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Abstract
With artificial intelligence (AI) increasingly shaping newsroom practices, scholars 
debate how citizens perceive news attributed to algorithms versus human journalists. 
Yet, little is known about these preferences in today’s polarized media environment, 
where partisan news consumption has surged. The current study explores this issue 
by providing a comprehensive and systematic examination of how citizens evaluate 
AI-attributed news compared to human-based news from like-minded and cross-
cutting partisan sources. Using a preregistered conjoint experiment in the United 
States (N = 2,011) that mimics a high-choice media environment, we find that citizens 
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evaluate AI-attributed news as negatively as cross-cutting news sources, both in 
terms of attitudes (perceived trustworthiness) and behavior (willingness to read the 
news story), while strongly preferring like-minded sources. These patterns remain 
stable across polarizing and non-polarizing issues and persist regardless of citizens’ 
preexisting attitudes toward AI, political extremity, and media trust. Our findings thus 
challenge more optimistic views about AI’s potential to facilitate exposure to diverse 
viewpoints. Moreover, they suggest that increased automation of news production 
faces both public mistrust and substantial reader resistance, raising concerns about 
the future viability of AI in journalism.

Keywords
AI-generated news, AI-labeled news, AI-attributed news, automated journalism, 
algorithmic aversion, polarization, attitudes toward AI, conjoint experiments

Newsrooms have increasingly adopted artificial intelligence (AI) tools for content 
production over the past decade, reshaping traditional practices (Marconi 2020; Van 
Dalen 2024). Such “algorithmic journalism,” “AI-driven journalism,” or “automated 
journalism” integrates data technology and algorithms into journalistic routines in 
order to automatically generate news content (Graefe and Bohlken 2020; Tandoc et al. 
2020). The level of automation can vary significantly, ranging from AI systems that 
assist human journalists with tasks like transcription, information gathering, and fact-
checking, to highly automated processes that can independently generate headlines 
and other written content, automate narrations, and add visual elements with minimal 
human oversight (Jones et  al. 2022; Munoriyarwa et  al. 2023; Rinehart and Kung 
2022). Full automation of news stories has already been implemented by some news 
organizations in specific domains—particularly sports, financial markets, and weather 
reports—where standardized templates are used to combine common phrases with 
relevant statistics and data (Pavlik 2023; Van Dalen 2012, 2024).

While much debate has focused on the supply side—that is, how AI affects news 
production—the rise of automated journalism has also sparked interest in the demand 
side, that is, how the public evaluates AI-attributed news compared to news produced 
by humans. The literature so far has provided conflicting theoretical expectations 
regarding this question. On the one hand, the “algorithmic appreciation” approach sug-
gests that citizens prefer decisions made by algorithms over humans across a variety of 
topics due to perceived accuracy and impartiality of the former (e.g., Araujo et al. 2020; 
Logg et al. 2019). On the other hand, empirical evidence also points to “algorithmic 
aversion.” This approach, supported by two meta-analyses (Graefe and Bohlken 2020; 
Wang and Huang 2024), suggests that individuals perceive AI-attributed news as less 
credible than human-created journalistic content due to a preference for human com-
municators and concerns about AI’s potential role in spreading disinformation (Epstein 
et al. 2023; Graefe and Bohlken 2020; Waddell 2019; Wang and Huang 2024).
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Despite this ongoing debate, little is known about how citizens perceive AI-attributed 
news in today’s polarized and fragmented media environment. Partisan-biased sources 
play an increasing role in news consumption nowadays, a trend that is especially dom-
inant in the United States but also evident, albeit to a lesser degree, in other countries 
(Castro et al. 2021; Dvir-Gvirsman et al. 2016; Garrett 2009; Tóth et al. 2023; Van 
Aelst et  al. 2017). Our understanding of how citizens evaluate AI news in today’s 
polarized media environment is particularly significant given two different dynamics 
simultaneously at play: on the one hand, citizens value the perceived neutrality and 
objectivity of AI compared to human journalists (Cloudy et al. 2023; Hong et al. 2024; 
Sundar 2008; Waddell 2019). On the other hand, citizens tend to consume like-minded 
over cross-cutting news sources particularly due to their political bias, which affects 
perceived accuracy and credibility (Gentzkow and Shapiro 2006; Metzger et al. 2020). 
Exploring how these dynamics shape news preferences is important for two reasons. 
First, it reveals whether political disagreement poses a greater barrier to news con-
sumption than algorithmic authorship. Second, it allows us to understand whether 
AI-attributed news could potentially serve as a neutral alternative in hyperpartisan 
environments, facilitating exposure to diverse viewpoints and perspectives (Argyle 
et al. 2023; Moon et al. 2023).

The current study explores these questions by providing a comprehensive and sys-
tematic examination of how citizens evaluate AI-attributed news compared to human-
based news from like-minded and cross-cutting partisan sources. Using a preregistered 
conjoint experiment in the United States (N = 2,011), we simulate real-world news 
selection processes where citizens can navigate multiple trade-offs such as source 
cues, topic characteristics, and social endorsements. Importantly, our conjoint experi-
ment used identical news content across conditions while systematically manipulating 
news source labels (right-wing Fox News, left-wing MSNBC, neutral CBS News, and 
a fictitious “AI News” source) and authorship attribution (human author, AI, or no 
author disclosed). The experiment also manipulated the political slant of the news 
stories, the issue they dealt with (polarized vs. non-polarized), and the levels of appar-
ent social engagement. This multifaceted design allows us to examine citizens’ prefer-
ences regarding AI-attributed news across different contexts and content types.

