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Abstract

The anchoring effect is the over-reliance on an initial piece of information when making decisions. It is one of
the most pervasive and robust biases. Recently, literature has focused on knowing how influential the
anchoring effect is when applied to information visualization, with studies finding its reproducibility in the
field. Despite the extensive literature surrounding the anchoring effect’s robustness, there is still a need for
research on which individual differences make people more susceptible. We explore how Locus of Control
influences visualization’s ubiquitous and resilient anchoring effect. Locus of Control differentiates individuals
who believe their life depends on their behavior or actions from those who blame outside factors such as
destiny or luck for their life’'s outcomes. We focus on the relationship between Locus of Control and the
anchoring effect by exposing subjects to an anchor and analyzing their interaction with a complex visualiza-
tion. Our results show that the anchoring strategies primed individuals and suggest that the Locus of Control
plays a role in the susceptibility to the anchoring effect.
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Introduction biases in InfoVis. Previous research has confirmed the
impact of individual differences on the interaction pro-
cess with a visualization. For instance, Conati and
Maclaren'? showed that an effective way to improve
user performance relies on tailoring a visualization
selection based on perceptual speed.

Among the studied individual differences factors,
there has been some interest surrounding the personal-
ity trait Locus of Control (LOC). This trait shapes the
degree to which people perceive their life’s control as
dependent on their actions or outside factors such as

Nowadays, people leverage complex interactive visuali-
zations for data analysis purposes in several domains.' ™
The two main contributing factors to a cognitively enga-
ging and complex interactive visualization are explora-
tory analysis and hypothesis generation/validation.
Mental models are internal representations individuals
construct when interacting with a visualization,*> which
allow people to make sense of and understand large
quantities of data.° However, whenever individuals
engage in complex cognitive thinking under uncertainty,
their judgments and decisions may rely on heuristics.’
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powerful others, luck, or fate. Several studies tackled
how LOC may impact effectiveness, performance, pre-
ference, and strategies employed in InfoVis (e.g.
Brown et al.,'> Ottley et al.,'* and Delgado et al.'®).
Nevertheless, to the best of our knowledge, no current
work in the InfoVis state-of-the-art focuses on analyz-
ing the resiliency of cognitive biases through the lens
of Personality Psychology.

We focus on the Anchoring Effect (AE), or the
over-reliance on an initial piece of information (the
anchor) when making decisions.'® Several studies have
confirmed the presence of the AE in InfoVis, reinfor-
cing its robustness and pervasiveness.'”!® We believe
that anchors may act as outside forces while individu-
als interact with InfoVis. Since LOC captures the
degree to which individuals believe that external fac-
tors play a significant role in shaping events in their
lives, we hypothesize that exposing an individual to
anchors may make them more susceptible to consider
the anchors and, consequently, be primed. In this
light, we decided to study the relationship between
LOC and the AE to provide an initial understanding
of whether personality may make one more susceptible
to systematic deviations of rational thinking.

We prototyped a visualization dashboard that
enabled the completion of complex and cognitively
engaging tasks to allow the manifestation of the AE in
participants. In particular, we employ two priming
strategies to trigger the AE. First, we developed video
tutorials that prime participants to interact more with
a specific visualization view. Second, we used task
framing to manipulate the order we presented filtering
information to the subjects to focus on the priming
objective. Afterward, we conducted experiments with
participants (N = 69) to understand whether individu-
als with different LOC scores behaved differently
based on their interactions with those anchors. Our
work contributes to the literature by providing initial
steps regarding the relationship between LOC and the
AE. We believe our contributions can provide a further
understanding to future studies that leverage
personality-aware mechanisms to understand the
impacts of AE.

Related work

In this literature review, we present related work, cov-
ering how the AE has been studied in InfoVis contexts,
as well as how personality constructs can improve the
understanding of the use of data visualization systems.

The anchoring effect

The AE has a remarkable influence on human
judgment due to its extreme robustness and

pervasiveness.'® As such, it has been a core subject of
study over the years in many fields such as general
knowledge,® legal judgments,'® negotiations,?° price
estimates,?’ and self-efficacy.?? In one demonstration
of the AE,? researchers initially asked people to com-
pare the percentage of African nations in the UN to a
randomly generated number. The participant’s task
was to indicate whether the percentage of African
nations in the UN is higher or lower than this anchor
number. After this comparative judgment task, partici-
pants received a second absolute task in which they
were to give their best estimate of the percentage of
African nations in the UN. Findings indicated that
specific estimates assimilated toward the anchor
provided in the comparative task.

InfoVis literature includes many pieces of research
confirming the presence of the AE, as well as several
priming triggers. George et al. explored whether the
anchoring bias transfers to visual analytics with a sim-
ple visual interface regarding house appraisals, priming
individuals with the decision-making task of estimating
the price of houses.?? The authors showed each parti-
cipant an initial value for a house (the anchor) and
then several pieces of information, including pictures
of the house and prices of houses with similar charac-
teristics. In particular, the anchor could vary between
high and low initial values, and results show that the
estimates were close to the initial values shown to the
participant.

Other researchers attempted priming the user with
a specific view'® of a visualization, leveraging training
videos showing the users definitive examples to use the
visualization to complete tasks while focusing on a sin-
gle view, considered the anchor view. Cho et al.'® used
task framing when providing assignments to the users
by changing the order of the information in the tasks,
given that the initial info was about the anchor view.
The authors found that inducing the AE in partici-
pants affected their interaction process by leading
them to spend more time interacting with the anchor
view. Another work leaned toward repeated exposure
to a constant visualization.'” The study focuses on
better understanding the temporal effects of repeated
exposure to visual stimuli. Valdez et al.'” defined a set
of five studies with visual class separability in scatter-
plots as a task example. These tasks made humans
judge the class separability of the same scatterplot dif-
ferently depending on the scatterplots they have previ-
ously seen. The authors found evidence for the
existence of the AE in class separation tasks of bi-
variate normally distributed scatterplots. In particular,
deciding whether two clusters are separable relies on
how far they are apart and how far previously seen
groups are apart. With this in mind, the AE establishes
itself by playing a relevant role in individuals’
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interaction. However, the AE is not the only factor to
consider when tackling user interaction in InfoVis as
researchers found that outside elements such as the
users’ personality factors significantly impact task per-
formance and idiom preference.

