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Abstract
Incorporating data facts, which are natural language descriptions
of data patterns, alongside visualizations can guide readers and en-
hance the visibility of data patterns. However, data facts might also
induce confirmation bias in visual analysis. We conducted a series
of crowdsourced experiments to explore the biasing effects of data
facts. Our findings show that the presentation style, strength, and
alignment of data facts with pre-existing beliefs significantly impact
confirmation bias. Data facts that support prior beliefs can exacer-
bate confirmation bias, whereas those that refute an individual’s
beliefs can mitigate it. This effect is amplified when data facts are
used in combination with visual annotations. Data facts describing
variable correlations are perceived to be more compelling than ones
describing average values and are associated with higher levels of
confirmation bias. We underscore the persuasive influence of data
facts in visualizations and caution against their indiscriminate use
in efforts to mitigate bias.

CCS Concepts
• Human-centered computing → Empirical studies in visual-
ization.
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1 Introduction
People can easily become overwhelmed by data and exhibit biased
behavior in visual analysis and decision-making [17, 63, 64]. One
particularly insidious bias in this context is confirmation bias–—the
tendency to seek out and interpret information in ways that affirm
preexisting beliefs [43]. In data communication and visual analytics,
this bias is especially problematic when a visualization allows for
multiple interpretations, as it shapes the takeaway to align with
prior beliefs, thereby hindering objective data analysis.

A common misconception among visualization readers is that
visualizations present objective truths, leading them to believe
that ‘what they see’ is inherently ‘what is.’ This assumption can
cause even seasoned analysts to fall prey to confirmation bias,
seeing only what aligns with their beliefs and expectations and, as
a result, drawing inaccurate or sub-optimal conclusions. Research
in psychology and visualization has shown that confirmation bias
is notoriously difficult to overcome [73]. Even awareness of the bias
offers little protection [17, 29].

This phenomenon can be further complicated by the complex
interactions between visualizations and text. Textual annotations,
which we define as text-based notes added to explain or comment
on visual patterns in visualizations, can emphasize key messages
to help readers spot relevant data patterns efficiently [6, 28, 58]
and even shape the interpretation of the data [30, 31, 57]. In this
work, we investigate the impact of a specific type of textual annota-
tion (data facts) on confirmation bias in visual data communication.
Data facts are natural language descriptions of data insights rang-
ing from pointing out a single value in a visualization to complex
comparisons of data distributions [56].

Widely used visualization tools, such as Tableau, Microsoft
Power BI and Google Charts [1, 14, 24], often leverage the power of
automation to generate data facts from visualizations. The intent
is to help data analysts extract data patterns more efficiently [25].
However, these data facts may subtly bias people [57]. For instance,
consider data facts in the form of searchable natural language trends
in the data (e.g., the Voder system [56]). An analyst might cherry-
pick evidence that supports their hypothesis while ignoring con-
tradictory data. Alternatively, data facts might encourage critical
thinking, offering the analyst alternative perspectives that chal-
lenge pre-existing beliefs and reveal overlooked patterns. Thus in
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this work, we examine the potential of data facts to mitigate or ex-
acerbate confirmation bias in visual analysis. We empirically test
these intuitions to systematically assess the risks and benefits of
displaying data facts with visualizations.

1.1 Research Questions and Hypotheses
Across three preliminary studies and one primary experiment, we
ask the research question:

RQ: How does the presence, presentation style, and strength of
data facts impact the manifestation of confirmation bias in visual
data communication?

We explore how confirmation bias may be exacerbated or mit-
igated by data facts (in our experiment design, we operationally
refer to data facts as brief textual summaries highlighting statisti-
cal patterns in visualizations) when combined with visualizations
across five hypotheses. To better understand the factors influenc-
ing confirmation bias in visual data communication, we draw on a
range of psychological and data visualization research to formulate
hypotheses.

First, we investigate the effect of prior belief on confirmation
bias. Previous research in psychology has shown that confirma-
tion bias can fluctuate in severity depending on the relationship
between the user’s stance and the displayed information. For ex-
ample, confirmation bias is more pronounced when people hold
stronger attitudes [7]. Hence, we examine whether the impact of
prior belief extends to the interpretation of visual communication.
This will also help us account for the effect of prior belief in later
analyses to reach more generalizable conclusions on the effect of
other experimental factors.

H1 - Prior Belief Strength: Participants with stronger prior
beliefs will exhibit stronger confirmation bias.

Similar to prior beliefs, the data topic is another contextual factor
that is difficult to control when visualization researchers build tools
or generate best-practice guidelines for visual analysis in the real
world. Data topics might interact with the strength of one’s prior
beliefs to consequently impact the degree of confirmation bias. For
instance, political or polarizing topics in which people tend to have
stronger prior beliefs may bemore likely to exacerbate confirmation
bias than more neutral topics [16, 62, 71].

H2 - Topic: Confirmation bias will be higher with a more polar-
izing dataset (COVID-19 Vaccination) compared to a less polarizing
dataset (Diet Choices).

With the previous two hypotheses and subsequent analysis, we
can build models to control for the effect of prior belief and data
topics to investigate the role of data facts in influencing confirma-
tion bias. Data facts can either support or refute one’s prior beliefs
to differently affect confirmation bias. Prior research has revealed
that individuals tend to perceive a visualization as less credible
when the title is inconsistent with their prior beliefs compared
to when the title is consistent with their beliefs [30]. We thus test
how data facts and belief alignment impacts the manifestation
of confirmation bias.

H3 - Data Facts Alignment: Confirmation bias will be higher
when visualizations are accompanied by data facts that support
participants’ prior beliefs, and lower when the visualizations are
accompanied by data facts that refute participants’ prior beliefs,

compared to when the visualizations are shown without any data
facts.

We also investigate the presentation style of data facts. More
visualizations are generated in analytic environments with accom-
panying data facts [56, 69]. Further, textual data facts are often
accompanied by visual annotations (in our experiment design, we
operationally define visual annotations as graphical elements that
emphasize a specific data point or pattern) to enhance the effec-
tiveness of data presentation [10, 51, 52, 55]. Recent advances have
even integrated auto-generated visual annotations, derived from
textual descriptions of data, to streamline the annotation process
[33]. These advancements in technology motivate us to investigate
how representing data facts with visual annotations and textual
annotations affect confirmation bias.

H4 - Data Facts Presentation Style: Confirmation bias will be
strongest for participants who view data visualization with sup-
porting textual data facts only, followed by textual data facts with
visual annotations, and then No Data Facts. For refuting data
facts, confirmation bias will be lower when participants view vi-
sualizations with textual data facts only, followed by textual data
facts with visual annotations.

Finally, we consider the strength of the data facts themselves.
Previous studies have demonstrated that captions highlighting key
visual features in data visualizations make these features more
salient [74]. Readers often interpret these captions as the primary
chart takeaway [28]. Building on this, we examine whether this
effect extends to data facts. We generated a set of data facts that
describe different insights, referencing the taxonomies proposed
by Amar et al. [2], to create a ranked list of data facts varying in
persuasive strength. We test the effect of data facts on confirmation
bias based on their strength.

H5 - Data Facts Strength: Confirmation bias will be higher
when ambiguous visualizations are presented with supporting
stronger data facts (i.e., describing correlations) compared to sup-
porting weaker data facts (i.e., describing a derived value). Confir-
mation bias will be lower when visualizations are presented with
refuting correlation data facts compared to refuting derived value
data facts.

