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Abstract—When individuals conduct complex cognitive think-
ing under uncertainty, their judgments and decisions may rely
on individual unconscious approximations and rules of thumb.
These may lead to systematic deviations from rational think-
ing called cognitive biases. Recent research in the information
visualization field has tackled how these rationale limitations
affect visualization-supported decision-making. However, there
is such a small body of evidence that it offers little guidance
to practitioners. The present study explores the framing effect
in an information visualization context by depicting a decision-
making problem regarding a hypothetical disease with visual
encodings. We conducted user tests (N=91) where we collected
user interaction metrics and the decision-making process between
a set of options under different framing contexts. Our findings
suggest that bar charts with error bars help mitigate the framing
effect for most of the experiment sample. Developing cognitive
bias-aware decision support systems is of utmost importance to
leverage the full potential of information visualization and make
it widely available to jobs where visualization-supported decisions
are critical.

Index Terms—Framing Effect, Cognitive Bias, Information
Visualization, Uncertainty

I. INTRODUCTION

Despite striving to do so, humans have too limited cog-
nitive abilities and are, thus, unable to truly make rational
decisions [1]. Consequently, humankind is forced to rely on
heuristics. A heuristic consists of a mental strategy our brain
forms to simplify all the information around us, where merely
the parts each deems relevant to the situation/decision at hand
are considered. These allow individuals to solve problems and
make judgments quickly and effectively, reducing the mental
effort of such actions. While aiding us, said heuristics also
lead to systematic deviations from rationality in judgment,
designated by Tversky and Kahneman [2] and Kahneman et
al. [3] as cognitive biases. These deviations manifest in distinct
ways, which led to several studies proving the existence of a
wide variety of cognitive biases [4].

There has been a growing interest both in cognitive biases
[5], [6] and decision-making [7], [8] within the information
visualization (InfoVis) community. Notwithstanding, the inter-
section between said fields remains predominantly unexplored,
and very few researchers explore a particular cognitive bias
within the visualization context [4]. Among the cognitive
biases that show a potential transfer of the priming effect
to an InfoVis context, we decided to focus on the framing

effect. The framing bias is a cognitive bias where there is
a variation of outcomes in the decision-making process due
to how information is presented, i.e., when the framing of
said information causes a deviation from a rational choice.
In particular, the reference point used to evaluate the conse-
quences of a decision is the critical element of framing [9],
[10]. Accordingly, modifications to the reference point of the
framing can have a significant impact on the way a subject
makes a decision [11]. For instance, Kong et al. [12] showed
that the slant of the title influenced the perceived main message
of a visualization.

Researchers usually apply two frames, each with a distinct
valence. A particular example of this bias is known as the
loss aversion [13] where alternatives are gains or losses. In a
positive frame, the information is framed as a gain, and people
tend to avoid risks. In contrast, it is presented as a loss in a
negative frame, leading individuals to seek risk. Research in
InfoVis has already shown its effect in decision-making [14],
[15]. For instance, Zhang et al. [15] focused on this case by
showing that startup companies with static tabular star ratings
visualizations tended to be subject to lose aversion behaviors.
However, there seems to be little work done, as evidenced by
Dimara et al. [4] when classifying this bias as “discussed in
visualization research as important, but not yet studied”.

Inspired by these findings, our study aims to explore the
effect of framing bias in information visualization. We focus
on simulating the original decision problem by Tversky and
Kahneman [10] using two bar chart visualizations - one for
each framing type mentioned. In particular, we represent
the risk in the framing through uncertainty with error bars.
Therefore, we try to answer the following research question:
Can bar charts with error bars alleviate the framing effect?
We conducted user tests (N = 91) to understand whether the
framing affected the decision-making based on user interaction
and reported choices. Our preliminary results suggest that
visualization, mainly using error bars in bar charts, may help
individuals be less susceptible to the framing effect. Our
contributions provide further understanding to future studies
that leverage cognitive bias-aware mechanisms to promote
more rational decision-making.



