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ABSTRACT
Cognitive biases have been shown to play a critical role in creating
echo chambers and spreading misinformation. They undermine
our ability to evaluate information and can influence our behaviour
without our awareness. To allow the study of occurrences and ef-
fects of biases on information consumption behaviour, we explore
indicators for cognitive biases in physiological and interaction data.
Therefore, we conducted two experiments investigating how peo-
ple experience statements that are congruent or divergent from
their own ideological stance. We collected interaction data, eye
tracking data, hemodynamic responses, and electrodermal activity
while participants were exposed to ideologically tainted statements.
Our results indicate that people spend more time processing state-
ments that are incongruent with their own opinion. We detected
differences in blood oxygenation levels between congruent and
divergent opinions, a first step towards building systems to detect
and quantify cognitive biases.

CCS CONCEPTS
• Human-centered computing→ Human computer interac-
tion (HCI); Empirical studies in HCI ; Ubiquitous and mobile com-
puting systems and tools.
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1 INTRODUCTION
Algorithms increasingly curate the information we encounter on-
line. In an attempt to grab and keep users’ attention, they filter and
provide content based on prior browsing history and inferred inter-
ests [9, 46]. Consequently, most information provided to users feeds
into their existing beliefs and opinions. In recent years, this mecha-
nism has triggered a heated discussion about how the prioritisation
of user engagement plays into the spread of misinformation and
political extremism [41]. While algorithms have been shown to be
attributing factors, users themselves seem to process information
differently based on their pre-existing notions and beliefs [42, 61].

Facing vast amounts of information online, people adopt cog-
nitive strategies to filter and sift through content more effectively.
Such behaviour fosters the occurrence and application of what is
referred to as cognitive biases, i.e., mental shortcuts we take while
processing information. Personal preferences and prior experiences
play heavily into this simplification of information processing by
focusing on the known or familiar [102].

Misinformation tends to thrive in an environment of simplifi-
cation and repetition. Its spread, prevalence, and persistence have
had real-world implications, such as negative health impacts. For
example, the belief in a link between vaccinations and autism has
led to parents withholding crucial immunisation from their children
resulting in the return of preventable diseases [83]. Misinformation
about the dangers and risks of vaccinations keep influencing pub-
lic debates about the effectiveness of COVID-19 measures to this
date [58].

Misinformation is further fueled by frequent exposure. What
we encounter more often appears more familiar and can be falsely
attributed to a certain truism. When Weaver and colleagues [108]
repeatedly showed study participants the same statement from
the same communicator, for example, participants perceived the
general consensus on that statement to be greater the more often
they encountered it. Hence, systems, websites, and platforms that
cater to our interests and beliefs tend to skew our perceptions
and amplify our innate cognitive biases [7]. This becomes an even
bigger problem when it affects our decision-making and opinion
formation in the real world, such as on topics like climate change,
immigration policies, or abortion rights.

Especially such polarising topics often lead to the segregation
of like-minded people. Echo chambers and filter bubbles are two
well-known phenomena that contribute to one-sided information
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exposure and the spread of misinformation. They capitalise on
people’s biases, most and foremost on what is referred to as con-
firmation biases [3, 45, 62, 81]. This bias is expressed in people’s
tendencies to seek out and favour information that aligns with
their existing beliefs and expectations while ignoring dissenting
information [56, 75]. While it is crucial to mitigate the negative
effects of cognitive biases, we first have to understand when and in
what situation biases occur, what triggers them, and how they can
be reliably quantified.

Researchers have examined behavioural measures for exposing
confirmation bias or what Klapper called selective exposure, i.e.,
the tendency to seek out predominantly information that supports
one’s beliefs [51]. This effect has been demonstrated to be present
in news dwelling time [37], web browsing behaviour [54, 103], and
eye-tracking information [68, 91, 99]. Behavioural measures pro-
vide an unintrusive way of tracking selective exposure [20]. Yet,
these measures have produced mixed results and interpretations.
For instance, researchers used dwelling time as an indicator of
confirmation bias as studies have shown that users spend more
time reading congruent information and less time on dissenting
information [37, 68]. Meanwhile, some research found a rather op-
posite effect as users spent more time reading attitude-challenging
opinions [37, 100]. At the same time, Sülflow et al. [99] and Zillich
and Guenther [112] reported no significant differences in reading
time between congruent and dissenting information.

A major difficulty in researching cognitive biases is obtaining
reliable ground truth for their occurrence. While we could simply
ask users whether they have exhibited biased information con-
sumption behaviour, self-report responses are not always reliable
since they may be confounded by a broad range of factors, like
self-presentation [96] and preference falsification [59]. Recent re-
search has investigated the use of physiological sensors in evaluat-
ing cognitive biases [74, 76, 105, 110]. Physiological signals have
been regarded as the (more) objective means to quantify mental
states [38]. They reflect how our brains and bodies respond and
process information [104]. Although physiological signals may be
objective measures of our innate cognitive biases, it is unclear how
biases manifest themselves in physiological data or can be effec-
tively measured.

In this work, we focus on whether physiological signals can be
a reliable, objective measure of cognitive biases in an attempt to
equip computing systems with the ability to detect and eventually
help users mitigate them. We were specifically interested in the
occurrence of cognitive biases while processing information that
is either congruent with or diverges from people’s existing beliefs.
Hence, we conducted two studies in which we exposed participants
to stimuli that represented an ideologically congruent opinion and
those depicting a dissenting opinion. Throughout these studies,
we recorded behavioural and physiological signals, such as eye
movement data, electrodermal activity, and brain oxygenation levels
(via fNIRS) along with self-reports to explore physiological and
behavioural expressions indicating the congruence between users’
opinions and the presented statements. We also investigated the
interplay between the manifestations of biases and the individuals’
interest and familiarity with the topic.

Our results show that participants tended to spend more time
but less reading effort on ideologically dissenting stimuli. We also

found that topic interest significantly impacted the effects of opin-
ion congruency: especially individuals with low interest in a topic
exhibited higher neural activity when they were exposed to attitude-
dissenting information. Through this work, we contribute the fol-
lowing:

• We present two studies aiming to explore how cognitive
biases manifest themselves in behavioural and physiological
signals by presenting ideologically polarised statements and
recording physiological and interaction data as well as self-
reports.

• Based on our findings, we discuss the notion of bias-aware
systems – i.e., computing systems that detect and take into
account the presence of cognitive biases in users – and their
potential to detect, quantify, and mitigate the effects of cogni-
tive biases. We discuss challenges, opportunities, and ethical
considerations for bias-aware systems from what we learned
from this research.

2 BACKGROUND
Our work is mainly grounded in research on behavioural psychol-
ogy and psychophysiology while touching on recent discussions
in human-computer interaction [25–27] regarding the unintended
effects of cognitive biases in users.

2.1 Cognitive Biases
Cognitive biases refer to a systematic pattern of deviation from
norm or rationality in judgement [39]. The concept was proposed
in the work of Tversky and Kahneman in 1974 [102]. Tversky and
Kahneman explained different types of heuristics, or so-called men-
tal shortcuts, employed by humans to avoid overwhelming their
limited cognitive resources by preferably using automatic thinking
(System 1) over rational thinking (System 2) [48]. While heuristics
enable us to reach a decision faster, they become problematic as
they generally distort our rationality in ways we are unaware of.

When making decisions or judgments, individuals who exhibit
cognitive biases tend to follow their own beliefs or preferences
rather than objective information [39]. In the context of information
consumption, this leads to a distortion of the way people perceive
and evaluate information, often resulting in favouring information
that supports their attitudes [47]. Cognitive biases can be present in
many forms. Prominent examples include confirmation bias (seek-
ing predominantly information that aligns with one’s beliefs [75]),
cognitive dissonance (avoiding information that conflicts with one’s
beliefs [30]), or negativity bias (responding to negative stimuli with
stronger attention and emotional responses [52]). Confirmation bias
and cognitive dissonance, for example, are potential contributors
to selective exposure [72, 95, 96]. This describes the tendency to
seek out predominantly information that supports one’s beliefs or
attitudes while avoiding dissenting information [51]. This impacts
how critical people evaluate information [80, 113] and potentially
fosters ideological polarisation [54, 97]. A prominent example in
the 20th century was the use of one-sided news reporting by the
German government in the 1930s and 40s. Consequently, the be-
lief systems of the majority of Germans who grew up under the
regime were skewed towards anti-semitism [106]. In a similar, but
less extreme fashion, the recent examples of vaccine hesitency [28]
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and climate change denial [70] have shown that confirmation bias
limits informed and objective discussions of polarizing topics.

People tend to save up their limited cognitive resources when
processing information, which makes them vulnerable to various
types of manipulation [39]. Today, new information is continuously
available to people, which results in excessive mental demand, or
mental overload. To prevent overexerting their cognitive resources,
people employ cognitive biases or “mental shortcuts” to simplify
the complexity and filter out the most relevant information. This is
expressed in making faster but less deliberate decisions [48].