Personality factors

Many studies tackled the impact of individual differ-
ences in their interaction process. Toker et al.**
showed that user characteristics correlate with perfor-
mance using a visualization. Findings revealed that
perceptual speed, verbal working memory, visual
working memory, and visualization expertise signifi-
cantly impacted task performance, ease-of-use ratings,
and idiom preference ratings. Beyond individual dif-
ferences, personality factors also became a focus of
research (see Liu et al.?® for a survey). For instance,
Brown et al.'® could infer LOC, extraversion, and
neuroticism scores based on user interaction data.
More recently, Alves et al.?% found that neuroticism,
openness to experience, agreeableness, several facets
from each trait, and the external dimensions from
LOC mediate how much individuals prefer certain
visualization idioms in hierarchy and evolution con-
texts. With this in mind, the current body of literature
provides an opportunity the study the existing rela-
tionship between the users’ personality profile and the
AE. In particular, we focus on LOC.

Rotter®”?® defined the LOC based on how individ-
uals develop their own belief in causality between an
event and an outcome based on their experience with
similar cause-and-effect occurrences. Therefore, LOC
explains how people change because they are continu-
ally affected by experiences in their lives. More pre-
cisely, it involves generalized beliefs about the
controllability of the environment that are not limited
to specific contexts (e.g. at work) or times (e.g. last
week).?? The LOC model describes the orientations
as two different aspects — internal and external —,
which differ based on environment reinforcements.
Internal LOC is related to internal reinforcement since
some event or environment highlights the value of an
individual. In contrast, external LOC is linked to
external reinforcement because it addresses how some
event or environment yields benefit for the group or
culture to which the individual belongs to.?°

Research shows that LOC affects the completion
times with procedural tasks and the number of insights
given.’! Green and Fisher’! found that Internals were
faster at solving procedural tasks. Moreover, Externals
provided more self-reported insights. Recent work by
Delgado et al.'® also showed that the Internal
dimension affects performance with visualizations for

high-dimensional data. Another relevant body of liter-
ature by Ziemkiewicz et al.>* revealed that Externals
were more efficient at using a visualization that used a
highly explicit visual metaphor than Internals.
Furthermore, Ottley et al.'* analyzed the search strate-
gies employed by Internals and Externals with two dif-
ferent hierarchical visualizations - indented trees and
dendrograms — to investigate how the LOC trait
impacts behavioral patterns. Findings proved that
Internals are more likely to perform better than
Externals when the visualization design is more
exploratory and allows them to explore the data freely
and according to their mental models without impos-
ing a strategy. Externals in this scenario are likely to
give up, needing guidance from the designer.
However, Externals are more likely to perform better
than Internals in visualization designs that impose
specific search strategies and rules since they can
adapt better to unknown strict representations.

Personality factors and the anchoring effect

Several personality traits from the Five-Factor Model
(FFM) have been shown to regulate how susceptible
individuals are to cognitive biases. Eroglu and
Croxton>’ found that participants with high conscien-
tiousness and agreeableness and low extraversion are
more susceptible to the anchoring effect in forecasting
activities. McElroy and Dowd>* also showed that the
anchoring effect influences more likely individuals
with high openness to experience individuals while
estimating values. Regarding the LOC, prior research
shows mixed results. In decision sciences, LOC
showed a significant moderating effect in the relation-
ship between investment decisions and the anchoring
bias.?>>® In contrast, Eroglu and Croxton> reported
that LOC has no effect on forecasting biases, includ-
ing the AE.

We can observe that the state-of-the-art strongly
converges on LOC, playing an important role in
human interaction with visualizations. We believe that
it opens an opportunity to explore if LOC alone can
provide a better understanding of the susceptibility to
the anchoring bias. Although these studies do not pro-
vide a clear-cut effect of LOC on the susceptibility to
the anchoring bias, past visualization research shows
we can verify the anchoring effect through user inter-
action logs.'® We expect that anchoring the participant
and cross-referencing the interaction logs with the
LOC may provide further insights into what makes an
individual susceptible to the anchoring effect when
using visualization. Consequently, it may enhance the
characterization of the user profile with personality



70

Information Visualization 23(1)

features to regulate the priming effect and promote
more rational decision-making.

Methodology

This section introduces the interactive visualization
developed for our study and details its possible inter-
actions. We then describe how we are inducing and
measuring the AE, ending with a brief overview of the
procedure employed in the study.

CrashVis

Past research has replicated the anchoring effect in the
laboratory and the field.>” We ground our experimental
design in the best practices of controlled experimental
studies to elicit the anchoring bias. In particular, we
opted to follow the design principles of Crystal ball'®
to create our apparatus. We implemented an interactive
visualization called CrashVis (Figure 1). CrashVis has
a Coordinated Multiple Views (CMV) design®® by
employing multiple perspectives to analyze the data
and where each complements the other. It provides the
flexibility of using different strategies to explore the
causes of airplane crashes throughout time and loca-
tion. We selected this dataset because it has properties
amenable to our elicitation techniques. In particular,
the user can see each crash event’s date, geographical
location, and description. While a plane crash is a
familiar concept, the history of plane crashes is unfami-
liar to the average participant. We used a public dataset
available at Kaggle (https://www.kaggle.com/datasets/
saurograndi/airplane-crashes-since-1908 (Last checked
at Wed Nov 01 17:10:37 2023.)). Therefore, this
choice of dataset allows participants to understand
what each item represents while making it likely that
the distribution is unknown, prompting an exploration.
Since we can study the priming effect through user
exploration and interaction logs, we believe that this
dataset is adequate to use in our experiment.

