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Abstract: Concerns about online news consumption have proliferated, with some evidence suggest-
ing a heightened impact of the confirmation bias and social cues online. This paper argues that
mobile media may further shape selective exposure to political content. We conducted two online
selective exposure experiments to investigate whether browsing political content on smartphones
(vs. computers) facilitates selective exposure to attitude-consistent vs. attitude-discrepant articles
(confirmation bias) with high vs. low views (impact of social cues). Notably, these studies leveraged
novel random assignment techniques and a custom-designed, mobile-compatible news website. Us-
ing a student sample, Study 1 (N = 157) revealed weak evidence that the confirmation bias is stronger
on smartphones than computers, and the impact of social cues was similar across devices. Study 2
(N = 156) attempted to replicate these findings in a general population sample. The impact of social
cues remained similar across devices, but the confirmation bias was not stronger on smartphones
than computers. Overall, the confirmation bias (but not the impact of social cues) manifested on
smartphones, and neither outcome was consistently stronger on smartphones than computers.

Keywords: cognitive processing; confirmation bias; experiment; identity; mobile effects; mobile
media; mobile news consumption; selective exposure; social cues

1. Introduction

Many scholars argue that Americans are becoming increasingly polarized (Abramowitz
and Saunders 2008; Iyengar et al. 2019), with consequences for democracy and civic society
(Sunstein 2009). It is often argued that polarization is in part shaped by selective exposure
(e.g., Stroud 2010) or “any systematic bias in selected messages that diverges from the
composition of accessible messages” (Knobloch-Westerwick 2014, p. 3). Notably, scholars
have highlighted that people choose sources and articles that align with their political
attitudes and ideologies, which in turn strengthen those same ideologies (Levendusky
2013). This confirmation bias in selective exposure reduces exposure to content that is not
consistent with pre-existing attitudes, resulting in increased polarization (Sunstein 2009).
Crucially, the confirmation bias may be heightened in the online domain, where people can
choose from a wider variety of sources (Pearson and Knobloch-Westerwick 2019).

The online domain is also notable for its inclusion of social cues, or signals of the
endorsement of others (e.g., views, likes, shares) that accompany most online news articles
(Porten-Cheé et al. 2018). Besides attitude consistency, social cues are another commonly
studied factor that can guide selective exposure (Haim et al. 2018). Critically, because
online news articles entail varying levels of attitude consistency and social cues—and the
confirmation bias and impact of social cues may even interact—studies that only consider
one or the other may not paint an accurate picture of online news consumption (Messing
and Westwood 2014; Mothes and Ohme 2019).
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Although several researchers have implicated the rise of polarization on changing
news consumption patterns afforded by new media (e.g., Bennett and Iyengar 2008),
fewer studies have examined what is now the most common form of news consumption:
mobile. Especially prominent since the advent of smartphones (Westlund 2015), mobile
news consumption recently eclipsed online news consumption via desktop and laptop
computers (Walker 2019). The current studies examine how this shift in which devices people
use to consume the news entails changes in how people engage with the news.

To do so, the current studies follow a mix-of-attributes approach to studying new
media (Eveland 2003; Ohme 2020), considering particular attributes of mobile media that
contribute to selective exposure rather than the novelty of new media writ large. Specifically,
it focuses on the small screens and personal nature of mobile media. The current studies
argue that these attributes of mobile media will facilitate the confirmation bias, but not the
impact of social cues, on smartphones (vs. computers).

Therefore, the current studies investigate mobile selective exposure. Study 1 compares
the confirmation bias and impact of social cues on computers and mobile devices among
college students and Study 2 attempts to replicate Study 1 in a general population sample.
Both studies utilize novel approaches to random assignment of browsing device and a
custom-designed, mobile-compatible news website to support the causality and ecological
validity of the findings.

1.1. Confirmation Bias

The confirmation bias refers to spending more time on or selecting more attitude-
consistent than attitude-discrepant information. Early communication research identified
the confirmation bias in the context of political campaigns (Lazarsfeld et al. 1944). Sub-
sequent research, mostly based on Festinger’s (1957) cognitive dissonance theory, found
moderate empirical evidence for the phenomenon, but the confirmation bias has been
particularly robust in the last two decades. In particular, the online domain may amplify
the confirmation bias (Bennett and Iyengar 2008), as selectivity is enhanced due to the
wider array of available content and non-linear website structure (Pearson and Knobloch-
Westerwick 2019). The current studies, which test the confirmation bias online, thus pose
the following hypothesis:

H1. Participants will exhibit the confirmation bias.

Critically, the confirmation bias is challenging and relates to identity. To select an
attitude-consistent article, users typically read headlines and determine whether they align
with their attitudes (cf. Westerwick et al. 2017). This procedure is cognitively taxing,
explaining why the confirmation bias fails to materialize when participants complete a
concurrent distractor task (Jang 2014). Further, the confirmation bias is related to one’s
identities, including personal traits and social group memberships (Oyserman 2001), in
that people often select information that aligns with their salient identities. For example,
American opponents of immigration select more anti-immigration news when their national
identity is primed (Wojcieszak and Garrett 2018). Therefore, to the extent that the small
screen and personal nature of mobile media impact cognitive processing and identity, the
confirmation bias may differ in the mobile domain.