Together, cognitive biases and personalised recommendation
algorithms contribute to the formation of filter bubbles through a
reinforcing loop [3, 62]. When exploring information online, users
exhibit their cognitive biases by selectively exposing themselves
to certain types of information. Meanwhile, recommendation algo-
rithms detect patterns in the selective consumption of information
and optimise themselves to keep engagement high by catering
predominantly to what the users prefer [9, 46]. Consequently, the
users’ innate biases are further amplified. In sum, recommendation
systems and selective exposure build a self-reinforcing loop: the
former curate content items that are congruent with the users’ pref-
erences; at the same time, users seek and favour such content due to
confirmation bias [3]. In other words, cognitive biases in individuals
can be reinforced by automated recommendation systems.

2.2 Two-step Model of Processing Conflicting
Information

While cognitive biases often manifest when facing different opin-
ions, their occurrences also depend on the prior background of
the information consumer. In his series of works, Richter [85–87]
proposes a two-step model of validation. The model states that
people tend to use the perceived plausibility of the information
as their heuristics. When encountering information, people first
employ Epistemic Monitoring to evaluate whether the content is
compatible with their beliefs or preferences. In general, people save
up their cognitive resources by allocating them to information that
is congruent with their beliefs. This results in people processing in-
formation with cognitive biases. However, individuals with higher
working memory resources, advanced epistemological beliefs, or
relevant background knowledge may pursue the second step – Elab-
orative Processing – at which they process the information in a more
balanced and objective manner.

2.3 Quantifying the Effects of Cognitive Biases
Being able to quantify the occurrence and the effects of cognitive bi-
ases comes with numerous benefits [65]. With the awareness of the
users’ biases, interventions can be designed to help users overcome
their irrationality and become more critical and deliberate when
facing information online. However, given that cognitive biases
normally happen without people being aware of them, it is chal-
lenging to objectively define and measure them [5]. In this section,
we review methodological approaches to quantifying the effects of
cognitive biases in the context of information consumption, using
behavioural measures and physiological signals.

2.3.1 Behavioural Measures. Recent research in the field of selec-
tive exposure has used behavioural measures, i.e., through direct

observations or in-lab studies [20]. By exposing users to attitudinal
information, researchers were able to observe the deviation of users’
behaviour as by-products from the manifestation of their innate
cognitive biases. Commonly, researchers have used measures like
dwelling time – i.e., the amount of time participants exposed them-
selves to certain types of information – and information selectivity
(e.g., the number of content clicks or page visits). Recent approaches
have utilised eye tracking measures as they offer advantages over
dwelling time, for example, more insights into the users’ visual
attention [68, 99].

While behavioural expressions offer an unobtrusive measure of
bias, research that employed behavioural measures has produced
mixed results. Some works showed that people tended to spend
more time on what confirms their opinions [68, 91]. Marquart [68],
for example, tracked fixation time in online news reading and found
that people tended to spend more time with news items that were
compatible with their beliefs. Meanwhile, some studies suggested a
rather opposite phenomenon [37, 100]. Taber and Lodge [100] found
that individuals spent significantly longer time reading attitude-
challenging arguments. Some works reported no significant devia-
tion in dwelling time [99, 112]. For instance, an eye-tracking study
by Sülflow et al. [99] suggested no effects of opinion congruency
on the users’ attention to social media news posts but found higher
selectivity for attitude-reinforcing contents.

2.3.2 Physiological Measures. Given that our innate biases are
the consequence of the interplay of the complex regulation of our
cognitive and affective states, cognitive biases are likely to induce
physiological changes. Research has long investigated the effects of
cognitive dissonance on human physiology. Since the introduction
of cognitive dissonance by Festinger [30], a series of studies have
investigated a psychological construct called dissonance arousal
which manifests itself in the form of physiological discomfort [111].

Research byWesten et al. [110] has probed the presence of cogni-
tive biases using physiological signals. Westen and colleagues used
functional Magnetic Resonance Imaging (fMRI) to assess the effects
of cognitive dissonance and found significantly higher neural acti-
vations when the users were processing ideological dissenting in-
formation. Subsequent works have confirmed such findings [12, 49].
Meanwhile, Ploger et al. [82] used electrodermal activity (EDA) and
heart rate to assess dissonance arousal by exposing individuals to
video clips that present attitude-challenging information. However,
they found weak effects from ideological (in)congruency.

2.4 Physiological Signals
Physiological signals have been widely used as a surrogate to mea-
sure cognitive states [14]. They reflect the reactions from our brains
and bodies through a variety of signals. In our work, we focus
on two particular signals: electrodermal activity, a widely used
physiological measure in HCI, and hemodynamic responses, a non-
invasive way to measure brain activities.

2.4.1 Electrodermal Activity. EDA refers to the variation of the
electrical conductance of the skin [8], which results from the skin’s
sweating function. The changes in the sympathetic nervous system
control the level of sweating on the skin and thus the EDA. The
signal is often collected from electrodes placed on specific body
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parts, for example, on the fingers or thewrist. In theHCI community,
EDA is known as a low-cost, unobtrusive physiological measure [4,
22].

EDA consists of two signal components: Skin Conductance Re-
sponses (SCR) and Skin Conductance Level (SCL). SCR represents
high-frequency, short-term spikes in the EDA signal triggered
by eliciting stimuli. SCL denotes inertial, long-term changes in
the EDA. Researchers have used EDA as a marker for negative
cognitive activity, for example, cognitive workload [57, 93] and
arousal [22, 35, 67].

2.4.2 Hemodynamic Responses. To quantify hemodynamic responses
or the changes in blood flow to the brain, researchers have used
functional Magnetic Resonance Imaging (fMRI) and functional
Near-Infrared Spectroscopy (fNIRS) to infer the relative changes in
the concentration of oxygenated haemoglobin ([HbO]) and deoxy-
genated haemoglobin ([HbR]) [16, 50]. Since haemoglobin absorbs
near-infrared light, one can derive the haemoglobin concentration
as a function of optical density [6]. Greater changes in haemoglobin
concentration are associated with higher levels of neural activation.
Therefore, fMRI and fNIRS offer a measurement of innate neural
activity [92].

Unlike fMRI, fNIRS provides a less invasive and more noise-
robust method to monitor the hemodynamic responses and, thus,
the brain activity [66]. Recent research has employed fNIRS to
assess a variety of psychological constructs, for example, cognitive
workload [2, 31] and affective states [40, 43].

2.5 Summary
Our biases are especially problematic when they come into play
for nuanced discussions on polarised topics. They are often exacer-
bated by the way we consume information online. While they serve
us when sifting through vast amounts of information, they at times
compromise our ability to make objective decisions. Prior research
has investigated how to "track down" the presence of cognitive
biases by studying their effects on behavioural measures. While
dwelling time as a behavioural measure may be an indicator of
cognitive biases, it has been shown to not always be reliable. Re-
cent research has investigated the use of physiological responses to
probe the effects of bias. In the context of information consumption,
researchers have used fMRI, EDA, and heart rate to observe such
effects. Our work adds up to the literature by using physiological
signals to monitor the presence of cognitive biases when exposed
to opinions from different ideological spectra. To the best of our
knowledge, our work is the first to apply fNIRS signals to study
the effects and occurrences of biases in the context of information
exposure with the intent to study the notion of bias-aware comput-
ing systems. In the following, we present two studies, in which we
expose participants to a range of opinions and probe their interac-
tions, behavioural expressions, and physiological data to explore
how cognitive biases may manifest themselves.

3 STUDY 1: DESIGN
We conducted Study 1 to explore different indicators for the occur-
rences of cognitive biases. In this study, we exposed participants
to textual and image stimuli that represented opinions on four po-
larising topics. At the same time, we recorded behavioural data

(eye tracking) and physiological signals, namely electrodermal ac-
tivity (EDA), and brain hemodynamic responses using functional
near-infrared spectroscopy (fNIRS).

3.1 Stimuli Selection
We operationalised stimuli that consisted of information on either
end of the ideological spectrum, i.e., supporting information (pro)
or contradicting information (con). Adapting to the Australian con-
text, where this study was conducted, each stimulus was chosen
with regard to ideologically polarising topics that were dominant
in the current, domestic public debate. Consequently, we selected
the following four topics for the study: political progressivism, cli-
mate change, feminism, and multiculturalism in Australia. All four
topics were widely discussed in the media, and well-known to the
Australian public with increasingly polarised viewpoints. Thus, we
expected that the stimuli would have the potential to trigger strong
attitudes and prompt cognitive biases in the study participants.
Table 1 gives an overview of the pro-stances and con-stances for
each of the four topics.

We selected progressivism due to the increasing ideological
polarisation between progressive and conservative politics1 since
the 1970s [18, 19, 71, 109]. Similarly, we chose climate change
because of the increasing discrepancy between those who acknowl-
edge man-made climate change as opposed to denying it [64]. We
also consideredmulticulturalism due to the lasting conflict be-
tween multiculturalism in Australia and the Anglo-Saxon inheri-
tance rooted in the "White Australia" policy [21]. Lastly, feminism
was selected because of the increasing pushback against feminism
among Australian male groups [88] and third-wave feminists [98].

We used two types of stimuli: texts and images. Text stimuli were
curated from either user opinions on Twitter2 or the Procon.org
website3. The latter source hosts information on both ends of the
ideological spectrum, i.e., pros and cons, on different topics. We
sourced climate change and feminism stimuli from Procon.org; pro-
gressivism and multiculturalism stimuli were curated from tweets
posted in Australia from June to July 2021. We controlled all text
stimuli for being in English and approximately 50 words in length.