1.2 Summary of Findings
A summary of our findings can be found in Table 1. Our results
showed that data facts can exacerbate confirmation bias when their
phrasing supports an individual’s prior beliefs, and this effect
is further exacerbated when accompanied by visual annotations.
Conversely, data facts can mitigate confirmation bias when their
phrasing refutes an individual’s prior beliefs. Our findings high-
light a critical drawback of incorporating textual summaries into
data visualizations: data facts can introduce bias, particularly when
they align with individuals’ prior beliefs. However, we also found
that data facts show promise in bias mitigation when the data fact
supports a refuting hypothesis. We discuss the implications of these
findings for visualization design and suggest that careful consider-
ation is needed when adding textual annotations—whether as titles
or descriptions—to ensure that the interpretation remains balanced
and not overly influenced by these textual elements.
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Hypothesis Support Finding Summary

H1 Participants with stronger prior beliefs will exhibit stronger 
confirmation bias. Supported The strength of pre-existing beliefs is positively correlated 

with the level of exhibited confirmation bias.

H2
Confirmation bias will be higher with the more polarizing dataset 
(COVID-19 Vaccination) compared to the less polarizing dataset 
(Diet Choices).

Not Supported The polarization level of the visualized topic does not have 
an effect on confirmation bias.

H3

Confirmation bias will be higher when visualizations are 
accompanied by data facts that support participants' prior beliefs, and 
lower when the visualizations are accompanied by data facts that 
refute participants' prior beliefs, compared to when the visualizations 
are shown without any data facts.

Supported

Supporting Data Facts lead to a higher level of confirmation 
bias compared to when there are No Data Facts.

Refuting Data Facts result in a lower level of confirmation 
bias compared to when there are No Data Facts.

H4

Confirmation bias will be strongest for participants who view data 
visualization with supporting textual data facts only, followed by 
textual data facts with visual annotations, and then No Data Facts. 
For refuting data facts, confirmation bias will be lower when 
participants view visualizations with textual data facts only, followed 
by textual data facts with visual annotations.

Partially Supported

Supporting Data Facts with Visual Annotation lead to a 
greater level of confirmation bias compared to when there 
are No Data Facts.

No significant difference was identified between Refuting 
Data Facts with Visual Annotation,  Refuting Data Facts 
only, and No Data Facts.

H5

Confirmation bias will be higher when ambiguous visualizations are 
presented with supporting strong data facts (i.e., describing 
correlations) compared to supporting less strong data facts (i.e., 
describing a derived value). Confirmation bias will be lower when 
visualizations are presented with refuting correlation data facts 
compared to refuting derived value data facts. 

Partially Supported

Supporting Correlation Data Facts lead to a higher level of 
confirmation bias compared to No Data Facts.

Refuting Correlation Data Facts result in a lower level of 
confirmation bias compared to No Data Facts.

Table 1: Results on Research Question Hypotheses. Data facts that support prior beliefs tend to intensify confirmation bias,
while those that refute prior beliefs can mitigate it. Data facts describing key visual features can further amplify this effect.
Additionally, visual annotations with supporting data facts exacerbate confirmation bias. Rows highlighted in blue indicate
hypotheses that received partial or full support.

2 Related Work
2.1 Data Facts
Natural language descriptions of data patterns, so-called data facts,
are a common feature in many visualization systems such as Voder
[56], PowerBI QuickInsights [18], and others [34, 37, 39, 45, 50, 58].
They are often used with charts to summarize or highlight key
insights [4, 56], or to guide further analysis by recommending
alternate visualizations to explore [18, 56]. Use of data facts for
data communication and exploratory data analysis offers several
advantages including reducing manual labor involved in data ex-
ploration [4, 35], increasing reader engagement, interpretation&
sense-making[4, 34, 50, 58], and improving accessibility for indi-
viduals with low vision and/or low data literacy [45, 58]. While
researchers acknowledge challenges due to the use of automated
generated data facts in general – such as user mistrust [35, 37, 56],
spurious insights [4, 13] and the potential for increase in cognitive
biases [37, 49] – there is little empirical evidence to support these
concerns related to data facts in particular.

2.2 Impact of Textual Content Alongside Data
Visualization

Prior studies from Stokes et al. have demonstrated that readers
exhibit a strong preference for integrating textual content and
data visualizations for enhanced comprehension [58]. Meanwhile, a
combination of text content (such as titles, captions) in addition to

visualizations can significantly impact information recall, reasoning,
and decision-making processes of the readers. For example, earlier
work has shown that visualization readers are more likely to recall
information conveyed by a biased title than the actual graphic
contents [30, 31]. Captions that match the key visual feature in data
visualizations enhance the likelihood of viewers perceiving this
feature as the main takeaway while mismatches between captions
and charts can lead to overlooked details from the captions [28].

Additionally, researchers have explored how the interaction be-
tween accompanying text and participants’ pre-existing beliefs
shapes individuals’ perceptions of data visualization. Kong et al.
observed individuals perceiving a data visualization as less credible
when its title was inconsistent with their pre-existing beliefs [31],
even when the data visualization contents remained consistent with
those beliefs. More recently, Stokes et al. [57] found that people
perceive the authors of a visualization to be more biased if the
visualization is accompanied by textual annotations. The amount
of perceived bias is exacerbated when the text annotation conflicts
with the readers’ pre-existing beliefs. We focus on confirmation
bias and build on prior work in two key ways. First, we move
beyond textual annotations in visualizations to also examine the
impact of visual annotations. Second, we shift from evaluating per-
ceived biases in the author’s stance and credibility to quantifying
how strongly a visualization supports or refutes a particular stance.
These manipulations enable us to derive quantitative models that
predict how effectively a visual or textual annotation can nudge
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individuals toward a certain interpretation, given their prior beliefs
and the visual evidence presented.

2.3 Confirmation Bias
In psychology, confirmation bias is a widely recognized inferen-
tial error where individuals seek and interpret evidence that aligns
with their pre-existing beliefs, expectations, and hypotheses [21, 43].
This tendency has been extensively investigated in other disciplines
as well. For instance, sociological studies reveal that people con-
sistently engage with news that supports their pre-existing beliefs
[38], while scholars often favor evidence supporting their preferred
theories without thoroughly considering contradicting perspec-
tives [54]. In political science, Taber and Lodge highlighted how the
tendency to seek confirmatory evidence among individuals with
conflicting political stances significantly contributes to polarization
in political beliefs [59].

In the context of data visualizations, prior research has devel-
oped methodologies to detect and counteract confirmation bias
[11, 15, 42, 44, 75]. This bias manifests when individuals interpret
visualizations in a way that aligns with their prior beliefs, leading
them to overemphasize supportive visual patterns while downplay-
ing contradictory information. Additionally, researchers have found
that the clarity and complexity of visualizations can significantly in-
fluence their perceived trustworthiness [19, 48]. Psychological stud-
ies further show that confirmation bias is more pronounced among
individuals with strongly held pre-existing beliefs [7], suggesting
that both the strength of pre-existing beliefs and the perceived
reliability of visual evidence play crucial roles in the manifestation
of this bias.

Motivated by these insights, our experiments aim to assess the
magnitude of confirmation bias when individuals reason with data
visualizations accompanied by textual annotation. Our research
goes beyond merely detecting the presence of confirmation bias to
understanding how these elements interact to influence the extent
of bias in interpretation.

3 Study Overview
In this work, we examine the effect of visual and textual annotation
on confirmation bias in visualizations. This type of investigation
is sensitive to contextual factors such as the visualization topic,
the complexity of the data visualization, the patterns in a visu-
alization that the data facts describe, and our participants’ prior
beliefs. Therefore we conducted a series of preliminary studies (PS)
to identify the optimal experimental parameters for our main study,
including:

• PS 1: a range of topics with various prior belief distributions
among participants,

• PS 2: visualization stimuli that are ambiguous and, according
to an individual’s prior beliefs, could be selectively inter-
preted as supporting or refuting, and

• PS 3: a set of data facts with different strengths to explore
their impact on confirmation bias.