Confirmation Bias on Smartphones

A wide body of work indicates that people find it challenging to successfully navigate
small screens (Ofcom 2018). Users find it more difficult to type (Bao et al. 2011; Kamvar
and Baluja 2006), read (Molyneux 2015; Napoli and Obar 2014), and search for (Chae and
Kim 2004; Ghose et al. 2013) information on mobile media. Moreover, users display less
cognitive arousal and spend less time reading news articles and fixating on news content
on smartphones compared with desktop computers (Dunaway et al. 2018; Dunaway and
Suroka 2019). This work suggests that the physical constraints of using small screens could
deplete cognitive resources that would otherwise be used to enact the confirmation bias.
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However, in a more direct test of the effect of small screens on cognitive processing, Kim
and Sundar (2016) found that smaller screens were associated with greater systematic
processing. They argued that the ease of using larger screens may render them distracting
and less conducive to more effortful processing.

In addition, the personal nature of mobile media could encourage the selection of
attitude-consistent content. To the extent that smartphones are perceived as extensions
of the self (Ross and Bayer 2021), it is proposed that mobile users’ identities are more
salient when using these devices. In turn, smartphone browsers may be more likely to
select content that aligns with these identities, such as attitude-consistent content (see
Wojcieszak and Garrett 2018). The personal nature of mobile media may thus facilitate the
confirmation bias.

In sum, small screens may promote effortful processing (and in turn the confirmation
bias) and the personal nature of mobile media may encourage the selection of identity-
consistent content. Taken together, the confirmation bias is expected to persist, and may in
fact be strengthened, on mobile devices. The current studies, therefore, pose the following
two hypotheses:

H2. Participants will exhibit confirmation bias on smartphones.

H3. The confirmation bias will be stronger on smartphones than on computers.

1.2. Impact of Social Cues

The impact of social cues refers to spending more time on or selecting more information
with higher social cues. With the shift towards online news consumption, social cues have
grown in prominence. Legacy media websites, social media, and smartphone apps often
use a variety of social cues to sort their content and entice their consumers (Messing and
Westwood 2014). In general, people believe that socially endorsed information is likely to
be relevant and credible (Chaiken 1987; Sundar and Nass 2001). However, there are myriad
types of social cues (Haim et al. 2018). Notable dimensions of social cues include whether
the endorsement is explicit (Claypool et al. 2001) and whether the endorsers are known
(Kaiser et al. 2021). The current studies opted to operationalize social cues as views, which
represent implicit and unknown endorsement. Previous work has demonstrated that the
inclusion of views (Ohme and Mothes 2020) and a higher number of views (Knobloch-
Westerwick et al. 2005) increases selective exposure. Moreover, as the current studies utilize
a news website rather than a social media platform (Knobloch-Westerwick 2014), the choice
of views (vs. likes) is more ecologically valid. The current studies thus pose the following
hypothesis:

H4. Participants will exhibit the impact of social cues.

Crucially, in contrast to the confirmation bias, social cues neither require effortful
processing nor clearly relate to identity. Social recommendations are easy to process, often
consisting of a single number indicating the popularity of an article (Knobloch-Westerwick
et al. 2005). In addition, it is unclear whether content with high social cues would be more
consistent with one’s identities than content with low social cues. For example, people
who view themselves as “popular” may select content with high social cues, whereas those
who view themselves as “unique” may select content with low social cues (Brewer 1991).
Therefore, even if the small screen and personal nature of mobile media impact cognitive
processing and identity, the impact of social cues may not differ in the mobile domain.

Impact of Social Cues on Smartphones

As detailed above, small screens appear to support more effortful processing, whereas
social cues would likely play a larger role in selective exposure if users relied on less
effortful processing. Furthermore, although the personal nature of mobile media may
encourage the selection of identity-consistent content, it is unclear whether such content
would be accompanied by high or low social cues. Taken together, the impact of social cues
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is expected to persist, but may not be stronger or weaker, on mobile devices. The current
studies therefore pose the following hypothesis and research question:

H5. Participants on smartphones will exhibit the impact of social cues.

RQ1. Will the impact of social cues differ between smartphones and computers?

1.3. Confirmation Bias and Impact of Social Cues

Finally, scholars have argued that social cues can function to “override” the confir-
mation bias, such that high social cues entice people to select attitude-discrepant content
(Messing and Westwood 2014; Mothes and Ohme 2019). This effect seems most likely to
occur in the online domain, where attitude consistency and social cues vary. However, to
the extent that selective exposure processes differ in the mobile domain as outlined above,
it is important to explore how the confirmation bias and impact of social cues interact in
the mobile domain. Thus, we pose the following research question:

RQ2. How do the confirmation bias and impact of social cues interact on smartphones versus
computers?

Study 1 and Study 2 test these hypotheses and research questions in a student sample
and a general population sample, respectively. The data that support the findings of this
study are openly available, along with preregistrations,1 analysis scripts, and Supplemen-
tary Materials, at https://osf.io/2zwdn/ (suppl. materials).

