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a b s t r a c t

Understanding how visualizations can support decision-making continues to be one of the most rele-
vant challenges in current research. However, prior work provides limited knowledge regarding how
the decision-maker profile and, in particular, psychological constructs affect decision-making. Weighing
how conscientiousness affects one’s tendency to follow the rules and prioritize tasks, this work
explores if this personality trait plays a role in visualization-supported decision-making. We asked
participants to perform a series of multi-attribute choices using visualizations of high-dimensional
data. Further, we study if the quality feedback of the past choice affects the decision-making process.
Our results suggest that the feedback quality of past decisions affects how much individuals invest
in data analysis and decision-making. In addition, user confidence is affected by conscientiousness
scores, resulting in conscientious individuals changing their choices more often. Our findings provide
new insights into the research challenges of analyzing decision-making in a visualization setting.

© 2023 Elsevier Ltd. All rights reserved.
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1. Introduction

Past studies show how visualization helps users discover, ex-
lain, and form decisions based on the information conveyed [1].
everal strategies may aid visualization-supported decision-
aking, e.g., offering sufficient guidance [2] or emphasizing crit-

cal information [3]. However, recently Dimara and Stasko [4]
ighlighted the substantial need for user studies that contain
isualization-supported decision-making tasks. The core objective
f this research agenda is to understand how information visual-
zation (InfoVis) can support decision-making. In particular, it is
mperative to study how the decision-maker selects the ‘‘best’’
olution between the alternative solutions to a problem [5,6].
hese choices can have distinct complexity levels, spanning from
person deciding which car to buy to which energy plan is more
riendly to the climate.

Visualization research shows that decision tasks are vulnera-
le to cognitive biases and uncertainty [7,8]. Moreover, a recent
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survey highlights that human perception can be affected by sev-
eral other factors, e.g., cognitive and personality traits1 (see Liu
et al. [10]). The manifestation of individual differences may hin-
der the cognitive flow of reasoning of the user and, consequently,
how the user derives a choice of direction as an outcome. Nev-
ertheless, there is still limited knowledge regarding how the
decision-maker profile and, in particular, psychological constructs
affect decision-making [4].

Inspired by these findings, we decided to expand the user
profile in visualization-supported decision-making and include
personality characteristics in our analysis. A user profile is a
set of attributes associated with a user such as education level,
age range, goals, or psychological factors (e.g., personality and
cognitive traits [10]). User profiles can be used as a digital identity
of an individual and represent a user model [11,12]. In partic-
ular, we focus on conscientiousness since this trait measures
the preference for an organized approach to life than a spon-
taneous one [13]. Weighing this predisposition, we believe that
conscientiousness can bias user perception and interaction and,

1 Allport [9] first defined personality traits as generalized and personalized
etermining tendencies, consistent and stable modes of an individual’s adjust-
ent to his environment. Furthermore, the author built a vast lexical collection
f adjectives that describe these traits. In Personality Psychology research, the
raits are often factors measured through questionnaires and associated with a
core.

https://doi.org/10.1016/j.cag.2023.01.010
https://www.elsevier.com/locate/cag
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onsequently, influence decision-making. This paper presents an
xplorative user study to understand whether conscientiousness
rovides dispositional information that can help us improve the user
rofile in visualization-based decision-making.
We designed and implemented a system that leverages high-

imensional data visualization and prompts the user to play a
ecision-making game. In addition, we analyze how the feedback
hat the user receives from their choices affects their decision-
aking. To do so, we ran two experiments. In the first exper-

ment, the game provides fixed feedback to the user regarding
he quality of their past choice, i.e., the reward that users receive
s independent of their decision. In the second one, the game
eports the real output of their choices. Results suggest that the
eedback users receive may affect how invested they are in data
nalysis and decision-making. Further, conscientiousness scores
orrelate with how confident users were in their choices under
he studied conditions. In addition, those with higher scores
end to change their decision across trials more often than their
ounterparts. Our findings shed new light on incorporating per-
onality traits into the design pipeline of visualization-supported
ecision-making systems. By designing tools that have a deeper
nderstanding of the target user, we believe it is possible to
nhance the development of automatic visualizations that design
lexible data visualization tools (e.g., Mackinlay et al. [14], Wills
nd Wilkinson [15], Cunha et al. [16]) and, consequently, to better
upport individual users.

. Related work

We present the underlying related work in this literature
eview from three connected scopes. First, we discuss state-of-
he-art research in decision-making using visualization systems.
ext, we cover how past visualization research on human per-
eption has leveraged high-dimensional data. Finally, we explain
ow past research considers personality constructs to enhance
he user profile.

.1. Decision-making in visualization

We consider that a decision-making task includes an ‘‘ex-
licit intent to derive an ultimate choice of direction as an out-
ome’’ [4]. Past research identifies decision-making as a task that
isualization can or should assist [17,18]. Nevertheless, there is
o further elaboration on what decision-making actually is in the
isualization context [4]. Additionally, most visual analytic tax-
nomies do not present decision-making as an explicit task [4].
herefore, the current research agenda focuses on clarifying de-
ision tasks and validating design guidelines to aid visualization-
ased decision-making.
This work focuses on multi-attribute choice task, a term intro-

uced by Dimara et al. [19] and defined as ‘‘finding the best al-
ernative among a fixed set of alternatives, where alternatives are
efined across several attributes’’. This term stems from multi-
riteria decision-making, a discipline that analyses procedures
o aid decision-making in areas such as business intelligence
nd finance [20,21]. In particular, multiobjective optimization
ackles looking for solutions to optimization problems with mul-
iple conflicting objectives. Recent work by Filipič and Tušar [22]
ighlights the variety of graphical encodings supporting Pareto
ront approximations through visualization. For instance, Dimara
t al. [19] benchmarked three chart types (parallel coordinates
lot (PCP), scatterplot matrix (SPM), and tabular visualizations) in
erms of decision support and subjective metrics. Results showed
hat all visualizations support multi-attribute choice tasks at a
imilar rate, although the tabular visualization provided a slight
48
advantage in decision time. There are more studies in visualiza-
tion that use decision-making tasks such as the EZChooser [23]
or the Dust & Magnet [24]. However, to the best of our knowl-
edge, no studies consider objective metrics of decision quality or
visualizations as a basis of comparison besides Dimara et al. [19].

Given these prospects, we continued our literature review by
focusing on how to evaluate decision-making. Stemming from
research on uncertainty and cognitive biases in visualization
(e.g., Dimara et al. [7], Hullman et al. [25], Padilla et al. [26]),
studies often leverage the speed of decision [27], user predictions
[8,28], or user assessments such as fairness [29] to understand the
decision process. Dimara et al. [19] also considered user accuracy
and decision time as objective metrics and technique preference
and choice assessment as subjective metrics. Nonetheless, the
authors conclude that there is a need for additional work to
establish more sensitive metrics of choice quality while consider-
ing non-preference-based choices. Moreover, there is still limited
knowledge to support decision-making with visualized data after
the user builds on the knowledge [30]. This work builds on the
mentioned studies, leveraging user interaction and predictions to
investigate the decision-making supported by high-dimensional
data.

2.2. Visualizing high-dimensional data

There are several techniques to visualize multi-dimensional
data [31]. Some approaches use dimensionality reduction (DR)
methods to generate an observable overview by collapsing multi-
ple dimensions into a smaller number of subdimensions [32,33].
Research has evaluated DR in terms of class separability [34] or
mapping mechanisms and layout performances [35]. Neverthe-
less, DR leads to the exclusion of raw values during the reduction
process, which is critical in multi-attribute choice tasks since the
user must be able to read attribute values directly [19].

In contrast, lossless visualizations use simple visualization
encodings and traditional multi-dimensional visualization tech-
niques [36]. Several studies have evaluated the quality of lossless
charts such as PCP, SPM, and tabular visualizations. Holten and
Van Wijk [37] focused on PCP-based cluster identification in
terms of time and correctness performances, while Li et al. [38]
studied the effectiveness of PCP and SPM for correlation judg-
ment. Dimara et al. [19] also focused on lossless techniques
(PCP, SPM, and tabular visualizations), while Zhao et al. [39]
benchmarked lossy and lossless methods (PCP, SPM, principal
component analysis, and radial coordinate visualizations). Other
non-geometric visualization techniques use icons or glyphs [40],
pixels [31], or hierarchical- and graph-based structures [31]. Hy-
brid techniques combining multiple visualizations also exist [41],
although the effectiveness of the possible combinations offers
limited knowledge to practitioners.