While statements on ProCon.org are heavily contextualised to
US politics and society, topics of global interest and the general dis-
course, such as climate change and feminism, are also applicable to
the Australian context. We selected statements that do not contain
US-specific information, e.g., excluding those mentioning US laws.

Each image stimulus was selected from online images or graph-
ics that contained messages supporting an ideological viewpoint.
Similarly, we picked those images from the ProCon.org website or
keyword searches on Twitter. Examples of image stimuli were the
cover of the book "The Greatest Hoax" [44] or a photo of a protest
against man-made climate change.

We accumulated a total of 64 stimuli consisting of 32 texts, and 32
images. Stimuli presenting pros and cons were even in numbers. We
presented participants with each stimulus on a screen. Every text
stimulus was displayed in a single paragraph with the same font

1To avoid confusion among our readers, we use the Anglo-Saxon nomenclature. In
Australia, conservative politics are actually called "liberal", whereas the Australian
"labor" is the equivalent to the Anglo-Saxon progressives.
2www.twitter.com
3www.procon.org

www.twitter.com
www.procon.org
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Table 1: Topics and their ideological ends, as used in Study 1

Topic Pro stance Con stance

Political Progressivism I support a political and societal change I do not support political and societal change

Climate change I believe humans are primarily responsible for
climate change

I believe humans are not primarily responsible
for climate change

Multiculturalism in Australia I support multiculturalism in Australia I support the Anglo-Saxon national identity of
Australia

Feminism I support feminism and women’s rights I do not support feminism and women’s rights

(a) Text (b) Image

Figure 1: Examples of stimulus presentation for Study 1. Both stimuli were on the topic of climate change.

(Arial 30 px, black colour), line spacing (double), alignment (justified
and centred), column width (800 px), and white background. Image
stimuli were presented in an 800px × 800px resolution. Figure 1
shows an example of the stimuli used in Study 1.

3.2 Study Protocols
3.2.1 Experimental design. We studied the effects of the congru-
ency of ideological stances between the user and the stimulus. To
do so, we conducted two experiments with a 2-level (Congruent and
Dissenting) within-subjects design: one to examine text stimuli and
one to examine image stimuli. The congruent condition implied the
stimulus’ stance was aligned with the user’s stance. Conversely, the
dissenting condition implied the stimulus’ stance contradicted the
user’s stance. Table 2 shows a list of independent and dependent
variables of this study.

3.2.2 Participants. Through the university network, we invited
33 native or bilingual English speakers (19 women, 14 men) to
participate in Study 1. The mean age of our participants was 32
(SD = 11.43) years. The minimum and maximum ages were 18 and
54, respectively. Of our participants, 15 possessed a postgraduate de-
gree, 10 held a bachelor’s degree, and the remaining six participants
had at least year 12 education.

3.2.3 Procedure. The study took place in a quiet room. We in-
formed each participant about the purpose and procedure of the
study. After providing their consent in writing, we seated partic-
ipants in a comfortable position and asked them to adjust their
seats so that their heads were centred and approximately 60-65cm

away from the monitor screen. We then asked each participant to
respond to the pre-study survey and calibrated the placements of
the physiological sensors.

We subsequently asked participants to read a series of text and
image stimuli on a 24-inch monitor. After each stimulus, partic-
ipants were asked to press the space key to proceed to the next
one. The order of stimuli presentation was counterbalanced: partic-
ipants either completed image stimuli first then text stimuli, or vice
versa. Moreover, the order of the four topics was counterbalanced.
Within each topic, stimuli were displayed in random order with no
gap in between. Once a participant finished all stimuli for a topic,
we paused the data collection for approximately one minute; then,
participants continued reading the stimuli on the following topic.
Upon completion, participants responded to a post-study survey
and received a $20 voucher for compensation. The whole study
took 45-60 minutes.

3.2.4 Sensors. Throughout the study, we recorded participants’
eye movements, EDA, and hemodynamic responses. Eye move-
ments were recorded with a Tobii Pro X3-120 eye tracker4 with a
sampling rate of 120 Hz. We mounted the eye tracker at the bottom
of the monitor. We used the Empatica E4 wristband5 to gather EDA
data. To prevent potential motion artefacts, we asked participants
to wear the wristband on their non-dominant hand. Additionally,
we recorded functional near-infrared spectroscopy (fNIRS) from
the participant’s forehead using the BIOPAC fNIR Sensors 20006.

4https://www.tobiipro.com/product-listing/tobii-pro-x3-120/
5https://www.empatica.com/research/e4/
6https://www.biopac.com/product/fnir-sensors-2000/

https://www.tobiipro.com/product-listing/tobii-pro-x3-120/
https://www.empatica.com/research/e4/
https://www.biopac.com/product/fnir-sensors-2000/
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Table 2: Summary of Independent and Dependent Variables in Study 1

Variables Measures Scale

Independent Variables Participant-Stimulus Ideological Congruency 2 levels (congruent and dissenting)

Dependent Variables Dwelling Time Continuous
Number of Fixations Number of occurrences
Number of up, down, left, and right saccades Number of occurrences
SCL: Skin Conductance Level Continuous
Frequency of Skin Conductance Response (SCR) peaks Number of occurrences
Δ𝑎𝑙𝑙 [Hb]: The Overall Brain Oxygenation Level Continuous

The device offered a sensor pad comprising 18 optical sensors that
record fNIRS signals with a sampling frequency of 20 Hz. We at-
tached this sensor pad to the participant’s forehead to monitor
hemodynamic responses in the frontal lobe of the brain. During the
recording session, we asked participants to refrain from moving
their heads and the non-dominant hand to minimise the occurrence
of motion artefacts.

3.3 Ground Truth
3.3.1 Pre-study Survey. For each of the four topics, we asked par-
ticipants to rate their stance on the topic using an 11-point Likert
scale (−5: I agree with the con stance to +5: I agree with the pro
stance). We presented the pro and con stances according to Table 1.
Participants also rated their interest in and familiarity with each
topic using a 5-point Likert scale (1: least interested to 5: completely
interested) and a 10-point Likert scale (1: least familiar to 10: most
familiar), respectively.

3.3.2 Post-study Survey. After completing the data collection, we
asked participants to reevaluate the stimuli they have seen in the
study. Each participant rated the expressiveness of each stimulus on
a 7-point Likert scale (1: very weak to 7: very strong). Each question
was accompanied by the corresponding stimulus.

3.3.3 Participants’ Ideological Stances. We gathered the users’ ide-
ological stances through the pre-study survey’s responses. These
were used to determine the congruence of stances between each
participant and each stimulus. A stimulus 𝑆 is considered congruent
with participant 𝑃 if the stances of 𝑆 and 𝑃 were in agreement.
On the other hand, if the stances of 𝑆 and 𝑃 were opposite, 𝑆 is
dissenting with 𝑃 .

We employed a threshold of 0 on the stance ratings (ranging from
−5 to +5) to determine the participants’ attitudes. For example, on
the topic of climate change, a positive score implied the participant’s
stance aligned with the idea that climate change is man-made (i.e.,
"I believe humans are primarily responsible for climate change.").
Conversely, a negative score represented the stance that climate
change is not man-made (i.e., "I believe humans are not primarily
responsible for climate change."). Participants who rated 0 on a topic
were considered as having a neutral attitude on that particular
topic. In our data analysis, we discarded any stimulus exposure that
involved participants who had a neutral stance on a topic.

Among 33 participants who joined Study 1, we observed that
most participants aligned themselves with the pro stances of every
topic: progressivism (pro : con : neutral = 27 : 3 : 3), climate change
(pro : con : neutral = 30 : 1 : 2), multiculturalism in Australia
(pro : con : neutral = 30 : 1 : 2), and feminism (pro : con : neutral
= 28 : 4 : 1).

4 STUDY 1: RESULTS
We analysed the data collected in Study 1 and examined the effects
of ideological congruency on dwelling time, behavioural data, and
physiological signals.

4.1 Dwelling Time
A one-way repeated measures ANOVA was performed on the
amount of time each participant spent with each stimulus. We set
the independent variable to be the congruence of ideological stance
between the participant and the stimulus, which had two levels: con-
gruent (C) and dissenting (D). For both text and image stimuli, we
found that participants spent significantly more time with dissent-
ing stimuli than congruent stimuli (text: F (1, 31) = 18.911, [2𝑝 =

0.37, 𝑝 < 0.001; image: F (1, 29) = 4.416, [2𝑝 = 0.13, 𝑝 = 0.0444). We
found a weaker effect size (text: [2𝑝 = 0.37, image [2𝑝 = 0.13) for
image stimuli.

4.2 Eye Tracking Measures
4.2.1 Preprocessing. We first obtained the raw gaze data, which
consisted of the (𝑥,𝑦) coordinates on the projection screen. Subse-
quently, we used the Tobii Pro Lab’s I-VT gaze filter [79] to estimate
the velocity of the participant’s eye movement. Those with a veloc-
ity below the threshold were considered fixations – a type of eye
movement where the eyes are focused on one point. Those with
a higher velocity were treated as saccades – rapid eye movement
from one point to the other. For each stimulus, we obtained the
eye-tracking features by calculating the number of fixations and
the number of saccades in each of the four directions (up, down,
left, and right) during the exposure to the stimulus.