Views and Interactions in the CrashVis Interface
CrashVis contains three views: map, calendar, and
overview tab. The map view shows airplane crashes as
blue circles scattered throughout the world with a geo-
graphic location encoded as latitude and longitude
(Figure 1(b)). The map lets the user check the location
by panning or zooming to show specific crash events in
a region of interest. The calendar view also displays
the same crash events as blue circles (Figure 1(a)). In
ascending order, these circles are grouped by year
between 1990 and 2000. The user can hover circles to
highlight the corresponding event in the map and cal-
endar view. Hovering a circle triggers the visibility of a
container next to the circle with the details of the
crash. Clicking on a circle in either view will change its

color to orange, and select them to appear in the over-
view tab (Figure 1(c)). The overview tab contains a list
of selected airplane crashes, with detailed information
for each one.

Only the map and calendar views are driving views,
capable of driving the interaction process for the parti-
cipants to complete the experiment tasks. The imple-
mented interactions allow users to perform exploratory
analysis to support decision-making tasks. In particu-
lar, we asked participants to estimate the number of
plane crash events in a given period and location.
Since the map and calendar views support geo- and
time-based analysis, the actions participants take
within CrashVis reflect their decision-making process.
This design rationale is similar to the one applied by
Cho et al.'® We defined and logged 10 unique user
interaction types while participants completed the
decision-making tasks (Table 1). CrashVis records all
user interaction logs in a database with a timestamp
and the participant’s identifier.

Anchoring strategies

To induce the AE, we directed the participants’ focus
toward one of the driving views of the CrashVis inter-
face (map or calendar). Previous work has demon-
strated how providing a visual anchor to the users
affects the subsequent interaction process by leading
them to spend more time interacting with the visual
anchor.'® In that same study, Cho et al.'® leveraged
two visual anchor conditions to compare, each asso-
ciating the visual anchor with a view from the visuali-
zation. Just as Cho et al.'® used a geo-related view and
time-related view as the visual anchors, we leverage
the map view and the calendar view as the candidates
for priming the users and directing their attention. We
want to confirm the presence of the AE across differ-
ent anchor conditions by verifying that most of the
interaction focused on the respective visual anchor. In
total, we have three anchor conditions: Map Anchor
condition (map view as the visual anchor), Calendar
Anchor condition (calendar view as the visual anchor),
and No Anchor condition (no visual anchor) serving as
a baseline of comparison. Lastly, Cho et al.'® resorted
to two techniques, described below, that attracted the
users’ focus to the visual anchor provided, which we
will also employ in this study.

Video Traiming was achieved before instructing the
users to interact with CrashVis. We presented a total of
two videos to the participant. The first introduces
CrashVis by showcasing all possible interactions on the
map, calendar, and overview, while the second varied
according to the anchor condition. In case the partici-
pant was associated with the Map Anchor or to the
Calendar Anchor condition, they viewed a video that
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The calendar allows you to explore
the details of all crash events
according to their year of
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Figure 1. Screenshot of the CrashVis visualization system used in the experiment to study the priming effect. The
interface has two views as anchors; while the calendar view (a) displays plane crashes on a time granularity, the map
view (b) uses geographical data to present the dataset. There is also an overview tab (c] which acts as a supporting view
to allow the user to learn more in-depth about a selection of crashes.

Table 1. User interaction logs.

View Log Type Meaning
Map Circle Hover User hovers a mark on the map
Circle Click Add User clicks on a mark to add it to the Overview view
Circle Click Remove User clicks on a mark to remove it from Overview view
Calendar Circle Hover User hovers a mark on the calendar

Circle Click Add

Circle Click Remove
Remove Button Click
Remove All Button Click
Sort Option Click

Sort Open Click

Overview Tab

User clicks on a mark to add it to the Overview view

User clicks on a mark to remove it from Overview view

User clicks on a button to remove item from Overview view
User clicks on a button to remove all items from Overview view
User clicks on a button to sort items in the Overview view

User clicks on a button to specify sorting algorithm

Each view has specific interactions based on its visual elements.

showed the completion of a specific use case scenario
in the CrashVis interface in which a user is completing
a task leveraging the visual anchor only, for example,
“Estimate the total amount of airplane crashes caused
by bad weather, in South America, between 1992 and
1994 (inclusive).” An anchoring mechanism primes
the individual to interact with a specific view by focus-
ing mainly on the visual anchor. However, if the parti-
cipant was not supposed to be biased to any visual
anchor, known as the No Anchor condition, we did not
provide a second video since we did not want to anchor
the user to any specific view.

Task Framing was also leveraged to induce the AE.
We designed a set of two tasks to prime the individual
to interact with the map view and another two with the
calendar view. Cho et al.'® created four tasks but only
provided one task during the interaction process to ver-
ify the presence of the AE. In contrast, we decided to
use two tasks from the four created during our experi-
ment to check if the AE lingered even after becoming
familiar with the visualization after completing the first
task.

Each task asks the participant to estimate the count
of airplane crashes and satisfies three filters: location,
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time interval, and cause of the crash. In particular, for
the tasks designed to anchor the participants on the
map view (71 and 72), we first mention a specific loca-
tion and afterward the time range, and vice-versa for
the calendar view (73 and 74). The set of tasks is as
follows:

T'1 Estimate the total amount of airplane crashes caused
by engine failure, in South America, between 1992 and
1994 (inclusive).

T2 Estimate the total amount of airplane crashes caused
by fuel outages, in Mexico, between 1994 and 1996

(inclusive).
T3 Estimate the total amount of airplane crashes caused
by engine failure between 1992 and 1994

(inclusive) in South America.

T4 Estimate the total amount of airplane crashes caused
by fuel outages between 1994 and 1996
(inclusive) in Mexico.

