discuss how we plan on analyzing our study data to answer the research
questions stated in Section 3.

5.1 How might a user’s everyday creativity relate to their data exploration performance?

To assess if there was any correlation between the participants’ baseline creativity and their exploration performance,
we will use our creativity survey results to calculate a creativity score for each participant (see subsubsection 4.2.1), and
treat these scores as an independent variable for creativity. We will use the following four measures from our study as
dependent variables (see subsection 4.3): insight generation rate, interaction rate, total visualizations created, and total
unique attribute combinations explored. For each dependent variable, we will train a separate mixed effects model to
predict this variable, with creativity score as a fixed effect and participant as a random effect, resulting in four different
mixed effects models.
© 2021
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5.2 How might a user’s in-the-moment creativity relate to their data exploration performance?

To assess if there was any correlation between the participants’ in-the-moment creativity and their exploration
performance, we will use our continuous association results to calculate a creativity score for each participant (see
subsubsection 4.2.1), and treat these scores as an independent variable for creativity. In this analysis, we will consider
only the first measure of in-the-moment creativity (Phase 1 of subsubsection 4.2.1). We will use the following four
measures from our study as dependent variables (see subsection 4.3): insight generation rate, interaction rate, total
visualizations created, and total unique attribute combinations explored. For each dependent variable, we will train a
separate mixed effects model to predict this variable, with creativity score as a fixed effect and participant as a random
effect, resulting in four different mixed effects models.

To see if there is a correlation between everyday and in-the-moment creativity, we will also train a linear regression
model using the scores from the BICB and our pre-exploration word association task scores.

5.3 Does a user’s in-the-moment creativity differ pre- and post-exploration?

To assess whether there was a significant difference between participants’ in-the-moment creativity scores before and
after exploration, we will train a mixed effects model with survey order as a fixed effect (pre- or post-exploration), and
participant as a random effect. The in-the-moment creativity score calculated in subsubsection 4.2.1 will be used as the
dependent variable to be predicted.

5.4 How might a user’s perception of their own creativity affect their data exploration performance?

To assess whether a participants’ perception of her own creativity was indicative of her “true” baseline creativity, we
will use the survey results from our study as an independent variable for perceived creativity. We will use our everyday
creativity scores variable from subsection 5.1 as a dependent variable. We will then train a mixed effects model to
predict the dependent variable, using perceived creativity as a fixed effect, and participants as a random effect. We will
also train a mixed effects model for each of the four exploration performance measures from ??. We will use perceived
creativity as the fixed effect instead of creativity scores, and included participants as a random effect.

5.5 How might a user’s prior analysis experience modulate the effects of creativity?

To assess how a participant’s perception of Voyager influenced their exploration performance, we will incorporate the
demographic survey results from our study as an additional independent variable (i.e., an additional fixed effect) in our
mixed effects models in subsection 5.2 and subsection 5.1. Specifically, we will categorize participants into discrete
categories of analysis expertise based on their survey results, and use these categories as an additional fixed effect in
our models.

5.6 How might a user’s experience with a given data exploration system modulate the effects of
creativity?

To assess how a participant’s perception of Voyager influenced their exploration performance, we will incorporate the
Likert-scale survey results from our study as an additional independent variable (i.e., an additional fixed effect) in our
mixed effects models in subsection 5.2 and subsection 5.1. Specifically, we will categorize participants into discrete
preference groups based on their survey responses, and use these groups as an additional fixed effect in our models.

© 2021
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6 DISCUSSION AND FUTUREWORK

Through this project, we are seeking to measure whether there is a relationship between creativity and exploratory
data analysis through the insight generation process. We intend for this research to lead to the formal recognition of a
relationship between creativity and exploratory visual analysis in the visualization community.

During this project, one of the major lessons that we learned was creativity is not an easy concept to measure. In this
project, we focused on two types of creativity: “in-the-moment" creativity and “everyday creativity." When designing
the study, we discovered that it is possible that an individual’s perception of their own creativity may play a role in
their exploration experience and end performance. This individualized unknown variable has brought about additional
questions in our project and majorly changed the way we intend to conduct our analysis. In addition, knowing that
one’s perception of their own creativity plays a role in data exploration performance, it stands to reasons that we could
call into question the impact of directed exploration or scientific exploration techniques on creativity.

In the near future, we intend on executing the remainder of the full study. In order to collect quality data, we will take
our time during recruiting and study session execution stages of this study. The data from each participant is highly
important as we have chosen a smaller participant pool. Afterwards, we intend on conducting our analysis mentioned
in section 5, and examine the results. From this analysis, we will decide whether or not to conduct a crowdsourced
replication study. If we decided to conduct the replication study, we will collect the data using Prolific and repeat the
analysis process. Once the analysis is complete, we intend to summarize our findings and submit a paper to a conference.

While we would like to further investigate the relationship between creativity and a individual’s exploration
performance after this study, we will not be able to see the direction a subsequent study could take until after the study
is complete.
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