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ARTICLE INFO ABSTRACT

Keywords: Against the backdrop of politicizing science and technology, it has nevertheless become a common practice to
Politicized technology employ Al tools in political communication. This study delves into the tension between the supposedly high
Credibility credibility of Al-generated content (AIGC) with its perceived objectivity and the potentially devastating impact of
ﬁiime heuristic politicized tools. Specifically, we investigate the disparities in the perceived credibility of AIGC, stemming from
Nationalism various source types and nationalities. Using an online experiment conducted in China, we found that Chinese AI

sources and human-AI hybrid sources with consistent Chinese national identity were perceived as more credible
than their foreign (American) counterparts, whose effects were fully mediated by machine heuristics. In contrast,
less credibility was directly attributed to human-AI hybrid sources with inconsistent human-Al nationalities (e.g.,
a Chinese journalist using American AlI). Furthermore, although foreign sources were generally seen as less
credible, the presence of Al in the source moderated this negative effect. These findings indicated users’ per-

Large language model

ceptions of the political dimensions of AI technology.

1. Introduction

Along with the recent advancement in generative artificial intelli-
gence (Al), automation of content production has profoundly influenced
the existing media landscape. An increasing number of news articles are
being written by AI (Diakopoulos, 2019), social media is flooded with
bots (Bessi & Ferrara, 2016), and Al-generated content (AIGC) has
gained widespread attention due to the rise of large language models
(Lopez, 2022). This trend could complicate the already divisive and
polarized online discussions (Hart et al., 2020). For example, scholars
are debating whether AI authors should be disclosed or if human-AI
co-authorship should be introduced, which may trigger different polit-
ical effects. Optimistic researchers highlight the potential of generative
Al as a more credible information source than humans, especially in the
political domain, due to its perceived lower levels of bias (Chen et al.,
2024), higher levels of credibility (Liu et al., 2018), and ability to induce
more willingness to disclose privacy (Sundar & Kim, 2019), inspired by
the concept “machine heuristic” (Sundar & Kim, 2019). This indicates
that people may hold a stereotype of machine sources as being objective
and nonpartisan, assigning higher levels of credibility and lower levels
of motivated reasoning (Chung et al., 2023). However, AIGC is implicitly
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biased by factors such as race, gender, and age from its training data
(Sun et al., 2023), and Al can trigger radicalism and polarization often
without users’ awareness (Burton, 2023). Al sources are increasingly
used in communication practices to reduce political biases and moti-
vated reasoning (Satra, 2020), and its effect demands further
examination.

Technology is usually oversimplified as apolitical (Verbeek, 2017).
Previous research on Al and source credibility frequently considered it a
stateless communicator, assuming it originates from its home country by
default [e.g., Banas et al., 2022; Verbeek, 2017]. Indeed, in contempo-
rary times, most technologies are shared across national borders.
However, as a result of global technological competition, concerns have
arisen about national policies on emerging technologies, which may
impact their perceived credibility. For example, in Russia, local social
networking sites Odnoklassniki and VKontakte are more popular than
Facebook and Twitter due to “nationalist considerations and concerns
over national sovereignty” [Jang et al., 2023, p.337]. Similarly, in
China, perceptions of genetic modification are politicized, driven by the
suspicions that American technology will genetically alter the Chinese
genes. Therefore, when AI’s nationality meets the “machine heuristic,”
will the machine sources still be considered neutral and objective? To
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what extent does the machine heuristic continue to exert an impact on
individuals’ perceptions of credibility?

Against the backdrop of politicizing science and technology (Brown,
2015), this study delves into the tension between AIGC’s supposedly
high credibility as Al sources and the potentially devastating impact of
politicized tools. Specifically, we investigate the disparities in the
perceived credibility of AIGC, stemming from various source types and
nationalities, through an online experiment. Furthermore, this paper
explores the implications when both human and Al sources are mixed.
Given that prior research has scarcely addressed the role of AI's “na-
tionality” in communicating political messages, this study aims to fill
this gap by adopting a technological and political lens.

2. Literature review
2.1. Perceived credibility of human, AI, and Human-AI hybrid

As human-machine interaction evolves, machines have moved
beyond merely mediating communication to generating complex mes-
sages independently (Hancock et al., 2020). With the increasing so-
phistication of AIGC, people can barely distinguish whether the content
is generated by Al or human (Jakesch et al., 2023). Since AI has pro-
gressed from providing simple factual content to generating controver-
sial information (Guzman, 2019a), it is essential to examine the
credibility of AIGC.