We conducted our main study using experimental parameters
determined by the preliminary study. We provide a list of the de-
pendent variable (DV) and independent variables (IV) we examined
for the impact on confirmation bias in our main study.

• DV : amount of confirmation bias
• IV 1 (H1): prior belief strength
• IV 2 (H2): chart topics (vaccination, dietary choices)
• IV 3 (H3): data facts alignment (supporting, refuting)
• IV 4 (H4): data facts presentation style (none, textual, textual
+ visual)

• IV 5 (H5): data facts strength (correlation, derived value)

4 Preliminary Studies
Participants for all preliminary studies were recruited through the
crowdsourcing platform Prolific [46]. We screened for participants
who are based in the United States who are fluent in English and
have a study approval rate greater than 95%. Individuals who partic-
ipated in any one study were ineligible to participate in subsequent
ones. The study plans were reviewed and approved by the authors’
university ethics board.

4.1 Preliminary Study 1: Data Topic Selection
Existing beliefs significantly impact how one processes information.
The topic of a visualization can trigger varying beliefs, making the
reader more or less susceptible to confirmation bias [26]. Topics
unfamiliar to readers are less likely to elicit confirmation bias due to
a lack of pre-existing beliefs, whereas polarizing or political topics
are more likely to elicit confirmation bias as individuals’ entrenched
stances are less likely to move [40]. To enhance the robustness of
our work, we tested various topics to identify ones associated with
strong and weak prior beliefs. The main study uses topics selected
from this set. This approach allows us to account for the effects of
prior belief strength.

Participants. We recruited 40 participants from the crowdsourcing
platform Prolific (𝑀𝑎𝑔𝑒 = 33.59, 𝑆𝐷𝑎𝑔𝑒 = 12.47; 20 Male, 18 Female,
1 Non-binary, 1 Prefer not to disclose).

Tasks & Procedure. Participants were presented statements on 16
topics (e.g., vaccine, dietary preference, government surveillance) in
a random order, such as “COVID vaccination should be a mandatory
policy.” The full list can be found in Figure 1. Following a similar
set-up as prior work that used belief elicitation (e.g., [73]), we
asked participants to rate the “extent to which they agree with the
statement” on a scale ranging from "-100 = Strongly Disagree” to “0
= Neutral” to “100 = Strongly Agree.” The study ended with several
optional demographic questions including their age and gender.

Measuring Topic Polarization. The data we collected presents
a distribution of scores for each topic. We employed a continu-
ous slider labeled with "Strongly Disagree" on the left, "Neutral"
in the center, and "Strongly Agree" on the right. The numerical
range of the slider was not visible to participants, who only saw the
labels on the slider ("Strongly Disagree", "Neutral", and "Strongly
Agree"). We categorized scores below 0 into the ‘Disagree’ cluster,
and those exceeding 0 in the ‘Agree’ cluster. We aimed to select a
topic associated with strong, polarizing beliefs (so that regardless
of participants’ stances the topic would elicit strong beliefs), as well
as a neutral topic associated with weak beliefs. To this end, we com-
puted the Cluster-Polarization Coefficient (CPC) [41] to measure
the polarization of each topic. CPC captures two important features
of political and social polarization: intergroup heterogeneity (𝐵𝑆𝑆 ,
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which represents the variance between each cluster) and intragroup
homogeneity (𝑊𝑆𝑆 , which represents the sum of variance within
all clusters). Subsequently, we employed Equation 1 to compute the
CPC score. The score indicates the polarization level for each topic,
with 0 denoting no polarization (e.g., all participants consistently
adjusted the slider toward either the left (disagree) or right (agree)
side of the central point "Neutral," indicating unanimous disagree-
ment or agreement with the statement) and 1 indicating extreme
polarization (e.g., all participants in the disagree cluster moved the
slider to the exact same position at the left side of the central point,
while all participants in the agree cluster moved it to the exact
same position at the right side of the central point). Responses with
neutral beliefs were excluded when calculating CPC (3.4% of total
responses), as our goal was to explore polarization on both the
‘Disagree’ and ‘Agree’ sides of each topic.

𝐶𝑃𝐶 = 1 − 𝑊𝑆𝑆

𝑊𝑆𝑆 + 𝐵𝑆𝑆
=

𝐵𝑆𝑆

𝑊𝑆𝑆 + 𝐵𝑆𝑆
(1)

Results.We ranked all topics based on the computed CPC scores
(full details in supplementary materials). One potential limitation
of the CPC metric in our experiment setting could be that a CPC
of 1 indicates extreme polarization, but does not necessarily reflect
strongly held beliefs, as it could also result from participants agree-
ing and disagreeing uniformly on weak points. Consequently, we
validated our topic selection by examining the belief distributions
(as shown in Figure 1) to ensure the selected topics represent both
the desired polarization and strength of belief. The topics we ended
up selecting include:

• High polarization topic associated with stronger beliefs:
COVID-19 Vaccination (CPC: 0.74).
We selected ‘Vaccination’ as the polarizing topic based on
its highest CPC score and the concentration of strong beliefs
within both the agree and disagree clusters.

• Neutral topic associated with weaker beliefs: Diet Choices
(CPC: 0.65).
We selected ‘Diet’ as the neutral topic because it has the
highest percentage of beliefs near the neutral point (0), with
15% of participants within the [-5, 5] range. Although two
other topics, ‘Immigration’ (CPC = 0.61) and ‘Work from
Home’ (CPC = 0.51), also have 15% of beliefs near neutral,
‘Diet’ maintains a higher level of polarization (0.65). We
chose the topic with the higher CPC score because it reduces
the likelihood of a skewed belief distribution (e.g., topic 16-
Pet in Figure 1) among participants, which could hinder their
reception to evidence that contradicts participants’ common
assumptions.

4.2 Preliminary Study 2: Visualization Stimuli
Selection

Existingwork has operationalized confirmation bias as the tendency
to interpret ambiguous evidence in a way that supports one’s prior
beliefs [9, 12, 29]. Building on this idea, we measure confirmation
bias by examining how much participants perceive an ambiguous
data visualization—one that neither strongly supports nor refutes
an existing belief—as supporting their own beliefs. A visualization
can contain multiple patterns. Readers can draw different inferences

about data depending on what patterns they pay attention to [6]. To
conduct our main study, we need a set of ambiguous visual stimuli
that are just complex enough to allow for various interpretations
but still straightforward for participants to engage with. This pre-
liminary study tackles this goal via two stages. First, we identify the
optimal data set size so the visualization is complex but not over-
whelming. Second, we tweak the data values to generate ambiguous
patterns in data that can be interpreted in competing directions.
Our goal is to create stimuli with evenly divided interpretations:
approximately 50% of the responses should indicate seeing a pre-
dominantly increasing trend, and the rest a decreasing trend. Using
ambiguous visualizations for our study not only provide us the max
amount of space to observe variance in data patterns to avoid floor
and ceiling effects, but also provides a clean, conservative measure
of confirmation bias as the observed confirmation bias will be less
influenced by the visualization’s inherent narrative. If we instead
used a non-ambiguous visualization that explicitly takes a stance,
we would need to model its relative position to each participant’s
belief, introducing additional complexity and noise.