For this work, we leverage only lossless visualizations to sup-
port directly multi-attribute choice tasks. In particular, we use
the parallel coordinates plot (PCP) and the scatterplot matrix
(SPM). Both charts are general-purpose multidimensional visu-
alization tools extensively studied in state-of-the-art research
(e.g., Zhao et al. [39], Holten and Van Wijk [37], Li et al. [38],
Dimara et al. [19]). The literature shows that scatterplots are
better than bivariate PCP for correlation tasks [38]. In cluster-
oriented tasks, combining PCP with scatterplots outperforms PCP
alone [37], and PCP seems to be better than SPM in this set-
ting [39]. Moreover, Kuang et al. [42] found that a simplification
form of SPM could outperform PCP by showing only a subset of
the plots. Based on all the mentioned work, we believe that the
PCP and SPM are generic and appropriate enough to support a
visualization-based decision-making process [41]. However, pre-
vious research did not account for the impact that individual dif-
ferences such as personality may have on the interaction process
with a visualization.
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.3. Personality in visualization

Recent research in user modeling [43,44] and adaptive vi-
ualization systems [45] uses personality data to improve user
nteraction. In particular, these studies often try to understand
he role of personality through the lens of the Locus of Control
LoC) [46] and the Five-Factor Model (FFM) [47,48]. Regarding the
oC, this personality trait captures what people believe contribute
he most to the rewards they receive from the environment. In
articular, individuals can believe that the rewards they receive
rom the environment are more likely explained by their actions
internal LoC) or by external entities such as powerful others
r chance (external LoC). Past research found that this person-
lity trait affects search performance across hierarchical [49],
ime series [50], and item comparison [51] visualization designs,
isualization use [52,53], and behavioral patterns [44].
The FFM defines personality through five core traits: neuroti-

ism, extraversion, openness to experience, agreeableness, and
onscientiousness. State-of-the-art visualization research found
hat neuroticism, extraversion, and openness to experience affect
ask performance [53–55]. Additionally, neuroticism makes indi-
iduals less likely to be deceived by spurious correlations [54].
he mentioned studies collectively suggest that personality traits
ffer an opportunity to expand the user profile [6], i.e., include
ore attributes in the user model representation in visualization-
ased human–computer interaction settings. Nevertheless, there
s a set of untapped traits that can offer new insights regard-
ng the role of personality in user interaction. In particular, no
tudies include reported measurable effects of agreeableness or
onscientiousness on visualization settings [10].
We believe that conscientiousness may play a significant role

n visualization-supported decision-making. High conscientious-
ess leads individuals towards efficiency, while low scores on the
rait result in people generally being unreliable and prone to go-
ng with the flow [56]. Past psychology research shows that con-
cientiousness plays a role in rational decision-making style [57].
oreover, conscientious individuals have better perceptual-
uestioning skills that facilitate effective adaptation [58,59]. In
ontrast, mixed results are reporting whether conscientiousness
ffects how competent one is in decision-making, i.e., if one
akes ‘‘good’’ decisions. Some studies are not able to find mea-
urable effects regarding this relationship (e.g., Dewberry et al.
60]), while others find a negative (e.g., LePine et al. [61]) or
ositive (e.g., LePine et al. [62],Ones and Viswesvaran [63]) in-
luence of the trait scores on decision-making competence. How-
ver, Svendsen et al. [64] claim that conscientious individuals are
ore likely to examine ways to use technology that would enable

hem to enhance their performance in their job [65]. Based on
hese prospects, we believe that technology and, more specifi-
ally, visualization may provide a medium to verify the manifes-
ation of conscientiousness in user decision-making. In particular,
e expect conscientiousness to predict decision-making compe-
ence since conscientious decision-makers are likely to consider
ecisions more carefully and thoroughly [13].

. Methodology

Our objective was to analyze the visualization-supported
ecision-making process through the scope of personality psy-
hology. In particular, this study aimed to verify how conscien-
iousness manifests its characteristics in the process based on the
utput of the decisions. We designed our experimental procedure
ased on Dimara et al. [19]. In their experiment, the authors asked
sers to perform decision tasks supported by parallel coordinates
PCP), scatterplot matrix (SPM), and tabular charts. Before the
ecision tasks phase, participants needed to complete a training
49
composed of analytical tasks to ensure that they had all the
necessary technical knowledge to read and interpret the multi-
dimensional visualizations. Similarly, we started by asking the
participants to complete basic analytical tasks focused on reading
and interacting with two multi-dimensional visualizations: the
PCP and the SPM. We conducted this training before the decision
phase of the experiment to ensure that users understand the
visualization and interaction techniques present in the dash-
board. In addition, it counters potential confounding factors that
may impact the decision-making process. Next, participants had
to perform a series of multi-attribute choice tasks. Since the
decision process typically involves learning over time, we decided
to expand the study of the decision-making process by analyzing
the effect of the feedback regarding the quality of the decision.

We decided to run two versions of the same experiment
that vary solely in the feedback that users receive from their
decisions. In the first experiment, the reward that users received
in each trial is predetermined and independent of their decision.
In contrast, the second experiment reports realistic feedback to
the user. This factor helped us analyze if people with different
conscientiousness scores varied their decision-making process by
having obtained adequate feedback on their previous choices. Our
work extends the work of Dimara et al. [19] by introducing the
conscientiousness trait in the analysis of visualization-supported
decision-making. According to the American Psychological Asso-
ciation, a personality trait is ‘‘a relatively stable, consistent, and
enduring internal characteristic that is inferred from a pattern
of behaviors, attitudes, feelings, and habits in the individual’’.2
Conscientiousness is the tendency to display self-discipline, act
dutifully, and strive for achievement against measures or out-
side expectations [66]. Individuals with high conscientiousness
scores prefer planned rather than spontaneous behavior, and low
scores are associated with flexibility and spontaneity. Based on
these trends, we believe conscientiousness may help explain the
decision-making process.

3.1. Research questions

Before data collection, we created two research questions.
First, we are interested in observing if user decision behavior de-
pends on the decision quality of past choices, i.e., how ‘‘good’’ the
past decision was. We addressed the dependency of subsequent
decisions on previous decisions to study if a decision-maker may
be biased by experiences of a series of former decisions (e.g., Koch
et al. [67]). In particular, we believed that the quality of the
last choice may affect how individuals decided afterward and
explored the data visualizations for alternatives. We expected
that the feedback on the former decision may provide further
insights regarding how path-dependent the decision-maker is
when supported by visualization. For instance, providing nega-
tive feedback may lead individuals to spend more time or be
less confident when they make the next decision. In contrast,
positive feedback may promote inertia in the decision-maker
and increase the likelihood of sticking with former decisions
despite alternatives being preferable. To our knowledge, there is
limited knowledge regarding how feedback on former decisions
affects visualization-supported decision-making. As such, our first
research question was:

Q1 Does the visualization-supported decision-making process de-
pend on the quality of the last decision?

2 https://dictionary.apa.org/personality-trait

https://dictionary.apa.org/personality-trait
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Fig. 1. Dashboard used in the experiment. The left area of the screen has a scatterplot matrix with all correlation pairs. The right part of the screen has a parallel
coordinates plot on top, and the bottom half has the controller area.
Moreover, we wanted to understand whether conscientious-
ness plays a role in the susceptibility to the quality assessment of
the last choice and, consequently, affects how users decide later.
Since individuals with high scores tend toward efficiency [56],
we believed their decisions will likely weigh how good their
past choice was. Therefore, we expected conscientious individuals
will be more likely to be affected by the quality of their last
decision quality on subsequent decisions. In contrast, individuals
with lower scores would not pay much attention to their decision
quality as they are more easy-going and spontaneous [13]. More
specifically, we wanted to study the following question:

Q2 Does conscientiousness manifest its effects in visualization-
supported decision-making?

3.2. Tasks

We used two task types in the experiment.
Training Tasks For the training, we asked participants to

complete a series of analytical task trials individually with the PCP
or the SPM. The analytical task was to find the item with either
the maximum or the minimum value for the sum of each attribute
among all items of the dataset. The objective of the training was
to assure that participants understood how to read and interact
with either visualization.

Decision Tasks The decision consisted of multi-attribute
choices [19], i.e., all alternatives are known in advance and de-
fined across a set of attributes. We framed the decision-making
process as a serious game [68] to promote participation en-
gagement, awareness, and understanding of the underlying topic
[69,70].