2. Study 1
2.1. Overview

A 2 × 2 × 2 online selective exposure experiment was conducted with a student
sample, with browsing device (computer vs. smartphone) as a between-subjects factor
and attitude consistency (attitude consistent vs. discrepant) and social cues (high vs. low
views) as within-subjects factors. During the study, participants were randomly assigned
to enter a short URL to a custom-designed, mobile-compatible news website on either a
smartphone or a computer. Crucially, participants indicated prior to random assignment
whether they could access both devices, supporting random assignment.

2.2. Method
2.2.1. Participants

The sample was recruited among students at The Ohio State University in the United
States from March to September 2020. Participants were recruited using a participant pool
of students in communication courses as well as through instructor announcements in
communication courses. They received extra credit for completing the study.

After exclusions, our final sample consisted of 157 participants (see Supplementary
Materials for full reporting).2 Participants in the final sample were 22.1 years old on average
(SD = 5.2). Fifty-seven participants identified as male, 97 as female, and 1 as other. Ninety-
nine participants had a high school diploma, 36 had an associate degree, and 20 had a
bachelor’s degree. Participants in the final sample differed from participants who dropped
out in terms of age, but not gender or education; younger participants were more likely to
drop out (see Supplementary Materials). An additional sample was recruited at the same
university to pretest the stimuli. This sample consisted of 57 participants who were on
average 22.8 years old (SD = 3.5).

2.2.2. Procedure

This research was approved by the Institutional Review Board at the first author’s
institution in 2020. Participants completed a consent form and baseline questionnaire on
a device of their choosing, providing information regarding their political attitudes and
available devices. They were then randomly assigned to complete the selective exposure
task on a computer or a smartphone. If participants did not have a working computer or

https://osf.io/2zwdn/
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smartphone at hand, they completed the task on the available device (but were excluded
from analyses). Participants (computer: n = 85; smartphone: n = 72) spent three minutes
browsing the website, but they were not told how or how long to browse the website.
Finally, participants completed the endpoint questionnaire. See Supplementary Materials
for more information about the procedure.

2.2.3. Stimuli and Stimuli Pretest

The stimuli and website were adapted from prior research (Pearson and Knobloch-
Westerwick 2019). The stimuli (i.e., news articles) were displayed on a mobile-compatible,
custom-designed news website entitled The Compilation. Participants were shown eight
articles on the home page. The articles covered eight political topics: abortion, business
regulation, affirmative action, social welfare, the death penalty, gun control, the minimum
wage, and gay marriage. Each participant viewed either a liberal or conservative article on
each topic (randomized by the software), with four liberal and four conservative articles
overall. Thus, each participant saw approximately four attitude-consistent articles (M = 3.94,
SD = 1.12). Half of the articles were assigned a high social cue (6.8 K, 7.4 K, 7.7 K, or 8.1 K
views) and half were assigned a low social cue (319, 482, 814, or 920 views), such that
two liberal and two conservative articles had high social cues. Articles were displayed
in a random order and the association of social cues with article issues and stances was
randomized.

The overview page of the website consisted of a header with The Compilation logo and
the titles and leads of the eight articles. Font, font size, and font color were identical across
conditions. The header in the computer condition included a search bar and the header
in the smartphone condition included a hamburger icon. Furthermore, in the computer
condition, the articles were displayed in two columns, while in the smartphone condition,
the articles were displayed in a single column. Each article on the overview page consisted
of a tile, view number cue, and short lead description. Participants could click on a tile to
be directed to the article’s content page, which included a headline, summary, and article
text. They returned to the overview page by clicking a Back to Overview button. After three
minutes, participants were instructed to return to the questionnaire (screenshots of stimuli
can be found in Figure 1 and on the OSF page).

The article texts were extracted from news websites (e.g., Washington Post). They were
adjusted to be the same length as typical news articles (M = 675; SD = 10.3). The topics were
among the most important (Doherty et al. 2016) and ideologically contentious issues in
U.S. politics (Newport and Dugan 2017). Article titles and leads were reworded to present
a clear conservative or liberal stance for each topic. Titles ranged from 8 to 10 words;
leads were between 26 and 28 words. All titles and leads were pretested previously to
ensure the political stance could be easily perceived (Pearson and Knobloch-Westerwick
2019). Liberal titles and leads were perceived as significantly more liberal than conservative
titles and leads, but not more interesting or typical; see the Supplementary Materials for
full reporting. Additionally, in a separate pretest (McKnight 2018), the numbers of views
associated with high and low social cues were perceived as distinct. They also align with
other work on social cues (Dvir-Gvirsman 2019; Li et al. 2020; Ohme and Mothes 2020).
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2.2.4. Measures

The Supplementary Materials contain full scales and descriptive statistics for all
measures.

2.2.4.1. Selective Exposure. Selective exposure was tracked unobtrusively by software
(e.g., Knobloch-Westerwick 2015). The time spent on each article and the number of times
participants clicked on each article were recorded. Across devices, participants read about
three articles (M = 3.22; SD = 2.00), spending about 32 seconds on each article they read
(M = 31.9; SD = 13.8) and an additional 76 seconds (M = 76.4; SD = 43.9) on the overview
page. Selective exposure was operationalized in two ways to ensure robustness. It was
operationalized for the four types of articles (e.g., attitude-consistent and high social cues)
as (1) the proportion of each article type that was selected and (2) the average time spent
reading each article type.

