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Abstract

Throughout the last decade, researchers have shown that the effectiveness of a visualization tool depends on the experience,
personality, and cognitive abilities of the user. This work has also demonstrated that these individual traits can have significant
implications for tools that support reasoning and decision-making with data. However, most studies in this area to date have
involved only short-duration tasks performed by lay users. This short paper presents a preliminary analysis of a series of
exercises with 22 trained intelligence analysts that seeks to deepen our understanding of how individual differences modulate

expert behavior in complex analysis tasks.
CCS Concepts

e Human-centered computing — Visualization; User models;

1. Introduction

The development of data visualization research in the past decades
enable data visualization systems to achieve greater general usabil-
ity and usage in various domains. Such advancements improved
not only the understanding of the data, but also the understanding
of people and how they use data visualization systems. In particu-
lar, the visualization community has begun to consider the potential
benefits of shifting away from one-size-fits-all data visualization in-
terfaces, acknowledging that individual differences may play a key
role in the use of visualization tools [Yil2].

Personality and cognitive abilities have been shown to corre-
late with task performance [GF10, GF12,ZCY*11], search be-
havior and other usage patterns [BOZ*14, OYC15], and even
user satisfaction [Kob0O4] with various visualization designs. In
some circumstances, these effects have critical impact in impor-
tant decision-making processes. For example, prior work by Ottley
et al. investigating the impact of visualization on medical decision-
making showed that people with high spatial ability tended to de-
rive more benefit from visual aides than their low spatial ability
counterparts [OPH*15]. These experiments showed that partici-
pants with low spatial ability had difficulty interpreting and ana-
lyzing the underlying medical data when they were presented with
visual representations, and that approximately 50% of the studied
population were inadequately supported by the visualization tools
when making a life-critical decision.

It is interesting to note that individuals with traits or abilities
largely considered to be positive may also face problems when the
data visualization tools they use do not match their characteristics.
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A study by Conati & Maclaren found that people with high per-
ceptual speed were less accurate in computing derived values using
radar graphs compared with colored boxes [CMOS]. A later study
by Ottley et al. found that people with a more internal locus of con-
trol (abbreviated LOC, a measure of the extent to which a person
believes they have control over the outcome of events occurring
around them [Rot66, Rot75, Rot90]) were slower and less accu-
rate using an indented tree compared with a dendrogram [OYC15].
Both high perceptual speed and more internal locus of control cor-
relate with high intellectual ability, and these results suggest that
performance declines with incompatible visualizations. For a com-
prehensive survey of research into the role of individual differences
in visualization, please see [LCO20].

It has been hypothesized that we can use stable features such
as LOC to inform personalized interface designs to better support
individual users [Yi12,ZOC*12]. Unfortunately, existing work in
this area falls short of enabling these critical advances because of
the limited scope and duration of studies performed to date. Most
studies of the effects of personality on visualization observe each
participant’s behavior for only a single, brief session on highly-
simplified tasks. Moreover, many have utilized platforms such as
Amazon Mechanical Turk to achieve a sufficiently large sample
size, which limits the control researchers have over participants’
background, training, and expertise. Because of the constraints im-
posed by this experimental paradigm, we have observed only the
effect these features have in the early staged of simplified analy-
sis tasks performed by untrained lay individuals, but not how they
influence behavior over the course of a trained analyst’s larger in-
vestigative strategy.
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To expand upon these previous studies, we conducted a series
of multi-day exercises with trained intelligence analysts to inves-
tigate their behavior during complex analysis tasks. During this
study, participants completed a battery of personality and cognitive
style assessments, and were then asked to analyze a large synthetic
dataset using an instrumented interactive search and visualization
tool. In our investigation, we looked for patterns in data visiting be-
havior of the participants and attempted to relate these patterns to
measures of individual difference. Through reporting this analysis,
we make the following contributions:

e We confirm that individual differences are correlated with expert
behavior in a complex analytical task.

e Specifically, we demonstrate that individuals with a more inter-
nal locus of control tended to exhibit higher interaction volume,
as well as more complete coverage of the data.

e Finally, we provide recommendations for future investigation in
this emerging area.

2. Case Study

Task design is critical to the success of an evaluation [Mun09], and
researchers have created taxonomies for the types of tasks and in-
teractions that are feasible for a given visualization (e.g., [AESO5]
and [YaKS07]. Our experiment focuses on exploratory data analy-
sis, but we recognize that "exploration" as a task carries several dif-
ferent meanings [BH19]. In this paper, we want to distinguish be-
tween bottom-up exploration and top-down exploration. Bottom-up
explorations "are driven in reaction to the data" [AZL*18] or "may
be triggered by salient visual cues" [LH14]. This is open-ended
and the user’s instincts largely drives the interactions. Top-down
explorations, on the other hand, are based on a high-level goals
or hypothesis [BH19, LH14]. Much of the existing work on indi-
vidual differences focus on the latter and have studied goal-driven
search tasks. Grounded by existing literature, our experiment ex-
amines how individual traits mediate exploration patterns during
an open-ended visual analytics task.