4.2.1 Stage 1: Determining Small Multiples Size.
Materials: Prior work suggested that bar charts depicting groups
of data can elicit ambiguous takeaways [57]. Therefore we gen-
erated four types of faceted bar charts: arranged in either 3 × 3
or 5 × 5 grids, with each facet cell within these grids featuring
either a single bar or two bars representing different groups. To
introduce ambiguity, we balanced the number of rows displaying
strictly ascending and descending trends in bar heights. We also
incorporated rows that presented neutral trends (an equal number
of descending and ascending trends between adjacent cells). For
each design, we created two datasets to further examine whether
the ambiguity persisted across different data sets. All stimuli from
this stage are included in the supplemental materials.

Participants: We recruited 83 participants (𝑀𝑎𝑔𝑒 = 39.23, 𝑆𝐷𝑎𝑔𝑒

= 13.84; 44 Male, 39 Female) from Prolific. Each participant was
randomly assigned to one of our visualization stimuli (3x3 single-
bar, 3x3 multi-bar, 5x5 single-bar, or 5x5 multi-bar).

Study Procedure: We designed a visual search task to evaluate
the complexity of each visualization following guidelines outlined
in Elliott et al. [20]. Each participant went through three visual
search tasks in a random order. Each task involved presenting a
visualization and asking users to determine whether it displayed
an increasing or decreasing trend in row-wise bar heights using a
two-choice forced response. We counterbalanced the order of the
response options (descending first or ascending first) to prevent
an ordering effect. Two of the tasks used the faceted bar charts we
designed. The third task served as a comprehension check, using a
visualization that depicted a strict descending trend across all rows,
to assess the participants’ ability to extract trends from visualiza-
tions. To avoid the impact of participants’ pre-existing beliefs on
data interpretation, we created hypothetical scenarios about alien
fictional gases (Gas Task) and chemicals in lake (Chemical Task)
for this study. We provide one example task below. The rest can be
found in the supplementary materials.

• Example Task (Gases Task): You need to determine which of
two fictional gases, Zytharane or Skylox, is dominant in a
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Statement

Covid vaccination should be a mandatory policy. 

Social media platforms should be heavily regulated to prevent 
misinformation and hate speech. 

Marijuana should be decriminalized. 

Government surveillance is necessary for national security purposes. 

A plant-based diet is a healthier dietary choice compared to a diet that 
includes meat. 

Allowing a greater amount of immigration is beneficial for a country’s 
economy. 

Online education is as effective as traditional in-person education. 

The maximum speed limit on a highway should be increased to 90 mph. 

Corporal punishment (physical punishment, such as caning or flogging) should 
be allowed at school. 

Working from home is more productive compared to working in the office. 

Students who play musical instruments tend to perform better in their studies. 

The media is politically biased. 

Higher positions in the workplace are held more often by men than women. 

Regular meditation practice enhances work productivity. 

Learning a second language improves overall cognitive function. 

Interacting with pets can improve mental well-being. 

Corporal Punishment

Topic Ranking

Vaccination

Social Media

Marijuana

Government
Surveillance

Diet

Immigration

Online Education

Speed Limit

Work from Home

Instrument

Biased Media

Gender Equality

Meditation

Language

Pet

0.74

0.73

0.67

0.65

0.64

0.62

0.61

0.60

0.55

0.51

0.49

0.47

0.34

0.17

0.17

0.00

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

Rank CPC Topic

Belief Distribution

NeutralStrongly Disagree Strongly Agree
Belief Responses from Participants

Figure 1: Preliminary Study 1 Results and Belief Distributions. Participant responses were collected as slider inputs and
visualized as histograms for each topic, with a bin width of 5 for each bar. The x-axis ranges from -100 to 100, with -100
representing ‘Strongly Disagree,’ 0 representing ‘Neutral,’ and 100 representing ‘Strongly Agree.’ We selected ‘Vaccination’ as the
polarizing topic, as individuals tend to hold strong prior beliefs about it, and ‘Diet’ as the neutral topic, where people generally
hold weaker beliefs.

sample consisting exclusively of these gases. Zytharane is
characterized by a warming effect, where its concentration
increases with rising temperatures. Conversely, Skylox ex-
hibits a cooling effect, with its concentration decreasing as
temperatures rise. This data visualization depicts the rela-
tionship between the atmospheric concentration of the gas
mixture and temperature changes. To examine the dominant
gas in mixture S, please analyze whether the visualization
shows an overall ascending or descending trend in the atmo-
spheric concentration as the temperature increases.

Each participant was forced to wait a minimum of 20 seconds
before answering to encourage a proper examination of each visu-
alization. After completing the three tasks, they were asked demo-
graphic questions including age, gender, and the highest level of
education.

Results: As shown in Figure 2 A , the 5 × 5 multi-bar condition
led to the most even split in participant response. We took a closer
look at participant feedback from Prolific direct messages. Many
indicated that the multi-bar visualization was confusing, and as

a result, they incorrectly approached the task by comparing the
two bars within the same cell for ascending or descending trends,
rather than comparing the overall bar heights across the same row.
Further, the 3 × 3 seemed was too simplistic of a visualization,
such that participants overall saw either only the ascending or the
descending trend (depending on the dataset). Therefore, we decided
to go with the 5 × 5 single-bar visualization.
4.2.2 Stage 2: Generating Ambiguous Data. In order to further im-
prove our 5×5 single-bar visualization to be consistently ambiguous,
we adjusted the specific data values to reach an even 50-50 split
amongst participants in terms of reported ascending or descending
trends.

Materials.We developed a Python script that simulates data values
in a 5 × 5 matrix to test a range of stimuli. The script enforces
the balance of the following patterns for each row to maintain
ambiguity (see supplemental materials for more details):

• Pattern 1 Strictly Ascending/Descending: The heights
of the five bars in a row progressively increase or decrease
from left to right.



Confirmation Bias: The Double-Edged Sword of Data Facts in Visual Data Communication CHI ’25, April 26–May 01, 2025, Yokohama, Japan

3 x 3 Multi-bar 3 x 3 Single-bar 5 x 5 Single-bar5 x 5 Multi-bar

Ascending
60.9% (14)

Descending
39.1% (9)

Ascending
13.0% (3)

Descending
87.0% (20)

Ascending
59.3% (16) Descending

40.7% (11)
Ascending
25.9% (7)

Descending
74.1% (20)

Ascending
50% (8)

Descending
50% (8) Ascending

31.2% (5)

Descending
68.8% (11)

Ascending
29.4% (5)

Ascending
58.8% (10)

Descending
41.2% (7)

Stage 1 Stage 2

Dataset 1

Dataset 2

Descending
70.6% (12)

Gases Task Chemical Task

Pe
rc

en
ta

ge

A B

Chemical Task Gases TaskGases Task Chemical Task Gases Task Chemical Task

Figure 2: Preliminary Study 2: Stage 1 (A) and Stage 2 (B) Conditions. In Figure 2 A, the depicted charts under assessed dimensions
are simplified graphical representations of the stimuli, the actual depicted charts in our study include titles, axis labels, and
tick marks (see supplemental materials). At the bottom of Figure 2 A, the bar charts illustrate the distribution of evaluations
for each stimulus dimension in Stage 1. We selected 5 × 5 single-bar stimuli, colored in brown, and chose datasets 1 and 2 from
the 16 generated datasets in Stage 2 as depicted in In Figure 2 B.

• Pattern 2 Overall Ascending/Descending: For a given
row, four out of five bars follow a strict ascending or de-
scending sequence from left to right.

• Pattern 3 Neutral trend: For a given row, the height differ-
ence between any symmetrical pair of bars (e.g., the first bar
on the left and the last bar on the right, the second and the
fourth bars) will not exceed 3 units. This specification keeps
enough variability in the neutral trend to appear realistic.