4.2.2 Data Analysis. Since our eye tracking features consisted of
count data which are often not normally distributed, we applied a
Friedman test on the counts of fixations and saccades of both text
stimuli data and image stimuli data. We subsequently corrected the
p-values using a one-step Bonferroni correction.



Bias-Aware Systems: Exploring Indicators for the Occurrences of Cognitive Biases when Facing Different Opinions CHI ’23, April 23–28, 2023, Hamburg, Germany

For text stimuli, we found that participants exhibited signif-
icantly more fixations (𝑝𝑐𝑜𝑟𝑟 = 0.0174, 𝜒2 = 12.461), and right
saccades (𝑝𝑐𝑜𝑟𝑟 = 0.0036, 𝜒2 = 15.384) with dissenting stimuli than
congruent stimuli. For image stimuli, we observed significantly
more fixations (𝑝𝑐𝑜𝑟𝑟 = 0.0283, 𝜒2 = 11.560) when viewing dissent-
ing stimuli compared to congruent stimuli.

4.3 Electrodermal Activity
4.3.1 Signal Preprocessing. EDA signals recorded from a wear-
able device may contain motion artefacts. We, therefore, applied
a lowpass filter with a cutoff frequency of 3 Hz to remove poten-
tial high-frequency motion artefacts. Subsequently, we applied a
highpass filter with a 0.05 Hz cutoff frequency to extract the skin
conductance responses (SCR) and the skin conductance level (SCL).
SCR peaks were then identified by applying a peak detection algo-
rithm to the SCR signals. Lastly, we derived two EDA measures: the
mean of SCL and the count of SCR peaks throughout the period of
exposure to a stimulus.

4.3.2 Data Analysis. Similar to the eye tracking data analysis, a
Friedman test was performed on the EDA features and a one-step
Bonferroni correction was used to correct the p-values. For text
stimuli, we found that participants exhibited significantly greater
counts of SCR peaks on dissenting statements (𝑝𝑐𝑜𝑟𝑟 = 0.0052, 𝜒2 =
15.695) than congruent statements. For image stimuli, however, we
did not detect any significant effects of ideological congruence on
EDA statistics.

4.4 Brain Hemodynamic Responses
4.4.1 Signal Preprocessing. The fNIRS we used in this study mea-
sured the optical density in two near-infrared frequencies, 730nm
and 850nm. However, these signals are susceptible to noise, such
as motion and physiological artefacts. Thus, for each participant,
we first identified and discarded data that were distorted because
of bad optode placement, i.e., when they were obstructed by hair
or interfered with ambient light. Bad optode placement was consid-
ered if either (1) 90% of the optode’s raw optical density fell outside
an acceptable range of [400 mV, 4000 mV]; or (2) the raw optical
density’s coefficient of variation (defined as the ratio of the signal’s
standard deviation and mean) exceeded 20%.

Subsequently, we corrected noise and motion artefacts in the sig-
nals using 10-second time epochs. This involved two steps; first, we
applied a bandpass filter with cutoff frequencies between [0.001 Hz,
1 Hz] on the optical densities to filter out signals from irrelevant fre-
quency bands. Subsequently, the Temporal Derivative Distribution
Repair (TDDR) algorithm [32] was applied to the filtered optical
densities to correct motion and physiological artefacts.

We also manually removed parts of the recordings that consisted
of suspected motion artefacts, i.e., rapid spikes in the signal which
were caused by participants’ body movement. We then subtracted
the optical densities with the initial 5-second baseline. The baseline
was recorded before the data collection started when participants
were sitting still for about 20 seconds. The baselined optical densi-
ties were converted to oxygenated haemoglobin and deoxygenated
haemoglobin concentrations ([HbO] and [HbR]) using the modified
Beer-Lambert law [6]. [HbO] and [HbR] were then standardised

within each participant to mitigate the effects of individual differ-
ences. Subsequently, we subtracted [HbR] from [HbO] and obtained
the brain oxygenation level, Δ[Hb] = [HbO] − [HbR]. This step
was done in order to improve the signal strength. Then, for each
participant, we obtained the overall oxygenation level, Δ𝑎𝑙𝑙 [Hb],
by averaging Δ[Hb] across all available optodes. We opted to use
Δ𝑎𝑙𝑙 [Hb] to represent the overall changes in the forehead hemody-
namic activity. Lastly, for each stimulus exposure, we calculated
the mean Δ𝑎𝑙𝑙 [Hb] for the exposure period.

4.4.2 Data Analysis. We applied a one-way repeated measures
ANOVA on the mean overall oxygenation level, Δ𝑎𝑙𝑙 [Hb], for each
time window of stimulus exposure. However, we found no signifi-
cant effects of ideological congruence on the mean overall oxygena-
tion levels.

4.5 Summary and Lessons Learned
Our findings indicate that participants tended to spend more time
and exhibited more fixations when facing ideologically dissenting
stimuli. This implies that dissenting information might hinder or
disrupt the comprehension process. However, it was inconclusive
whether cognitive biases did contribute to this phenomenon. One
possible assumption could be that ideologically dissenting text stim-
uli (i.e., the con statements) were more cognitively demanding than
ideologically congruent stimuli [94]. Alternatively, since the make-
up of the study participants were predominantly aligned with the
pro statements, the dissenting stimuli may also have systematically
caused longer dwelling time.

Although we found a significant effect on the counts of SCR
during exposure to text stimuli, it remained inconclusive whether
physiological signals are reliable indicators of cognitive biases. As
a potential explanation, the study design may have introduced
confounding factors: we did not provide a time gap between two
consecutive stimuli, so-called inter-stimuli intervals (ISI). Due to
the lack of ISI, the stimulus-related physiological responses may
not reflect the reactions induced by the stimulus itself but those
induced by the preceding stimuli.

In addition, we observed that image stimuli yielded less expres-
siveness than text stimuli for two reasons. First, we found no signifi-
cant effect of the image stimuli’s ideological congruence on dwelling
time. Secondly, we found that the self-report expressiveness ratings
on image stimuli were significantly lower than on text stimuli (one-
way repeated measures ANOVA: F (1, 31) = 5.808, [2𝑝 = 0.16, 𝑝 =

0.022).
Visual information is one of the most prevalent media on the

Internet and is highly contextual, usually presented together with
text information [89]. In contrast to text stimuli, image stimuli can
thus be ambiguous, leading to different interpretations in different
individuals.

To eliminate possible confounds, we conducted a follow-up study,
which (1) ensured that the polarising statements successfully in-
duced biased information processing, (2) used a reliable ground
truth for the induced biased information processing, and (3) al-
lowed us to observe clearer changes in physiological signals in
response to each stimulus.
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5 STUDY 2: DESIGN
As Study 1 was inconclusive as to whether cognitive biases were
induced, we cannot draw any conclusions as to what extent physio-
logical signals can be used to infer the presence of cognitive biases
yet. We, therefore, designed and conducted Study 2 to address the
same question as Study 1 – are physiological signals reliable, ob-
jective measures of cognitive biases? Study 2 comprised a similar
approach in that we exposed participants to a series of polaris-
ing statements, but revised the experimental design to account for
potential confounding factors.

5.1 Stimuli Selection
We employed 62 text stimuli in Study 2. We decided to expose
our participants to a wider range of opinion statements. Thus, we
aimed to increase the external validity of Study 2 by diversifying
our stimuli and obtaining more observations. We extended the
number of topics to eight in Study 2: progressivism, climate change,
feminism, multiculturalism in Australia, vegetarianism, renewable
energy, abortion, and same-sex marriage. We used the 32 original
text stimuli from Study 1 and introduced 30 additional stimuli for
the four new topics. We provide details of each new topic in the
following paragraph. Informed by Study 1, we opted for not using
image stimuli, as they proved difficult to limit confounding factors
like the expressiveness and ambiguity of the images.

We included vegetarianism as one of the new topics because of
an increasing debate (about 12% of Australians identify as vegetar-
ians [101]) between proponents of vegetarianism (i.e., those who
do not eat meat) and its opponents (i.e., those who support meat
consumption). Meanwhile, we selected renewable energy since it
is contextually parallel to the topic of climate change. In Australia,
there has been a growing political debate between supporters and
opponents of renewable energy [23]. We also selected abortion and
same-sex marriage because they are part of the discussions on
feminism and progressivism. Although abortion has been legalised
in Australia, a notable proportion of pro-life messages still exist
on the Internet [1]. Similarly, same-sex marriage in Australia was
a heated debate during the 2017 marriage law survey [84]. While
the poll showed that the majority of Australians (61%) expressed
support for same-sex marriage, there was a significant proportion
of those who voted "no" [33].

The 30 new stimuli were gathered from the Procon.org website.
The ideological stances were counterbalanced, i.e., there was an
equal number of pro and con statements. We controlled the length
of each text stimulus to be around 50 to 80 words. In addition, we
ensured that no text stimulus had a score lower than 30 according
to the Flesch reading ease score [34], which is equivalent to the
university level. In Table 3, we summarise the pro and con ideologies
for each of the four additional topics.

Similar to Study 1, we presented the stimuli on a computer mon-
itor. Each stimulus was displayed with the same font (Verdana 27
pt, in dark grey colour), double line spacing, centred-justified align-
ment, and white background. Figure 2 gives an example of the text
stimuli in Study 2.