Priming on a visual anchor with the task framing
method strategy relies on adjusting the order of the
information in the tasks presented to the participants.
The information that appears first is the one related to
the visual anchor since it proved to be effective in
enhancing the AE in InfoVis.'®

Measures

Locus of Control is usually measured with the Rotter
Scale.?® However, further work by Levenson>® showed
that LOC could be analyzed more in-depth by differ-
entiating the external LOC in two scales: Powerful
Others and Chance. Consequently, we measure the
scores of the LOC dimensions with the European
Portuguese version of Levenson’s multi-dimensional
IPC scale.*®**! It has 24 items measured with a six-
point Likert scale, with eight items for each of the sub-
scales — Internal, Powerful Others, and Chance. The
result of each subscale results from adding the numer-
ical answers of the items for that subscale.

Demographic information was also gathered about
each participant. We included questions regarding age,
gender, and education, whether the participant had
normal or corrected-to-normal vision, and if they were
colorblind. Regarding InfoVis, we assessed the partici-
pants’ familiarity with a CMV design and the data
domain of our interactive visualization using Likert
scales ranging from 1 (Heawvily Unfamiliar) to 7
(Heavily Familiar). These questions allow us to test for
prior knowledge surrounding the domain, which could
make individuals perceive information on a visualiza-
tion differently according to their knowledge.*?

User Interaction was a relevant factor to store since it
reflects the measurement of the AE. We log each

sequence of interactions throughout the participants’
interactive session with our visualization. For each
interaction, we record four main attributes: the time-
stamp of the occurrence, the view where it took place,
the type of interaction, and a detailed description of
the interaction. We then compute two objective
metrics from the interaction logs to measure the AE.
The first is the time spent in each driving view (inzerac-
tion time). We calculate the total time by considering
the accumulation of intervals between timestamps of
interactions that indicate the transition from one graph
to another in the visualization. We added the time dif-
ference to the view corresponding to the latter action
whenever a change occurred. For example, if a user
starts the interaction and clicks on the map view, the
time difference is added to the map view. We only
record the time spent in both visual anchors since
these are the most important for comparing and for
which we want to prove that there is a significant
change between the visual anchor conditions.

Another measure is the number of interaction
events triggered in each view (inreraction volume).
While interacting with a view, users could trigger hover
and click events on each mark. We counted all trig-
gered events throughout the experiment. The last
metric we analyze is the path of interactions performed
by the participants.'® To study it, we use weighted
directed networks where nodes correspond to interac-
tions and edges are chronological pairs of interactions.
The networks allow us to cluster interactions with the
community detection algorithm developed by Blondel
et al.*? It unfolds a complete hierarchical community
structure for the network by considering the weighted
links between nodes. The community-detection algo-
rithm is grounded on a modularity principle. It mea-
sures how well a network decomposes into modular
communities, where a community is a set of vertices
denser inside than out. In addition, the networks also
allow for ranking each node according to its impor-
tance. We estimate the importance using the Pagerank
algorithm.** The algorithm assigns probability distri-
butions to each node, denoting its importance. In par-
ticular, we believe that the probability distributions are
appropriate measures for the importance of the inter-
actions in the driving views of CrashVis as they show
“the likelihood of a random surfer in the network to
traverse to a specific end node.”’® We believe this
metric can help us understand to which extent the AE
strategies primed the individuals. We created the net-
work visualizations with the Gephi tool.*>

Expected findings

The susceptibility to the AE has been a topic of
research related to emotions. A previous study
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indicated that participants in a sad mood were more
susceptible to the AE than their counterparts in a neu-
tral or happy mood. Englich and Soder*® justified their
findings based on how people in a sad mood are more
engaged in effortful reasoning. This finding aligns with
the Selective Accessibility model, which explains the
AE in that, by elaborating more thoughtful processes,
there is a confirmatory search for information consis-
tent with the anchor.!®*” Moreover, another research
found that the External perspective of LOC is inher-
ently associated with a more depressive state of an
individual. In particular, there was a link between the
Chance dimension of LOC and depression.*® Prior
research on the relationship between LOC and the AE
shows mixed results. LOCLOC significantly moder-
ated the relationship between investment decisions
and the anchoring bias in decision sciences.>>>° In
contrast, Eroglu and Croxton®® reported that LOC
does not affect the priming of the AE.

As mentioned, researchers must explore the rela-
tionship between the AE and the LOC in InfoVis set-
tings. We base our research on two primary baselines.
First, past visualization research shows we can verify
the anchoring effect through user interaction logs.'®
Cho et al.'® leveraged the Pagerank algorithm®* to
rank interactions and created weighted directed net-
works to provide visual context to their results. The
Pagerank algorithm allowed Cho et al. to confirm
visually that most interactions are with the anchor
view. After adapting the experimental methodology
used by Cho et al., we first validate our approach by
replicating their original findings. Therefore, we expect
participants to interact more and spend more time
with the visual anchor.

Second, comprehensive research on the effect of
LOC in InfoVis settings shows that this trait affects the
time spent, user strategies, and, in general, behavioral
aspects of using interactive visualizations,!*>!:32:49:30
This richness allows us to leverage LLOC to study cog-
nitive biases in information visualization from a scope
of relationships with psychological constructs. Taking
into account that the time spent and the frequency of
interactions with visualizations are indicators of both
the AE priming and LOC profiles, we expect that
anchoring the participant and then cross-referencing
the interaction logs with the LOC may provide further
insights into what makes an individual susceptible to
the anchoring effect in the context of visualization use.
Therefore, we want to analyze if LOC alone has any
impact on swaying Internals and Externals toward par-
ticular views by addressing the following research
question: Does the locus of control affect the susceptibility
to the anchoring effect?

Procedure

We recruited subjects in university settings through
direct contact and word of mouth. Our sample
includes 69 participants (53 male, 16 female) from 18
to 60 years old (M = 25.23,SD = 8.254). All partici-
pants reported having normal or corrected-to-normal
visual acuity and not being colorblind. Regarding
familiarity factors, we found that most users were
familiar with visualizations with a CMV design
(M = 5.57,SD = 1.2). However, when it comes to the
domain of airplane crashes, most participants were not
familiar with the subject (M = 3.14,8D = 1.72).