3.3. Visualizations

Researchers develop visualizations to guide users in their deci-
sions through direct (e.g., Willett et al. [71]) and indirect (e.g., En-

dert et al. [72]) guidance. Further, these visualizations should

50
allow data exploration and help users better understand the in-
formation they use in their decisions. Similar to Dimara et al. [19],
we leverage standard visualization methods to support decision-
making without prior training in decision analysis. We exam-
ined two multi-dimensional visualization techniques: the parallel
coordinates plot (PCP) and the scatterplot matrix (SPM). Both
techniques are lossless [31]. The parallel coordinates plot is a
polylines diagram where the parallel axes represent dimensions
and each item is a polyline that intersects the axes at their
corresponding values [73]. Regarding the scatterplot matrix, we
used the complete grid of scatterplots showing ‘‘the bivariate
relationships between all pairs of variables in a multivariate data
set’’ [74]. Several visualization textbooks and surveys consider
these representations to be the standard versions [36,75]. We
kept the design as consistent as possible across the techniques
to facilitate item comparison between them. Fig. 1 presents the
dashboard containing the visualizations. All visual marks had the
same color across all techniques (translucent blue by default
or translucent gray when outside a range selection). Axes and
fonts were displayed consistently in gray or black. Finally, we
developed the visualization dashboard with the d3 library.3

3.4. Interaction techniques

Based on previous work [19], we supported two types of
interactions that have proven beneficial in decision-making tools.
Users could highlight individual cases through click and hover
events to support value retrieval [76,77]. Both events were sup-
ported through linking and detail-on-demand techniques to help
individuals relate items across dimensions and views [75,78].
When users clicked on an item, it changed from blue to orange in
all plots. Moreover, hovering a data case changed the item opacity
across all plots from the default 50% to 100% and showed a
tooltip with the identifier. We also implemented range selection to

3 https://d3js.org/

https://d3js.org/
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Fig. 2. Instance of the screen after an excavation with the financial return. The
creen shows that the excavated site was Golf which marks have a red color
n the visualizations. It is also possible to observe that the user applied range
election in both visualizations and rated their confidence in choosing Golf for
hat trial.

upport dynamic filtering and queries [77,79] (Fig. 2). Users could
rush axes which draw selection rectangles on top of the axis. In-
ividuals could select a range across multiple dimensions, and the
ashboard only showed the intersection between the conditions.
t also grayed out data outside the selection. Notably, brushing on
n axis of the PCP only filtered through one dimension, while do-
ng so on the scatterplot selected two ranges simultaneously (one
or each scatterplot dimension). Range selections were drag-able
nd re-sizable through handles that appear on hover.

.5. Dataset

The synthetic datasets used in the experiment were about soil
omposition since they had properties amenable to our elicitation
echniques. In particular, soil composition was a familiar enough
oncept that can be decomposed into several types of miner-
ls. Visualizations for multidimensional data could then use this
arge number of materials as variables and soil samples as data
tems. Therefore, it allowed participants to understand what each
tem represents while the distribution is unknown, prompting an
xploration. We developed two datasets for our experiment.
Training Tasks For the training, we created a dataset detailing

he soil composition of several fictional desert locations. We
amed each desert according to the international phonetic al-
habet. Moreover, the composition of each desert was composed
f six continuous variables representing different materials (Clay,
ilt, Sand, Gravel, Pebble, and Rock). We generated distributions
sing a randomly generated covariance matrix with the NumPy
ibrary.4 We randomly attributed an average value between 80
nd 160 to each variable.
Decision Tasks We created the dataset using Python with the

andas and NumPy libraries. Using NumPy, we generated values
sing a covariance matrix (see supplemental material) for the
ariables diamond, gold, copper, iron, and total, with averages of
.6, 4, 12, 36, and 1000, respectively. We obtained these values
mpirically to ensure that each site was relatively balanced and,
t the same time, the variables did not contain any extreme
utliers. In particular, larger sites should have more valuable
aterials (diamond, gold, copper, iron), and those with a big
mount of one material should have lesser amounts of the rest,
n average.

4 https://numpy.org/
51
Table 1
Financial return of the last decision (in coins) of each trial. Color encodes
whether the last decision yielded profits (green) or losses (red) compared to
the excavation cost (500 coins).
Trial 1 2 3 4 5 6 7 8 9 10

Last decision
financial return

NA 732 456 796 245 454 279 87 622 632

3.6. The excavation game

The dashboard domain was an excavation game where the
objective was to maximize the amount of money the user had
across ten consecutive trials. Each user had an initial budget of
1000 coins and had to choose a site (data item) to excavate in
each trial. The cost of excavating a site was 500 coins. When
the user excavated a site, the dashboard simulated that the user
collected 100gr of soil and then calculated the financial return of
the precious materials (iron: 50 coins/gr, copper: 100 coins/gr,
gold: 250 coins/gr, and diamonds: 2000 coins/gr) present in
the soil sample. The financial return was added instantly to the
current amount of coins.

The process of playing the game consisted of three steps. First,
users had to select which site they wanted to excavate. The dash-
board contained a controller area on the right corner where users
could check the financial return per gram of excavated material
and the cost of excavating. Each mark in the visualizations (Fig. 1)
represented a site. A site could be selected by clicking on the mark
that represented that site. When users clicked on a site, its name
was displayed on the controller area in the right corner of the
screen (Fig. 1, after Selected:). Second, users had to rate how
confident they were about the choice of excavation site ranging
from not confident (1) to extremely confident (7). Third, the user
could click on the action button Excavate. When the user ex-
cavated a site, the dashboard instantly added another sample of
100gr to that site following the distribution of the dataset and,
consequently, not changing the data displayed. After clicking the
button, the dashboard locked the selection and stopped the timer.
Then, an alert appeared on the screen indicating the financial re-
turn of the excavation (Fig. 2). Finally, users clicked on Continue
to progress to the following trial. Users could select the same
excavation site between trials or change it. Users could also check
anytime on the controller area their current amount of money
and the number of trials completed so far.

As we mentioned, we ran two experiments to better under-
stand the manifestation of conscientiousness in the decision-
making process. In one experiment, we fix the financial return
in each trial. In particular, we followed the distribution depicted
in Table 1. We empirically designed the distribution to alternate
between profits and losses along with the trials. It consecutively
alternated between profits and losses in the first half of the trials
(Trials 1 to 4) to foster data exploration and give a sense of
uncertainty. Then, the returns showed significant losses up to
Trial 7 to see how users reacted to constant negative feedback.
Finally, the remaining trials (Trials 8 and 9) yielded positive
financial returns in contrast to the past negative pattern.

A limitation of fixing the returns path is that it disconnects
the user choice and the reward, i.e. users do not see a direct
consequence of their choice but rather a fixed value. To mini-
mize this effect, we informed the user before the trials that the
precious materials were randomly distributed in the excavation
sites and, consequently, the values depicted in the charts es-
timated the quantities of each material. Further, we explained
that, when the user excavated a site, the consequence was that
the quantity of each precious material did not directly yield the
values displayed on the charts. This explicit dissonance helped the

https://numpy.org/
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articipants accept that there was room for some disconnection
etween action and reward. We ran pilot tests with a think-aloud
rotocol to understand whether users understood that we fixed
he distribution. Users did not acknowledge it. We also observed
n the actual experiment that users did not realize that the returns
ere fixed. Consequently, we believe that this approach helped
ackle the dissonance between the choice and the reward that
sers received.
In the second experiment, the Excavation Game outputs the

eal returns from the choice. The returns are calculated based
n the sum of the price per gram of each material times the
stimated quantity of that material on the excavation site. Con-
rary to the first experiment, this time there is no dissonance
etween the choice and the reward that users received. It results
n realistic feedback and the return values correspond to the
istribution on which the visual information is based. We believe
hat tackling both approaches allows for a better understanding
f the decision-making and, in particular, how conscientiousness
lays a role in this process.

.7. Measures

Objective metrics We measured the quality of the decision
process through multiple metrics for each trial. We measured the
task decision time in seconds from the moment users pressed
Continue, to when participants pressed Excavate to confirm
heir site choice. To better understand how users explored the
isualizations, we collected the number of events triggered
n each chart. The events we tracked were clicks, hovers, and
rushes. They were automatically collected when triggered by
he user. We measured clicks and hovers per item when the
ser clicks or hovers it, respectively. Brush events happened on
he axes of the charts or scatterplots when the user attempted
o filter some items by clicking on an initial position, dragging
he mouse to a final position, and releasing the click. Finally, we
nalyzed user accuracy. As Dimara et al. [19] stated, accuracy has
core subjective aspect, making it challenging to calculate. We
onsidered using Pareto dominance [80] as a measure. However,
e build the dataset with enough alternatives and features to
inder a dominating choice. Further, the perceived accuracy is
ased on the fixed path of financial returns. Consequently, we
ecided to evaluate the decision accuracy based on how well
stimated it was. In particular, we used multi-attribute util-
ty theory to determine how adequate the choice is since it is
ossible to calculate it based on the values presented on the
harts, the chosen excavation site, and the price of each precious
aterial. Moreover, the quality of an excavation site was kept

he same across a complete experiment since we do not change
he distribution or the prices of the materials between trials.
herefore, we normalized the accuracy between 0 and 1, where
and 1 corresponded to the expected financial returns with
inimal (i.e., the worst excavation site) and maximum values

i.e., the best excavation site), respectively. For instance, if sites
and B yield the best and worst returns, respectively, the score
f site C is calculated as follows:

_score = 1 −
A_average_returns − C_average_returns
A_average_returns − B_average_returns

(1)

Subjective metrics After choosing an excavation site, we asked
users to rate how confident they were in their choice. This
evaluation is assessed often in decision support tools [24,77]. It al-
lowed us to complement the objective measures with a personal
assessment of the choice quality.