2.1. Participants

We recruited 32 Navy Reservists who chose this study from among
several potential activities, all of whom had some training or expe-
rience in intelligence analysis. Of these, 22 were able to complete
the assessment battery, as well as both days of the task. The re-
mainder of this paper will refer only to those participants for whom
we were able to collect complete data. Because this sample popu-
lation differs substantially from the general population, we report a
detailed demographic distribution for this subgroup below:

e Age: 4 participants were between the ages of 18-24, 10 between
25-34, 5 between 35-44, and 3 were over the age of 45.

e Race/Ethnicity: Our sample was predominantly white (16). 3
participants self-identified as multiracial, 2 as asian, and 1 as
black. Across all racial groups, 3 participants self-identified as
hispanic/Latinx.

e Sex/Gender: 13 participants self-identified as male, 2 as female,
and 7 preferred not to have their sex/gender recorded.

e Education: Participants were highly educated: 7 held a graduate
degree, 5 held a bachelor’s degree, 7 held an associate’s degree

or had at least some college, and the remaining 3 had high school
diplomas. Education level correlated predictably with age.

o Comfort with computers: Participants were asked to rate their
comfort using computers in both work and casual settings on a 4-
point, forced-choice Likert scale. All but one participant reported
feeling comfortable or extremely comfortable using computers.

o Locus of Control: Participants’ LOC was scored using an online
version of Nowicki and Strickland’s 1973 questionnaire [NS73].
Using this instrument, participants scoring 8 or below (approxi-
mately 33% of the general population) are classified as having an
internal LOC, while those scoring 17 or above (approximately
15% of the general population) are classified as having an ex-
ternal LOC. Those scoring 9-16 are categorized as intermediate.
The LOC scores for our participants deviated substantially from
the distribution over the general population: the median LOC
score for our participants was 6, and 15 of the 22 participants
scored 8 or below.

2.2. Task and Data

After completing a demographic survey and battery of cognitive
style and personality factor assessments, participants received a
short briefing outlining relevant background information regarding
their specific task. The task used in this case study was adapted
from the 2014 VAST Challenge [WCG™14], an annual contest with
synthetic data and challenges designed to reflect real-world tasks in
realistic conditions. Participants were presented with a hypothetical
scenario describing a gas company on the fictitious island nation of
Kronos. There has been a kidnapping involving some of the com-
pany’s employees, and participants were asked to assist the investi-
gators in the case. Their objective was to uncover the organizational
structure of the group responsible for the kidnapping by analyzing
several related synthetic data sources: email headers from 1170 in-
ternal company emails spanning two consecutive weeks, resumes
and short biographies of 35 of the company’s employees, employee
records for 54 employees (with some overlap with the previous re-
sumes and bios), historical reports and descriptions of the countries
involved, and 458 current and historical news reports from multiple
domestic and translated foreign sources.

2.3. Interface Design

Each participant was given a laptop and access to a web-based ap-
plication through which they were able to explore the data. A series
of collaborative design conversations with analysts in advance of
these exercises surfaced a collection of common tasks performed
during the early stages of analysis and information foraging:

o Establishing Baseline: During this phase, an analyst attempts to
build her understanding of the typical or "normal" condition of
the phenomenon which is being analyzed.

o Entity Detection: The process of identifying distinct entities
that are regarded as objectively or subjectively significant.

e Connection Detection: The process of discovering if and how
two or more entities are related.

e Change Detection: During this task, an analyst tries to identify
inflection points which result in a change in some factor of inter-
est that may result, or has already resulted, in a new baseline.
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Figure 1: The information retrieval interface used in this study,
containing four coordinated views: (a) details, (b) filter widget, (c)
list of matching results, and (d) entity/connection scratchpad.

For the purposes of these exercises, we built a simple, baseline
interface that supports these primary tasks (see Fig. 1) which con-
sists of four coordinated components:

e A central area in which detailed information about a sin-
gle data element could be displayed, with tabs corresponding
to the four information types: Articles, Resumes, Employee
Records, and Email Headers;

@ A search widget which accepted both date ranges and generic
text entry, and could also be used to specify more complex
filter commands via a simplified query language;

O A list view displaying the metadata for items matching the
current filter parameters;

@ An interactive scratchpad where participants can record user-
generated entities and the connections between them.

2.4. Data Collection

The study took place over the course of two half-day sessions held
at North Carolina State University. Participants were colocated in
a large conference room with up to 15 other individuals engaged
in the same task, and communication between participants was not
restricted. As participants analyzed the data, their interactions with
both the interface and Google Docs (provided for note-taking) were
logged and categorized as follows:

e Search actions were recorded whenever the participant clicked
the Search button. The search parameters were also recorded.

e GetDetail actions were recorded whenever a participant clicked
on an article, email header, resume, or employee data element.
The data type and item ID were also recorded.

e FEditNotes actions were recorded whenever a participant typed
in their Google doc; a new EditNotes action was recorded each
time the document auto-saved for as long as the participant was
actively editing. These sequential actions were later condensed
into a single action.

o AddElement and AddConnection actions were recorded when-
ever a participant interacted with the scratchpad.
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3. Results

Figure 2 shows a temporal view of participants’ actions across the
two half-day sessions. As expected, we observe that Search and
GetDetail actions dominate the majority of analysts’ early inter-
actions as they work to establish a baseline. These are punctuated
by varying degrees of documentation, predominantly through Ed-
itNotes actions recorded by Google Docs, and more rarely through
the addition of named entities and connections in the scratchpad.
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Figure 2: The temporal distribution of five distinct actions, by par-
ticipant. We observe that Search and GetDetail actions dominate
early in the analysis, and that interaction volume is not uniform.