II. RELATED WORK

Recent research in the information visualization field has
tackled how cognitive biases affect decision-making [4], [16]–
[18]. Nevertheless, this research field has struggled to find
evidence in the intersection of Psychology, Decision Systems,
Intelligence Analysis, and Visualization research to create a
solid taxonomy of cognitive biases. In particular, while most
taxonomies organize biases according to why they occur based
on cognitive mechanisms and explanatory theories, Dimara
et al. [4] leverage task types to create the most extensive
taxonomy in the literature that includes biases studied in the
different mentioned research domains.

Dimara et al. [4] categorize 154 cognitive biases with seven
main categories: estimation, decision, hypothesis assessment,
causal attribution, recall, opinion reporting, and others. In
particular, the authors classified the framing effect in the
decision category. Decision tasks include selecting one over
several alternative options. One instance already studied in
InfoVis is the attraction effect – choices affected by irrelevant
dominated alternatives [19]. It is also the only cognitive bias
with evidence for its alleviation [20]. In particular, Dimara et
al. [20] mitigated the attraction effect by allowing users to
remove information from scatterplots that should not affect
rational decision-making.

Research has consistently shown that the framing effect
(choices affected by whether alternatives are presented with
positive or negative connotations [10]) is one of the most
prominent biases in decision-making [21]. The closest works
examine a particular case of framing effect known as loss
aversion – choices framed as a gain or a loss. For instance,
while Zhang et al. [15] found evidence of this bias when
startup companies presented with static tabular visualizations
of star ratings, Dasgupta et al. [14] reported evidence of
loss aversion as a leading cause of problems in maps and
line charts. Moreover, Bedek et al. [22] proposed theory-
driven approaches for cognitive bias detection and mitigation.
Specifically for the framing effect, the authors highlight how
the aspect ratio of visualization and the ordinate starting at
numbers different from 0 in bar charts may affect user percep-
tion. However, we found no work focused on the relationship
between information visualization and framing bias besides
being discussed as relevant in visualization research [23], [24].

There is already a body of research with evidence for the
presence of cognitive biases in InfoVis by exposing partic-
ipants to a text narrative before seeing a visualization [25],
or varying the position of data instances [26], uncertainty
encoding [27], scale proportions [28], and color scheme [29].
More recently, Alieva [30] highlighted the importance of con-
sidering cognitive biases in data visualizations by showcasing
the potential increase in political polarization and skepticism.
We can leverage this knowledge to explore which visualization
techniques prime individuals based on the utility theory and
devise a set of design guidelines to improve the design of
visualization-based decision support systems.

III. METHODOLOGY

This section starts by detailing the techniques used to trigger
the framing effect. We then describe the procedure and data
analysis procedures employed in the study.

A. Framing Strategy

A rational choice requires that the preference between
options should not alter nor reverse with changes in frame.
Caused by the limitations of humankind’s cognitive abilities,
however, Tversky and Kahneman [10] observed systematic
reversals of preference by variations in the framing of acts,
contingencies, or outcomes. Framing refers to the process of
decision-making, highly correlated with the subject’s “concep-
tion of the acts, outcomes, and contingencies associated with
a particular choice” [10].

Tversky and Kahneman [10] applied a brief questionnaire
to individuals asking them to choose between two alternative
treatment programs to act upon a hypothetical Asian disease
expected to affect 600 people. Two different problems were
presented, each framed differently. Problem 1 presented the
consequences of its two programs through a positive frame,
whereas Problem 2 stated its outcomes with a negative frame
(see Table I). Problems were identical in terms of the conse-
quences (programs A and C, and programs B and D), the only
difference being the framing variations of the outcomes of each
program. Yet, a majority of participants chose program A over
B (72% versus 28%), while in Problem 2, the majority chose
program D over C (78% versus 22%). In particular, Tversky
and Kahneman [10] concluded that decisions taken upon a
positive frame tend to be risk-averse. In contrast, a prob-
lem presented through a negative frame favors risk-taking
behavior. Therefore, Tversky and Kahneman [10] concluded
that changes to the reference point of the framing can have a
significant impact on the way a subject decides.