2.2.4.2. Political Attitudes. Participants gauged their attitudes on ten political issues
(the eight topics from the selective exposure website and two control issues) in the baseline
questionnaire. Participants were asked to “rate how [they] feel personally about” 10 posi-
tions with a slider scale from 0 to 100 initially set to 50, where only the anchor labels were
shown (0: Strongly oppose; 100: Strongly agree). Responses were used to determine attitude
consistency. Attitudes of 50 (1.8%) were excluded.

2.2.4.3. Control Variables. In all analyses, we controlled for the number of attitude-
consistent articles displayed on the selective exposure website. We also examined additional
controls, such as need for cognition, political interest, and mobile news preference, which
were identified by prior research (Pearson and Knobloch-Westerwick 2019) to influence
selective exposure. Results were the same without these additional controls; thus, we report
results only controlling for the number of attitude-consistent articles.
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2.3. Results

Repeated-measure ANOVAs were performed. The dependent variables were the
proportion of each article type selected and average time spent on each article type (e.g.,
attitude-consistent and high social cues). Attitude consistency (consistent vs. discrepant)
and social cues (high vs. low) served as within-subjects factors, while browsing device
(smartphone vs. computer) served as a between-subjects factor. The direct effects of attitude
consistency and social cues, in the overall sample and on smartphones specifically, were
examined, and we additionally specified interactions between attitude consistency and
browsing device; social cues and browsing device; and attitude consistency, social cues, and
browsing device. We report p-values for statistical significance and ω2 (omega squared) for
practical significance.

2.3.1. Confirmation Bias

Overall, attitude consistency had a significant impact in terms of selection, F(1,597) = 5.24,
p = 0.02, ω2 = 0.007, and time spent, F(1,597) = 3.87, p = 0.05, ω2 = 0.005, supporting H1. On
smartphones specifically, attitude consistency had a marginally significant impact in terms of
selection, F(1,274) = 2.89, p = 0.09, ω2 = 0.007, but a significant impact in terms of time spent,
F(1,274) = 9.22, p = 0.003, ω2 = 0.03, providing partial support for H2. Finally, the interaction
between attitude consistency and browsing device was significant for time spent, F(1,595) = 4.12,
p = 0.04, ω2 = 0.005, but not selection, F(1,595) = 0.01, p = 0.93, providing partial support for H3
(see Table 1).

Table 1. Confirmation Bias by Browsing Device Condition (Study 1).

Proportion of Articles Selected Average Time Spent per Article (s)

Consistent Discrepant Consistent Discrepant

Overall 0.44 (0.39) a 0.37 (0.38) c 14.98 (21.57) a 11.63 (20.06) c

Smartphone 0.41 (0.38) a 0.34 (0.37) b 16.04 (21.87) a 8.95 (16.36) c

Computer 0.47 (0.40) 0.40 (0.39) 14.06 (21.32) 13.91 (22.54)
Note. Means with a versus b superscripts differ significantly from each other at p < 0.10. Means with a versus
c superscripts differ significantly from each other at p < 0.05. Means are presented with standard deviations in
parentheses.

2.3.2. Impact of Social Cues

Overall, social cues marginally affected selective exposure in terms of selection,
F(1,597) = 3.71, p = 0.05, ω2 = 0.005, but not time spent, F(1,597) = 1.59, p = 0.21, pro-
viding partial support for H4. On smartphones specifically, though, the impact of social
cues did not manifest (selection: F(1,274) = 2.07, p = 0.15; time spent: F(1,274) = 1.15,
p = 0.29); H5 was not supported. Moreover, the interaction between social cues and brows-
ing device was not significant (selection: F(1,595) = 0.02, p = 0.90; time spent: F(1,595) = 0.04,
p = 0.84). Regarding RQ1, the impact of social cues appeared similar on smartphones and
computers (see Table 2).

Table 2. Impact of on Social Cues by Browsing Device Condition (Study 1).

Proportion of Articles Selected Average Time Spent per Article (s)

High Low High Low

Overall 0.44 (0.39) a 0.37 (0.38) b 14.40 (22.46) 12.25 (19.16)
Smartphone 0.41 (0.39) 0.34 (0.35) 13.80 (21.15) 11.29 (18.00)
Computer 0.46 (0.40) 0.40 (0.40) 14.91 (23.59) 13.07 (20.12)

Note. Means with a versus b superscripts differ significantly from each other at p < 0.10. Means are presented
with standard deviations in parentheses.
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2.3.3. Confirmation Bias and Impact of Social Cues

The interaction between attitude consistency, social cues, and browsing device was
not significant (selection: F(1,591) = 0.25, p = 0.62; F(1,591) = 2.02, p = 0.16). Regarding
RQ2, the interaction of the confirmation bias and impact of social cues appeared similar on
smartphones and computers (see Table 3).

Table 3. Confirmation Bias Among Articles with High and Low Social Cues (Study 1).