To ensure the ambiguity of each resulting visualization, the script
ensures there exists an equal number of rows following Patterns 1
and 2. We simulated 16 ambiguous data visualizations that satisfy
our criterion of ambiguity.

Participants.We recruited 100 participants (𝑀𝑎𝑔𝑒 = 37.92, 𝑆𝐷𝑎𝑔𝑒

= 12.38, 45 Male, 53 Female, 1 Non-binary, 1 Prefer not to disclose)
from Prolific and conducted two rounds of this preliminary study
(50 participants, 8 visualizations in each round).

Study Procedure. In each round, participants examined eight am-
biguous visualizations in random order and answered the question,
"Based on the visualization provided, please identify the general trend
in bar heights as you move from left to right across each row." Partici-
pants then selected one of two options: Ascending or Descending.
To ensure a thorough evaluation, each participant was required to
wait a minimum of 20 seconds before responding.We also randomly
inserted a control visualization with five strictly ascending rows
as a comprehension check to assess each participant’s ability to
reason whether the majority of rows depict an overall ascending
or descending trend. Participants who failed the comprehension
check were excluded from the data analysis.

Results. An ideal ambiguous visualization would be one in which
participants responded in equal proportions that the visualization
depicted an ascending v. descending trend (i.e., 50% ascending, 50%

descending). To account for noise, we consider stimuli sufficiently
ambiguous if participants’ response distributions fell between 40%
and 60% ascending/descending. Five stimuli satisfied this condition.
Among them, we selected the two visualizations that elicited re-
sponses closest to 50% ascending/descending, as depicted in Figure
2 B.

4.3 Preliminary Study 3: Strength of Data Facts
Data facts can vary in their persuasive strength [47, 57]. To ac-
count for the effect of data fact strength on confirmation bias, we
conducted this study to identify data facts with strong and weak
persuasiveness.

Participants. We recruited 40 participants (𝑀𝑎𝑔𝑒 = 33.35, 𝑆𝐷𝑎𝑔𝑒

= 9.29; 21 Male, 17 Female, 1 Non-binary, 1 Prefer not to disclose)
from Prolific. Each participant read visualizations with ten types of
data facts in random order.

Materials.
Data Facts: We designed ten types of data facts aligned with the
ten low-level analytic tasks delineated in Amar et al.’s framework,
similar to the approaches by Srinivasan et al. [2, 56]. These examples
are included in the supplemental materials.
Visualization: We used one of the 5 × 5 small multiples bar charts
as depicted in Figure 2, depicting the vaccination topic. This visual
stimulus is also included in the "Example Visual Stimuli and Data
Facts" panel in Figure 3.

Study Procedure. After obtaining informed consent, each partic-
ipant read 10 visualizations, each accompanied by a line of text
describing a unique data fact, in random order. We employed the
same slider settings as described in Section 4.1 to elicit participants’
prior beliefs on vaccinationswith the prompt: "Please rate the extent
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Data FactsRank Example

1 Correlation Data mostly suggest a positive correlation where fuller status is 
associated with higher mortality rate

2 Range

Average Strength

Strongly Refute
Prior Beliefs

Strongly Support
Prior Beliefs

Neutral Evidence

Direction Of the Evidence

From May 21st to May 25th, the range of mortality rates was from 1 to 14 deaths per million 
among unvaccinated individuals, compared to 5 to 19 for fully vaccinated individuals

Filter
Mortality rates among fully vaccinated individuals with additional booster 
surpassed 12 deaths per million people on both May 23rd and May 25th. 3 

Cluster
From May 23rd to May 25th, the pattern was similar with mortality 
rates among fully vaccinated individuals with additional booster being 
higher than that among fully vaccinated individuals with booster.

4 

Extremum The highest mortality rate on May 23rd was observed among fully 
vaccinated individuals with additional booster.

5 

Retrieve
Value

The mortality rate among fully vaccinated individuals with Booster 
on May 23rd was 14 deaths per million people.

6 

Describe
Distribution

On May 23rd, the mortality rates across all vaccination levels were 
skewed towards those with less complete vaccination statuses.7 

Sort The group order of increasing mortality rates from the lowest to the highest 
on May 23rd is: Partially Vaccinated < Fully Vaccinated < Unvaccinated < Fully 
Vaccinated with Booster < Fully Vaccinated with Additional Booster.

8 

Derived Value The average mortality rate was 7.68 deaths per million people among 
all individuals from May 21st to May 25th. 

9 

Outlier On May 25th, the mortality rate among fully vaccinated individuals is 
unusually high.

10 

Example Visual Stimuli and Data Facts Ranking Results

Supporting: On May 22nd, data mostly suggests a correlation 
where fuller vaccination is associated with lower mortality rate.

Refuting: On May 23rdd, data mostly suggests a correlation 
where fuller vaccination is associated with higher mortality rate.

Figure 3: Preliminary Study 3: Data Facts and Results. The strength of each type of data fact was assessed based on how strongly
participants perceived the data visualizations and facts as supporting their prior beliefs. The mean value and 95% confidence
intervals for each type of data fact are depicted in the confidence interval plot. The color coding indicates whether the mean
rating of each data fact leans toward supporting or refuting participants’ prior beliefs.

to which you agree with the following statement: COVID vaccina-
tion should be a mandatory policy." To measure the confirmatory
effect of each type of data fact, we manipulated all data facts to
align with participants’ prior beliefs. We also included an attention
check question: "If you are paying attention, please drag the handle
to the left end of the slider. This is an attention check." For each vi-
sualization, participants evaluate it by responding to the prompt:
"How strongly do you perceive this visualization and the accompa-
nying text to support the takeaway: COVID vaccination should be
a mandatory policy?" Participants responded using an interactive
slider ranging from strongly refuting (-100) to strongly supporting
(100). The numerical ranges for both sliders, eliciting prior beliefs
and visualization evaluations, were hidden from participants.

We also included a comprehension check at the beginning of
the study to ensure participants understood how to read our visu-
alization stimuli. We asked: "What was the mortality rate on May
22nd among partially vaccinated individuals?" as a multiple-choice
question. Participants who failed the attention check or the compre-
hension check were excluded from the analysis. Participants who
held a neutral belief were also excluded as this makes it impossible
to interpret potentially confirmatory belief updating.

Results. For each data fact, we calculated its perceived data fact
strength score following Equation 2. The term 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 represents
the input from each participant’s interactive slider. The data fact
strength score reflects the extent to which the participant perceived
the visualization (which was designed to be ambiguous and neutral)
to be aligned with their prior beliefs. We designed the experiment

such that participants only interacted with visualizations contain-
ing supportive data facts for evaluating confirmatory effects. A
positive data fact strength score (+) means the participant reported
the visualization to align with their prior beliefs, suggesting that the
data fact biased the visualization toward those beliefs. Conversely,
a negative score (-) means the participant reported the visualization
to refute their beliefs, indicating that the data fact biased the visu-
alization against those beliefs despite the data fact being designed
to be supportive.

𝐷𝑎𝑡𝑎 𝐹𝑎𝑐𝑡𝑠 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ = ± |𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 | (2)

We calculated the average strength score for each type of data fact
across all participants to produce a ranking of the strength for
each data fact, as summarized in Figure 3. We ultimately selected
‘Correlation’ as the strong data fact and ‘Derived Value’ as the weak
data fact for our main study. We used ‘Derived Value’ instead of
‘Outlier’ as the data facts with the lowest strength because the
‘Outlier’ condition resulted in a negative score, which could suggest
unfamiliarity with the concept and potential misunderstanding.
Hence we avoided using this data fact type.