For our study, we opted to pose the same decision-making
problem from their research - a hypothetical disease expected
to affect 600 people - with minor adaptations (see Table II).
We employ the same two framing conditions in our work -
positive and negative. Additionally, each study condition has
two options: a not risky choice - options A or C - and a risky
one - options B or D.

To the best of our knowledge, there is an absence of a
validated apparatus to evaluate the framing bias, i.e., a measure
to determine whether an individual has been subject to it.
Considering this, we needed to define how we categorized an
individual as primed. Based on the utility theory [31], [32],
we are fixing the expected value of each option within a frame
condition as the same - 200 survivors for the positive condition
and 400 deaths for the negative one. Leveraging this approach
means there is no optimal decision since both are expected
to provide the same outcome value. Therefore, the decision-
maker solely has to decide whether they follow a risk-averse
(options A and C) or a risk-taking (options B and D) strategy.

To identify whether a participant was primed in the individ-
ual evaluation, we assume we primed them if they changed
their decision between frames. For instance, we assume that



TABLE I
ORIGINAL PROBLEM FROM TVERSKY AND KAHNEMAN [10].

Program Framing Options

Problem 1 Positive Not risky A: If adopted, 200 people will be saved.
Risky B: If adopted, there is 1/3 probability that 600 people will be saved, and 2/3 possibility that no people will be saved.

Problem 2 Negative Not risky C: If adopted, 400 people will die.
Risky D: If adopted, there is 1/3 probability that nobody will die, and 2/3 probability that 600 people will die.

TABLE II
FRAMING CONDITIONS AND RESPECTIVE OPTIONS.

Program Framing Options

Problem 1 Positive Not risky A: If adopted, 200 people will be saved.
Risky B: If adopted, 150 to 250 people will be saved.

Problem 2 Negative Not risky C: If adopted, 400 people will die.
Risky D: If adopted, 350 to 450 people will die.

the frame primed the individual if the participant chose the
risky option in the negative framing and the not risky choice
in the positive framing.

B. Visualizations

As for the chart type to represent the setting of our study,
we based our decision on the work of Bancilhon et al. [33].
We opt to leverage a bar chart to understand the impact of
visualization in decision-making. In particular, Bancilhon et
al. [33] showed that depicting the possible choices through
bar encodings was the approach that exhibited behavior that
was most similar to showing the information solely through
text. Therefore, we decided to use bar charts to represent the
programs of our study. Past research recommends presenting
uncertainty information alongside point estimates, for exam-
ple, by showing intervals in which estimates could fall [34],
[35]. Regarding the risk factor of the choices, i.e., whether it
is risky or not risky, we leverage error bars to represent the
uncertainty of outcomes (present both in option B and D). The
two conditions of our study are represented in Figures 1 and 2.

Each participant in our research was exposed to framing
conditions - positive and negative. Kwak and Huettel [36]
discovered that the sequential positioning of visual information
processing may change the impact the information shown
has on the participants and, therefore, bias their choices.
In light of these findings, the order in which individuals
underwent each condition was arbitrary - starting with either
the positive or negative one and then going through the other
one. Additionally, for each condition, the position of the risky
(B and D) and not risky (A and C) options were displayed
randomly on either the left or right side of the visualization.
These research details, likewise, aid us in preventing potential
biasing.

C. Measures

We leverage user interaction, self-assessment, and personal-
ity metrics to have a better understanding of how the framing
context affects the decision-making process:

User interaction Past work by Wall et al. [5] recommend
recording mouse activity to understand how participants inter-
acted with the visualization. We decided to record the inter-

action volume, which is the number of hovers per program
(bar) each participant triggered while taking their choice for
each framing condition. When hovering over each program,
the tester has access to the exact values of the hovered program
(Figure 2, on the right-hand side). For instance, if the user
hovers over option C, the exact value 400 is added with
a tooltip to the bar. If the hovered option is a risky one,
such as option D, the tooltip provides the upper and lower
bounds of the confidence interval. Additionally, we collect
the decision time in seconds. We start counting after the
assistant explains the procedure to the tester and end when
the participant submits their decision.