Our results show that citizens not only overwhelmingly prefer like-minded news 
but also view AI-attributed news just as negatively as cross-cutting news, both in terms 
of attitudes (perceived trustworthiness) and behavior (willingness to read the news 
story). These patterns persist across polarizing and non-polarizing issues and generally 
remain stable regardless of citizens’ preexisting attitudes toward AI, political extrem-
ity, partisanship strength, age, and prior levels of media trust.

This study makes several important contributions. First, while recent research sug-
gests that AI could help bridge partisan divides by enhancing exposure to alternative 
viewpoints (Argyle et al. 2023; Moon et al. 2023), our findings demonstrate that in the 
context of news selection, partisan motivations remain dominant and challenge the 
potential of AI to promote political diversity. Second, we highlight the potential nega-
tive consequences of AI adoption in the news production process: rather than leverag-
ing AIs perceived neutrality to rebuild trust in media (Cloudy et al. 2023), increased 
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news automation might face reader backlash, especially if AI becomes more autono-
mous in the news production process (Altay and Gilardi 2024; Smith 2024). Finally, 
this study advances the application of visual conjoint experiments in communication 
research. This approach enhances ecological validity by presenting political informa-
tion in its natural context while allowing researchers to simultaneously manipulate 
multiple factors that influence how people select news in the complex information 
environment.

Do Citizens Prefer AI-Attributed News?

Research on citizens’ perceptions of AI in journalism has followed two distinct 
approaches. The first approach compares two different versions of content—one cre-
ated by human journalists and another independently generated by AI systems (e.g., 
Altay and Gilardi 2024; Graefe et  al. 2018). This research finds that AI-generated 
content tends to be more logical and less narrative-focused (Bai et al. 2023; Nah et al. 
2024) and often emphasizes citizens’ ability to distinguish between human and 
machine-generated news content (Diel et al. 2024; Frank et al. 2024; Jakesch et al. 
2023; Kreps et al. 2022). While this approach provides valuable insights, it also faces 
methodological challenges as it cannot separate attitudes toward AI involvement in 
journalism from reactions to the inherently different content produced by humans ver-
sus machines. Our study therefore aligns with a second complementary research strand 
that examines perceptions of AI-attributed journalistic content—that is, using identical 
content but varying only who is labeled as its creator, either a human journalist or an 
AI (Cloudy et al. 2023; Lermann Henestrosa et al. 2023; Longoni et al. 2022). This 
research isolates the effect of the source from content characteristics.

Studies examining citizens’ attitudes toward AI-attributed content in general offer 
two competing perspectives. The first is the “algorithmic appreciation” approach, 
referring to citizens’ tendency to prefer decisions and recommendations made by algo-
rithms over humans across various topics (e.g., Araujo et al. 2020; Logg et al. 2019; 
Thurman et al. 2019). However, there has been growing empirical evidence in recent 
years emphasizing “algorithmic aversion,” that is, individuals’ hesitancy toward algo-
rithmic decision-making across political and non-political issues (Burton et al. 2020; 
Dietvorst et al. 2015; Wojcieszak, Thakur, Ferreira Gonçalves, et al. 2021).

In the context of news consumption, empirical evidence generally supports the 
“algorithmic aversion” approach. For example, meta analyses have demonstrated a sig-
nificant but small preference of news consumers for human-generated news, compared 
to AI-based news (Graefe and Bohlken 2020; Wang and Huang 2024). Accordingly, AI 
news is perceived less readable and less credible compared to human-generated news, 
which also makes it less likely to be shared online (Altay and Gilardi 2024; Graefe and 
Bohlken 2020; Longoni et al. 2022; Toff and Simon 2024; Wang and Huang 2024).

These lower evaluations of AI-attributed news are attributed to several reasons. 
First, individuals may prefer human content due to the principle of similarity attraction, 
where people are drawn to others who seem similar to them, and thus feel a stronger 
connection to human-like communicators (Montoya and Horton 2013; Waddell 2019). 
Indeed, recent studies show that people’s levels of concern by AI-attributed news 
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depend on the level of AI autonomy. AI with full autonomy, which independently 
selects topics and generates complete articles with no human involvement, is perceived 
as less credible than AI with limited autonomy that merely assists in improving text 
clarity (Altay and Gilardi 2024; Smith 2024). Second, individuals are less emotionally 
engaged with AI-attributed news due to the highly descriptive and logic-focused nature 
of the content (Bai et al. 2023; Liu and Wei 2019; Nah et al. 2024). Moreover, individu-
als’ perception of AI-attributed political content is connected to fears of manipulation 
and spreading harmful content (Epstein et al. 2023).

Navigating Partisan Media: AI as a Neutral Alternative?

Citizens’ evaluations of AI-attributed versus human-produced news take on additional 
complexity in today’s fragmented media environment. While research generally finds 
that citizens perceive human-generated news as more credible compared to AI content, 
not all human news sources are perceived the same. Increasing polarization in Western 
democracies—characterized by mistrust and hostility between rival political groups 
(Gidron et al. 2020; Iyengar et al. 2019)—has created polarized media environments 
saturated with partisan outlets (Van Aelst et al. 2017). These outlets present one-sided 
news favoring one political group over another (Druckman et al. 2019; Gentzkow and 
Shapiro 2010). A plethora of studies find that citizens increasingly rely on like-minded 
partisan media in their daily news diets (e.g., Garrett 2009; Stroud 2008). Cross-
cutting exposure, in contrast, is less frequent, with citizens perceiving counter-attitu-
dinal sources as less trustworthy and less accurate (Gentzkow and Shapiro 2006; 
Metzger et  al. 2020). This raises a crucial question: do citizens still prefer human-
based news over AI-attributed news when the human content comes from cross-cut-
ting sources?