Personality The FFM is the most widespread and generally
accepted model of personality [48,81]. In particular, it provides
a taxonomy and a conceptual framework that unifies much of
52
the research findings in the psychology of individual differences.
Personality data was collected with the Revised NEO Personality
Inventory (NEO PI-R) [66,82]. It is the standard questionnaire
measure of the FFM by allowing researchers to assess the five
personality traits and their 30 facets. The NEO PI-R has a high
internal consistency with values ranging from 0.79 to 0.86 [82].
We calculate conscientiousness scores by the sum of its Likert
Scales based on assertions semantically connected to behaviors
and five possible alternatives of agreement: strongly agree, agree,
undecided, disagree, and strongly disagree.

Demographics We recorded the gender, age, and self-reported
visual acuity and whether the participant was color-blind through
Ishihara tests [83]. We also measured visualization literacy re-
garding PCP and SPM on a five-point Likert scale ranging from
not familiar (1) to very familiar (7).

3.8. Procedure

As we mentioned, the procedure for both experiments was
kept the same. The only difference between the experiments was
whether the quality of feedback was controlled. We conducted
each user test as a Zoom video meeting with one experimenter
at a time due to constraints from COVID-19. Participants con-
sented to have the screen recorded. All participants had normal
or corrected-to-normal vision, and there were no color-blind
subjects. We conducted a pilot study to ensure the clarity of the
instructions and estimate the experiment length. Each experi-
ment lasted on average 30 min and consisted of four phases:
(i) demographic questionnaire, (ii) tutorial, (iii) training, and (iv)
formal study. We started by asking the participant to fill out the
NEO PI-R and the demographic questionnaire. We continued by
showing an example of a PCP and SPM to collect visualization
literacy. Then, we asked participants to complete the training
trials.

Training Tasks Participants completed consecutive trials vary-
ing the chart (PCP or SPM), number of dimensions (four, five, or
six), the dataset size (13, 20, or 26), and the task (Which one is
the biggest/smallest desert?) in a total of 36 trials (2 × 3 × 3 ×

2 = 36). We randomly ordered the trials were a Latin square
design to assure that participants interacted with each possible
combination and, simultaneously, diminish the learning effects.
We assured that participants had no questions regarding how to
read and interact with the charts. If the participant was not able
to answer correctly to the last ten trials, we asked them to repeat
sets of ten trials until they answered correctly ten trials in a row.
Otherwise, we continued with the decision tasks.

Decision Tasks First, we explained the context of the excava-
tion game. In particular, we presented the right-bottom corner
panel, including the financial returns of each material, the cost
of excavating, how to choose and dig an excavation site, and
how to assess their choice confidence. Participants were free
to interact with the dashboard until they understood how to
complete the decision task and progress to the following trial.
When the participant reported being comfortable, we started the
ten consecutive trials. In each trial, the participant needed to
choose an excavation site, assess how confident they were, click
on a button to receive the financial return of their excavation, and
progress to the next trial. After completing the trials, participants
received compensation for their time.

3.9. Research design and data analysis

In our user study, participants performed ten decision tasks
in consecutive trials. In each trial, we collect task decision time,
decision accuracy, user confidence, and the number of events

triggered in each chart. Since there is no previous financial return
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Fig. 3. Task decision time per trial with fixed returns.

on Trial 1, we ignore this trial in our analysis. The indepen-
dent variable is the conscientiousness score of the user. We
analyze, report, and interpret the effect of conscientiousness on
task decision time, decision accuracy, and user confidence using
Spearman’s rank-order correlation tests [84]. We also perform
pairwise comparisons between trials using Tukey HSD [85] tests
including Bonferroni corrections. For the events triggered in the
charts, we analyze the sum of all triggered events per trial,
i.e., the sum of the number of hovers, click, and brush events in
both charts. We use Spearman’s rank-order correlation [84] and
Wilcoxon signed-rank tests to study the effect of conscientious-
ness on the interaction metric. Finally, we study if conscientious-
ness made individuals change their decision across trials using
point-biserial correlation coefficient tests [86] since changing the
decision is a dichotomous variable and the conscientiousness
score is a continuous one.

4. Results

This section presents the results of our study. We tackle the
bjective and subjective metrics to understand better how consci-
ntiousness and returns affect the decision-making process. Data
re presented as mean ± standard deviation unless otherwise

stated.

4.1. Fixed returns experiment

We recruited 38 participants (21 male, 17 female) aged 21
– 53 (M = 25.24, SD = 5.39). Each test was 45:39 ± 20:02
mm:ss) long with minimum and maximum durations of 15:32
nd 1:28:32 (hh:mm:ss), respectively. Additionally, participants
elf-reported being fairly familiar with PCP (M = 3.37, SD =

.26) and SPM (M = 4.34, SD = 1.76).

.1.1. Task decision time
As depicted in Fig. 3, users usually took more time to decide

n Trial 2 (57.42± 43.37 s) than in the rest of the experiment. As
e mentioned, Trial 2 was the first trial after the users received

eedback regarding their decision. It appears that the positive
eedback led users to spend more time exploring the data and de-
iding carefully. In contrast, we observed a statistically significant
ecrease of 23.23 (95% CI, 1.743 to 44.716) s, p = .023, from Trial
to Trial 3. After receiving the negative financial return, users
ere considerably faster in Trial 3 (34.19±31.91). Similar to Trial
, users took more time to decide in Trial 4 (40.84± 40.54) after
positive financial return.
Afterward, we designed the distribution to present a nega-

ive financial return consecutively between Trials 4 and 7. Users
ook a similar time to decide in Trials 5 (30.86 ± 21.22),
(28.81 ± 25.62), and 7 (29.09 ± 23.57). Nevertheless, af-

ter the three consecutive negative return values, results suggest
that participants generally took more time to decide in Trial 8
(42.31 ± 34.20). This finding suggests that it takes a short series
 m

53
Fig. 4. Scatterplots with LOESS lines for the effect of conscientiousness (vertical
axes, scores increase from bottom to top) on the dependent variables per trial
(horizontal axes, values increase from left to right) with fixed returns.

of negative feedback before individuals are willing to spend more
time deciding on the excavation site.

Another appealing finding emerges from the time individuals
took to decide at the end of the experiment. After taking more
time to decide in Trial 8, we can observe that the positive feed-
back from completing that trial led participants to be significantly
faster in Trial 9 (19.60 ± 18.94). In particular, we found a sta-
tistically significant decrease of 22.71 (95% CI, 1.222 to 44.194)
seconds, p = .029, from Trial 8 to Trial 9. We found a similar time
distribution for Trial 10, where participants spent the least time
deciding on the excavation site (15.78 ± 12.21). It suggests that
articipants believed they converged on a safe excavate choice
fter receiving the first positive feedback.
Regarding conscientiousness, Fig. 4 shows no clear effect. We

ound no significant correlation between the time users took to
ecide and their conscientiousness score. It appears that locally
stimated scatterplot smoothing (LOESS) lines do not follow a
pecific trend. Consequently, the conscientiousness trait does not
ffect the task decision time.