Decision-Making Per framing context, we record the choice
of each participant (risky or not risky). Additionally, we collect
the perceived risk of the choice taken since subjective
feedback has provided further insights into the decision pro-
cess [37], [38]. In particular, participants have to assess per
framing context the riskiness of their choice through a seven-
point Likert scale ranging from Not risky at all (1) to Extremely
risky (7).

Demographics We recorded the gender, age, and self-
reported visual acuity of each participant and whether they
were color-blind. Moreover, we collected participants’ subjec-
tive overall risk attitude and familiarity with each idiom chosen
for our research.

D. Expected Findings

Our study design is based on the work of Tversky and
Kahneman [10]. We aim to understand whether visualization
can attenuate the priming effect by answering the following
research question: Can bar charts with error bars alleviate
the framing effect? In case visualization does not promote
resiliency to the framing effect, decisions taken upon our
positive framing condition will be risk-averse (option A) and
risk-seeking (option D) for the negative one. However, we
cannot make robust predictions regarding the framing effect
since there is no other study on this topic. Concerning decision
time, we anticipate participants will take longer to decide on
the negative framing condition of the study as opposed to the
positive one, given the nature of the frame. Accordingly, we
expect them to assign a lower risk score for the choice in the
positive framing condition. Further, we presume the negative
framing condition will require more hovers than the positive
one. Moreover, per framing condition and due to the risk these
options entail, we predict the risky options (B and D) to detail
a higher number of hovers than the not risky ones (A and C).



Fig. 1. The positive framing condition of the study, indicating the survivors for each option. Participant’s ID and choice selected, thus, showing the submit
button. The specific options are annotated between square brackets on the image and were not shown to participants.

Fig. 2. The negative framing condition of the study, indicating the deaths for each option. In here, hovering a program and, therefore, showing the details
about it. The specific options are annotated between square brackets on the image and were not shown to participants.

E. Procedure

We recruited 91 participants (51 females, 39 males, 1 other)
aged 17 – 59 (M = 26.33, SD = 10.646). Due to constraints
from COVID-19, we conducted each user test as a Zoom video
meeting with one experimenter at a time. Each study session
began with an introductory text including a description of what
should be expected from the experiment and what would be
asked of each participant. After consenting to the collection
and further analysis of their data, participants answered the de-
mographic questionnaire. Each individual was presented with
a tutorial image of both idioms used, revealing how to interpret
the data from each one. The explanatory images showed data

unrelated to the problem of the study itself and that was, in
addition, explicitly mentioned to the users to prevent potential
biases. Once they finished the questionnaire and tutorials, the
core phase of the experiment began. Each participant was
randomly assigned to start with either the positive or negative
framing condition and received the opposite one. We informed
participants about the decision’s context and available options
for each framing condition. In particular, we prompted the
individuals to pay attention to the expected values of both
options. Once the session was over we would thank the
participants for their time, explain the goal of the study –
solely at the very end also to prevent bias – and store all the



information gathered in that session.

F. Data Analysis
Our experiment follows a within-subjects factorial design

with two independent variables. The framing condition has
two levels – positive or negative. Further, the risk factor also
has two levels – risky or not risky. We used a two-way repeated
measures ANOVA to determine if there are statistically sig-
nificant main and interaction effects of the framing condition
and the risk factor on the interaction volume. We also used
one-way repeated measures ANOVAs to study the effects of
the framing condition on the decision time and self-reported
riskiness of the choice. Additionally, we used McNemar’s
test [39] with continuity correction [40] to determine if the
framing strategies effectively primed individuals.