While the empirical evidence presented above points to algorithmic aversion in the 
context of news consumption, we suggest that in the current polarized media environ-
ment, algorithmic appreciation may prevail for two reasons. First, citizens in today’s 
information environment are constantly primed with their political identities 
(Druckman et  al. 2013; Settle 2019), which heightens their awareness of potential 
political motivations among human journalists (Arceneaux et al. 2012; Cloudy et al. 
2023). Compared to human gatekeepers such as editors or journalists—who are often 
perceived as ideologically biased (Perloff 2015; Vallone et al. 1985)—algorithm-based 
content triggers heuristics of objectivity, neutrality, and fairness, thus making algo-
rithms potentially more favorable for consuming political news (Sundar 2008). 
Second, due to eroding levels of media trust globally (Hanitzsch et al. 2018), individu-
als who perceive that traditional news sources do not adequately represent them may 
be more inclined to consider the possible benefits of non-human creators of political 
news content. This erosion of media trust could make some audiences more receptive 
to AI-attributed news, as they may believe it offers a fact-based, less-opinionated alter-
native to human journalism.

Existing studies support these perceptions of AI neutrality, particularly in the 
domain of political news. In the eyes of citizens, automated news is associated with 
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less personal prejudice and a greater perception of such content as free from political 
biases (Cloudy et al. 2023; Hong et al. 2024; Sundar 2008; Waddell 2019). This per-
ceived neutrality manifests both in the creation and selection of news stories. For 
example, AI-generated news is generally perceived as more descriptive and even bor-
ing compared to human-written news (Bai et al. 2023; Clerwall 2014; Nah et al. 2024; 
Salvi et al. 2024), and algorithms are preferred over human journalists for creating 
personalized news feeds online (Gil de Zúñiga et al. 2022; Thurman et al. 2019). Such 
perceived neutrality can also make AI useful for combating misinformation that may 
circulate in traditional and social media (Chae and Tewksbury 2024; Moon et al. 2023).

It is important to note that our focus is on citizens’ perceptions of AI as neutral 
rather than on its actual neutrality. In reality, growing evidence indicates that algo-
rithms exhibit biases, as AI systems learn systematic social patterns from historical 
data that contain human biases. AI outputs have been shown to reflect gender and 
racial biases, and often present politically left-leaning orientations (e.g., Abid et al. 
2021; Garg et al. 2018; Rozado 2020, 2023; Rutinowski et al. 2024; Santurkar et al. 
2023). Despite these documented biases, studies have pointed to citizens’ tendency to 
overlook these machine-based biases (Alon-Barkat and Busuioc 2023; Jakesch et al. 
2023; Rosenthal-von Der Pütten and Sach 2024).

We argue that citizens’ perceived neutrality of AI can fundamentally alter their 
news consumption patterns in polarized media environments, as two competing forces 
shape how they evaluate news sources: while partisan selective exposure makes them 
particularly receptive to like-minded sources, perceptions of AI neutrality may lead 
citizens to favor political news by AI over cross-cutting sources. Therefore, we expect 
that in terms of both trustworthiness and willingness to read, citizens will prefer like-
minded over AI-attributed news (H1), and AI-attributed over cross-cutting news (H2).

We also examine how these preferences might vary by the issue covered in the 
news. Studies have shown that selective exposure is not uniform but varies according 
to the issues addressed in news stories. When exposed to polarized and divisive issues 
(e.g., abortion, immigration, gun policy), citizens’ partisan identity is strongly primed, 
leading them to seek and evaluate information primarily through their partisan loyal-
ties (Dias and Lelkes 2021; Druckman et  al. 2013). This likely results in stronger 
preferences for like-minded over cross-cutting content. In contrast, non-polarizing 
topics tend to attenuate partisan-motivated behavior in news consumption (Johnson 
et al. 2020; Mummolo 2016). We expect that machine heuristics of neutrality will be 
particularly salient for polarized issues, where the contrast between biased partisan 
outlets and neutral AI becomes more pronounced. We hypothesize that the tendency to 
prefer AI-attributed news less than like-minded sources and more than cross-cutting 
sources will be stronger when the news articles deal with polarized issues compared to 
non-polarized news topics (H3).

Method

To examine citizens’ preferences and perceptions of AI-attributed and partisan news, 
we conducted a well-powered conjoint experiment in the United States. Conjoint 
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designs possess distinct features that make them particularly suitable for examining 
media choices, as reflected in their increasing adoption in communication research 
(e.g., Arugute et al. 2023; Johannesson and Knudsen 2021; Kim and Lu 2020; Knudsen 
and Johannesson 2019; Mukerjee and Yang 2021; Mummolo 2016; Trilling and 
Knudsen 2023). Unlike traditional experiments that typically test one or two treat-
ments (e.g., source, content features, social endorsements), conjoint experiments 
enable the variation of multiple attributes simultaneously. This enhances external 
validity and reflects the complex information environment where various cues may 
influence individuals’ news choices (Bansak et al. 2021b; Hainmueller et al. 2014), 
even if some citizens primarily rely on a single cue while ignoring others. Aside from 
their advantages, conjoint experiments also have limitations, such as the difficulty of 
identifying the mechanisms behind the main effects. We address these limitations in 
the “Discussion” section below.