5.2 Study Protocols
5.2.1 Experimental Design. We conducted the study with a within-
subject design with the independent variable being participants’
congruent or dissenting opinion (i.e., two levels). Our dependent
variables consisted of behavioural measures (dwelling time and eye
tracking data), physiological measures (EDA and brain hemody-
namic responses), and self-report measures (stimulus-wise ideo-
logical alignment, likelihood to share the stimulus, and cognitive
effort). We present a list of study variables of Study 2 in Table 4.

5.2.2 Participants. We invited 31 participants (16 female, 13 male,
and 4 preferred not to disclose) to Study 2. The mean age was 29.41
(SD= 11.17) and ranged from 18 to 68 years old. Of those who dis-
closed their age, 6 were between 18 and 20 years old, 10 were in
their 20s, 6 were in their 30s, 2 were in their 40s, and 6 were 50 years
old or older. All participants reported that they were either native,
bilingual, or professional users of English. For their highest level of
education, 10 had year 12 education, 1 had certificate III/IV educa-
tion, 6 had a bachelor’s degree, 4 had a graduate diploma/certificate,
and 10 had a postgraduate degree. We excluded two participants
for fNIRS data analysis and one participant for EDA data analysis
since their recordings were mostly corrupted or missing.

5.2.3 Procedure. Similar to Study 1, Study 2 took place in a quiet
room where participants were seated in a comfortable position in
front of a 24-inch monitor. We first informed each participant about
the purpose and protocols of the study. After receiving their written
consent, we asked the participants to answer a pre-study survey
and calibrated the physiological sensors. After that, participants
went through a warm-up round to familiarise themselves with
the protocols. We presented participants with a series of four text
stimuli on the topic "Should zoos exist?". These warm-up stimuli
were sourced from Procon.org7.

In this study, we exposed participants to stimuli differently from
Study 1. For each stimulus, participants first read the stimulus
statement. Once they finished reading it, they responded to an in-
study survey, which asked participants three questions regarding
the stimulus. After providing their responses, participants entered
a 15-second resting period, where we asked them to close their eyes
and count from 1 to 15. A 15-second timer was placed on a screen.
Once the timer counted down to 0, participants proceeded to the
next block by clicking on the "next" button. The presentation order
of the stimuli was randomised.

We introduced a 15-second resting period as an inter-stimulus
interval (ISI) in order to observe clearer physiological changes. We
decided that 15 seconds would be an appropriate ISI since it allowed
sufficient time to observe hemodynamic responses, which typically
take three to five seconds to reach a peak and a few seconds to
decay [69, 107].

After participants finished the warm-up round, they entered the
data collection round. In this round, we presented participants with
a series of 62 text stimuli from the eight topics mentioned. Like
the warm-up round, participants read the stimulus, responded to
an in-study survey, and entered a 15-second resting period. Each
stimulus was presented in a randomised order; each stimulus’ topic
and stance were also randomised. Upon completion, we engaged

7https://www.procon.org/headlines/zoos-top-3-pros-and-cons/

https://www.procon.org/headlines/zoos-top-3-pros-and-cons/
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Table 3: Additional topics in Study 2 and their ideological ends

Topic Pro stance Con stance

Vegetarianism I support vegetarianism and oppose meat con-
sumption

I support meat consumption and oppose vege-
tarianism

Renewable Energy I believe renewable energy is necessary I believe renewable energy is not necessary

Abortion I think abortion should be legal I think abortion should be prohibited

Same-sex marriage I think same-sex marriage should be legal I think same-sex marriage should be prohibited

(a) A pro stance on renewable energy

(b) A con stance on renewable energy

Figure 2: Examples of stimuli presentation for Study 2

participants for a brief interview and compensated them with a $20
cash voucher. The study took approximately 90 minutes.

5.2.4 Sensors. Throughout the experiment, we recorded physio-
logical data from the participants. In a similar fashion to Study 1,
we employed the Empatica E4 wristband to record EDA and the
BIOPAC fNIR Sensors 2000 to record brain oxygenation levels from
the forehead. We used a Tobii Pro Nano8 to record the participant’s
eye-tracking data with a sampling frequency of 120 Hz. We asked
participants to refrain frommoving their heads throughout the data
collection period to prevent the occurrence of motion artefacts.

5.3 Ground Truth
5.3.1 Pre-study Survey. For each of the eight topics, we asked par-
ticipants to rate their stance on the topic on a continuous slider
scale of 0 (I agree with the con stance) to 100 (I agree with the pro
stance). Unlike Study 1, we used a continuous scale for ideological

8https://www.tobiipro.com/product-listing/nano/

stance since it provides more granularity for assessing the partici-
pants’ stances on a spectrum. In addition, we asked participants to
rate their interest and familiarity with each topic on a scale from 1
(least interested/familiar) to 5 for (most interested/familiar).

5.3.2 In-study Survey. For each stimulus, we asked participants
to report the congruence of ideological stance between them and
the statement, the likelihood to share it on their social media, and
the cognitive effort spent reading it, by asking three questions:
(Q1) How much does the statement align with your beliefs? ; (Q2)
How likely are you to share this statement on your social media? ;
and (Q3) How much effort did you put into reading this statement?.
Participants gave their ratings using a 5-point Likert scale (1: least
aligning/likely/effortful to 5: most aligning/likely/effortful). The in-
study survey was triggered each time participants finished reading
a stimulus.

5.3.3 Participant-stimulus Ideological Stance. On each topic, we
determined the ideological alignment of each participant from their
self-reported stance (from 0 to 100) in the pre-study survey. Similar

https://www.tobiipro.com/product-listing/nano/
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Table 4: Summary of Independent and Dependent Variables in Study 2

Variables Measures Scale

Independent Variables Participant-Stimulus Ideological Congruency 2 levels (congruent and dissenting)
Topic Interest 2 levels (high and low)
Topic Familiarity 2 levels (high and low)

Dependent Variables Behavioural
- Dwelling Time Continuous
- Number of Fixations Number of occurrences
- Number of up, down, left, and right saccades Number of occurrences

Self-report
- Q1: participant-stimulus ideological congruence 5-Likert scale
- Q2: likelihood to share the stimulus on one’s social media 5-Likert scale
- Q3: effort spent reading the stimulus 5-Likert scale

Physiological
(Time windows {2.5s, 5s, 10s} × {EXP1, EXP2, POST})
- SCL: Skin Conductance Level Continuous
- Frequency of Skin Conductance Response (SCR) peaks Number of occurrences
- Δ𝑎𝑙𝑙 [Hb]: The Overall Brain Oxygenation Level Continuous

to Study 1, we applied a threshold of 50 on the stance ratings. A rat-
ing of more than 50 represented an ideological stance that supports
the pro stance. Conversely, ratings less than 50 were considered to
support the con stance.

Using the abovementioned thresholds, our 31 participants iden-
tified their stances as follows: climate change (pro : con : neutral
= 28 : 1 : 2), feminism (pro : con : neutral = 25 : 2 : 4), progres-
sivism (pro : con : neutral = 24 : 5 : 2), multiculturalism in Australia
(pro : con : neutral = 30 : 0 : 1), vegetarianism (pro : con : neutral
= 12 : 12 : 6), renewable energy (pro : con : neutral = 29 : 1 : 1),
same-sex marriage (pro : con : neutral = 26 : 4 : 1), and abortion
(pro : con : neutral = 27 : 3 : 1).

Subsequently, we defined a score that describes the ideological
congruency between the participant and the stimulus. The score
was in a range between −50 (the participant’s stance is completely
opposite of the stimulus) and +50 (the participant’s stance completely
aligns with the stimulus). A positive score implied that the stances
of the participant and the stimulus were in the same direction, and
vice versa. The congruency score between participant 𝑝 and stimu-
lus 𝑠 , 𝐶𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑐𝑒 (𝑝, 𝑠), can be derived by applying formula 1. We
denoted 𝑃𝑜𝑠 (𝑠) as the ideological stance of the stimulus 𝑠 , which
took a binary value of +1 if the stance was aligned with the pro opin-
ion or −1 if the stance was aligned with the con opinion. 𝑆𝑡𝑎𝑛𝑐𝑒 (𝑝)
is the self-report stance of the participant 𝑝 , ranging from 0 to 100.

𝐶𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑐𝑒 (𝑝, 𝑠) = (𝑆𝑡𝑎𝑛𝑐𝑒 (𝑝) − 50) × 𝑃𝑜𝑠 (𝑠) (1)

For example, if a person rated themself with 80 out of 100 on the
topic of abortion and a stimulus stated an anti-abortion statement,

the congruency score between them would be (80 − 50) × (−1) =
−30.

In this study, we considered stimulus exposures with a congru-
ency score greater than +20 and those with a score lower than −20
to be ideologically congruent (C) and dissenting (D) respectively.
We discarded data points where the congruency score was between
−20 and +20 as they were considered neutral or weak in inclination.
The scale for the score was continuous with the mean of𝑀 = 0 and
𝑆𝐷 = 37.32.

6 STUDY 2: RESULTS
We analysed the effects of the congruency between the stimuli’s
ideologies and the participants’ leanings on behavioural, physio-
logical, and interaction measures collected during the study. The
goal was to examine physiological expressions of cognitive biases
that may be experienced when aligning with or distancing one-
self from content items. In the following, we describe our analysis
and findings along with the training of a classifier to detect the
participant-stimulus ideological congruency from interaction and
physiological data on whether participants encountered attitudinal
information.