IV. RESULTS

This section covers our study’s results, tackling the framing
context’s effect on user interaction and decision-making. Fig-
ure 3 provides an overview of the descriptive statistics. As we
mentioned, we randomized the order by which the participants
were exposed to a frame. Our next step is understanding
whether user interaction or decision-making allows us to check
whether the individual was primed. Data are presented as mean
± standard error unless otherwise stated.

A. User Interaction
We analyze two user interaction metrics to understand

whether the different frames affected how users interacted
with the visualizations while deciding the program choices.
First, we analyze the interaction volume, i.e., how many hover
events participants triggered per program choice. We started by
running a two-way within ANOVA to study the relationship
between the frame and the risk factor of the option in the
number of triggered hover events (Figure 4). We did not find
an interacting effect between the framing condition and the
risk factor of the program, F (1, 90) = 0.266, p = .607, partial
η2 = .003. However, we found a measurable main effect
from the risk factor, F (1, 90) = 10.637, p = .002, partial
η2 = .106. In particular, participants triggered more hover
events in the bar showcasing the risky option (3.214± 0.220)
than in the bar showing the not risky option (2.835 ± 0.210)
with a statistically significant increase of 0.379 (95% CI,
0.148 to 0.610) events, p = .002. Although the frame did
not produce a statistically significant main effect, F (1, 90) =
3.432, p = .067, partial η2 = .037, the p-value was close
to the acceptance level. Participants triggered more hover
events under the negative frame (3.247 ± 0.276) than under
the positive frame (2.802± 0.197).

Second, we analyzed whether the framing affected the time
users took to decide. We ran a one-way ANOVA with the
frame as the independent variable. We found that the time
users took to decide did not significantly vary between the
frame conditions, F (1, 90) = 2.351, p = .129, partial η2 =
.025. However, results suggest that people were faster in the
positive frame (45.035 ± 2.248 seconds) than in the negative
frame (49.02± 2.874).

B. Riskiness of Choice

A one-way ANOVA showed a nonsignificant main effect of
the frame on the self-reported choice riskiness, F (1, 90) =
0.035, p = .853, partial η2 < .001. The results by frame
suggest that people consider their choices in the positive frame
as slightly less risky (3.99± 0.176) than those in the negative
frame (4.02± 0.180).

C. Priming Effect

We started our analysis by looking at the choices in each
framing condition (Table III). Data are mean ± standard
deviation in this section. For the positive framing condition
of the study, 58 participants (63.74%) chose the risky option
(B), while 33 participants (36.26%) settled for the not risky
one (A). We found a similar trend in the negative framing
condition with 61 participants (67.03%) picking the risky
program (D) and 30 participants (32.97%) opting not to take a
risk in their choice (C). These changes were a consequence of
3.29% (0.6703−0.6374×100) more participants choosing the
risky option upon the negative framing condition of the study.
However, we must examine the discordant pairs to study the
framing effect. 19 participants went for the not risky option
upon the positive framing condition, giving a different answer
while in the negative one. Moreover, 16 participants chose the
risky option during the positive framing condition of the study
and opted for the not-risky one when in the negative framing
condition.

We ran a McNemar’s test [39] with continuity correc-
tion [40] to determine if there was a difference in the
proportion of participants who took a risk in their choice
between the positive and negative framing conditions. The
proportion of participants who opted for the risky option
increased from 63.74% in the positive framing condition to
67.03% in the negative one, a not statistically significant
difference, χ2(1) = 0.114, p = 0.735. With this, we concluded
that the proportion of participants who chose to risk did not
(significantly) differ between framing conditions - positive and
negative. Thus, we could not reject the null hypothesis as the
test results indicated there is not sufficient evidence to say that
the differences in the dichotomous dependent variable - choice
- between two related groups - positive and negative conditions
- were not equal. Moreover, a one-way within ANOVA shows
that there is no statistically significant difference between
the frame conditions regarding the self-assessed risk of the
decision, F (1, 90) = .035, p = .853, partial η2 < .001.
In other words, we did not find significant evidence like
Tversky and Kahneman [10]. Although results suggest that
the framing strategies led participants to interact differently
with the dashboard, minimizing the priming effect leads us
to conclude that bar charts with error bars help mitigate the
framing effect but not to a full extent.