.1.2. Accuracy
Next, we examine user accuracy along with the trials. As we

entioned, we normalized decision accuracy between 0 and 1
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Fig. 5. Accuracy per trial with fixed returns.

with the excavation site that yields the smallest and the biggest
expected financial return, respectively. We can observe in Fig. 5
that the median accuracy was approximately the same across the
trials except for Trial 2 (70.85 ± 29.75%). Notably, Trial 2 has
he largest interquartile range, which is understandable since the
sers were at the first trials and there was a large item pool to
onsider. Interestingly, the valence variation of Trial 3 resulted
n a drop in user accuracy to 66.70% ± 26.06%. Trial 4 showed
hat the decision accuracy slightly increased to 67.55% ± 21.91%
fter returning to positive decision quality feedback. Next, the
rend that we saw in the decision time is not present in decision
ccuracy. The consecutive negative feedback did not show any
ffects on user accuracy in Trials 5 (65.49%±22.83%), 6 (64.77%±

8.75%), 7 (65.61% ± 26.01%), and 8 (66.18% ± 23.94%). Finally,
eturning to positive financial returns also yielded no effect on
ecision accuracy; Trials 9 and 10 have a decision accuracy of
7.13% ± 26.50% and 66.79% ± 25.59%, respectively.
Nonetheless, Fig. 4 suggests that conscientiousness appears to

lay a role in user accuracy. In Trial 2, we can observe through the
OESS line that individuals have similar scores independently of
he conscientiousness scores. From Trials 3 to 6, there is a slight
-shape effect where individuals with average scores show lower
ecision accuracy than others. Starting from Trial 7, the LOESS
ignificantly changes from the previous trials. In particular, we
an see that individuals with the highest conscientiousness scores
tart to decrease their decision accuracy. Moreover, the u-shaped
ffect appears to invert, and individuals with average conscien-
iousness scores increase their accuracy. Finally, when users start
eceiving positive feedback (Trials 9 and 10), the shape of the
OESS starts reassembling a linear relationship, which is what one
ould expect from the manifestation of the conscientiousness
rait. We discuss these trends in the Discussion section.

.1.3. Interaction events
Participants triggered on average 281.24 ± 131.75 interac-

ion events in the experiment, ranging from 57 to 529 events
see Fig. 6). As expected, participants triggered more interaction
vents in Trial 2 (45.43±45.25). In contrast, there was a clear de-
rease in events in Trials 3 (30.46±27.08) and 4 (36.35±36.79).
ext, participants were exposed to constant negative feedback
tarting in Trial 5. At first, we observed that participants triggered
bout the same number of events in Trial 5 (36.27 ± 42.63)
ompared to Trial 4. Then, participants performed fewer events
n Trials 6 (27.16 ± 21.08) and 7 (30.76 ± 23.20). After re-
eiving negative feedback for four consecutive trials, participants
ncreased the number of interaction events to 37.22 ± 32.00 in
rial 8. Finally, the last two trials included positive feedback,
nd participants triggered fewer interaction events in Trials 9
18.81 ± 21.90) and 10 (12.24 ± 10.86).

We continued by running Spearman’s rank-order correlation
est to understand whether conscientiousness affected the num-
er of interactions independently of the trial. We found no signifi-
ant correlation, r (36) = .047, p = .781. Afterward, we analyzed
s

54
Fig. 6. Number of interactions per trial with fixed returns.

Fig. 7. Confidence per trial.

in each trial whether a significant difference was present to un-
derstand if the valence of the financial return had an interaction
effect with conscientiousness. Similar to the previous analysis, we
found no significant correlation in any trial. The lack of significant
effects suggests that user interaction was independent of the fi-
nancial return and the conscientiousness trait. In particular, Fig. 4
depicts LOESS lines that do not follow any particular pattern.

We decided to study more in-depth if participants interacted
more with a particular chart. Of the 38 participants recruited
to the study, the PCP elicited an increase in interactions in 34
participants compared to the SPM, whereas four participants
interacted more with the latter. A Wilcoxon signed-rank test
reported a statistically significant median increase in the number
of interactions (203) when subjects used the PCP (Mdn = 208)
compared to the SPM (Mdn = 5), z = −5.141, p < .001.
Interestingly, we found that individuals that interacted more with
the PCP had lower accuracy rates on average, rs(38) = −.342, p =

.035. In contrast, there was no significant correlation between the
number of triggered events on the SPM and the accuracy rates on
average, rs(38) = .017, p = .920.

4.1.4. Confidence
For subjective metrics, we analyze how confident users were

in their choices along with the trials. As presented in Fig. 7,
confidence was highest in Trial 2 (4.73 ± 1.28). In Trial 3, the
value was similar to the previous trial (4.59 ± 1.34). The next
trials also showed similar distributions (Trial 4: 4.41±1.57; Trial
5: 4.54±1.63; Trial 6: 4.65±1.28). However, we can observe the
first major drop in confidence in Trial 7 (4.00 ± 1.51). This trend
may be a result of consecutive negative feedback. The following
Trials 8 and 9 kept similar confidence rates of 4.30 ± 1.70 and
4.35 ± 1.60, respectively. Finally, the confidence returned to
higher values in Trial 10 after the participants received consec-
utive positive feedback. In particular, we can observe a value of
4.70 ± 1.82, which is close to the level at the beginning of the
experiment.

Regarding conscientiousness, we found significant correlations
between the trait and the self-assessed confidence in each trial.
Although all correlations are weak (Table 2), these results suggest
that conscientiousness plays a role in how individuals perceive
their choices in a decision-making setting. Moreover, the non-
monotonic relationship can be observed in the scatterplots of
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Table 2
Spearman’s rank-order correlation test results between conscientiousness and user confidence in
each trial. Color encodes whether the last decision yielded profits (green) or losses (red) compared
to the excavation cost (500 coins).

Trial 2 3 4 5 6 7 8 9 10
Rho −.143 −.141 −.134 −.135 −.135 −.118 −.143 −.135 −.155

p-value .014 .015 .021 .020 .020 .042 .014 .021 .007
t
p
t
s
s
c
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Table 3
Point-biserial correlation test results between conscientiousness and whether
the user changed their choice in each trial with fixed returns. Color encodes
whether the last decision yielded profits (green) or losses (red) compared to
the excavation cost (500 coins).
Trial 2 3 4 5 6 7 8 9 10

Rho .170 .152 .143 .167 .156 .155 .159 .171 .151

p-value .003 .009 .013 .004 .007 .008 .006 .003 .009

Fig. 8. Conscientiousness scores according to whether individuals changed their
xcavation site choice from the previous trial with fixed returns.

ig. 4. Although there are some local, small variations, the general
istribution shows a u-shaped effect, hinting that individuals
ith average scores tend to be more confident in their choices
han their counterparts.

.1.5. Changed decision
Fig. 8 shows that the individuals who kept their choice showed

ower conscientiousness scores. In contrast, participants with
igher scores appear to pay attention to the result of the finan-
ial returns by exploring more in the breadth of the available
xcavation sites. Point-biserial correlation tests showed these
ere statistically significant differences in each trial (Table 3).
he largest difference was in Trial 4 with the individuals that
hanged their choice scoring higher (129.31 ± 13.67) than their
ounterparts (116.13 ± 31.61). In contrast, conscientiousness
cores were similar for those who changed their choice (127.07±

0.14) and those who did not (124.25 ± 16.53). Afterward, we
analyzed whether conscientiousness led individuals to choose a
larger variety of excavation sites. Nevertheless, Spearman’s rank-
order correlation test showed no statistically significant between
the conscientiousness score and the number of different chosen
excavation sites, rs(36) = .04, p = .811.

4.2. Real returns experiment

We recruited 36 participants (20 male, 16 female) aged 22
– 63 (M = 26.36, SD = 8.34). Out of the 36 individuals, 31
participated in the first experiment. Each test was 24:31 ± 6:54
(mm:ss) long with minimum and maximum durations of 9:54
and 36:22 (mm:ss), respectively. Additionally, participants self-
reported being fairly familiar with PCP (M = 2.53, SD = 2.34)
and SPM (M = 4.11, SD = 1.77).

.2.1. Task decision time
Fig. 9 depicts the time users took to decide the next excavation
oint based on how good was their past decision. One can observe

55
Fig. 9. Task decision time per trial with real returns.

hat there was a decreasing amount of time spent on the trials as
articipants progressed in the experiment. Users took the longest
ime to decide in Trial 2 (53.04 ± 56.62 s). We also observed a
tatistically significant decrease of 23.80 (95% CI, 0.268 to 47.335)
, p = .045, from Trial 2 to Trial 3. Then, it appears that users
ontinued exploring while making their decisions in Trials 3
29.24 ± 29.02), 4 (38.57 ± 44.21), 5 (19.75 ± 28.87), and 6
23.19 ± 21.29). Afterward, we can observe an interesting trend.
e observed a continuous decrease of the average decision time

n Trials 7 (19.24± 26.77), 8 (18.62 ± 21.37), 9 (15.75± 21.54),
and 10 (12.09 ± 13.42). This distribution points toward users
learning over time to play the game and being faster in making
their decisions.