Proportion of Articles Selected Average Time Spent per Article (s)

High Low High Low

Consistent Discrepant Consistent Discrepant Consistent Discrepant Consistent Discrepant

Overall 0.47 (0.41) 0.40 (0.38) 0.42 (0.37) a 0.33 (0.38) b 16.29 (24.02) 12.45 (20.64) 13.66 (18.77) 10.82 (19.50)
Smartphone 0.43 (0.41) 0.38 (0.37) 0.39 (0.34) a 0.29 (0.36) b 16.27 (21.51) 11.30 (20.62) 15.81 (22.37) a 6.57 (10.01) c

Computer 0.50 (0.41) 0.42 (0.38) 0.44 (0.39) 0.37 (0.33) 16.30 (26.10) 13.46 (20.74) 11.76 (14.75) 14.34 (24.27)

Note. Means with a verus b superscripts differ significantly from each other at p < 0.05. Means with a versus c
superscripts differ significantly from each other at p < 0.05. Means are presented with standard deviations in
parentheses.

2.4. Summary

Study 1 examined selective exposure to attitude-consistent (vs. discrepant) articles
with high (vs. low) social cues on computers and smartphones in a student sample. Overall,
in support of H1, participants spent more time on and selected more attitude-consistent
articles. Lending support to H2, mobile browsers specifically exhibited the confirmation
bias as well, spending significantly more time on and selecting marginally more attitude-
consistent content. Critically, mobile browsers exhibited a stronger confirmation bias than
computer browsers, in terms of time but not selection, partially supporting H3. In terms
of social cues, participants selected marginally more articles with high social cues overall,
but did not spend more time on these articles, yielding partial support for H4. However,
on smartphones specifically, social cues did not affect selective exposure; H5 was not
supported. Regarding RQ1, the impact of social cues was similar across browsing device.
Finally, regarding RQ2, the interaction between confirmation bias and impact of social cues
did not differ across browsing device.

3. Study 2
3.1. Overview

Another 2 × 2 × 2 online selective exposure experiment was conducted with a general
population sample, with attitude consistency (attitude consistent vs. discrepant) and social
cues (high vs. low views) as within-subjects factors and browsing device (computer vs.
smartphone) as a between-subjects factor. Unlike Study 1, participants were randomly
assigned to a browsing device during a pre-test and were then emailed a link to the study
with instructions to take it on that device. Again, participants indicated prior to random
assignment whether they could access both devices, supporting random assignment. The
stimuli, measures, and analyses were identical to Study 1.

3.2. Method
3.2.1. Participants

The sample was recruited in the United States from June to August 2021. A general
population sample stratified by age, gender, and education was recruited via Dynata.
Dynata recruits participants via e-mail invitations, SMS and text messages, telephone alerts,
banners, and messaging on web sites and online communities. Incentives were distributed
by Dynata based on their standard for study compensation.

After exclusions, our final sample consisted of 156 participants (see Supplementary
Materials for full reporting).3 Participants in the final sample were 43.4 years old on average
(SD = 16.0). Fifty-four participants identified as male and 93 identified as female. Sixty-two
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participants had a bachelor’s degree, 44 had a high school degree, 22 had an associate
degree, 13 had a master’s degree, 3 had no educational degree, 2 had a doctorate, and 1 had
a medical or law degree. Participants in the final sample differed from participants who
dropped out in terms of age and gender, but not education; older and male participants
were more likely to drop out (see Supplementary Materials).

3.2.2. Procedure

This research was approved by the Institutional Review Board at the first author’s
institution in 2021. Participants first completed a pre-test, filling out a consent form and
evaluating whether they could access a computer or smartphone, both in general and
for the subsequent survey. One week later, participants received an email with a link
to the survey, with the instructions that they must complete the survey on the assigned
device. Device assignment was randomized for participants who indicated that they could
complete the survey on either device. Participants who indicated that they could only
complete the survey on one device completed the survey on that device (but were excluded
from analyses). The rest of the survey (i.e., baseline questionnaire, selective exposure
website, and endpoint questionnaire) proceeded similarly to Study 1, with the exception
that the study components were automatically loaded in the same window on the same
device where participants (computer: n = 78; smartphone: n = 78) completed previous
components. See Supplementary Materials for more information about the procedure.

3.3. Results
3.3.1. Confirmation Bias

Attitude consistency had a strong significant impact, showing a confirmation bias
overall in terms of selection, F(1,1132) = 15.81, p < 0.001, ω2 = 0.01, and time spent,
F(1,1132) = 28.84, p < 0.001, ω2 = 0.02, supporting H1. On smartphones specifically, the
confirmation bias was significant as well, in terms of both selection, F(1,573) = 5.97, p = 0.01,
ω2 = 0.009, and time spent, F(1,573) = 15.72, p < 0.001, ω2 = 0.03, supporting H2. However,
the interaction between attitude consistency and browsing device was not significant for
selection, F(1,1130) = 0.25, p = 0.62, or time spent, F(1,1130) = 0.12, p = 0.73; H3 was not
supported (see Table 4).

Table 4. Confirmation Bias by Browsing Device Condition (Study 2).