V. DISCUSSION

The gathered results prove that framing bias is worthy of
further and deeper research within the InfoVis community.



Fig. 3. Quantitative results of the experiment per framing condition and risk factor.

Fig. 4. Estimated marginal means of the number of hover events triggered
in each option across framing conditions.

TABLE III
CROSSTABULATION OF THE DECISIONS BETWEEN THE FRAMING

CONDITIONS. ADJUSTED RESIDUALS APPEAR IN PARENTHESES NEXT TO
THE OBSERVED FREQUENCIES.

Positive Framing
Risky Not Risky Total

Negative Framing Risky 42 (1.4) 19 (−1.4) 61
Not Risky 16 (−1.4) 14 (1.4) 30

Total 58 33 91

In particular, when the core function of these systems is to
support the human decision-making process.

A. Explanation of Findings

We decided to employ a simple dashboard containing a bar
chart. For each framing context, we provided two possible hy-
potheses encoded as bars. Moreover, both hypotheses showed
the same expected value. It means that the expected result
will be the same independently of the participant’s choice.
In particular, one of the bars included the confidence interval
lines to showcase that that hypothesis included some risk.

Looking at the participants’ choices, we can observe that
the risky option is taken 63.74% of the time in the positive
frame and 67.03% in the negative frame. This result allows
us to understand that our sample user opts for a decision
containing some risk. However, the most exciting fact is
related to the evident change between a risky and a not risky
option based on the frame. Although the expected value is
the same within each frame set, some people prefer to be
risky in one frame and avoid risk in the other. Consequently,
these individuals were primed by the frame of the context.
Nevertheless, our results suggest that the framing techniques
could only prime 38.5% of the individuals since 56 (61.5%)
participants did not change their decision between frames.

The negative framing condition showed that most individ-
uals opted to take a risk in their choice, having 61 out of the
91 subjects choosing option D. This result was in line with
what was expected. However, the positive framing condition
had the majority of participants also deciding on the risky
option (B) - 58 out of the total of 91 participants in our study.
Additionally - despite it not being a statistically significant find
- the number of hovers was higher for the negative framing
condition. As for the hovers between the risky and not risky
options within each condition - positive and negative -, these
were statistically significantly different. The risky options (B
and D) withheld a higher number of hovers overall - possibly
due to how it was the most chosen option in both framing
conditions. This trend derives from the participants wanting to
check the lower and upper bounds of the interval. Since the not
risky bar encoded a fixed value, there was no need to check the
absolute expected value frequently. However, our results also
provide further insight by suggesting that the negative frame
led participants to trigger more hover events and spend
more time deciding. It hints that the testers weighted both
options more when conferred with a negative frame. Moreover,
the testers triggered more hover events in the bar, representing
their choice in both frame settings. These exciting results may
provide some apriori knowledge of how the decision will be
made.



Regardless of it not being a statistically significant differ-
ence, the perceived risk of the choice taken in the negative
framing condition was higher than the decision made in the
positive one. Such occurrence aligns with the higher amount of
time taken to choose in the negative study condition. Despite
the difference between proportions not being significantly
different, some participants appear to have been primed, rein-
forcing the possibility of framing bias within this context. All
this evidences the importance of further exploring the framing
bias within InfoVis systems to support the decision-making
process better and avoid biased choices.

B. Experimental Implications

There is no consensus on what constitutes a good visual-
ization to support decision-making, particularly when investi-
gating the possible inherent framing bias present. We began
our work with the initial problem that led to the discovery
of this bias. Attempting to build on it and bring it into the
InfoVis community, we plucked inspiration from the small
body of research intersecting the decision-making process and
visualization.