We also found that individuals who turned a profit in the
previous trial are always faster on average than those who had
a choice returning losses. Starting in Trial 2, participants with
a previous profit spent 49.55 ± 38.36 s deciding while those
with losses took 57.94 ± 76.61 s to decide. A similar trend was
present in Trials 3 (Profit: 20.22 ± 21.74, Loss: 36.46 ± 32.48)
and 4 (Profit: 36.66 ± 46.57, Loss: 40.70 ± 42.73). Further, we
can observe a decrease in the standard deviation after Trial 4.
People who had a profit on the past choice were consistently
faster than their counterparts in Trials 5 (Profit: 18.85 ± 34.53,
Loss: 21.02 ± 19.45), 6 (Profit: 21.60 ± 21.86, Loss: 26.39 ±

20.65), 7 (Profit: 17.10 ± 19.68, Loss: 24.11 ± 39.25), 8 (Profit:
16.49±19.85, Loss: 21.61±23.72), 9 (Profit: 10.71±12.59, Loss:
22.79±29.02), and 10 (Profit: 8.37±10.03, Loss: 19.54±19.50).
In particular, between Trials 7 and 10, the difference between
individuals with contrasting feedback is evident and consistent
based on the smaller standard deviation values.

Regarding conscientiousness, we found no significant corre-
lations after a Bonferroni correction with a significance level of
0.0056 (0.05/9). Nevertheless, Fig. 10 shows moderate, negative
correlations between conscientiousness scores and the task deci-
sion time in Trials 2, rs(36) = −.343, p = .041, and 6, rs(36) =

−.339, p = .043. The LOESS lines suggest that people with higher
conscientiousness scores appear to be faster in the first three
trials. Then, between Trials 5 and 8 there are fewer differences be-
tween different conscientiousness scores except in Trial 6. We can
also observe that individuals with high scores are slightly faster
than their counterparts. Consequently, the conscientiousness trait
appears to affect the task decision time when the returns are real.

When we consider whether the participant received a profit
(Fig. 11) or a loss (Fig. 12) in the previous trial, we found that
individuals with higher conscientiousness scores are generally
faster when they receive positive feedback except in Trials 5, 8,
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Fig. 10. Scatterplots with LOESS lines for the effect of conscientiousness (vertical
axes, scores increase from bottom to top) on the dependent variables per trial
(horizontal axes, values increase from left to right) with real returns.

and 10. Similar to the previous analysis, the effect is evident in
Trial 6 as well as in Trials 2 and 4. When individuals receive
losses in the previous trial, we observed that individuals with the
higher score also tend to be faster to make decisions with Trial 5
standing out with a contrasting LOESS line. Taking into account
our findings, it appears that Trial 5 was the trial when participants
started to be more proficient in playing the Excavation Game.

4.2.2. Accuracy
We continued by examining the user accuracy. Fig. 13 that

receiving positive feedback on the previous choice led individ-
uals to be more accurate in their next decision. Similar to our
previous experiment, it appears that the median accuracy was
approximately the same across the trials. As expected, the highest
accuracy rate was present in Trial 10 (78.68% ± 17.82%) and the
owest in Trial 4 (67.84% ± 5.16%). These results are in line with
he previous findings regarding task decision time where we were
ble to observe a learning effect from the participants as they
rogressed in the experiment.
Notably, Trial 2 is the only time that participants who had
loss in the previous trial (71.82% ± 16.20%) showed higher

ccuracy than those with profits (67.21% ± 29.58%). Afterward,
56
Fig. 11. Scatterplots with LOESS lines for the effect of conscientiousness (vertical
axes, scores increase from bottom to top) on the dependent variables per trial
(horizontal axes, values increase from left to right) with real profit returns.

the effect was always the opposite. We observed that individuals
who receive positive feedback were more accurate in the next
trial than their counterparts and that the difference between
them was more evident in the initial trials. In particular, we can
see larger differences in Trials 3 (Profit: 76.12% ± 24.94%, Loss:
67.32% ± 15.64%), 4 (Profit: 74.99% ± 25.12%, Loss: 59.83% ±

35.44%), and 5 (Profit: 77.31% ± 14.82%, Loss: 67.34% ± 27.09%).
However, the differences between individuals with contrasting
feedback become smaller in Trials 6 (Profit: 80.43 ± 18.16, Loss:
67.34% ± 27.09%), 7 (Profit: 72.79% ± 24.52%, Loss: 70.84% ±

16.18%), 8 (Profit: 71.14%±20.83%, Loss: 66.04%±22.60%), and 9
(Profit: 73.14%±19.46%, Loss: 72.99%±19.03%). The exception is
on the last trial (Profit: 82.34%± 17.71%, Loss: 71.05%± 16.32%).

While running Spearman correlation tests independently of
the returns, we only found weak nonsignificant correlations.
These findings suggest that conscientiousness does not affect user
accuracy when we do not consider the valence of the returns.
Fig. 10 depicts the LOESS lines. Trials 2 and 10 suggest that the
individuals with the highest conscientiousness scores were more
accurate. Further, individuals with scores higher than the average
appear to struggle more in Trials 3, 5, 6, and 9 than those with
average scores. However, we can observe interesting trends when
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Fig. 12. Scatterplots with LOESS lines for the effect of conscientiousness (vertical
axes, scores increase from bottom to top) on the dependent variables per trial
(horizontal axes, values increase from left to right) with real loss returns.

Fig. 13. Accuracy per trial with real returns.

e consider whether the participant received a profit or a loss on
heir past decision.

Although we did not find any significant correlations, it ap-
ears that the distribution of accuracy rates and conscientious-
ess scores of individuals who had a profit in the previous trial
re similar to the ones independently of the return valence
Fig. 11). In contrast, we find dissimilar LOESS lines when we
nalyze the individuals who had a loss in the previous trial
Fig. 12). The differences are more evident starting in Trial 5. In
57
particular, it appears that participants with higher conscientious-
ness are more sensitive to negative feedback since they achieve
lower accuracy rates compared to the remaining participants
in Trials 5, 6, and 7. We also found a nonsignificant, strong,
negative correlation between user accuracy in Trial 6 and the
conscientiousness scores for individuals who had a loss in the
previous trial, rs(12) = −.620, p = .031. These findings hint
that the valence of the returns, i.e., whether the participant
receives a loss or a profit in the previous trial, interacts with
the conscientiousness trait on how accurate individuals are when
they decide in the following moment. However, it appears that
after Trial 8 this trend diminishes which may hint towards the
benefits of learning how to play the Excavation Game.

4.2.3. Interaction events
Due to technical malfunctions, we were not able to collect

interaction data from one participant. Consequently, we do not
consider it in this analysis. Similar to the previous experiment,
participants triggered on average 279.89 ± 230.30 interaction
events in the experiment, ranging from 0 to 1241 events. In
particular, individuals triggered more interaction events in Trial
2 (62.40±77.09). There was a steep decrease in Trials 3 (34.97±

49.20) and 4 (42.51 ± 50.10). However, we can observe that
starting in Trial 5 (27.00 ± 38.47) the values started to be very
similar (Trial 6: 27.43 ± 29.97; Trial 7: 21.03 ± 21.77; Trial 8:
25.97±29.54; Trial 9: 20.69±31.25; Trial 10: 17.89±26.52). As
in our previous statistical analysis, we believe that this finding
reinforces how participants finished exploring the dashboard in
Trial 4. Further, we inspected through a Wilcoxon signed-rank
test if participants interacted more with a specific chart. Results
show a statistically significant median increase in the number
of interactions (165) when subjects used the PCP (Mdn = 182)
compared to the SPM (Mdn = 17), z = −4.930, p < .001. There-
fore, the PCP appears to be the chart that most people interacted
with in both experiments although the number of interactions not
leading to better accuracy rates on average, rs(35) = −.199, p =

.251. However, it appears that interacting with the SPM led
participants to achieve higher accuracy rates on average, rs(35) =

.393, p = .020.
Taking into account the real returns from their decisions,

we observed that individuals tend to perform fewer interactions
with the charts after receiving positive feedback (Fig. 14). The
difference between the number of interactions was larger in the
initial and final trials between individuals with profits (Trial 2:
51.19 ± 50.71; Trial 3: 20.13 ± 23.70; Trial 9: 12.55 ± 17.15;
Trial 10: 14.04 ± 25.78) and those with losses (Trial 2: 79.21 ±

105.26; Trial 3: 46.10 ± 60.12; Trial 9: 31.53 ± 41.85; Trial 10:
25.25 ± 27.46). In contrast, we found that independently of the
returns, participants with profits (Trial 4: 41.63 ± 46.60; Trial 5:
31.05 ± 49.33; Trial 6: 24.09 ± 28.42; Trial 7: 19.17 ± 20.40;
Trial 8: 24.55 ± 33.94) and those with losses (Trial 4: 43.56 ±

55.51; Trial 5: 21.60 ± 15.37; Trial 6: 33.83 ± 33.05; Trial 7:
25.09 ± 25.04; Trial 8: 27.87 ± 23.44) showed similar numbers
of interactions per trial in the remaining trials.