5 Main Study
After the three preliminary studies, we conducted our main study
to address our research questions in a pre-registered experiment1.

1https://aspredicted.org/N78_C7G

https://aspredicted.org/N78_C7G
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Table 2: The statement for each topic

Topic Statement
COVID-19 Vaccination COVID vaccination should be a mandatory policy.
Diet Choices A plant-based diet is a healthier dietary choice compared to a diet that includes meat.

Figure 4 shows the experimental variables and procedure. A sum-
mary of our findings is presented in Table 1, with more detailed
analyses available in the supplemental materials.

Materials.
• Topics: To validate the impact of data facts across a broader
range of pre-existing belief strengths, we selected two topics
as determined from the Preliminary Study 1:
– [COVID-19 Vaccination] Amore polarizing topic where
individuals tend to hold strong beliefs either in support of
or opposition to mandatory COVID-19 vaccination.

– [Diet Choice] A less polarizing topic where individuals
tend to have relatively more neutral beliefs on whether a
plant-based diet is healthier than one that includes meat.

• Visual Stimuli: Based on the results of Preliminary Study 2,
we selected the ambiguous 5 × 5 small multiples bar charts
with a single bar per cell as the stimuli, with two synthetic
datasets.

• Data Facts: Two types of data facts with varying strengths
accompanies our visualizations, based on the results of Pre-
liminary Study 3.
– [Correlation] A more compelling data fact describing
the correlation between column and row variables.

– [Derived Value] A less compelling data fact describing
the average value of certain columns.

Conditions. Participants were randomly assigned to one of three
presentation styles as between-subjects conditions: textual data
facts with visual annotations, textual data facts only, or No Data
Facts. In all conditions, each participant read two visualizations,
with the topic and datasets counterbalanced with the display order,
as shown in Figure 4. For those in the textual data facts only and the
textual data facts with visual annotations conditions, each partici-
pant read both a visualization with a correlation data fact and one
with a derived value data fact, one of which supports their prior
belief and the other refuting. Their display order and combination
are counterbalanced. For example, if the first visualization showed a
supporting correlation data fact on the topic of vaccines via dataset
1, the second visualization showed a refuting derived value data
fact on the topic of diet choices via dataset 2. For theNo Data Facts
condition, participants viewed the two ambiguous visualizations
without any data facts, with the dataset topic order randomized.

Task and Procedure. Our study procedure is shown in Figure 4.
After completing the consent form, participants start with a warm-
up activity to familiarize them with our stimuli. During the warm-
up, they read chart descriptions explaining information encoded by
rows and columns, followed by a comprehension check to ensure
they understood how to interpret the chart. Participants who do
not pass this check are excluded from our analysis.

Next, we assessed participants’ pre-existing beliefs about each
topic using an interactive slider ranging from "strongly disagree"

(-100) to "strongly agree" (100) with the prompt: "Please rate the ex-
tent to which you agree with the following statement:" Statements
related to the topics were provided as outlined in Table 2. Partici-
pants then read the bar charts, either with a textual data fact, with
a textual data fact plus visual annotations, or with No Data Facts.
Afterward, they were prompted to rate their level of agreement
with the same statements in Table 2, using an interactive slider
ranging from "strongly refute" (-100) to "strongly support" (100).
The numerical ranges of both sliders were not visible to participants.
An additional trial on the topic "Productivity while working from
home" was included as an attention check and appeared randomly
between the two main trials: "If you are paying attention, please
drag the handle to the left end of the slider. This is an attention check."
Participants who failed this check were excluded from our analysis.
Participants who held a neutral belief were also excluded as this
makes it impossible to interpret potential confirmation bias.

Measuring the Strength of Prior Beliefs: We measure the
strength of each participant’s prior belief on each topic as the abso-
lute distance from either endpoint of the slider (”strongly disagree”
and ”strongly agree”), based on the following equation:

𝑏𝑒𝑙𝑖𝑒 𝑓 𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ = |𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑏𝑒𝑙𝑖𝑒 𝑓 | (3)

In Equation 3, 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑏𝑒𝑙𝑖𝑒 𝑓 represents the participant’s response
from the interactive slider. If a participant agreeswith the statement
provided, we measure the strength as the absolute distance from the
right end of the slider. Conversely, if a participant disagrees with
the statement, we measure the strength as the absolute distance
from the left end of the slider.

Measuring Confirmation Bias.We evaluated how participants
interpreted an ambiguous data visualization in relation to their
prior beliefs on each topic to assess confirmation bias. On the slider,
a value of 0 indicates a neutral stance towards the statement in
the prompt. Therefore, the confirmation bias score was calculated
using the formula:

𝑏𝑖𝑎𝑠 𝑠𝑐𝑜𝑟𝑒 = ± |𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 | (4)

In this equation, 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 is the participant’s rating of how much
the ambiguous data visualization either supports or refutes the
statement given in the prompt. The bias score is assigned a positive
(+) sign when the evaluation of the visualization aligns with the
participant’s prior beliefs and a negative (-) sign when it contradicts
those beliefs.

Participants.We recruited 1,080 participants from Prolific (𝑀𝑎𝑔𝑒 =
38.79, 𝑆𝐷𝑎𝑔𝑒 = 12.96; 531 Male, 537 Female, 5 Non-binary, 2 Trans-
gender, 1 Genderqueer, 1 Genderfluid, 3 Prefer not to disclose). We
screened for participants who are based in the United States who
are fluent in English with study approval rate greater than 95%.
Individuals who participated in preliminary studies were ineligible
to participate in the main study. The study plan was reviewed and
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Figure 4: Main Study Conditions and Procedure: [Presentation Style] is a between-subjects condition. Each participant completes
2 trials, either involving 2 data visualizationswith data facts, where [Dataset, Dataset Topic, Data Facts Strength, Fact Alignment]
are within-subject conditions, or 2 visualizations with No Data Facts, with [Dataset Topic] as the only within-subject condition.
The varying types of strokes connecting the components in themain study procedure diagram represent the different conditions
assigned to each participant.

approved by the authors’ university ethics board. The sample size
was determined by a power analysis conducted using G*Power [22]
to ensure a minimum power of 0.75 (indicating a 75% chance of
detecting a true effect for each hypothesis if it exists) across all
effect sizes from our hypotheses, with an alpha level of 0.05. This
analysis was based on a pilot study involving 61 participants under
the same settings as the main study.

6 Results
See Table 1 for a summary of results.

Methodology. We use a single mixed-effects linear model to test
H1, H2, and H3. For H4 and H5, we separately examine the effects
of supporting and refuting data facts using two linear models:

• Situation SN:Analyzing data that includes only participants
who viewed visualizations with Supporting Data Facts and
No Data Facts.

• Situation RN: Analyzing data that includes only partici-
pants who viewed visualizations with Refuting Data Facts
and No Data Facts.

This separation is crucial, as we hypothesize that supporting data
facts increase confirmation bias compared to the no data fact condi-
tion (our baseline), raising the score above zero. On the other hand,
refuting data facts decrease confirmation bias compared to our
baseline, lowering the score below zero. Analyzing these conditions
together could obscure key differences in the distributions due to
the effects evening out.
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Figure 5: Main Study Hypotheses and Results. The results of H1 are illustrated as a scatterplot showing the relationship
between the strength of prior beliefs and confirmation bias. The estimated marginal means from each linear model and the
95% confidence intervals of confirmation bias scores across different conditions in H2 - H5 are plotted as confidence interval
plots. For H2, colors represent different topics, while for H3, H4, and H5, dark red indicates refuting data facts, forest green
represents supporting data facts, and grey signifies no data facts.