Due to constraints from COVID-19, we conducted
each user experiment as a Zoom video meeting with
one experimenter. Before each session, we assigned
each participant a unique identifier and an anchor
condition. Then, subjects completed the LOC survey,
followed by an introduction to the experiment. Next,
participants provided their consent and filled in the
demographic questionnaire.

Afterward, the priming phase of the experiment
started. First, we presented a video to the participants
to introduce CrashVis by showcasing all possible inter-
actions with equal detail. Then, in case the participant
was in the Map Anchor (N = 21) or Calendar Anchor
(N = 28) conditions, they viewed a video that primed
them to interact with the respective visual anchor. The
second video consisted of a task solely on the view to
prime the user. If the participant belonged to the No
Anchor (N = 20) condition, they would not watch the
second video. Next, participants completed two
sequential tasks according to their anchor condition to
engage them cognitively with CrashVis and collect
user interaction logs. Participants from the Map
Anchor completed T1 and T2, while we instructed par-
ticipants from the Calendar Anchor to perform T3 and
T4. In case the participant was from the No Anchor
condition, they either randomly performed the pair
(T1, T3) or (T2, T4). We designed the experiment
with this flow to have the No Anchor participant per-
form a randomly chosen task framed for both target
views, thus minimizing the effect of the task framing.

Data analysis

Our experiment follows a 3 X 2 mixed design with two
factors — visual anchor condition (3levels) and view
(2 levels)— to induce the AE and study its resiliency to
LOC in InfoVis. The visual anchor condition factor
exposes the participants to one of the following anchor
conditions: Map Anchor, Calendar Anchor, and No
Anchor. The views we address in the study are the map
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and the calendar. We used two-way mixed ANCOVAs
to determine if there are statistically significant main
and interaction effects of the visual anchor condition
and the views on task decision time and user interac-
tion. We use the scale scores as covariates to under-
stand whether the locus of control is a confounding
factor. As mentioned, we use the questionnaire devel-
oped by Levenson® to collect the LOC. Instead of
operating with a single, continuous score from the
Rotter Scale, Levenson encoded the LOC by three dif-
ferent, continuous scales (Internal, Powerful Others,
and Chance). Therefore, we use three covariates to
study the effect of the LOC.

We conducted an a priori power analysis using the
pwr R library (https://cran.r-project.org/web/packages/
pwr/vignettes/pwr-vignette.html (Last access: Wed
Nov 01 17:10:37 2023)) to determine the minimum
sample size required. Results indicated the required
sample size to achieve 80% power for detecting a
medium effect (0.3), at a significance criterion of
a = .001, was N = 53 for multiple regression methods.
Therefore, the obtained sample size (N = 69) is ade-
quate. We followed the ANCOVAs with post hoc
Tukey’s range tests, which include Bonferroni correc-
tions. We complement our analysis through
Spearman’s rank-order correlation tests. We include
LOESS (locally estimated scatterplot smoothing) lines
to help analyze the correlations. Finally, we cleaned
the dataset by removing any hover event that took
<100 ms to avoid analyzing unintentional hovers.”

Results - Analyzing quantitative measures

This section covers the quantitative results of our
study. In particular, it tackles both the anchoring effect
as well as the susceptibility of LOC to its effect.
Pairwise comparisons use Tukey HSD’? tests and
include Bonferroni corrections.

Descriptive statistics

Figure 2 depicts the distribution of the three scales of
interest by each study condition and the complete
sample. Regarding the LOC scales of the complete
sample, the Internal scale has a distribution with
higher scores (32.45+6.12). Furthermore, the Exzernal
scales — Powerful Others (16.74+7.81) and Chance
(18.32£6.43)— have similar distributions, which is
expected based on the literature.** When we analyze
the distribution of LOC scores in each condition, we
can also observe that the distributions are similar in all
scales. We ran a one-way ANOVA with post hoc
Tukey’s range tests with the condition as an indepen-
dent variable and the three scales as dependent vari-
ables. We found no significant differences between the

Group B Map Anchor & Calendar Anchor 8 No Anchor B Sample
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Figure 2. Distribution of the locus of control scales.
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Figure 3. Unadjusted quantitative results of the
experiment per anchor condition and driving view.

conditions or in the pairwise analysis. Finally, Figure 3
and Table 2 provide an overview of the descriptive sta-
tistics of the dependent variables. The remainder of
this section presents data as mean * standard error
unless otherwise stated.

Presence of the anchoring effect

Inspired by prior work,'® we employed a CMV design
in CrashVis, as it has proven to increase the complexity
surrounding involved tasks,® leading to higher uncer-
tainty, and thus, foster the priming effect.”® To validate
our approach, we start by veryfing if we replicated the
original findings of Cho et al.'® through the interaction
time and volume of each user.

Intevaction Time While controlling for the LOC
scales, a two-way mixed ANCOVA showed a statisti-
cally significant interaction effect of the visual anchor
condition and the driving view on the interaction time,
F(2,63) = 21.155,p<.001, partial n*> = .402. As seen
in Figure 4, participants under the Map Anchor
(121.41+10.38) and No Anchor (127.69+10.62)
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Table 2. Descriptive statistics of unadjusted and adjusted metrics means and variability for each anchor condition and

driving view with the LOC dimensions scores as covariates.

Unadjusted (M+SD)

Adjusted (M*SE)

Calendar Map No Calendar Map No

Anchor Anchor Anchor Anchor Anchor Anchor
Interaction Calendar View 82.72+4598 30.95+47.08 68.20+37.65 82.78+8.37 3l.16*+ 9.62 67.89+ 9.85
Time (s) Map View 47.89+51.57 120.25+40.65 126.03+55.07 45.83+9.02 121.41=10.38 127.69+10.62
Interaction Calendar View 46.14+24.37 15.10+23.66 34.45+21.78 46.08+4.40 1538+ 5.06 3424+ 5.18
Volume Map View 12.64+21.63  45.19+20.62 30.35+19.41 12.14+3.95 4554+ 455 30.68+ 4.66

Covariates appearing in the model are evaluated at the following values: Internal = 32.45, Powerful Others = 16.74, Chance = 18.32.