When we consider conscientiousness, we did not find any
significant correlation between the trait score and the number
of interactions with both charts, rs(35) = −.021, p = .904,
with the PCP, rs(35) = .012, p = .944, or with the SPM,
rs(35) = −.205, p = .237. The LOESS lines suggest that in-
dividuals with higher conscientiousness scores tend to perform
fewer interaction events when deciding between the excavation
sites (Fig. 10). When we take the returns, we did not find any
significant differences between individuals with profits (Fig. 11)
or losses (Fig. 12). The LOESS lines also show similar shapes in this
case. Consequently, it appears that conscientiousness does not
manifest its effects on the number of interaction events triggered
by the participants independently of the valence of the returns.
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Fig. 14. Number of interactions per trial with real returns.

Fig. 15. Confidence per trial with real returns.

4.2.4. Confidence
We continued our analysis by tackling self-reported confi-

dence in the decisions. It appears that the average self-reported
confidence was similar across trials. Contrary to the experiment
with fixed returns, this time the highest confidence was reported
in Trial 10 (5.00 ± 1.60). Trials 8 (4.92 ± 1.46) and 9 (4.94 ±

.60) showed similar scores thus supporting that users were
lightly more confident at the end of the experiment. These values
ontrast with the self-reported confidence at the beginning of the
xperiment since the values were lower in Trials 2 (4.50 ± 1.48)
nd 4 (4.53 ± 1.40). Further, when we consider the real returns
f the decisions, we observe that the distributions were similar
cross all trials except for Trials 2, 6, 7, 9, and 10 (Fig. 15). Trial 2
id indeed led participants with previous losses to report lower
onfidence in their choice (4.13 ± 1.60) than those with profits
4.76 ± 1.38). Nevertheless, it appears that in Trial 6 there were
imilar confidence values for the former (4.60 ± 1.6) and the
atter (4.67 ± 1.20). Finally, we were able to observe differences
imilar to the ones in Trial 2 in Trials 7 (Profit: 4.60± 1.44, Loss:
.09 ± 1.45), 9 (Profit: 5.10 ± 1.70, Loss: 4.73 ± 1.49), and 10
Profit: 4.96 ± 1.65, Loss: 5.08 ± 1.56).

We continued our analysis by tackling the effect of consci-
ntiousness (Fig. 10). Independently of the returns, it appears
hat there are no significant negative effects in Trials 3 (rs(36) =

.395, p = .017) and 5 (rs(36) = −.446, p = .006) at an
djusted Bonferroni acceptance threshold of 0.0056. Similar to
he other experiment, it appears that higher conscientiousness
cores lead participants to report lower confidence in their de-
isions compared to the remaining individuals. Taking the profits
nto account, we found a relatively strong significant correlation
etween the trait scores of individuals with previous profits and
he self-reported confidence in Trial 5 (rs(21) = −.587, p =

005). Further, there was a strong nonsignificant correlation be-
ween the trait scores of individuals with previous losses and
he self-reported confidence in Trial 7 (rs(11) = −.628, p =

039). These findings support our hypothesis that conscientious-
ess does indeed play a role in how individuals interpret their
ecision-making process.

.2.5. Changed decision
Fig. 16 shows whether individuals kept their choice based on

he returns from their previous decision. For those with profits,
58
Fig. 16. Conscientiousness scores according to whether individuals changed
their excavation site choice from the previous trial with real returns.

we can observe that individuals with higher conscientiousness
scores tend to change their choice in the last trials. In contrast,
those with lower scores generally keep their choices after re-
ceiving positive returns. Then, we analyzed how individuals with
losses behaved. Results show a similar trend compared to those
with profits. In particular, from Trials 7 to 9 we can observe
large differences between those who decided to change their
choices when faced with losses. Both findings suggest that indi-
viduals with lower conscientiousness tend to keep their choices
independent of the results while those with higher scores keep
looking for better options after finishing the exploration of the
Excavation Game. However, a Spearman’s rank-order correlation
test reported no significant relationship between the conscien-
tiousness score and the number of different chosen excavation
sites, rs(36) = .068, p = .692.

We continued by running point-biserial correlation tests for
individuals with profits and losses in their previous decision (Ta-
ble 4). Although no statistical test reported a significant difference
at a significance level of 0.0028 (0.05/18), we found that in Trial 8
there was a relatively strong nonsignificant effect from those with
losses. Moreover, the negative coefficients from those with profits
in the second half of the experiment suggest that higher scores in
conscientiousness tend to change their decision more frequently,
as we observed in the past analysis. Finally, there are several
coefficients from those with losses ranging from moderate to
relatively strong effects. All the mentioned results corroborate the
findings in our previous experiment and, more specifically, that
conscientiousness appears to manifest its effect in interaction
with the valence of the returns on whether individuals choose
other alternatives.

5. Discussion

As the first steps toward understanding whether personality
plays a role in visualization-based decision-making, we measured
how participants make their decisions and gauge their confidence
in said decisions while playing a game. Further, we manipulate
the decision quality feedback of their decisions by presenting
real and fixed returns. We analyzed the effects of the fixed de-
cision quality feedback (Q1) and the conscientiousness trait (Q2)
through objective and subjective metrics.
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Table 4
Point-biserial correlation test results between conscientiousness and whether the user changed their choice in each trial with real
returns.

Trial 2 3 4 5 6 7 8 9 10

Profit Rho .010 .042 .277 −.152 −.136 −.087 −.322 −.226 −.258
p-value .966 .878 .250 .511 .527 .680 .155 .325 .223

Loss Rho .235 −.341 .144 −.278 .376 −.354 −.577 −.285 .129
p-value .399 .142 .582 .316 .228 .286 .024 .303 .691
5.1. Effect of the quality of the last decision

First, we focused on whether the quality of the last decision
ffected how much time users took on the next decision. In the
irst experiment with fixed returns, up until Trial 4, participants
eceived alternate feedback valences to promote early exploration
f the dataset. Starting in Trial 5, we provided the participant
ith two series of constant feedback quality to observe whether
here were any effects after the continuous exposition. Results
uggested that receiving constant negative feedback led individ-
als to focus on correcting the quality of the choice by spending
ore time on it. This trend can be observed from Trials 5 to 8.
e assume that the increase in task decision time is a result
f participants trying to adjust their decision-making behavior
nd improve the quality of the excavation site. In the last two
rials, we observed a contrasting effect. In particular, participants
ppeared to be faster at making decisions after receiving positive
eedback in a row (Trials 9 and 10). The task decision times in
oth trials were the fastest in the experiment. However, other
actors may have affected the task decision time. For instance,
aster decision-making may result from increased expertise by
he end of the experiment. By being more accustomed to the
ashboard, participants may be faster to find their choice of the
xcavation site. Nonetheless, the sequential increase in decision
ime from Trials 6 to 8 hints that participants did indeed spend
ore time making their decisions.
In the second experiment, we were able to observe through

eal returns that indeed participants were faster from Trials 8 to
0 when they received positive feedback compared to those with
egative feedback. Our results also confirmed that participants
laying the Excavation Game more times led participants to be
aster deciding in the last trials independently of the feedback
uality. Finally, we also observed that the participants appeared
o explore the game up until Trial 5 and that, afterward, individu-
ls appear to show a level of proficiency in their decision-making.
hese results suggest that the quality of the last decision affects
ow much time they take to decide.
When we assess the user accuracy with fixed returns, we

otice a slight increase in the decision accuracy and interaction
vents from Trials 6 to 8. In contrast, the positive feedback in
rials 9 and 10 led to a slight increase in decision accuracy and
ew interaction events. We believe that the trends of these vari-
bles hint that the consecutive negative feedback led participants
o be more invested in the decision-making and when met by
ositive feedback, they believed they converged on an optimal
olution and decided more quickly and with less data analysis.
s we mentioned, participants could choose any excavation site
n a trial. We normalized the decision accuracy between the
xcavation sites with the lowest and highest expected financial
eturns. Nevertheless, participants did not see how accurate their
ecisions were. We fixed the financial return they received at the
nd of their trial independently of their selection. Consequently,
his trend was not driven by user expertise with the dashboard
ut by feedback. Results showed that the quality of the last de-
ision did not significantly affect how accurate the next decision
as. In contrast, results suggest that when participants received

eal returns, receiving positive feedback at the initial trials led

59
them to be more accurate. We believe these results suggest that
the quality of the feedback plays a role in user accuracy while
individuals are exploring the dashboard and learning how to
decide but are less relevant afterward.