6.1 Effects of Ideological Congruency
We applied a one-way repeated measures ANOVA on the amount of
time each participant spent with each stimulus. Similar to Study 1,
the independent variable was the congruence of ideological stance
between the participant and the stimulus, which had two levels:
congruent (C) and dissenting (D). Accordingly, we examined the ef-
fects of opinion congruency on dwelling time, self-report measures,
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eye tracking measures, and physiological (electrodermal activity
and hemodynamic responses). Table 5 reports statistical results
of the self-report and behavioural measures. Table 6 reports the
statistical results of the physiological measures.

6.1.1 Behavioural Measures. We found that participants spent sig-
nificantly more time with ideologically dissenting stimuli than with
congruent stimuli (C: 12.35 ± 7.46 seconds, D: 12.92 ± 7.26 seconds,
F (1, 30) = 5.713, [2𝑝 = 0.160, 𝑝 = 0.023)

For eye tracking measures, similar to Study 1, throughout the
period of stimulus exposure, we calculated the number of fixations
and the number of saccades in each of the four directions: up,
down, left, and right. Since the length of each exposure was not
identical, we normalised the measures by dividing each of them
by the stimulus dwelling time. We found no significant effect of
opinion congruency on the normalised eye-tracking measures.

6.1.2 Self-report Measures. We performed a similar analysis on
the self-reported ratings for each stimulus. We examined (Q1) the
ideological congruence between the participant and the stimulus,
(Q2) participants’ likelihood to share the stimulus on their social
media, and (Q3) their cognitive effort spent reading it.

We found that Q1 and Q2 responses from congruent stimuli were
significantly higher than those from dissenting stimuli (Q1: C: 3.90±
0.92, D: 2.29±1.12, F (1, 30) = 203.481, [2𝑝 = 0.871, 𝑝 < 0.001; Q2: C:
1.83 ± 1.03, D: 1.23 ± 0.51, F (1, 30) = 51.564, [2𝑝 = 0.632, 𝑝 < 0.001).
This confirms the internal validity of the stimulus materials as the
participants’ general tendency toward a topic (𝐶𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑐𝑒 (𝑝, 𝑠))
and their content-specific alignment (Q1) were congruent. Specifi-
cally, we found that 𝐶𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑐𝑒 (𝑝, 𝑠) and Q1 were strongly corre-
lated (Pearson 𝑟 = 0.737, 𝑝 < 0.001). Moreover, participants with
general tendencies in favour of a topic were more willing to share
content that aligned with their views. Q3 responses for congruent
and dissenting stimuli were not significantly different from each
other (Q3: C:2.98 ± 1.20, D:2.76 ± 1.23, F (1, 30) = 3.375, [2𝑝 = 0.101,
n.s.).

6.1.3 Physiological Measures. The task design in Study 2 allowed
us to observe physiological changes both during and after stimulus
exposure. Thus, we analysed the collected physiological signals
in three different time windows: a period during the beginning of
stimulus exposure (EXP1: the first 0 to𝑤 seconds), a period during
the end of stimulus exposure (EXP2: the final 𝑤 seconds), and a
period after stimulus exposure (POST: the first 0 to𝑤 seconds after
exposure). We analysed the data using three different window sizes
(𝑤 ): 2.5, 5, and 10 seconds. The choices of window size followed
those commonly used in prior EDA [11, 22] and fNIRS studies [2, 40].
To ensure that our window analysis is valid, we discarded any
exposure that lasted shorter than the defined window size.

Additionally, we corrected the temporal drift in SCL by subtract-
ing the SCL values in the baseline window from the SCL values in
the analysis window. For each stimulus, we used the final 2 seconds
of the resting period (i.e., the ISI) before the participant started
reading it as the baseline window.

We followed the same signal preprocessing pipeline as in Study 1.
We examined 3 × 3 dependent variables. From EDA data, we cal-
culated the mean of SCL and the frequency of SCR. For hemo-
dynamic responses, we obtained the mean overall oxygenation

levels, Δ𝑎𝑙𝑙 [Hb]. Each of these measures was calculated in the three
time windows: EXP1, EXP2, and POST.

In a similar manner, we ran a repeated measures ANOVA on
each of the dependent variables. We did not detect a significant
effect of opinion congruency on the mean of SCL in any time win-
dow. However, we observed a trend during the first 10 seconds of
stimulus exposure (EXP1 period) that the mean SCL was higher
when presented with dissenting stimuli (C: 0.000436 ± 0.143, D:
0.0203 ± 0.188, F (1, 29) = 4.242, [2𝑝 = 0.127, 𝑝 = 0.0502).

We did not find a significant effect of opinion congruency on
the overall oxygenation levels; yet, we found significant effects on
the overall oxygenation levels of the subgroup of participants who
reported low interest in a topic. We discuss this finding in detail in
the following section.

6.2 Effects of Interest and Familiarity
We examined whether participants’ interest in and familiarity with
a topic influenced their self-report, behavioural, and physiological
expressions. To do so, we considered subgroups of participants with
high/moderate/low interest and familiarity with a topic.

For each topic, we set a threshold of 3 on the interest (1-5) ratings.
We considered those who rated topic interest as 4 or 5 to have high
interest. Participants who rated 3 were regarded as havingmoderate
interest. Lastly, those who rated 1 or 2 on interest were deemed as
low interest. We also applied the same threshold on the familiarity
(1-5) ratings to form participant groups with high, moderate, and
low familiarity.

There were a total of 1482 observations across 31 participants.
When filtered by topic interest, there were 232 observations across
19 participants in the low-interest group and 900 observations
across 29 participants in the high-interest group. When filtered
by topic familiarity, there were 354 observations across 18 partici-
pants in the low-familiarity group and 522 observations across 25
participants in the high-familiarity group.

We analysed the high-interest and low-interest groups separately
by employing a one-way repeat measures ANOVA on each of the
measures. While we detected some effects of topic interest, we
found no effect from familiarity; thus, we provide the analysis only
for topic interest in the following. Table 5 gives the testing results,
including the sample size for each subgroup.

6.2.1 Dwelling Time. In line with the general results, we found
that participants with a higher interest in a topic spent signifi-
cantly more time with dissenting information (C:11.96 ± 6.46, D:
13.20 ± 7.49, F (1, 28) = 13.470, [2𝑝 = 0.829, 𝑝 < 0.001). We also
detected a greater effect size in the high-interest group (compared
to the general group, [2𝑝 = 0.160), which indicated that the effect of
ideological congruency was stronger in participants with high in-
terest. Meanwhile, we found no significant effect when considering
data from low-interest individuals.

6.2.2 Self-report Measures. We obtained consistent results from
both subgroups: they tended to rate both Q1 and Q2 higher for
congruent stimuli. We observed a greater effect size on Q2 in the
high-interest group (high-interest group: [2𝑝 = 0.655, general group:
[2𝑝 = 0.632), indicating that individuals were more likely to share
attitude-confirming contents as they were more interested in the
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topic. In addition, we found that participants with low interest
reported significantly higher effort (Q3) when reading congru-
ent statements than dissenting ones (C: 2.98 ± 1.20, D:2.76 ± 1.23,
F (1, 18) = 9.348, [2𝑝 = 0.341, 𝑝 = 0.006).

6.2.3 Physiological Measures. When examining data from low-
interest individuals, we detected significant effects of ideological
congruency on the overall oxygenation levels during the EXP1
period. Our analysis showed that the effects were significant in
window lengths of 2.5 and 5 seconds, where participants tended
to exhibit higher oxygenation levels when facing dissenting in-
formation (2.5-second window: C: −0.18 ± 1.08, D: 0.10 ± 1.11,
F (1, 16) = 5.352, [2𝑝 = 0.250, 𝑝 = 0.034; 5-second window: C:
−0.16±0.99, D: 0.059±1.07, F (1, 16) = 4.607, [2𝑝 = 0.223, 𝑝 = 0.048).
As higher oxygenation levels associate with more neural activation,
our results suggested that ideologically diverging information in-
duced higher neural activity than congruent information. We found
no significant effect when considering high-interest individuals.

6.3 Building a Bias Classifier
To examine our measures as indicators of cognitive biases, we
performed a binary classification on the collected data to detect
and distinguish the exposure to ideologically congruent stimuli
(C) from ideologically dissenting (D) ones. We extracted the input
features of the classifiers from statistical values of the EDA and brain
oxygenation levels. Each of the features was extracted in a 2-second
time window in each observation period (EXP1, EXP2, and POST).
Statistics include the mean, standard deviation, median, kurtosis,
skewness, and slope. We also included eye-tracking features, which
were the counts of fixations and saccades in different directions (up,
down, left, and right). Due to counterbalancing in the study design,
our dataset (4960 samples) was perfectly balanced between the
congruent and dissenting conditions (class ratio C : D = 2480 : 2484).

We trained a model using the following classifiers: linear dis-
criminant analysis (LDA), support vector machine (SVM) with an
RBF kernel, random forest [13], and XGBoost [36]. We evaluated
the models by using the average accuracy across a 5-fold cross-
validation. The average accuracy was calculated from the mean of
the validation accuracy for each fold. For tree-based models, we
performed hyperparameter tuning using a randomised search for
the number of trees and the maximum depth. The optimal parame-
ters were 1600 trees and 30 levels for random forest, and 1500 trees
and 6 levels for XGBoost.