6.1 Analysis of H1, H2 and H3
We created a mixed-effect model to analyze the data. The fixed
effects included:

• the strength of initial belief, as calculated from Equation 3
(a continuous integer from 0 to 100),

• the data topic (COVID-19 vaccination or diet choices)
• the data facts alignments (Supporting, Refuting, or the
reference level: No Data Facts).

Participant ID is the only random effect. The dependent variable
is the amount of confirmation bias, as calculated from Equation 4.
The results are summarized in Table 3.

H1: Prior Beliefs
As shown in Figure 5, under H1 we found that participants’ con-
firmation bias score is significantly positively correlated with the
strength of their pre-existing beliefs, regardless of the direction of data
facts. With one unit increase in the strength of the pre-existing
belief, the confirmation bias score increases by about 0.473 units.
This supports H1.

H2: Topic
While we observe a trend that the COVID-19 vac-
cination topic resulted in higher confirmation bias
(𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑀𝑎𝑟𝑔𝑖𝑛𝑎𝑙 𝑀𝑒𝑎𝑛(𝐸𝑀𝑀) = 20.1) compared to the
diet choice topic (𝐸𝑀𝑀 = 17.7), we observe no significant effect
of topic. Thus H2 is not supported. One possible explanation
for the lack of significance could be that the topical differences
are captured by prior beliefs (H1). In particular, people hold

stronger prior beliefs towards polarizing topics (p < 0.001, 95% CI
for the mean difference in initial belief strength between diet and
vaccination topics: [-18.27, -13.30]). As a result, when both prior
belief strength and topic are included in the model, the topic itself
might not significantly impact confirmation bias.

H3: Data Facts Alignment
Compared to the No Data Facts condition, participants exhibited
significantly more confirmation bias when reading Supporting
Data Facts (𝐸𝑀𝑀sup−𝐸𝑀𝑀n = 7.4), while they exhibited signif-
icantly less confirmation bias when reading Refuting Data Facts
(𝐸𝑀𝑀n − 𝐸𝑀𝑀ref = 6.6). These results support H3.

6.2 Analysis of H4
We conducted the statistical analysis under both situations SN
and RN, as outlined at the beginning of Section 6. Since this is a
between-subject comparison, we constructed a linear model with
the following predictors:

• the strength of initial belief (a continuous integer from 0 to
100, calculated using Equation 2),

• the topic of the dataset (COVID-19 vaccination or diet
choices)

• the data facts presentation style (textual data facts only, tex-
tual data facts with visual annotation, or No Data Facts).

The dependent variable was the confirmation bias score. The results
are summarized in Table 4.

We found a significant effect of display modes on confirmation
bias under both SN and RN. For the situations where participants
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Table 3: Mixed-effect linear modeling results. The fourth column, ‘Coefficient P Value,’ represents the p-value obtained from
the model fitting process for each category under each independent variable. The fifth column, ‘Variable P Value,’ represents
the p-value derived from the Type III ANOVA for each independent variable.

Independent Variable Coefficient Std. Error t-value Coefficient p-Value Variable p Value
Initial Belief Strength 0.473 0.034 13.771 < 0.001 *** < 0.001 ***

Topic 2.414 1.867 1.293 0.196 0.196
Alignment: Refuting -6.570 2.600 -2.527 0.012 * Alignment: < 0.001 ***Alignment: Supporting 7.417 2.600 2.853 0.004 **

read the supporting data facts SN, post-hoc analysis with Bonfer-
roni correction [70] suggests that the significant effect is driven by
the significant difference in confirmation bias levels between the
baseline condition (No Data Facts) and [Textual Data Facts with
Visual Annotations] condition (𝑝SN = 0.014).

For the situations where participants read the refuting data
facts RN, post-hoc analysis suggests only a trending significant
difference in confirmation bias level between the baseline and the
[Textual Data Facts with Visual Annotations] condition (𝑝RN =

0.051).
We observed no significant difference between the baseline and

the [Textual Data Facts Only] condition under both SN and RN.
These results partially support H4.

6.3 Analysis of H5
We again consider both the situations SN and RN. We constructed
a linear model with the following fixed effects:

• the strength of initial belief (a continuous integer from 0 to
100, calculated using Equation 2)

• the topic of the dataset (COVID-19 vaccination or diet
choices)

• the strength of data facts ([Correlation] Data Facts, [Derived
Value] Data Facts, or No Data Facts)

The dependent variable was the confirmation bias score. The results
are summarized in Table 4.

We found a significant effect of the data fact strength on confirma-
tion bias under both SN and RN. Post-hoc analysis with Bonferroni
correction suggests that for both Supporting and Refuting data
facts, participants who read the [Correlation] data fact exhibited a
significantly higher amount of confirmation bias compared to the
baseline (𝑝SN = 0.004, 𝑝RN = 0.002).

On the other hand, for both Supporting andRefuting data facts,
participants who read the [Derived Value] data fact did not exhibit
a significantly different amount of confirmation bias compared to
the baseline. These results partially support H5.

7 Discussion
7.1 The Role of Visual Annotation
In our findings on H4, we were surprised to observe that sup-
porting data facts might only increase confirmation bias when
accompanied by visual annotations, suggesting that supporting
data facts alone may not significantly bias users. This unexpected
finding motivates us to reconsider the role of visual annotations in
visualization design.

The use of annotations and embellishments in visualizations
has long been debated within the visualization community. While
some researchers advocate for maximizing the data-ink ratio to
reduce chart junk that could distract or mislead viewers [60, 61],
others argue that annotations can improve the accuracy of infor-
mation recalled from visualizations [5, 27]. More recent research
demonstrated that annotations can significantly influence people to
draw conclusions aligned with the annotations, beyond what might
naturally capture their attention [6, 57]. These insights together
provide a potential explanation for our findings on H4: namely,
visual annotations could enhance the salience of patterns described
by textual data facts and thus shape how individuals interpret a
visualization as supporting or refuting evidence, which ultimately
affects the manifestation of confirmation bias. Therefore, designers
should be aware that when visual annotations are combined with
textual summaries, there is a strong potential to consolidate view-
ers’ prior beliefs when there is alignment, making individuals more
susceptible to confirmation bias.

7.2 (De-)Biased or Echoing?
The opposite effects of supporting and refuting data on confir-
mation bias prompt us to consider potential driving factors. Were
people prompted to think more critically when they read refuting
data facts, or did they just echo back the trends described by the
data facts? Our results demonstrated that refuting data facts cause
people’s beliefs to shift 35% (See Figure 5 H3 Bottom)2, resulting
in an estimated marginal mean of confirmation bias scores of 12.0,
significantly greater (𝑝 = 0.035, 95% CI [8.59, 15.5]) than a baseline
of zero (which means no confirmation bias). If people were simply
echoing the perspective of the refuting data facts, we would expect
greater belief movement in the opposite direction, with sub-zero
values for the confirmation bias score. But this was not the case. In
other words, people still exhibited confirmation bias (albeit less)
even when viewing refuting data facts . This finding supports the
case that refuting data facts help mitigate confirmation bias, rather
than the case where participants just echo the trends described by
the data facts. This observation also corroborates that confirma-
tion bias is a weighting bias rather than an interpretation bias [36],
where people assign higher weight to evidence that supports their
prior beliefs than to evidence that refutes them.

235% is calculated from the estimated marginal means in Figure 5 H3 Bottom as
(18.6-12)/18.6.
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Table 4: Fixed-effects linear modeling results. The sixth column, ’Coefficient P Value,’ represents the p-value obtained from the
model fitting process for each category under each independent variable. The seventh column, ’Variable P Value,’ represents
the p-value derived from the Type III ANOVA for each independent variable.