3.1. Interaction Volume

We first observe that the overall volume of interaction is not uni-
form across all participants. We began our analysis by examining
how the number of distinct actions performed varies with a par-
ticipant’s LOC score. We observed that participants with a more
internal LOC tended to perform more distinct actions with both
the interface and in editing their notes than those whose LOC was
more external. Figure 3 breaks the data down by the three most fre-
quent actions that we observed: EditNotes, GetDetail, and Search.
Though our sample size is too small to validate these observations
statistically, our analysis revealed the same correlation between the
number of interactions and participants’ LOC across all three pri-
mary action types.
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Figure 3: The distribution of total number of interactions across
participants, ordered by LOC and broken down by interaction type.



70 R. J. Crouser, A. Ottley, K. Swanson, & A. Montoly / Investigating the Role of Locus of Control in Moderating Complex Analytic Workflows

w
<3
=3

L ]

mean LOC =5.7

N
=1
S

mean LOC =7.9 L]
o0 ©
L]

=)
1S3

°

e o
O O LOC (Numeric Score)
° L]

More internal More external

Number of Unique Data Elements Viewed

o

0 200 400
Total Number of GetDetail Actions Performed

Figure 4: Each participants’ total volume of GetDetail interactions
plotted against the number of unique data elements viewed. Partic-
ipants are color-coded by LOC.

3.2. Data Coverage and Revisting

The previous observation begs the question: are participants who
perform more overall interactions engaging with a larger portion of
the dataset during the course of their analysis, or are they interact-
ing with the same data in a different way? The near-perfect linear
trend in Figure 4 implies that across all participants and regardless
of LOC, roughly half of all GetDetail actions involve a previously-
unvisited data element. However, participants with a more internal
LOC tend to visit more unique data elements, covering a larger area
within the dataset in the same amount of time.

3.3. Anchoring

In addition to these overarching trends, we also observed a com-
mon pattern of data visiting behavior with respect to specific data
elements: 9/22 participants performed the same sequence of Get-
Detail operations on articles 406, 121, 265, 227, and finally 56.
These correspond to the first five articles that appear the top of the
results list when the system is initially accessed, or when all filters
are cleared. Similar patterns were observed for other data types,
suggesting that participants use "clicking down" the list of results
in order to get their bearings. While anchoring effects related to
results listings have been documented elsewhere, a relationship be-
tween this behavior and LOC has not been previously observed (see
Fig. 5). Subjects with a more internal LOC were much more likely
to perform a click-down sequence of actions on the unfiltered data
early in their investigation, whereas subjects with a more external
LOC tended to perform this sequence later, and more often. This
suggests that those with a more external LOC may be using the in-
terface as a way to reorient their analysis after taking a break or
hitting a dead end.

4. Discussion

The results of these exercises demonstrate that there is a rela-
tionship between LOC and expert behavior on complex analytical
tasks. Specifically, we observed that LOC score was negatively cor-
related with interaction volume: the more internal a participant’s
score, the more actions they performed and the more of the avail-
able data they were able to cover in the same amount of time. These
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Figure 5: Participants’ interactions with the first 5 filtered results
as they appear in panel (c) of the interface. "Click-down" actions
(highlighted in yellow) are an emergent meta-action in which a par-
ticipant progresses sequentially through these data items. Rows are
ordered from most external (top) to most internal (bottom) LOC.

findings are in line with prior work in the visualization commu-
nity showing that internal LOC generally maps to longer interac-
tion times. However, to the best of our knowledge this is the first
study to investigate and quantify interactions at the this level of
granularity. Analyzing low-level interactions, especially for com-
plex analytical tasks gives us a window into why we tend to observe
performance differences for individuals with different LOC scores.

In addition, we observed that those with a more external LOC
were more likely to use features such as the interface’s ordering of
the unfiltered data to reorient their analysis. This last phenomenon
underscores the importance of understanding how individual dif-
ferences influence analytical behavior: features like the ordering of
unfiltered data items are not inherently meaningful, but in the ab-
sence of other cues some participants may be more inclined to treat
it as a means to guide their analysis.

5. Conclusion

This short paper documents a preliminary case study to investi-
gate whether relationships previously observed between individ-
ual differences such as locus of control and user behavior persist
when studied in the context of more complex analytical tasks, and
presents preliminary evidence affirming that they do. Moreover, the
data collected through this case study presents a unique opportunity
to observe analyst behavior on realistic tasks. To support continued
inquiry, the anonymized dataset has been approved for unrestricted
public release: github.com/SmithCollegeHCV/EuroVis2020-Data
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