Studies that commonly focus on the effect of cognitive
biases on decision-making present the decision problems
through written or audio channels (e.g., [2], [10]). To the best
of our knowledge, there is no measure to assess the framing
bias of individuals. We considered the priming of individuals
to be the changing of behavior. That is, the changing of opting
for a risk-taking or risk-averse approach between the two main
conditions of our work - positive and negative framings. With
this framing strategy in mind, the obtained results suggest that
visualization may help individuals be less susceptible to
the framing effect. In particular, while Tversky and Kah-
neman [10] found that participants were significantly primed
by the framing effect, depicting the possible choices through a
bar chart alleviated the priming effect. Our study adds to other
techniques used in the visualization research field to diminish
the susceptibility to priming effects. For instance, Dimara et
al. [20] countered the attraction effect by creating a feature
to allow users to remove information from scatterplots that
should not affect rational decision-making. As such, our work
opens several opportunities to assess whether the countering
effect of visualization transfers to other decision problems.
Further, designers should include visualizations in decision-
support systems to alleviate the framing effect.

C. Limitations and Future Work

The most significant limitation of our study stems from the
lack of research concerning framing bias. In particular, there
is no algorithmic measure to assess the framing effect and
determine if individuals were affected by it and the quality
of the decisions taken. Another limitation is that our results
only apply to the specific context from which we derived
the frames. Regarding user familiarity, most participants in
our study were either familiar or very familiar with the bar
chart visualization (M = 6.52, SD = 0.765). For the bar chart
with the error bar, the self-reported familiarity levels were

more scattered across the 7-point Likert scale used to assess
it (M = 4.59, SD = 1.646). However, both familiarity levels
are positive on the scale, and consequently, we can assume
that individuals understood the visual encodings. Nonetheless,
future work should account for the effect of visualization liter-
acy in the framing bias. Another exciting measure to leverage
is the self-reported overall risk attitude of the participants.
Participants were more prone to follow risky strategies (M
= 4.40, SD = 1.201). Future work should consider a more
balanced sample.

Our research was merely able to encompass one chart
type. It leaves room to explore further encodings - simple
or complex - and other types of framing, problems, and
distinct problem contexts. Regarding the experiment, using
confidence intervals (CI) indicating two values rather than a
fixed (not risky) one may have affected the number of hovers
of each option. Thus, future work may also explore different
ways to represent the uncertainty inherent to the different
options presented to users [41], such as using probabilistic
overlays like blurred regions or gradient shading, providing
credibility bands, using glyph-based approaches like density
plots, leveraging narrative techniques such as uncertainty
annotations, or enabling interactivity to allow users to ex-
plore how uncertainty impacts their choices. Finally, complex
thinking through visualization becomes more susceptible to
individual characteristics [42]–[44]. It is possible to enrich
the user profile of the decision-maker with dynamics from
psychological constructs. In particular, InfoVis systems with
access to personality data can detect if the decision-maker will
be more susceptible to irrational decisions. In that case, the
system can adapt its content or provide further assistance to
counter the priming effect and, consequently, allow the user
to make a (more) rational decision.

VI. CONCLUSIONS

While designing a visualization, one must consider three
limitations: computers, displays, and humans. Not only is
human vision limited, but human reasoning too. Hence, to
begin to understand how visualizations can support humans,
it is imperative to consider such pitfalls present within human
judgment and decision-making and understand how these
limitations might affect data visualization systems. Our ex-
ploratory study focused on this, with a particular aim to
delve into the influence framing bias may have within the
visualization community. Our results shed new light on under-
standing the framing bias within the InfoVis field, suggesting
that leveraging bar charts with error bars helps mitigate the
framing effect. We can use this knowledge to explore which
visualization techniques prime individuals based on utility
theory and devise a set of design guidelines to improve the
design of visualization-based decision support systems.
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“Exploring the role of conscientiousness on visualization-supported
decision-making,” Computers & Graphics, vol. 111, pp. 47–62, 2023.