Note: M = Mean, SD = Standard deviation, SE = Standard error.
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Figure 4. Unadjusted estimated marginal means of the
time spent in each driving view across anchoring
conditions.
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Figure 5. Unadjusted estimated marginal means of the
interaction volume in each driving view across anchoring
conditions.

conditions spent more time on the map view than
those of the Calendar Anchor condition (45.83%9.02).
In particular, individuals in the Map Anchor spent a
statistically significant increase of 75.58 (95%CI, 41.62
to 109.55) seconds, p<.001, in the map view com-
pared to those in the Calendar Anchor. In contrast, the
time spent in the calendar view was significantly
higher on the Calendar Anchor (82.78*=8.37 and No
Anchor (67.899.85) conditions when compared to the
Map Anchor condition (31.161%9.62). Further,
Calendar Anchor individuals showed a statistically

significant increase of 51.62 (95%CI, 20.12 to 83.13)
seconds, p <.001, spent in the calendar view compared
to those in the Map Anchor condition.

We continued exploring our results by analyzing the
main effects. Results show a main effect of the anchor
condition on the interaction time, F(2,63) = 7.871,
p = .001, partial »*> = 200, while controlling for the
locus of control. The driving view also had a significant
main effect on the interaction time, F(1,63) = 5.256,
p = .025, partial m?>=.077, under the studied
conditions. It appears that the anchor condition was
the factor that produced the most considerable effect.
These findings demonstrate that using both tutorial
videos and task framing strategies effectively primed
the individuals to interact longer with the driving
views.

Interaction Volume A two-way mixed ANCOVA
showed a statistically significant interaction effect of
the visual anchor condition and the driving view on
the interaction time, F(2,63) = 15.152,p <.001, partial
n* = .325 while controlling for the LOC dimensions.
Figure 5 depicts the volume of interactions triggered
per anchor condition and driving view. In particular,
we can observe that Map Anchor participants triggered
more events on the map view (45.54%4.55), followed
by those in the No Anchor condition (30.68+4.66), and
then those in the Calendar Anchor condition
(12.14%3.95). Individuals in the Map Anchor condition
triggered a statistically significant increase of 33.40
(95%CI, 18.51 to 48.28) interaction events, p <.001, in
the map view compared to those in the Calendar
Anchor. We found contrasting results while analyzing
the calendar view. As expected, individuals under the
Calendar Anchor triggered the most events in the calen-
dar view (46.08+4.40), followed by those in the No
Anchor condition (34.24%5.18), and then those in the
Map Anchor condition (15.38+5.06). Further,
Calendar Anchor individuals showed a statistically sig-
nificant increase of 30.70 (95%CI, 14.12 to 47.27)
events, p<.001, triggered in the calendar view than
participants in the Map Anchor condition.
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Regarding main effects, while controlling for the
LOC dimensions, we found neither a main effect from
the anchor condition, F(2,63) = 0.771, p = .467, par-
tial ? = .024, nor the driving view, F(1,63) = 1.428,
p = .237, partial 7> = .022. It appears that neither of
these factors had a vital role in the interaction volume.
Although the priming strategies made individuals
interact more with the target views than with the oth-
ers, we could not find a measurable effect while con-
trolling for the LOC dimensions.

Similar to Cho et al.,'® we primed the participants
with a visual anchor through training videos and apply-
ing task framing. Both methods provide the initial
information required to anchor the participants.'® We
can verify the presence of the AE based on the time
spent and the interaction volume in each driving view
(map and calendar). In particular, participants primed
in the Map Condition spent more time and triggered
more interaction events in the map. In contrast, the
Calendar Condition led users to interact for longer and
trigger more events in the calendar view. Looking at
participants in the No Anchor condition, we observed
that they spend more time in the map view than the
calendar. However, they trigger a similar number of
interaction events in both views. These findings rein-
force the resiliency of the anchoring bias and replicate
the original findings of Cho et al.'® Having established
a baseline for our research, we continued by analyzing
the influence of the LOC on our experiment.

Influence of locus of control on the anchoring
effect

Interaction Time We found that no LOC dimension
significantly affects the interaction time independently of
the anchor condition with @ = .0083 (0.05+6) according
to a Bonferroni correction. Regarding the Internal scale,
we found negligible nonsignificant correlations with the
interaction time on the map, r(69) = — .022,p = .859,
and on the calendar, r,(69) = .057,p = .644. The exter-
nal dimensions showed similar nonsignificant trends.
There were weak nonsignificant correlations between
the Powerful Others scale and the interaction time on the
map, r(69) = — .183,p = .131, and on the calendar,
ry(69) = .159,p = .192. For the Chance dimension, there
was a weak correlation between the interaction time on
the map, r,(69) = — .156,p = .199, and a negligible cor-
relation on the calendar, r,(69) = .054,p = .659.
Nevertheless, we found interesting results regarding
the external dimensions when we consider the anchor
condition (Figure 6). Note that the significance value
for each anchor condition is « = .0056 (0.05-+9)
according to a Bonferroni correction. When we analyze

the Calendar Anchor, we observe two moderate positive
correlations between the interaction time with the
calendar and the Powerful Others scale,
rs(28) = .430,p = .022, and the Chance scale,
rg(28) = .394,p = .038. For individuals in the Map
Anchor condition, there was a relatively strong positive
correlation between the Powerful Others scale and the
interaction time with the calendar, r(21)=
.559, p = .008. Second, we found a relatively strong neg-
ative correlation between the Chance scale and the inter-
action time with the map, r(21) = —.550,p = .010.
Finally, we observed two relatively strong negative cor-
relations in the No Anchor condition. The Powerful
Octhers scale correlates with the interaction time with the
map, r4(20) = —.486, p = .030, and the Chance scale
with the interaction time with the calendar,
rg(21) = —.459,p = .042. Although we found no
measurable effects, our findings suggest that the exter-
nal dimensions may make individuals spend more time
in the driving view. This effect was more evident under
the Calendar Anchor condition, thus hinting that individ-
uals who give more importance to external forces may
be more sensible to anchors.