Situation Independent Variable Coefficient Std. Error t-value Coefficient p Variable p

SN

Style: Textual Only 6.348 3.011 2.108 0.035 * Style: 0.008 **Style: Textual + Visual 8.451 2.980 2.836 0.005 **
Strength: Correlation 9.688 3.039 3.187 0.001 ** Strength: 0.005 **Strength: Derived Value 5.333 2.952 1.807 0.071

RN

Style: Textual Only -5.905 3.061 -1.929 0.054 Style: 0.0279 *Style: Textual + Visual -7.229 3.029 -2.387 0.017 *
Strength: Correlation -10.134 2.997 -3.382 0.001 ** Strength: 0.003 **Strength: Derived Value -2.694 3.086 -0.873 0.383

7.3 Exacerbating or Mitigating Confirmation
Bias?

Consider a viewer who holds a strongly positive belief about
COVID-19 vaccination. If they encounter a data visualization with
data facts that support their existing belief, it could strengthen
their conviction by 40% (See Figure 5 H3 Top) However, if they
are presented with data facts that refute their prior belief, it could
weaken their conviction, shifting their belief by 35% in the opposite
direction (See Figure 5 H3 Bottom)3. This suggests that refuting
data facts might help reduce confirmation bias. While the distri-
bution of bias scores with refuting data facts remains positive
(suggesting that some confirmation bias is still present), it is nev-
ertheless lower than in scenarios with No Data Facts, indicating
a potential trend toward reducing confirmation bias with refut-
ing data facts relative to the baseline level of bias. Our findings
corroborate previous research in data visualization that highlights
the power of text alongside data visualization to shape individu-
als’ interpretations of data [28, 30, 57]. These findings might also
indicate that providing alternative interpretations of the same vi-
sualization—especially those that challenge prior beliefs—might
offer a more balanced perspective of the data and might prevent
decisions based solely on supporting evidence.

Data Facts Consideration Our experimental findings revealed
that data facts have potential both to exacerbate or mitigate confir-
mation bias depending on whether they are framed as supporting
or refuting the viewer’s prior beliefs. Realistically, as the use of
large language models proliferates through more application areas,
it will be hard to avoid the inevitable combinations of visualizations
supported by automatically (or manually) generated textual sum-
maries. Rather, we assert that this is an opportunity to leverage the
mitigating potential of data facts in future systems. In particular,
if future systems leverage belief elicitation techniques [32] prior
to showing users data, systems can intelligently display refuting
data facts alongside visualizations, thereby mitigating confirmation
bias in interactive settings. Nevertheless, there is a clear risk that
malicious actors could misuse these insights to induce a favorable
bias. We encourage responsible use of these insights, not as a tool
for unfair manipulation, but as a tool to promote balanced thinking
and informed decision making.

340% is calculated from the estimated marginal means in Figure 5 H3 Top as (26-
18.6)/18.6, and 35% from the means in Figure 5 H3 Bottom as (18.6-12)/18.6.

7.4 Refuting Data Facts and Counterfactuals in
Visualizations

Existing work in visualizations have examined other approaches to
reduce confirmation bias in visual data analysis. One such approach
involves the use of counterfactuals, which refer to the mental con-
structs that represent alternatives to reality [8, 53]. When people
think "if only" or "what if," they imagine how the past could have
unfolded differently. This process helps reduce bias by encouraging
individuals to consider alternative factors that could have led to the
same outcome. In an analytical scenario where the data suggests
two variables might be causally related, counterfactuals encourage
users to question whether the two factors are truly causally related
or if a third variable might be influencing the results [66–68]. In
another example, highlighting points that have previously been
examined (thereby visually distinguishing points that have/have
not been previously examined) when analyzing data with visual-
izations encourages users to focus more on unexplored areas to
potentially gain new insights [23, 65]. Further, providing people
with refuting data facts, as we did in our study, can also prompt
people to consider alternative perspectives. Thus, counterfactuals,
highlighted data values, and refuting data facts offer users alter-
native perspectives that challenge their existing beliefs about the
data. These insights underscore the potential de-biasing power of
incorporating multiple data perspectives within a visualization. By
empowering analysts to consider a wider range of alternatives for
a balanced analysis, these techniques can combat over-reliance on
existing beliefs and reduce confirmation bias.

7.5 Limitations
One limitation of our study is the narrow set of topics tested. We
selected only one polarizing topic and one neutral topic, with their
levels of polarization evaluated by a small group of 40 participants.
However, there are other topics where people overwhelmingly
share the same stance, such as the general affection people have
for pets [3]. Future research should test a wider range of topics to
further understand the generalizability of our findings.

Another limitation is the use of synthetic datasets. While these
datasets allowed us maximum control over our experiment, they
may not fully capture real-world scenarios relevant to the topics
studied. For example, a participant who is particularly savvy in
the topic may suspect the authenticity of the dataset and evaluate
associated evidence in unpredictable ways. Additionally, in the
present study, we operationalized confirmation bias as interpreting
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ambiguous information in a way that aligns with one’s prior belief,
and thus, designed visualizations to be intentionally ambiguous.
In the real world, not all visualziations would be designed to be
ambiguous; some are explicitly crafted to highlight strong data
patterns and convey a particular narrative. Confirmation bias would
undoubtedly happen with these visualizations as well. Existing
work by Xiong et al [72] have demonstrated that in these cases,
visual representation formats such as showing the data via a table
or a bar, would change the strength of confirmation bias. Therefore,
we encourage future work to also investigate the effect of data
facts and visual annotations on confirmation bias in these scenarios
where the visualization stimuli are not ambiguous.

Furthermore, the real-world factors related to the statements in
Table 2 are likely more complex than what is depicted in the data.
For instance, in the COVID-19 Vaccination topic, participants might
also consider factors such as mortality rates across different age
groups to determine if the vaccination should be mandatory, while
in the Diet Choices topic, other health metrics beyond the risk of
chronic disease—such as Body Mass Index (BMI), nutrition levels,
and emotional well-being—are also indicators of diet health when
making comparisons. The limited factors provided in our data might
introduce distortions in users’ evaluations that are, to some extent,
inevitable in controlled studies. Future work can incorporate more
realistic datasets to generalize findings in ecologically valid settings
that better reflect the complexity of real-world decision-making
processes.

Finally, we also determined the strength of the data facts solely
based on modulating which visual patterns they described (PS 3,
Section 4.3). Further research could explore how factors such as the
phrasing of the data facts, source credibility, and trustworthiness
influence their perceived strength.

8 Conclusion
Across a series of experiments, we explored the impact of present-
ing textual data facts alongside visualizations and uncovered key
insights about confirmation bias. Participants with stronger-held
prior beliefs were more likely to interpret ambiguous visualiza-
tions as supporting their prior beliefs. When visualizations were
accompanied by textual data facts, confirmation bias was exac-
erbated (when visualizations were paired with supporting data
facts) and mitigated (when paired with refuting data facts). Con-
firmation bias was further exacerbated when data facts focused on
correlations compared to average values. Our results also suggest
that visually annotating supporting data facts further amplified
these effects. These findings together indicate that both the design
of the accompanying data facts and an individual’s prior beliefs
play crucial roles in shaping how visual information is interpreted.
Our research highlights the complex interplay between visual and
textual evidence in shaping data interpretation. Particularly with
recent advances in AI-generated content, we hope these results will
stimulate further discussion and serve as a catalyst for a research
agenda within the community to assess the potential benefits and
drawbacks of combining visualizations with data facts.
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