Proportion of Articles Selected Average Time Spent per Article (s)

Consistent Discrepant Consistent Discrepant

Overall 0.45 (0.39) a 0.35 (0.41) c 14.30 (23.14) a 8.13 (14.76) c

Smartphone 0.41 (0.42) a 0.33 (0.41) c 14.31 (23.84) a 7.76 (15.00) c

Computer 0.48 (0.41) a 0.37 (0.41) c 14.29 (22.44) a 8.52 (14.52) c

Note. Means with a versus c superscripts differ significantly from each other at p < 0.05. Means are presented with
standard deviations in parentheses.

3.3.2. Impact of Social Cues

Social cues did not affect selective exposure overall, in terms of selection, F(1,1132) = 0.52,
p = 0.47, or time spent, F(1,1132) = 1.85, p = 0.17; H4 was not supported. On smartphones specif-
ically, the impact of social cues did not emerge either, both in terms of selection, F(1,573) = 2.19,
p = 0.14, and time spent, F(1,573) = 0.94, p = 0.33; H5 was not supported. Moreover, the interac-
tion between social cues and browsing device was not significant for selection, F(1,1130) = 1.69,
p = 0.19, or time spent, F(1,1130) = 0.00, p = 0.97. Regarding RQ1, the impact of social cues
appeared similar on smartphones and computers (see Table 5).
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Table 5. Impact of on Social Cues by Browsing Device Condition (Study 2).

Proportion of Articles Selected Average Time Spent per Article (s)

High Low High Low

Overall 0.39 (0.42) 0.41 (0.42) 10.39 (18.72) 11.97 (20.43)
Smartphone 0.35 (0.41) 0.40 (0.42) 10.14 (21.27) 11.77 (18.82)
Computer 0.43 (0.42) 0.42 (0.41) 10.65 (15.71) 12.18 (22.00)

Note. Means are presented with standard deviations in parentheses.

3.3.3. Confirmation Bias and Impact of Social Cues

The interaction between attitude consistency, social cues, and browsing device was
not significant (selection: F(1,1126) = 0.01, p = 0.91; time spent: F(1,1126) = 0.97, p = 0.33).
Regarding RQ2, the interaction of the confirmation bias and impact of social cues appeared
similar on smartphones and computers (see Table 6).

Table 6. Confirmation Bias Among Articles with High and Low Social Cues (Study 2).

Proportion of Articles Selected Average Time Spent per Article (s)

High Low High Low

Consistent Discrepant Consistent Discrepant Consistent Discrepant Consistent Discrepant

Overall 0.45 (0.42) a 0.33 (0.40) c 0.45 (0.41) a 0.37 (0.42) c 13.64
(22.92) a

7.30
(12.84) c

14.95
(23.37) a

8.98
(16.48) c

Smartphone 0.40 (0.42) a 0.29 (0.40) c 0.43 (0.42) 0.37 (0.43) 14.17
(27.34) a

6.31
(12.01) c

14.45
(19.90) a

9.19
(17.40) c

Computer 0.50 (0.43) a 0.37 (0.41) c 0.46 (0.40) a 0.37 (0.42) c 13.10
(17.36) a

8.30
(13.61) c

15.44
(26.43) a

8.75
(15.47) c

Note. Means with a versus c superscripts differ significantly from each other at p < 0.05. Means are presented with
standard deviations in parentheses.

3.4. Summary

Study 2 attempted to replicate Study 1 by examining selective exposure to attitude-
consistent (vs. discrepant) articles with high (vs. low) social cues on computers and
smartphones in a general population sample. Overall, in support of H1 and H2, participants
overall and mobile browsers specifically spent more time on and selected more attitude-
consistent articles. However, mobile browsers did not exhibit a stronger confirmation bias
than computer browsers in terms of selection or time spent; H3 was not supported. In
terms of social cues, neither H4 nor H5 was supported; participants overall and mobile
browsers specifically did not select more articles with high social cues and did not spend
more time on these articles. Regarding RQ1, the impact of social cues was similar across
browsing device. Regarding RQ2, the interaction between confirmation bias and impact of
social cues did not differ across browsing device.

4. Discussion

With the rise of polarization, scholars have interrogated the role of changing news
consumption patterns (Bennett and Iyengar 2008). The shift from traditional sources such as
newspapers to newer sources such as the Internet may engender more selectivity towards
attitude-consistent content (Pearson and Knobloch-Westerwick 2019), and also entails a
news environment where social cues proliferate (Porten-Cheé et al. 2018). These online
news consumers are increasingly accessing the news from their smartphones rather than
their desktop or laptop computers. The small screens and personal nature of mobile media
are therefore increasingly germane for selective exposure. Thus, the current studies devel-
oped a custom-designed, mobile-compatible news website and deployed novel random
assignment techniques in two studies to investigate the impacts of mobile news consump-
tion on the confirmation bias and impact of social cues among both college students and
adults in the United States.
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The current studies found a confirmation bias overall (H1) and on smartphones
specifically (H2). The overall confirmation was perhaps unsurprising given the wealth
of evidence for the confirmation bias. Yet, to the authors’ knowledge, the current studies
represent the first causal evidence that the confirmation bias persists in the mobile domain
(beyond behavioral intention; Kim and Lu 2020). This finding manifested for both selection
and time as well as among college students and adults, lending confidence to its robustness.
It runs counter to propositions that news consumers are less attentive in the mobile domain
(Dunaway et al. 2018) or that mobile access reduces ideological self-selection (Yang et al.
2020), as participants identified, selected, and read attitude-consistent content on their
smartphones. Instead, it aligns with recent work that news consumers exhibit similar
attention on computers and smartphones (Ohme et al. 2022a). Although smartphones
may be more likely to be used in distracting public settings, smartphone users still select
attitude-consistent content, perhaps because they immerse themselves in their devices to
avoid distraction (see Bayer et al. 2016; Ohme et al. 2022b).