The conjoint experiment was conducted among 2,011 American respondents 
recruited from the survey platform Prolific Academic (Douglas et al. 2023; Peer et al. 
2021).1 We present the sample composition in Supplemental Material Section A. Due 
to increasing levels of political polarization and rising popularity of partisan news 
outlets in the United States (Garrett et al. 2014; Iyengar et al. 2019), the American case 
study is ideal to examine citizens’ preferences for like-minded and cross-cutting news 
compared to AI-attributed news.

Procedure and Stimulus Material

After giving their consent to participate in the study, respondents answered a pre-
treatment questionnaire, which measured demographics, political affiliation and 
interest, ideology, policy positions, media trust and news consumption habits, as 
well as general attitudes toward AI. We then showed respondents the following 
introductory text: “We will now show you five pairs of news items on various topics 
that have recently appeared in a typical social media feed.” Respondents were 
informed that “each news item may be written by a human or generated by AI, and 
it comes from various media sources in the US. Some items may also come from a 
source called ‘AI News,’ which publishes news items generated entirely by AI, with-
out any human intervention” (see also Longoni et al. 2022; Toff and Simon 2024). 
While “AI News” was a fictitious source, respondents were not informed of this to 
ensure that their evaluations reflected their natural perceptions of AI-attributed news 
rather than being influenced by the knowledge that the source was fictitious. 
Respondents were then exposed to five successive pairs of fictitious social media 
posts presenting a news headline from a given news source. For each pair of head-
lines, respondents indicated which one they perceived as more trustworthy and 
which they would prefer to read in more detail. The headlines were created by the 
researchers and were based on real news stories published in the months leading up 
to the experiment to enhance realism.

In each choice task, we manipulated five attributes, which are presented in Table 1. 
First, we manipulated the news source. We used Fox News and MSNBC as 
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pro-Republican and pro-Democrat partisan outlets, respectively. CBS News was used 
as a neutral source since it is widely perceived in the middle of the left-right ideologi-
cal continuum (Wojcieszak, de Leeuw, Menchen-Trevino, et al. 2021). We also used a 
fictitious source called “AI News” as a news source without any human intervention. 
Second, we manipulated the author of the news article in the post: (1) If the author was 
a human journalist, the beginning of the post mentioned the following: “Article writ-
ten by Frank Wright” (the name was randomly chosen out of a list of twelve common 
names in the United States); (2) for the non-human author condition, the post included 
the following: “Article generated by AI”; (3) as a third option, posts without any dis-
closure of the article author were included. The separate manipulation of both the 
source and the author serves two purposes. First, it helps isolate the effects of AI attri-
bution in news production without confounding them with citizens’ preexisting atti-
tudes toward known news sources (see also Cloudy et al. 2023; Lermann Henestrosa 
et al. 2023; Toff and Simon 2024). Second, it reflects the emerging media ecosystem 
where AI is being increasingly incorporated by existing outlets (Marconi 2020; Van 
Dalen 2024), thus enabling us to examine how people react when their familiar sources 
publish content that is labeled as generated by AI.

We also manipulated the political bias of the news headlines (pro-Republican, pro-
Democrat, neutral) and the issue the headline deals with. We chose two polarized 
issues (abortion and immigration) and two less-polarized issues (veterans and infra-
structure). We pretested the levels of perceived polarization of several policy issues. 
Results, elaborated in Supplemental Material Section D, show that abortion and immi-
gration are perceived as far more polarizing compared to veterans and infrastructure 

Table 1.  Attributes and Attribute Levels for News Posts.

Attribute Attribute Levels

Source •  Republican (Fox News)
•  Neutral (CBS News)
•  Democrat (MSNBC)
•  AI source (“AI News”)

Author •  Human journalist
•  AI
•  No author mentioned

Political bias of the headline •  Pro-Republican
•  Neutral
•  Pro-Democrat

Issue •  Abortion
•  Immigration
•  Veterans
•  Infrastructure

Social engagement • � High (e.g., 1.2K likes, 932 comments, 907 shares)
• � Medium (e.g., 324 likes, 303 comments, 311 shares)
•  Low (e.g., 9 likes, 7 comments, 8 shares)
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issues. We created four possible headlines per political slant and issue, resulting in 48 
available headlines for the experiment.

We performed several pretests to ensure that the political bias of the headlines 
used in the experiment aligned with our expectations (e.g., that pro-Democratic head-
lines would be perceived as such; see Supplemental Material Section D). To ensure 
our findings reflect perceptions of sources and are not confounded by content-based 
differences, we used identical headlines across different sources and authors. That is, 
any given headline could appear as either written by AI or journalists, instead of cre-
ating separate headlines for AI and humans. In the final analyses, we determined 
whether the news sources and the headlines were in line with or opposite to respon-
dents’ viewpoints based on pretreatment measures of partisan affiliation (see the 
descriptive statistics and full question wording in Supplemental Material Sections B 
and C, respectively).2

Finally, since previous studies emphasized the importance of social endorsements on 
citizens’ news consumption habits (Kim and Lu 2020; Messing and Westwood 2014), 
we manipulated the level of social engagement ranging between low, medium, and high. 
In each level, we randomly manipulated the number of likes, comments, and shares.3

To increase external validity and respondents’ sense of realism, we created images 
of fictitious Facebook posts that randomly varied as a function of the five attributes 
described above (see also Kim and Lu 2020; Mukerjee and Yang 2021). Figure 1 pres-
ents an example choice task respondents were shown. Article 1 and Article 2 in this 
particular example vary in terms of news source (MSNBC and AI News, respectively), 
author (human and AI, respectively), political bias (pro-Democrat and neutral, respec-
tively), issue (immigration and veterans, respectively), and social engagement levels 
(medium and high, respectively).