Interaction Volume Upon closer inspection of the
LOC dimensions, it appears that the Internal scale
affects the interaction volume. In particular, we found
a statistically significant main effect of this dimension,
F(1,63) = 7.959,p = .006, partial n> = .112. We found
that neither LOC dimension showed significant corre-
lations (« = 0.0083) with the interaction volume inde-
pendently of the anchor condition. The Internal scale
had a negligible positive correlation with the interaction
volume on the map, r,(69) = .015,p = .904, and a weak
positive one with the calendar, »,(69) = .162,p = .183.
Regarding the external dimensions, we found a weak
negative correlation between the Powerful Others scale
and the interaction volume on the map,
rg(69) = —.114,p = .351, and a negligible positive one
on the calendar, ry(69) = .081,p = .506. Next, the
Chance dimension produced a negligible negative
correlation with the interaction volume on the map,
rg(69) = —.029, p = 813, and a negligible positive
correlation on the calendar, ry(69) = .053,p = .665.
Finally, we observe that they did not interact with the
LOC to produce significant correlations (@ = .0056)
when we take into account the anchor conditions
(Figure 7). However, results suggest that there may be
a relationship between the external dimensions and the
interaction volume on the calendar when participants
were under the Calendar Anchor condition. In particu-
lar, there were moderate positive relationships from the
Powerful  Others, ry(28) = .324,p = .093, and the
Chance, rs(20) = .372,p = .051, scales. Therefore, our
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results trend again toward individuals with higher
external dimension scores being more sensible to
anchors.

Opverall, we could not find measurable effects of a
relationship between the LOC dimensions and the
anchor conditions. In particular, while controlling for
the LOC dimensions, no dimension appears to affect
the interaction effect between the anchor conditions
and driving views on the interaction time. Results show
that being primed is independent of the Internal scale
scores since our observed trends were all negligible to
moderate positive correlations. The null findings high-
light the resilience of the AE to an Internal LOC. We
believe that the resiliency may stem from the fact that
Internals are less likely to be influenced by external
actors. Furthermore, it hints that people with a higher
degree of believing they control their lives*® trigger
more events while performing tasks.

In contrast, our results suggest that higher scores in
the External dimensions of the LOC may make indi-
viduals more susceptible to the AE since there were
observable trends regarding the role of the external
LOC dimensions. Both external scales showed a mod-
erate to strong correlation between interaction time
and volume based on the anchor condition. In particu-
lar, we observed that individuals with higher scores in
the Powerful Others and Chance scales spent more time
interacting with the driving view when we applied
priming strategies to them. We also found trends sug-
gesting that individuals with higher Powerful Others
and Chance trigger more events while performing
tasks. These results suggest that the introduction of an
anchor prior to the task completion may act as an
external force. Since individuals with high scores in
the External dimensions are more prone to attribute
higher importance to external forces, we hypothesize
that the anchors moderate the user interaction with
the dashboard.

Results - Paths of interactions

We compared the weighted directed networks for the
Map Anchor, Calendar Anchor, and No Anchor condi-
tions, as seen in Figure 8. We observed that edges
between interactions of the same community weighed
much more than between interactions of distinct com-
munities, which also happened for all other networks
in our work. Moreover, the bond between nodes was
stronger between the top-ranked interactions, with the
only exception being whenever the user navigated
between views. The networks regarding all anchor
conditions differed in node count, edges, and weights,
allowing us to understand and compare the interac-
tions of participants assigned to the three contrasting

anchor conditions through the lens of their respective
networks. The main noticeable difference was the
node assignment regarding the communities and the
most relevant interactions obtained.

Both the Map Anchor and Calendar Anchor networks
led to two communities in total, distinguished by color
and provided by the community detection algorithm
developed by Blondel et al.*> The No Anchor condition
revealed a total of three communities, showing a better
separation between the interactions of the three views
— map, calendar, and overview tab. To rank every inter-
action according to its relevancy, we leveraged the
Pagerank algorithm.** Larger nodes equal a higher
relevancy score. As we can observe, node size differed
between the three networks, with the most relevant
interactions and transitions belonging to the visual
anchors on the Map Anchor and Calendar Anchor con-
ditions. These results are in line with our previous
findings regarding the priming effect on user interac-
tion since individuals interacted more frequently with
the driving view of each study condition. In particular,
the most frequent interactions under the Calendar
Anchor condition were in the calendar view. At the
same time, there were more interactions with the map
view under the Map Anchor condition.

When considering the No Anchor condition, the
nodes from the two primary views — map and calendar
— hold an equally distributed relevancy, leading us to
confirm the existence of a baseline of comparison in
which we observed no particular influence regarding
interactions. If we compare its network to the others,
we can observe that the lack of an anchor led to similar
node and edge sizes which was not the case when we
applied the priming techniques. Therefore, the gener-
ated graphs provided us with further confirmation of
the presence of the AE by showing that the most rele-
vant interactions, computed by the Pagerank algo-
rithm,** are those from the view linked to the anchor
condition.