However, H3 only garnered partial support; mobile browsers displayed greater confir-
mation bias than computer browsers, but only in terms of time spent (vs. selection) and
among college students (vs. the general population). As such, this finding should be treated
with caution. The current studies suggested that the confirmation bias would be heightened
on smartphones (vs. computers) because their small screens are conducive to effortful
processing and their personal nature supports the selection of identity-consistent content.
To distinguish between these two explanations, Study 2 additionally captured self-report
measures of systematic and heuristic processing (Neuwirth et al. 2002). Although cognitive
processing is notoriously difficult to self-report (Kim and Sundar 2016), neither mode of
processing was significantly affected by browsing device (see Supplementary Materials for
full reporting), which aligns with recent work that leveraged mobile eye-tracking to capture
attention (Ohme et al. 2022a). If this null finding generalizes to the student population,
the partially significant findings in Study 1 may therefore stem from the personal nature
of mobile media, which is heightened among younger users (Ross and Bayer 2021). In
addition, the fact that the finding emerged in terms of time spent but not selection suggests
that the confirmation bias may only be heightened on mobile devices at higher levels
of selective exposure (Mothes and Ohme 2019). The personal nature of the content may
emerge more starkly when reading the article instead of its headline and summary. Future
work should continue to probe whether and how the confirmation bias on mobile devices
is heightened for certain (e.g., younger) populations and at certain (e.g., higher) levels of
selective exposure.

Conversely, the current studies found limited evidence for the impact of social cues
overall (H4) and on smartphones specifically (H5). The overall impact of social cues only
emerged as marginally significant in terms of selection among the student sample; the
impact of social cues on smartphones specifically never emerged. Participants appeared
to rely on the attitude consistency of news articles rather than the number of social cues.
Moreover, the (lack of) impact of social cues was similar across devices (RQ1). This null
finding supports the expectation that the small screen and personal nature of mobile media
would not affect the impact of social cues. Finally, the interaction between the confirmation
bias and the impact of social cues did not differ between smartphones and computers
(RQ2). These findings appear to go against prior findings that social cues may override
the confirmation bias (Messing and Westwood 2014; Mothes and Ohme 2019). However,
these studies operationalized social cues in different ways. In light of these inconsistent
operationalizations of social cues (Haim et al. 2018), future research should explore a variety
of social cues to systematically understand their impacts.

The current studies have important implications. Comparisons of the confirmation
bias and impact of social cues on computers and smartphones suggest continuity in these
processes across devices. This aligns with a growing literature on the small or null effects
of new media (e.g., Orben and Przybylski 2019). The current findings are important not
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only to demonstrate that processes such as the confirmation bias remain important in the
mobile domain, but also to avoid overstating the influence of new media.

These null findings are particularly credible due to the novel random assignment
techniques deployed in the current studies. Lab experiments facilitate random assignment:
thus, researchers have typically studied mobile selective exposure (e.g., Ohme et al. 2022a)
and differences in mobile news consumption more broadly (e.g., Dunaway et al. 2018) in lab
settings. Conversely, online participants typically complete surveys on either smartphones
or computers, and differences between these survey-takers could confound results. To
mitigate this possibility, in the current studies participants indicated whether they could
access a computer or a smartphone in the baseline questionnaire (Study 1) or a pre-test
(Study 2), enabling random assignment. Thus, survey-takers who prefer using smartphones
or computers were more likely to be evenly distributed in expectation across conditions.
This lends robustness to the conclusion that browsing device had a limited impact on
selective exposure.

Some limitations must be noted. The study design sought to achieve parity between
computer and smartphone conditions while still supporting ecological validity. On the
one hand, these design choices created differences between the two conditions that could
have been responsible for the observed (lack of) device differences. For instance, all of the
articles were immediately visible to computer browsers, whereas smartphone browsers had
to scroll down to view all of the content. On the other hand, these design choices may have
created artificial parity between mobile and computer news experiences at the expense of
ecological validity. In the real world, participants would not see the same eight articles on
the same eight issues; instead, they would likely browse algorithmically curated content
on different issues. The current studies sought to balance these competing concerns. In
general, studies comparing computers and smartphones have considered a wide variety of
media content (Dunaway et al. 2018; Dunaway and Suroka 2019; Kim and Sundar 2016;
Ohme et al. 2022a), which entail meaningfully different user experiences. Future studies
should move beyond device comparisons and study more granular differences that reflect
the complexities of the media environment.