To better reflect real-world news posts, we created a pool of five distinct photos per 
issue that were randomly assigned to posts. As detailed in Supplemental Material 
Section D, we pretested all photos to ensure neutrality across three dimensions (see 
also Kurdi et  al. 2017; Mukerjee and Yang 2021): political slant (1 = Strongly Pro-
Democrat; 7 = Strongly Pro-Republican), emotional intensity (1 = Strongly Emotional; 
5 = Strongly Unemotional), and valence (1 = Strongly Positive; 5 = Strongly Negative). 
We selected a total of twenty photos that scored near the midpoint of each dimension’s 
scale, ensuring they were relatively neutral across all three dimensions.

To avoid unrealistic combinations of attribute levels, we implemented restricted 
randomization as recommended in the literature (Bansak et al. 2021b; Hainmueller 
et al. 2014). This approach prevented implausible combinations while preserving the 
validity of causal inferences. Specifically, we excluded two types of impossible com-
binations: partisan news outlets presenting headlines in favor of the political outgroup 
(e.g., Fox News presenting pro-Democratic headlines or MSNBC presenting pro-
Republican headlines), and AI news sources disclosing a human journalist as the 
author. After these exclusions, our randomization pool contained 6,480 possible 
unique news posts. Our final dataset comprised evaluations of 20,110 news posts 
(2,011 respondents × 5 choice tasks × 2 news posts per task), with individual posts 
potentially appearing multiple times across different respondents and choice tasks.
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Figure 1.  Example of a choice task shown to respondents. 
Note. The figure illustrates one of two randomly assigned outcome variables. While this example 
shows the perceived trustworthiness outcome, the other half of the sample was asked about reading 
preferences.
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Analysis Strategy

We measured two dependent variables that were randomly assigned between respon-
dents. Half of the sample was asked about perceived trustworthiness: “Which article 
do you think is more trustworthy?.” The other half was asked about their reading pref-
erences: “If you had to decide, which article would you choose to read in more detail?.” 
This separation of dependent variables across the entire sample mitigated potential 
consistency bias, preventing respondents from aligning their trustworthiness evalua-
tions with their stated reading preferences (or vice versa) as might occur if both ques-
tions were asked sequentially (Podsakoff et al. 2003). Both dependent variables were 
measured as binary choices, with respondents selecting one news post from each pre-
sented pair. This binary operationalization has several advantages. First, it reflects 
real-world news selection decisions where people typically choose between available 
alternatives rather than evaluating multiple news items simultaneously. Second, 
forced-choice decisions compel respondents to weigh alternatives thoughtfully and 
consider their relative merits (Bansak et al. 2021b).

We tested our hypotheses using the Average Marginal Component Effect (AMCE) 
to estimate the main effects of each attribute. The AMCE quantifies the overall effect 
of a given attribute, averaged across all other attributes in the conjoint design (Bansak 
et al. 2022). To illustrate, it represents the average change in the probability of select-
ing a given news post when it includes a specific attribute level (e.g., a like-minded 
source) compared to the attribute’s baseline level (e.g., an AI source), while control-
ling for all other attributes (e.g., social engagement). Additionally, we calculated mar-
ginal means, which serve three main purposes (Leeper et al. 2020): (1) they indicate 
the likelihood of a news post being chosen when it includes a particular attribute level, 
above and beyond the likelihood across all other attributes; (2) they provide descrip-
tive information about how favorable specific attributes are; and (3) they enable com-
parisons between different subgroups (e.g., strong vs. weak partisans). To test H3, we 
compared the conditional AMCEs and marginal means for the source attribute across 
polarized and non-polarized subgroups (Hainmueller et al. 2014; Leeper et al. 2020).4

We also performed several exploratory analyses (three of them were preregistered) 
to test for interaction effects. This was conducted by analyzing the study’s main effects, 
broken down by several potential moderators, and comparing marginal means across 
different subgroups of each moderator (Kirkland and Coppock 2018; Leeper et  al. 
2020). The first exploratory analyses tested whether the effect of the news source was 
moderated by the author’s identity. For example, are citizens more inclined for news 
from like-minded sources, even if the article is labeled as generated by AI?

In a second exploratory analysis, we examined whether respondents’ general atti-
tudes toward AI moderated the main effects (Araujo et al. 2023). The full question 
wording is detailed in Supplemental Material Section C. We also tested for possible 
interaction with respondents’ ideological extremity, measured by their self-placement 
on an 11-point scale (0 = Extremely liberal; 10 = Extremely conservative). Respondents 
were considered extreme if their self-placement was 0, 1, 9, or 10.
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We also conducted several non-pre-registered exploratory analyses, testing for 
moderation by partisanship strength, media trust, age, respondents’ familiarity with 
the use of AI in news production, and the issue the article deals with (see full question 
wording in Supplemental Material Section C).

Results

Comparing Citizens’ Preferences: AI Versus Partisan News Sources

We present the main results in Figure 2, which shows the manipulated attributes on the 
y-axis. The x-axis shows the AMCE of each attribute level (compared to a baseline 
category). As we randomly assigned respondents to one outcome variable, gray circles 
show AMCEs for perceived trustworthiness, while black triangles show AMCEs for 
willingness to read the news article in more detail. Figure 3 complements the interpre-
tation of the results by presenting the marginal means for each manipulated attribute.