Discussion

As a first step toward understanding whether LOC
may help to understand the AE, we primed individuals
with training videos and task framing in a visualization
employed with a CMV design, CrashVis, and then
measured how participants interacted with the visuali-
zations. We derived several lessons from our findings
to assist future research on this topic:

Enable Anchoring Effect through Coordinated
Multiple Views: Researchers are still trying new meth-
ods to induce the AE. While some opt for a visualiza-
tion consisting of only one view,!”>* others leverage
multiple views embedded into a visualization.!® We
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decided to use a CMV design since it allows for
greater flexibility and efficiency® when analyzing data.
Moreover, leveraging multiple views supports design-
ing experimental apparatus with concurrent views to
drive individuals with the anchors and priming strate-
gies. This approach allows us, in turn, to analyze how
individuals interact with the driving views based on
the study conditions. Besides our findings suggest that
future researchers and developers can leverage CMV
designs to study the AE, they also point toward the
negative impact of doing so. For instance, leveraging
multiple views may increase the perceived uncertainty
of the apparatus, which is one of the root causes
behind cognitive biases. In this light, InfoVis designers
should pay attention to how they introduce an individ-
ual to the complexity of a visualization system with a
CMV design. Focusing too much on a specific view
may prime individuals to interact more frequently with
that view and disregard the others, which may hinder
the exploratory analysis.

Amplify the Anchoring Effect with Training Videos
and Task Framing: Inducing the AE can take different
methodologies. Inspired by prior work,'® we leveraged
training videos and task framing. Participants reported
after the experiment that the training videos influ-
enced most of their interaction behavior. Task framing
served only as an additional push to induce the AE
since the video training appears to be enough to
anchor participants. Moreover, applying task framing
leads to a limitation. We were unable to remove the
task framing influence on the No Anchor condition due
to the required presence of information regarding the
anchor in the Map Anchor condition and the Calendar
Anchor condition. Therefore, future work should avoid
task framing and focus on influencing the participant
through training videos by leveraging humans’ main
channels for obtaining information — vision and
sound.”’

Manage Internals and Externals accordingly: A prior
study investigates a customization mechanism allowing
one to choose the type and amount of information dis-
played in a visualization’® and its correlation with per-
sonality constructs, such as LOC. The authors found
that Internals who customized gave higher confidence
ratings than those who did not, which could be
because the ability to customize suits their belief that
they can control the events that happen in their life.?®
On the other hand, the exact opposite happened for
Externals, who did not gain confidence when custo-
mizing due to the belief that they do not have the
power to change anything.?® Therefore, understanding
where users stand on the LOC spectrum allows
researchers to provide alternatively efficient ways of
mitigating the AE. Our findings are in line with this
research agenda by highlighting how the LOC

dimensions behave in terms of susceptibility to the
priming effect. As mentioned, the AE appears resilient
to the Internal dimension. In contrast, we found
trending effects showing that Exrernals are more sus-
ceptible to the presence of an anchor and will be
drawn more frequently to the driving view. Both
results suggest that we must manage individuals
according to their LOC dimensions. For instance,
Internals are more likely to explore and interact with a
visualization system than Externals. We believe
designers can teach Internals how to interact with the
system while exploring it rather than providing a tutor-
ial before the interaction begins. Regarding Externals,
their tendency to be more affected by anchors makes
it more appealing to introduce a visualization system
through an introductory tutorial. However, it is impor-
tant to consider how we transmit instructions since
individuals are more likely to focus their interactions
around the view that is the subject of the tutorial.

Limitations and future work

Some relevant factors may provide additional insights
regarding the lack of significance observed in a few of
our results. First, the experimental setting includes the
introduction of new interactive visualization and an
online conference platform to perform the tests. For
some participants, input delay was sometimes an issue
as the internet connection was unstable. Therefore,
future studies should be conducted in other settings to
verify whether the results hold. It would also help clean
unintended interactions or different screen sizes, which
we did not clean in this study. Another limitation arose
from the random assignment of an anchor condition to
each participant. It led to an uneven distribution of
participants among all anchor conditions. Therefore,
future work should manually distribute the anchor
conditions equally across testers to guarantee more
precise results.

Second, the calendar view was a straightforward
approach. However, contrary to the map view, it
needed more interactive feedback due to its simplicity.
Therefore, we should explore alternatives that allow us
to reach the same goal but offer a higher level of com-
plexity and, thus, contribute to a more accurate AE
detection by having more in-depth interaction.
Moreover, the map was tied to geographical under-
standing, benefiting users with higher knowledge. To
avoid the occurrence of the curse of knowledge, future
researchers should opt for a neutral view that does not
leverage information previously known to the user to
complete tasks more efficiently. Although the map had
a larger area, it depicted the same number of data
items. Nevertheless, the difference in size between the
map and the calendar may lead users to interact more



Alves et al.

81

with a view that commands more screen space. Their
positioning in the interface can also introduce some
bias since the sample reads from left to right. We
should further investigate this confounding factor.

Third, in the No Anchor condition, we could not
avoid task framing due to the obligatory presence of
geographical and time data on the task. We employed
a specific order of information on the first task (map-
related or calendar-related information) and then
reversed the order on the next assignment. However,
future work may overcome this liability by not relying
on the task framing method to induce the anchoring
effect and focusing on training videos only. Moreover,
there was no second tutorial video No Anchor condi-
tion, which could lead to a confounding effect of lesser
engagement with the apparatus simply due to less con-
tent. Future studies should also include a comparable
scenario that uses the same number of videos for each
condition.

Fourth, it would be interesting to reflect on how
personality might impact visualization use and biases
in the long term to understand whether the experience
is a mitigating factor. Another future direction should
study other anchoring bias scenarios in visualization
and show null effects for LOC across them. Finally,
future studies can explore other anchoring mechan-
isms and visualization charts. While we only leverage
the choice of a visual anchor when there are multiple
views in this experiment, there are more approaches to
induce the AE.

Conclusion

In this work, we focused on understanding the extent
to which LOC mediates one’s susceptibility to the
anchoring effect. Our study adds to prior work by
Dimara et al."! and takes one of the first steps to vali-
date whether individual differences, such as the Locus
of Control, transfer their effects on the priming effect
to the field of information visualization. Overall, our
findings open a discussion toward developing adaptive
visualizations based on the locus of control. In particu-
lar, in case these systems include decision-making
where the anchoring effect is present, designers should
consider that externals need an adaptation mechanism
to diminish the priming effect. It may foster diversity
and inclusion by empowering individuals with tools to
diminish the anchoring effect, thus supporting deci-
sion-making’s vital role in society.””
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