There were also limitations to the novel random assignment techniques. First, the
studies used different techniques. In Study 1, participants could choose which device
they used to complete the baseline and endpoint questionnaires. In Study 2, the device
was randomly assigned after the pre-test. Further, participants in Study 1 may have
changed devices to browse the selective exposure website, whereas it was automatically
loaded for participants in Study 2. Completing self-report measures on different devices
and differences in continuity across study components may have been responsible for
divergent findings between studies. Second, these approaches were complicated. In Study
1, participants had to open a new tab in a browser—potentially on a different device—to
enter a short URL. Participants then had to return to the survey to continue the study. Many
participants who completed the study noted that it was straightforward to complete, but
the resulting sample was likely skewed towards participants who persevered through the
study (who appeared to be older college students). Study 2 partially mollified this concern,
but also exhibited more attrition due to the one-week delay between the pre-test and the
survey. Indeed, this attrition was starker among older adults, who tend to have lower
levels of digital literacy (Moore and Hancock 2020). Third, to fulfill random assignment,
participants had to be able to access both a smartphone and a computer. This mitigates the
representativeness of our final samples; participants needed multiple modes of Internet
access, which is associated with higher levels of income and education (Medero et al.
2022). Fourth, self-selection could not be completely curtailed. Although all participants
could access both a smartphone and a computer, participants who preferred using their
smartphones would have still been more likely to successfully complete the experiment
in the smartphone condition (and vice-versa). Yet, short of bringing participants into the
lab during a global pandemic, requiring participants to be able to access both devices
minimized the risk of self-selection.



Journal. Media 2023, 4 158

These findings pave the way towards future research that further disentangles the
cognitive and identity processes that underlie mobile news consumption. Mobile news
consumers likely rely on both systematic and heuristic processing. The mixture between
the two could depend on individual differences (e.g., need for cognition), but also media
environments. In the real world, people can choose how they access the news. A person
who uses both their computer and smartphone for news may browse the news system-
atically on their computers in the morning while heuristically “snack” on the news on
their smartphones throughout the day (Molyneux 2018), but someone who relies on only
their smartphone may engage with mobile news more systematically. The current studies
importantly examine the causal impact of mobile selective exposure, but future research
must interrogate how this impact interacts with self-selection. Individual differences and
media environments also implicate different identity processes. For example, extraverted
mobile-only users may be more responsive to social cues. This may be magnified when
participants use their own devices. Participants could be assigned to browse their own
smartphones or smartphones provided by researchers to better distinguish between the
cognitive processing and identity mechanisms presented in the current studies (Melumad
and Pham 2020).

These future research directions could be grounded in established theoretical frame-
works. One possibility is the Theory of Interactive Media Effects (TIME), which the authors
considered between Study 1 and Study 2 but ultimately only incorporated peripherally.
This theory emerged in the tradition of studying technology in tandem with user psychol-
ogy and connects technological affordances with psychological processes (Sundar et al.
2015). It could thus help connect the novel attributes of mobile media, on the one hand,
and the confirmation bias and impact of social cues, on the other. Indeed, it specifies two
affordances that map onto the novel attributes of mobile media considered in the current
studies: the small screen and the self-as-source perception, where the latter refers to a
perception of the self as the source of information obtained from media (Sundar 2007).

However, such an application faces two key obstacles. First, the theory offers con-
flicting explanations for the impact of small screens. The action pathway of the TIME
specifies how affordances impact cognitive processing, predicting that small screens reduce
perceptual bandwidth and thus user engagement (e.g., systematic processing). However,
the cue pathway of the TIME specifies how affordances impact heuristics and thus cognitive
processing, with small screens increasing the realism and being-there heuristics, thus reduc-
ing systematic processing. As such, it is unclear whether smaller screens will increase or
decrease systematic processing (perhaps resulting in the null difference between cognitive
processing on computers and smartphones observed in Study 2). Second, the self-as-source
perception does not map neatly onto the personal nature of mobile media. The self-as-
source perception is typically understood with reference to customized interfaces (e.g., a
news aggregator that a user customizes with their favorite sources; Kang and Sundar 2016).
The concept would need to be extended to customized devices (Lee and Sundar 2015), with
the expectation that people may perceive themselves the source of information retrieved
from interfaces on such devices. However, an exploratory comparison of the self-as-source
perception on computers and smartphones did not yield significance (see Supplementary
Materials for full reporting).

5. Conclusions

The current studies leveraged a custom-designed, mobile-compatible news website
and novel methods of random device assignment to investigate the unique ramifications
of selective exposure in the mobile domain with samples from two populations. The
findings exhibited the confirmation bias but not the impact of social cues. Crucially, the
confirmation bias, but not the impact of social cues, persisted in the mobile domain and
may be somewhat heightened on smartphones compared with computers among college
students. Further, the interaction between the confirmation bias and impact of social cues
did not differ between browsing devices. Taken together, the current studies implicate
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the mobile domain as a potential continuer—if not enhancer—of confirmation bias, above
and beyond the impact of social cues, with negative ramifications for polarization and
democracy.
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Notes
1 Both studies were preregistered. However, the predictions in this manuscript depart from these preregistrations, due to

subsequent literature review and the goal of streamlining predictions across the two studies. Due to these departures from the
preregistrations, we treat all analyses as exploratory. Yet, we still share our preregistrations for transparency.

2 Notably, to ensure random assignment, we excluded participants who reported that they could not access both a smartphone and
a computer.

3 See note 2 above.
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