We found that the highest accuracy achieved was 55.27% on aver-
age through the XGBoost algorithm. The result, however, indicated
that our classifier performed barely above the performance of a
ZeroR classifier, i.e., the level of chance (50.04% accuracy for our
dataset). To ensure that the model performance scores were not
obtained by chance, we performed a permutation test [78] on each
of the classification algorithms. We found that all models except
ZeroR achieved a p-value lower than 0.05, indicating that the em-
ployed models can give better predictions than the chance level
with 95% confidence. Table 7 summarises eachmodel’s classification
performance and the p-value of the permutation test.

7 DISCUSSION
To avoid information overload and effectively categorise the vast in-
formation available online, people often resort to mental shortcuts
to make quick judgments about new information. These shortcuts
can lead to a biased interpretation of that information and hence
form what is called cognitive biases [102]. In the presented studies,
we explored the indicators of cognitive biases in information con-
sumption in two experiments, in which we exposed participants
to ideologically polarising stimuli while collecting self-reports, be-
havioural, and physiological measures. Study 1 showed that some
of our results were inconclusive in terms of physiological mea-
sures due to a lack of time gaps between subsequent stimuli. Hence,
we were unable to isolate the effect of the stimuli on participants’
opinion-related reactions. However, we found that participants
spent more time with ideologically dissenting information but it
was unclear whether this was due to the influence of their biased
perception of the topic or whether some stimuli were more cogni-
tively demanding in the way they were presented than others.

In Study 2, we addressed this limitation by redesigning the study
and collecting not only behavioural (dwelling time and eye tracking)
and physiological measures (EDA and hemodynamic responses)
but also self-reports on topic interest and familiarity as they have
been shown to influence the depth of information processing [63].
We ensured internal validity as participants demonstrated that their
general tendency on a topic and their content-specific alignment
(Q1) were consistent. Secondly, we introduced the use of inter-
stimuli intervals (ISI) in Study 2. This allowed us to observe clearer
physiological responses following stimulus exposure. Thirdly, we
exposed participants to a greater range of opinion statements, thus
increasing the external validity of the study.

In the remainder of this section, we discuss the outcomes of both
studies focusing on the behavioural and physiological expressions
of cognitive biases when viewing different opinions.We first discuss
the effects of ideological congruency on dwelling time found in both
studies. Subsequently, with Study 2 suggesting that topic interest
influences the effects of ideological congruency, we discuss topic
interest as a factor of biases. Lastly, we discuss the implications of
building bias-aware systems, their feasibility, potential impact, as
well as some ethical considerations.

7.1 Behavioural Expressions of Biases
In both studies, we observed that participants tended to spend more
time with dissenting than opinion-confirming information. As in
Study 2, the effects became stronger when considering participants
with high interest in a specific topic. Our results support prior
findings on selective exposure [37, 100]. Meanwhile, the results
draw contrast to some prior works [68, 91], which stated that people
tend to spend more time viewing confirmatory information.

Research on selective exposure has produced mixed results in
terms of behavioural measures. With our studies showing different
results from some of the existing literature, study designs may in-
fluence the behaviour of the participants and thus their behavioural
expression of biases. Our study exposed participants to discrete
pieces of information – i.e., participants read the stimulus contents
one by one. Research by Garrett [37] and Taber and Lodge [100]
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Table 5: Inferential statistics of Study 2’s stimulus dwelling time and self-report measures. 𝑁 and 𝑛 denote the number of
included participants and the number of included stimulus exposure, respectively. We denote **, ***, and **** for significance
levels of 0.05, 0.01, and 0.001, respectively.

Measure General Low interest High interest
Sample sizes (𝑁 = 31, 𝑛 = 1482) (𝑁 = 19, 𝑛 = 232) (𝑁 = 29, 𝑛 = 900)

Dwelling time D > C** n.s. D > C***
F (1, 30) = 5.713 F (1, 18) = 2.560 F (1, 28) = 13.470
[2𝑝 = 0.160, 𝑝 = 0.023 [2𝑝 = 0.126, 𝑝 = 0.0995 [2𝑝 = 0.324, 𝑝 = 0.001

Q1 C > D**** C > D**** C > D****
F (1, 30) = 203.481 F (1, 18) = 37.064 F (1, 28) = 135.994
[2𝑝 = 0.871, 𝑝 < 0.001 [2𝑝 = 0.673, 𝑝 < 0.001 [2𝑝 = 0.829, 𝑝 < 0.001

Q2 C > D**** C > D*** C > D****
F (1, 30) = 51.564 F (1, 18) = 11.628 F (1, 28) = 53.279
[2𝑝 = 0.632, 𝑝 < 0.001 [2𝑝 = 0.392, 𝑝 = 0.003 [2𝑝 = 0.655, 𝑝 < 0.001

Q3 n.s. C > D*** n.s.
F (1, 30) = 3.375 F (1, 18) = 9.348 F (1, 28) = 3.493
[2𝑝 = 0.101, 𝑝 = 0.076 [2𝑝 = 0.341, 𝑝 = 0.006 [2𝑝 = 0.0792, 𝑝 = 0.131

Table 6: Inferential statistics of Study 2’s physiological measures. 𝑁 , 𝑛, and𝑤 denote the number of included participants, the
count of included stimulus exposure, and the window size, respectively. We denote **, ***, and **** for significance levels of
0.05, 0.01, and 0.001, respectively.

Measure General Low interest High interest

SCL n.s. n.s. n.s.
during EXP1 (𝑁 = 30, 𝑛 = 754) (𝑁 = 18, 𝑛 = 112) (𝑁 = 28, 𝑛 = 448)
(𝑤 = 10 seconds) F (1, 29) = 4.242 F (1, 12) = 0.921 F (1, 26) = 0.987

[2𝑝 = 0.127, 𝑝 = 0.0502 [2𝑝 = 0.0713, 𝑝 = 0.356 [2𝑝 = 0.0365, 𝑝 = 0.329

Δ𝑎𝑙𝑙 [Hb] n.s. D > C** n.s.
during EXP1 (𝑁 = 29, 𝑛 = 1397) (N = 17, n = 200) (𝑁 = 27, 𝑛 = 814)
(𝑤 = 2.5 seconds) F (1, 27) = 1.133 F (1, 16) = 5.352 F (1, 25) = 1.390

[2𝑝 = 0.0402, 𝑝 = 0.296 [2𝑝 = 0.250, 𝑝 = 0.034 [2𝑝 = 0.0526, 𝑝 = 0.249

Δ𝑎𝑙𝑙 [Hb] n.s. D > C** n.s.
during EXP1 (𝑁 = 29, 𝑛 = 1228) (N = 17, n = 185) (𝑁 = 27, 𝑛 = 777)
(𝑤 = 5 seconds) F (1, 27) = 1.865 F (1, 16) = 4.607 F (1, 25) = 2.605

[2𝑝 = 0.0646, 𝑝 = 0.183 [2𝑝 = 0.223, 𝑝 = 0.048 [2𝑝 = 0.0943, 𝑝 = 0.119

Table 7: The Evaluation Scores for Bias Classification.

ZeroR LDA SVM Random Forest XGBoost

Mean Accuracy (SD) 50.04 (0) 50.96 (0.02) 50.20 (0.001) 54.39 (1.94) 55.27 (2.74)
p-value 1.00 0.047 0.047 0.047 0.047
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followed a similar protocol to our studies and produced congru-
ent results with our work. On the other hand, works by Marquart
[68], for example, comprised a different study design where the
participants freely navigated information on the screen while their
dwelling time was tracked through area-specific fixation time.

Regarding reading effort (Q3), we find that individuals tended to
spend more time but reported less effort reading information with
dissenting stimuli. Our results align with the theory of epistemic
monitoring by Richter [86, 87], which states that ideological dis-
senting information disrupts the fluency of information processing.
As a result, individuals economise their cognitive resources by al-
locating them to attitude-consistent information. The theory may
explain our findings that the prolonged reading time for dissent-
ing statements resulted from the participant’s reduced fluency in
comprehending inconsistent information. Subsequently, less read-
ing effort implies that individuals tend to save up their cognitive
resources to process congruent information.

7.2 Physiological Expressions of Biases
We found that topic interest influenced the effects of opinion con-
gruency on physiological responses. When considering individuals
with low interest in a topic, we detected significant effects on the
brain oxygenation levels during the start of the stimulus expo-
sure. Our findings indicate that individuals tended to exhibit higher
neural activation levels when processing ideologically dissenting
information. This result is in line with prior research on cognitive
dissonance [12, 49, 110], suggesting higher neural activation when
facing attitude-challenging information.

Our results add to the existing literature on psychophysiology.
To the best of our knowledge, this is the first study to obtain these
findings using fNIRS sensors in the context of information expo-
sure. While the physiological research on information consumption
has been limited, it will be interesting to devise future studies that
observe the interactions between individuals’ involvement with a
topic and their ideological tendency through more objective mea-
sures like physiological data.