Our main analysis focuses on the effects of different news sources (the “Source” 
upper panel). Compared to the baseline category of an AI news source with no 
human involvement, citizens perceive news items from like-minded sources as more 
trustworthy, with a 15 percentage point increase in perceived trustworthiness com-
pared to an AI source (p < .001; 95% CI [12–19]). Likewise, citizens show a greater 
willingness to read news from like-minded compared to AI sources, with an esti-
mated 8 percentage point increase (p < .001; 95% CI [5–11]).

Figure 3 further facilitates the interpretation of these results by presenting marginal 
means. These values represent the predicted probability of each attribute level being 
perceived as trustworthy (gray circles) or being read (black triangles), with .5 serving 
as the threshold (plotted as the middle vertical line): values above .5 indicate higher 
probability of trust or readership, while values below .5 indicate lower probability. 
According to the marginal means presented in Figure 3, the probability of trusting 
articles from like-minded sources is 64 percent, compared to 41 percent for articles 
from an AI source. Similarly, the probability of reading articles from like-minded 
sources is 58 percent, compared to 45 percent for articles from an AI source. Thus, we 
confirm H1, according to which citizens prefer like-minded over AI-attributed news.

In contrast, we find no evidence that citizens trust or prefer to read AI news sources 
more than cross-cutting sources, thus rejecting H2. Figure 2 shows that the difference 
in trust levels between these two sources is practically zero (p = .6; 95% CI [(−4)–2]). 
Moreover, the 3 percent decrease in citizens’ willingness to read articles from cross-
cutting compared to AI news sources is not significant (p = .1; 95% CI, [(−6)–0]). As 
shown by the marginal means in Figure 3, trust levels for cross-cutting and AI sources 
are nearly identical (40 and 41 percent, respectively), as are reading probabilities  
(42 and 45 percent, respectively). Notably, Figures 2 and 3 suggest that neutral news 
sources are perceived more trustworthy and are preferred more compared to an AI 
news source.

We now examine the effects of other attributes which were manipulated in the con-
joint experiment. First, focusing on the author disclosed in the news post, one can 
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observe that respondents largely prefer human authors who write news stories. Figure 2 
indicates that compared to the baseline category of an AI author, respondents show 
greater willingness to read news from human authors and perceive them as more trust-
worthy, with an estimated 10 and 11 percentage point increase, respectively (p < .001 
for both outcomes; see Figure 2). Citizens also trust and prefer to read news in which 
the author’s identity is not disclosed over an AI author. The marginal means in Figure 3 
clearly suggest that respondents hold negative perceptions of news items attributed  
to an AI author, regardless of the source (e.g., a neutral or a like-minded source; see 
also the “Additional Tests” section).

Second, focusing on content-based attributes, respondents clearly favor headlines 
that align with their political ingroup, while showing both negative trust perceptions 
of and lower readership for headlines that favor the outgroup. Interestingly, Figure 2 
shows no significant difference between perceptions of trustworthiness between neu-
tral and like-minded headlines. Moreover, while news about polarized issues is per-
ceived slightly less trustworthy compared to news about non-polarizing topics (a 3 
percentage points change; p < .01), we do not find any evidence for varying reading 
preferences between these issue types. Finally, Figure 2 shows that social engagement 
levels have a small and significant, albeit less consistent, effect on news preferences. 

Figure 2.  Average Marginal Component Effect (AMCE).
Note. Horizontal lines represent 95% confidence intervals. Gray circles indicate the effects on perceiving 
a news headline as trustworthy, while black triangles indicate the effects on willingness to read a news 
headline in more detail. Point estimates located on the vertical zero line indicate the reference category 
(e.g., “AI” in the first “Source” attribute), serving as the baseline against which all other attribute levels 
are estimated and thus having no confidence intervals.
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News items with high engagement levels are perceived as more trustworthy than those 
with low engagement (a 3 percentage points increase). Similarly, respondents are more 
likely to read items with medium engagement compared to low engagement (a 2 per-
centage points increase).

News Preferences Across Polarized and Non-Polarized Issues

Following H3, we now examine whether citizens’ preferences for AI, like-minded, 
and cross-cutting news sources vary when the news content focuses on polarized 
(abortion and immigration) and non-polarized issues (veterans and infrastructure). 
Figure 4 presents the marginal means for each issue type separately. It shows that the 
pattern of preferences remains consistent across both polarized and non-polarized 
issues: respondents consistently prefer like-minded over AI sources, while evaluating 
AI-attributed news as negatively as cross-cutting sources. Formal tests comparing 
conditional AMCEs and marginal means between subgroups lead to the same conclu-
sions (see Supplemental Material Section E); therefore, we cannot confirm H3. 
Notably, Figure 4 suggests that while respondents prefer to read neutral sources on 
polarized issues, they perceive these sources as more trustworthy only in the context 
of non-polarized topics.

Figure 3.  Marginal means for the manipulated attributes. 
Note. Horizontal lines represent 95 percent confidence intervals. Gray circles indicate the predicted 
probability of perceiving a news headline as trustworthy, while black triangles indicate the predicted 
probability of willingness to read a news headline in more detail.
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Additional Tests

We performed several exploratory analyses, testing whether the effects of news sources 
are conditional on several moderators, the results of which are presented in Supple
mental Material Section F. First, we tested the effects separately for each author type 
(i.e., a human author, AI, or no author disclosed in the post). Our main findings hold 
across all conditions, with one exception: respondents do not show a preference for 
reading articles from like-minded sources when the news story explicitly mentions AI 
authorship. For example, Democrats exposed to a post by MSNBC that explicitly 
mentions the news item was created by AI still perceive the item as more trustworthy, 
but this does not translate into a greater likelihood of reading it. In two additional 
analyses, we examined whether the effects are conditional on respondents’ general 
trust in AI and their ideological extremity. As before, the original conclusions remain 
unchanged. Notably, even respondents who trust AI technologies in general evaluate 
AI-attributed news and cross-cutting news equally negatively.