Furthermore, the second experiment confirmed that the va-
lence of the feedback quality played a role in the number of
triggered interaction events. As we mentioned, individuals per-
formed fewer interaction events when they were presented with
two fixed consecutive positive feedback instances. We observed
that real positive feedback led participants to trigger fewer events
than people with losses in their previous decision between Trials
5 and 10. This effect was even more evident in the last tri-
als and, paired with the trends observed in the decision time,
we can understand how learning to play the excavation game
led participants to be more concise in deciding. We also found
that participants who interacted more with the PCP in the first
experiment had lower accuracy rates on average. Additionally,
interacting more with the SPM led individuals to score higher
accuracy rates on average in the second experiment. Although Di-
mara et al. [19] found that both visualization techniques led to
similar accuracy rates when evaluated individually, these findings
highlight that the presence of both visualizations at the same time
may hinder or boost one’s accuracy rate.

Afterward, we studied if the quality of the feedback affected
how confident individuals felt about their decisions. In the first
experiment, we did not observe a significant effect of the feed-
back quality in the self-assessed confidence. The null effects may
result from the lack of dependency of user confidence on the
feedback on their past choice. However, the second experiment
showed that real returns did not affect self-confidence as well.
We believe these results may derive from the approach we used
to assess user confidence. In particular, participants can only
assess the present decision based on the current state of the
game. We hypothesize that participants only considered their
past decision when assessing their self-confidence and, conse-
quently, were anchored by it. By being able to view their progress
at any time, we expect it would lead participants to vary how
confident they were in the decisions.

5.2. Effect of conscientiousness

Regarding conscientiousness, we were also able to see that
the personality trait did not show significant effects on the task
decision time, hinting that the time participants take to de-
cide is independent of their tendency to plan carefully their
strategies [13]. Nevertheless, results suggested an effect of con-
scientiousness in the initial trials when the returns were real.
Further, receiving positive feedback appears to make individuals
with higher conscientiousness scores decide faster than their
counterparts. Consequently, the mixed results lead us to conclude
that deeper synergies between the conscientiousness trait and the
quality of the feedback may affect the task decision time but our
study design was not able to measure them.

In the first experiment, we found that conscientiousness ap-
pears to manifest its effects in the last trials where we can see an
adjustment of the decision accuracy by conscientious individuals
when receiving constant negative returns. We found a similar
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ffect in the second experiment from individuals receiving real
egative feedback. Both findings hint toward high conscientious-
ess scores manifesting a higher sensibility to this feedback since
hey are efficient, goal-oriented, and methodical. Consequently,
e expect them to work diligently to achieve the goal of maxi-
izing the financial returns. The constant negative feedback may
ave led them to adopt other choices that followed less optimized
utcomes. We also believe that having explored more data in
he final trials directly affected the decision quality of individuals
ith average scores. The average conscientiousness scores may
ave led individuals to not be so rigid in their selections and adapt
heir choices based on the decision quality feedback.

Regarding user interaction, conscientiousness did not affect
he number of events triggered by the participants in either ex-
eriment. Results showed that participants interacted much more
requently with the PCP than with the SPM independently of
hether we controlled the quality feedback. However, it appears
hat conscientiousness scores do not affect how much individ-
als interact with either chart. Additionally, we found interest-
ng effects regarding user confidence in the choice taken. There
as a clear manifestation of the conscientiousness trait. The
on-monotonic relationship shows a u-shaped effect that de-
icts individuals with average conscientiousness scores as more
onfident in their choices than their counterparts. In particular,
he second experiment highlighted that participants with high
onscientiousness scores were less confident in their choices and
hat the valence of the feedback. We believe this difference may
esult from the level of choice uncertainty. Individuals with high
onscientiousness scores tend to be careful and seek to retain
ontrol over a situation [87]. We suggest that the uncertainty
actor may make them self-doubt their decisions since they feel
ore pressured to consider all possible choices. For individuals
ith lower scores, it may derive from their tendency to be easy-
oing [13]. Therefore, they would be less interested in making an
ptimal decision and, consequently, be unsure as to whether it
ould be a ‘‘good’’ decision.
Finally, we examined whether conscientiousness and the de-

ision quality feedback affected whether users kept their choice
cross the trials and the number of different excavation sites they
elected. Results showed that participants who changed their
core had higher conscientiousness scores than those who kept
he excavation sites across the trials in both experiments. Addi-
ionally, if we consider the valence of the feedback in the second
xperiment, it appears that losses exacerbate the manifestation
f conscientiousness, especially in the last trials. Paired with the
indings regarding decision accuracy, we believe that there is a
anifestation of conscientiousness. In particular, individuals with
igher conscientiousness scores keep trying new excavation sites
o achieve higher financial returns, and they converge on higher
ecision accuracy in the last trials.

.3. Remarks

We observed that the quality feedback participants receive
ased on their decisions plays a significant role in the decision-
aking process when participants interact with the system in a
ecision-making context. For instance, results indicate that re-
eiving negative feedback leads participants to spend more time
eciding than when the feedback is positive. Additionally, we
lso observed that the conscientiousness trait biases the decision-
aking process of individuals when they interact with a decision-
upport system that leverages visualization techniques. In partic-
lar, results show that the time individuals took deciding in the
nitial trials depends on their conscientiousness scores, specifi-
ally with conscientious individuals being faster. Similar inter-
ctions between the quality of the past decision and consci-
ntiousness scores showed that conscientious individuals focus
60
on improving their decision accuracy and change their choices
across the alternatives more frequently after receiving negative
feedback.

These types of relationships highlight that when visualiza-
tion designers are testing their decision-support system, they
should not analyze dependent metrics without considering the
effect of confounding factors. As we mentioned, our findings
show that visualization designers measuring the task decision
time may leverage the quality feedback valence and individual
differences factors such as conscientiousness to understand the
decision-making process better. Specifically, regarding conscien-
tiousness, past research has not identified measurable effects
of this trait in visualization contexts though there is already a
considerable body of literature [10]. Our findings suggest that vi-
sualization researchers should consider conducting more studies
on the bias that conscientiousness may introduce in user interac-
tion with visualization systems. Further, visualization designers
may need to increase the awareness of personality profiles to
break the cycle of one-size-fits-all design approaches by adding
the conscientiousness trait to the user profile when designing a
decision-support visualization-based system.

5.4. Limitations and future work

There are some limitations to the results of this study. First, we
leverage user confidence as a self-assessment metric. Although it
provides further insights regarding the decision-making process,
different users may calibrate their assessment differently, i.e., al-
though two participants were equally confident in their choice,
each reports a different but similar score. As a result, this metric
may not have been sensible enough to capture decision quality
effectively. Second, our study focuses on the conscientiousness
trait. This approach allows us to focus on a trait and study
whether it manifests its characteristics in the decision-making
process. Nevertheless, the context of decision-making supported
by visualization may lead to the manifestation of other trait fea-
tures and consequently produce synergies between traits that our
experiment did not control. Future studies should design the user
study to accommodate more personality traits in the analysis.
Further, our sample presents two non-extreme outliers in consci-
entiousness scores. Although the statistical analysis we applied
was robust to outliers [88,89], future studies should consider
collecting a normal sample.

Third, our study is dependent on the visualization context
and user perception. Several studies have shown that the PCP
and the SPM allow users to complete analytical tasks accurately.
Nonetheless, more chart types can be analyzed in their role
in visualization-supported decision-making. Future work should
consider other graphs to study how the graphical exposition of el-
ements affects the decision-making process. In particular, it could
be interesting to investigate if including uncertainty generated by
lossy projection techniques leads conscientiousness to manifest
its effects at a stronger degree. Further, our experiment considers
a single sequence of trials with fixed returns, and, consequently,
the findings may not apply to other feedback sequences. Future
work should consider more sequences varying in several factors,
e.g., path length or feedback valence order. Additionally, it would
be interesting to assess if knowing the number of decision trials
participants had to perform introduced noise in the experiment.
Future work may also consider not revealing this information
to assess if the progress within the set of trials influences user
behavior. Finally, the size of the dataset may have also introduced
some noise in our results. Future studies should consider how
varying the scale of the data affects the decision-making process
and how confident users are in their decisions.
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. Conclusions

The state-of-the-art research includes few studies on
isualization-supported decision-making. In particular, there is a
eed to enhance the profile of the decision-maker to understand
ow designers can empower them [6]. Our work adds to prior
esearch by exploring whether conscientiousness, a personality
rait responsible for the tendency to follow goals and prioritize
asks [13], affects the decision-making process. We also study if
he conscientiousness trait manifests its effects based on the feed-
ack users receive on their choice with fixed and real returns. Re-
ults suggest that the feedback quality may play a role regarding
ow invested participants were in the decision-making and data
nalysis during the trials. Additionally, conscientiousness appears
o affect how confident individuals are in their choices, lead-
ng conscientious users to change their choices more often. We
elieve that these findings open the research space to consider
ndividual differences in visualization-supported decision-making
nd support the vital role decision-making has in society [4].
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