In addition, we detected a trend that the skin conductance lev-
els (SCL) were higher in dissenting stimuli. However, the result
remained statistically inconclusive. Our results drew parallels to a
study by Ploger et al. [82] which investigated cognitive dissonance
through video media consumption. Similarly, albeit not statistically
significant, Ploger et al. found that SCL tended to be higher when
facing attitude-challenging information. We argue that our attitude-
dissenting stimuli may induce dissonance arousal [111] – i.e., the
physiological by-product of cognitive dissonance. Nonetheless, fu-
ture research may focus on the potential of EDA in detecting the
psycho-physiological effects of ideologically polarising informa-
tion.

7.3 Topic Interest as a Factor of Bias
By varying the analysis on subgroups of high and low-interest in-
dividuals, we found that topic interest impacted the occurrence of
cognitive biases. In sum, higher topic interest strengthened the ef-
fects of ideological congruency on dwelling time and the likelihood
of sharing the stimulus content. Lower topic interest, on the other
hand, positively influenced the effects of ideological congruency

on the reading effort (Q3) and the physiological measures (skin
conductance levels and brain oxygenation levels).

Our finding is in line with prior research on selective expo-
sure [29, 53, 90, 95], which states that topic interest is one of the
influencing factors for the selective exposure effect. Our result is
also supported by the two-step model of processing conflicting
information by Richter [86, 87]. The theory states that people tend
to use the perceived plausibility of the information as a heuristic:
they tend to save up their cognitive resources on attitude-consistent
information and process the information based on their beliefs. On
the other hand, individuals with relevant background knowledge
tend to process it in an informed and balanced way.

Interestingly, we did not find significant effects of topic familiar-
ity on the occurrence of biases. Instead, we detected such effects
from topic interest. Since we did not explicitly assess prior knowl-
edge, future studies should consider the effects of topic knowledge
and familiarity on bias occurrence.

7.4 Towards Bias-Aware Systems
The studies presented are a first step to building bias-aware sys-
tems, i.e., computing systems that detect and take into account the
presence of cognitive biases in users [24]. The notion of bias-aware
systems parallels cognition-aware systems coined by Bulling and
Zander [15] as they pick up and adjust to cognitive states but with
a focus on biases and predispositions. Our results feed into system
frameworks, such as Nussbaumer et al. [77], which collect user-
system interaction data, learn to detect cognitive biases from such
data, and help users reduce their biases by providing feedback from
bias detection.

With multimodal data collected in our study, we employed a
range of machine learning algorithms on the collected data to clas-
sify exposures that involved congruent information from those
with dissenting information. As our models barely outperformed
chance, the challenge remains to build a bias-aware system based
on a well-performing classifier.

Our studies, however, show some promising results in connect-
ing physiological and interaction data with users’ innate opinions
and attitudes. For the field of human-computer interaction, iden-
tifying these markers and designing experiments around eliciting
and measuring cognitive biases is the first step towards researching
and building bias-aware systems. In the context of recent societal
impacts of computing systems, we envision more research in and
broader use of measuring tools for the presence and effects of user
biases in the evaluation of computing systems. To this end, we also
release our study materials, including content and data collection
apparatus as supplementary materials.

Being able to quantify the occurrence and the effect of cognitive
biases will allow researchers to closely study the influence that
user interfaces and algorithms have on opinion formation. Systems
capable of identifying biases will subsequently enable work to
address and mitigate their effects. Hence, interventions can be
designed and tested to help users overcome cognitive fallacies as a
result of their biases and encourage them to engage more critically
with computing systems and information. In the current climate
of misinformation, sensing users’ attitudes and reactions towards
potentially biased information can help design better information
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diets that help users break out of their filter bubbles, leave their
silos of selected exposure and engage on a broader spectrum of
ideas and opinions. Critical thinking and informed decision-making
are critical for a healthy and diverse public discourse and have the
potential to curtail the misinformation pandemic [60].

Finally, we would like to acknowledge the potential ethical im-
plications of systems that sense biases, attitudes, and opinions.
What can be used to identify and mitigate biases might as well be
abused to reaffirm and steer people’s beliefs, spread propaganda,
and influence decision-making. The case of Cambridge Analytica
has prominently demonstrated how people’s attitudes can be de-
rived from interaction data on social media platforms and used
to influence opinion making [17]. Our research contributes to the
systematic study of biases in the hopes that future work focuses on
the demystification of how biases occur and what exacerbates or
mitigates them.

8 LIMITATIONS
Despite Study 2 having addressed the main limitations of Study 1,
there are a number of limitations we would like to discuss with
regard to our study design and the interpretation of our findings.

First of all, our study design did not impose time constraints
on each stimulus. Participants were free to spend as much time as
they wanted with the stimulus until they clicked the next button.
While this protocol allowed users to fully comprehend the stimuli
materials, it introduced a number of limitations to the data analysis.
The varying stimulus exposure time made it difficult to anticipate
the temporal location of physiological reactions (i.e., the rise of
oxygenation and skin conductance levels) regarding the stimuli. In
addition, it was unclear how the reading motives of each partic-
ipant affected their decision to end the stimulus exposure. Some
participants may have tried to fully comprehend the material before
clicking next, while others may have clicked next once they felt it
unnecessary to further read the statement. We, however, took this
into account by discarding data samples that lasted shorter than the
analysis window size to mitigate the effects of shortened exposure.

Second, we were unable to assess the degree or strength of each
stimulus’s ideological tendency. As the primary source of our study
stimuli, ProCon.org provides a collection of supporting and refuting
information, which consists of opinions on different spectrums of
attitude strength. In addition, our participants may perceive each
stimulus individually, and therefore differently. During our post-
study interviews, some participants reported they found some state-
ments were not aligned with any particular ideological standpoint.
The use of topic interest and familiarity as a subjective measure,
however, helped us refine our analysis and isolate those cases where
stronger tendencies may have been present.

The make-up of our study participants was also rather imbal-
anced in terms of ideologies. We found that most participants iden-
tified themselves as progressive, left-leaning, i.e., they mostly posi-
tioned themselves with the pro stances: they believed in man-made
climate change and supported same-sex marriage. Since most par-
ticipants were recruited from the university community, it was diffi-
cult for us to find people from conservative or right-leaning groups.
While we tried to ensure that participants were exposed to an even
number of congruent and dissenting stimuli, further studies with

people with strong convictions and rather conservative and right-
leaning attitudes are needed. For example, Knobloch-Westerwick
et al. [55] found a greater leaning toward the US Republican party
increased confirmation bias hinting that ideological alignment may
have an effect on the creation and experience of biases.

In terms of physiological sensors, we used the Empatica E4 wrist-
band to measure EDA.While the device is compact and unobtrusive,
recent research has expressed concerns that E4-generated EDA sig-
nals are prone to motion artefacts and measurement noise and may
not be as reliable as laboratory-grade devices [4, 10, 73]. Moreover,
we only collected the hemodynamic responses using fNIRS from
the forehead region. Although the placement of the sensor pad
allowed unobtrusive data collection, it limited our observations to
neural activities beyond the forehead area that is not covered by
hair. Future works may investigate the hemodynamic activity from
full-head fNIRS.

We used self-report ratings as pre-study questions to gauge par-
ticipants’ ideological inclination on, interest in, and familiarity with
each topic, as well as in-study surveys to improve the internal valid-
ity of our study. While self-reports are convenient tools to collect
information, they can be confounded by a range of factors, notably,
memory, self-presentation [96] and preference falsification [59].
Moreover, written questions are susceptible to misinterpretation.
For instance, some participants reported that they understood the
question “How much effort did you put in reading this statement”
(Q3) as the amount of cognitive resources spent on reading the state-
ment, while some reported that they replied to Q3 by providing the
degree of how well they understood the statement.

Moreover, we only used single-item questions to represent each
of the self-report measures. This limits the external validity of our
study since we did not use standardised, established subjective mea-
sures. For example, we did not examine the reading effort (Q3) using
a well-established NASA-TLX questionnaire out of concern for par-
ticipants’ time and fatigue levels. Moreover, we did not assess the
participant’s general ideological alignment using, for instance, the
Wilson-Patterson conservatism scales or performing an implicit as-
sociation test [24]. Such tools may allow future research to uncover
a more nuanced relationship between the strength of ideological
conviction and individuals’ experience of biases.

9 CONCLUSION
Biases as cognitive shortcuts help people copewith the vast amounts
of online information but can also trap us in one-sided exposure
and filter bubbles that reaffirm our existing beliefs. To study the
occurrence and effects of biases on information consumption be-
haviour and decision-making, we set out to explore indicators for
the occurrence of biases in physiological and interaction data. In
this paper, we presented two experiments, in which we exposed
users to opinionated statements on polarising topics while collect-
ing physiological, behavioural, and interaction data. Our stimuli
samples stated opinions that were either congruent or dissenting
with participants’ attitudes. We found that participants tended to
generally spend more time processing statements that were incon-
gruent with their own opinion. We further observed higher neural
activity as indicated by certain brain regions’ blood oxygenation
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levels when participants were facing ideologically dissenting atti-
tudes while having expressed relatively low interest in that topic.
Our results demonstrate the existence of behavioural and physiolog-
ical differences in the expression of congruency between people’s
innate opinions and ideologically tainted information, a first step
towards building classifiers to detect cognitive biases.

Our study design and findings pave the way for future research
in understanding the occurrence of cognitive biases with the goal
of detecting them and quantifying their effects. The ability to equip
systems with bias-awareness allows HCI researchers to study the
role that design, algorithms, and content elements play inmitigating
or exacerbating user biases.
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