Additional exploratory analyses (see Supplemental Material Section G) tested 
whether the effects are conditional by partisanship strength, media trust, age, and 
respondents’ familiarity with the use of AI in news production. We also performed 
separate analyses for each issue the news article deals with and repeated the analyses 
treating photos as an additional conjoint attribute. The results of these exploratory 
analyses generally lead to the same substantive conclusions. We also examined 
whether the effects are conditional on the political bias presented in the news headline. 
Findings show that AI news sources are perceived as very similar to cross-cutting 
sources regardless of the headline bias.

Discussion

This study examined citizens’ preferences and attitudes toward AI-attributed news 
compared to partisan news sources. While growing empirical evidence shows that 

Figure 4.  The effects of news sources broken down by issue polarization. 
Note. Subgroup marginal means for the other attributes are shown in Supplemental Material Section E.
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citizens prefer human-produced over AI-attributed news—a phenomenon known as 
algorithm aversion—little is known about how these preferences manifest in today’s 
polarized and fragmented media environment. The increasing dominance of partisan 
media, coupled with citizens’ strong preference for like-minded over cross-cutting 
news, creates a potential clash between algorithm aversion and partisan motivations in 
news consumption. This raises the question of whether citizens still prefer human-
based over AI-attributed news when the former comes from cross-cutting sources.

Using a conjoint experiment in the United States that mimics a high-choice media 
environment, we provide a rigorous assessment of citizens’ preferences between like-
minded, cross-cutting, and AI news sources across various contexts. Our findings 
reveal a clear and consistent hierarchy in citizens’ news choices: while strongly favor-
ing like-minded sources, citizens evaluate AI-attributed news as negatively as cross-
cutting news sources. These tendencies hold across both polarizing and non-polarizing 
issues and remain robust regardless of citizens’ general attitudes toward AI, ideologi-
cal extremity, partisanship strength, age, levels of media trust, and previous familiarity 
with the use of AI in news production.

Our results align with the “algorithm aversion” approach in news consumption, 
while also extending previous research. First, although individuals often perceive 
AI-attributed content as neutral or accurate (Sundar 2008, 2020; Waddell 2019), our 
findings suggest that such positive machine heuristics do not translate into more posi-
tive preferences toward AI when citizens consume news (Hong et al. 2024; Toff and 
Simon 2024). Our additional tests indicate that the negative impact of AI involvement 
can persist even when citizens’ like-minded sources explicitly publish that the news 
story was generated by AI: while this does not diminish high trust levels, respondents 
do not show any significant preference for reading the article compared to a story cre-
ated by a human reporter. This may indicate that when consuming political informa-
tion, citizens may be particularly sensitive to concerns about AI’s potential for 
inaccuracy and manipulation (Dietvorst et al. 2015; Epstein et al. 2023; Wojcieszak, 
Thakur, Ferreira Gonçalves, et al. 2021). Second, while prior studies have primarily 
focused on attitudinal measures such as perceived credibility or journalistic expertise 
(e.g., Cloudy et al. 2023; Liu and Wei 2019; Sundar 2008; Toff and Simon 2024), we 
demonstrate that algorithm aversion manifests in both attitudes and behaviors (see also 
Altay and Gilardi 2024). Specifically, citizens not only consider AI-attributed news as 
untrustworthy as cross-cutting sources but are also less willing to read news from both 
sources. As we discuss below, this widespread avoidance of AI-attributed news may 
have significant implications for the future of journalism.

This study makes several contributions to the literature. First, recent studies have 
highlighted AI’s potential benefits in polarized societies by increasing exposure to 
diverse viewpoints in a civil manner (Argyle et  al. 2023; Hohenstein et  al. 2023), 
reducing attitude polarization (Velez and Liu 2024), fostering intergroup tolerance 
(Govers et  al. 2024), and mitigating conspiracy beliefs (Costello et  al. 2024) and 
biased information processing (Moon et  al. 2023). These benefits are particularly 
important in fragmented media environments where citizens are less inclined to con-
sume and be persuaded by counter-attitudinal information. However, our findings 
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challenge these optimistic expectations in the context of political news consumption, 
suggesting that citizens’ motivations to consume AI-attributed political information 
are limited, thus constraining AI’s potential benefits. We find that AI-attributed news 
fails to serve as a neutral and objective alternative in current information environ-
ments, regardless of whether it presents neutral, left- or right-leaning content. Instead, 
our results clearly demonstrate that partisan motivations override any potential advan-
tages of AI in news consumption: citizens not only avoid AI-attributed news as much 
as cross-cutting sources but actively value ideological biases in news reporting (see 
also Wojcieszak, Thakur, Ferreira Gonçalves, et al. 2021).

Second, this study contributes to the growing literature on the impact of automated 
journalism on democratic societies by highlighting the potential negative consequences 
of the adoption of AI in the news production process. While some scholars suggest that 
AI’s perceived neutrality in covering controversial issues might help “repairing the 
damaged trust between media and the public” (Cloudy et al. 2023: 1590), our findings 
indicate the opposite: frequent exposure to AI-attributed news may erode trust both in 
digital content broadly (Capraro et al. 2024) and in news media specifically (Toff and 
Simon 2024; Wang and Huang 2024), exacerbating the already declining levels of 
media trust (Hanitzsch et al. 2018). Moreover, this mistrust in AI-attributed news trans-
lates into behavioral outcomes, keeping news consumers away from AI content. While 
news organizations increasingly leverage AI’s capacity to process vast amounts of 
information and produce coherent news stories (Marconi 2020; Rinehart and Kung 
2022), such increased automation might face reader backlash, particularly if AI gets 
greater autonomy in the news production process (Altay and Gilardi 2024; Smith 2024).

Additionally, our study advances the application of visual conjoint experiments in 
communication research. While conjoint experiments have been more widely used in 
communication research over recent years (e.g., Arugute et al. 2023; Johannesson and 
Knudsen 2021; Kim and Lu 2020; Knudsen and Johannesson 2019; Mukerjee and 
Yang 2021; Mummolo 2016; Trilling and Knudsen 2023), their prevalence remains 
relatively limited compared to related fields such as political science and marketing 
(e.g., Amsalem and Zoizner 2024; Bansak et al. 2021b; De La Cuesta et al. 2022). 
More significantly, among existing studies, few utilize visual designs that simulate 
authentic social media posts that people frequently encounter. Our visual conjoint 
approach enhances ecological validity by encouraging the holistic evaluation of politi-
cal information in a more natural context (Vecchiato and Munger 2025), making it 
particularly valuable for examining responses to AI-attributed news within the com-
plex matrix of cues that influence real-world news selection.

This study has several limitations. First, by keeping the news content constant 
across AI and human conditions, our conjoint experiment was unable to examine the 
effects of real-world AI-generated content—such as that produced by ChatGPT or 
other large language models—compared to human-written texts (Kreps et al. 2022). 
Some studies suggest that human-produced news tends to use more narrative-driven 
language and incorporates stronger news values, whereas AI-generated content is 
often more analytical in structure (Bai et al. 2023; Nah et al. 2024), which may affect 
citizens’ preferences. However, recent empirical evidence indicates that citizens 
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struggle to distinguish AI- from human-generated texts, often perceiving the former as 
created by humans (Diel et al. 2024; Frank et al. 2024; Jakesch et al. 2023). Therefore, 
we believe our focus on the impact of the source (AI vs. human) is particularly valu-
able because in real-world settings, source attribution is likely an important mecha-
nism through which audiences become aware of AI’s involvement in content creation. 
We encourage future research to further examine how news content directly generated 
by AI influences audience choices.

Second, our use of a conjoint experiment possesses several shortcomings. Although 
we find that AI-attributed news is perceived similarly to cross-cutting news, the con-
joint design does not allow us to speak directly about the mechanisms underlying these 
effects. For example, while partisan motivated reasoning is an important explanation 
underlying avoidance of cross-cutting news (Garrett 2009; Knobloch-Westerwick  
and Meng 2009), it may be less applicable to understanding algorithmic aversion.  
We encourage future studies to explore other potential mechanisms, such as concerns 
about AI inaccuracy or manipulation, that may influence citizens’ news choices 
(Epstein et al. 2023; Kreps et al. 2022). Our use of a conjoint design may have also led 
to higher levels of cognitive burden for respondents, who had to assess multiple attri-
butes across five choice tasks. This could have affected the quality of their evaluations, 
making them rely more on various effort-saving heuristics than in real life (Bansak 
et al. 2021a; Berinsky et al. 2014). Moreover, our conjoint design presented partici-
pants with forced choices between news options. In real-world settings, citizens often 
have the option to avoid news altogether or may encounter news through passive 
exposure rather than active selection (Matthes et al. 2020; Skovsgaard and Andersen 
2020). This may limit the generalization of our findings to real-world behavior.

Another limitation of this study is our general description of the role the AI had in 
the news items presented to respondents, without disclosing the specific role of AI in 
the production of each news item. Specifying the exact task performed by the AI (e.g., 
generating visual illustrations or collecting information) can influence citizens’ prefer-
ences for AI-attributed news (Wang and Huang 2024). We note though that the major-
ity of news organizations nowadays do not have a specific policy on AI transparency, 
with many news outlets not providing full disclosures on the specific task AI tools fill 
in their newsrooms (Simon et al. 2023). We encourage future studies to explore how 
citizens approve or disapprove a wide range of functions AI tools can do in the news 
production process. Despite these limitations, we believe the results of this study shed 
light on citizens’ negative perceptions of AI-attributed news in modern polarized 
media environments.
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Notes

1.	 The experiment was pre-registered in September 2024 (https://aspredicted.org/yqn9-6dhp.
pdf). Data collection was between September 24 and 26, 2024. We provide details of the sam-
pling procedure, attention checks, and power analysis in Supplemental Material Section B.

2.	 Leaning independents were considered weak partisans, and pure independents were 
excluded from the study as they could not be classified as supporters of a political party 
(Druckman et al. 2013).

3.	 To enhance the realism of posts, we randomized the exact numbers of likes, comments, and 
shares within each engagement level. For example, posts with medium engagement might 
display 324, 318, or 320 likes (all within the defined range for medium engagement). This 
approach was applied consistently across all engagement levels.

4.	 We used the cregg package in R (Leeper 2018) to estimate AMCEs and marginal means. 
While differences-in-AMCEs represent differences in effect sizes across subgroups, we 
also report the conditional marginal means, as they provide clear descriptive interpretations 
of respondents’ preferences across subgroups (Leeper et al. 2020).
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