Humans hold a wide range of preconceptions about AIGC [e.g.,
Guzman, 2019a], even though current Al is already incomparably closer
to humans in terms of content generation. The labeling of AI sources
may influence audience attitudes. Several studies have shown that Al is
often considered more objective, accurate and nonpartisan than human
sources (Cloudy et al., 2021, 2022; Moon et al., 2023). However, a large
amount of different evidence exists at the same time. They find no dif-
ference in credibility between Al and human sources (Kaa & Krahmer,
2014; Xu et al., 2020). Another meta-analysis notes that Al is as
persuasive as humans in terms of overall persuasive outcomes (Huang &
Wang, 2023). There is also experimental evidence that labeling a
Chat-GPT-generated scientific article with human authors will result in
rise in anthropomorphism, intelligence, and a slight increase in
perceived credibility (Lermann et al., 2024). Notably, however, those
studies mainly focus on topics like sports, finance, science, and arts
rather than controversial political issues.

Theoretically, Sundar’s Modality-Agency-Interactivity-Navigability
(MAIN) model argues that people have a predisposition that machines
are more impartial and neutral than humans, known as the machine
heuristic (Sundar, 2008). It can be viewed as a heuristic information
processing that is activated by exposure to a machine source (including
Al). Guzman found that people usually perceive themselves as directly
interacting with Al rather than with a programmer behind it (Guzman,
2019b). It indicates that the public generally does not perceive the
human factor behind the technology. In other words, technology itself is
the cue that triggers heuristic thinking.

Heuristic thinking, in turn, is widely used as a mental shortcut when
people are unwilling or unable to evaluate information exhaustively,
especially in the context of information overload and cognitive overload
(Chaiken, 1987). Evidence has pointed out that this unconscious pro-
cessing mode may be more influential than conscious judgment (Xu
et al., 2022). According to the classic heuristic-systematic model (Chen
& Chaiken, 1999), under heuristic information processing, the credi-
bility of the source influences people’s evaluation and judgment of the
information. Therefore, individuals may believe that the source and the
content generated by machines are objective and unbiased due to the
positive impression arising from machine heuristics. To put it differ-
ently, people will associate machines with some “machine-like” quali-
ties, such as objectivity, impartiality, accuracy, absence of error,
unemotionality, indomitability, and reliability (Sundar, 2008), reducing
perceived bias and politically motivated information processing (Hong
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et al., 2025), leading to greater perceived credibility.

Some researchers believe that for socio-political topics, Al-authored
news induced less credibility than human-authored news due to AI's
limitation in deep analysis, metaphor comprehension, and contextual
awareness (Wang & Huang, 2024). But in contrast, in today’s political
information, people weigh their pre-existing beliefs much more heavily
than facts and truth (Stanley et al., 2020). Differences in preconceptions
have a greater impact on credibility than factual arguments (Gollwitzer
et al., 2020). Thus, the perception that Al is free from ideological bias is
more likely to activate machine heuristics, making it more credible than
human sources.

Beyond the human versus Al dualism, future trends may embrace the
form of a “human-machine marriage.” For instance, in journalism, Al
may handle fact retrieval and initial draft writing, while human jour-
nalists focus on refining and deepening the analysis (Graefe, 2016). This
trend has become increasingly evident. With humans having the final
say, the transformative power of Al has been increasingly applied to
content production. Some news organizations have begun to take Al and
humans as co-authors (Luke, 2023). However, the credibility of the
human-AI hybrid source has not been much studied, in par with its solo
human and solo AI counterparts. It is often assumed that the human-AI
hybrid source would combine the strengths of both humans and AL The
content created collaboratively by humans and AI would stimulate
machine heuristics in readers, reducing perceived bias, while being
more relatable to readers because of human sources through the prin-
ciple of similarity attraction (Byrne, 1997). Indeed, research suggests
the hybrid source of political information was significantly attributed to
more credibility for American conservatives (Waddell, 2019). In a lab-
oratory study where humans and ChatGPT collaborated on a writing
task, participants reported a relatively high level of cognitive trust and
satisfaction (Luther, Kimmerle, & Cress, 2024). Yet, opposite evidence
suggests that the credibility of the hybrid source lies between that of a
solo human and Al source, with no significant differences between the
two (Tandoc et al., 2020; Wolker & Powell, 2021). One recent study also
explores the role of authorship in scientific journalism, suggesting that
there was no difference in credibility between human-Al hybrid sources
and solo Al authors. However, after adding a disclaimer to the scientific
article, hybrid sources were more credible than solo AI sources
(Lermann et al., 2025). This further calls for detailed research on
human-AI hybrid sources in different conditions. To examine the dif-
ferences in perceived credibility among those three types of sources, H1,
H2 and RQ1 were formulated:

H1. Al is perceived as more credible than humans as the source of
political information.

H2. Perceived machine heuristic mediates the effect of source type
(human vs. Al) on perceived credibility.

RQ1. Is there any difference in the perceived credibility among a
human-AI hybrid source, a solo human, and a solo Al as the source of
political information? If so, does the machine heuristic play a mediating
role?

2.2. The impact of nationality on source credibility

The development of communication technology has allowed infor-
mation to cross national boundaries, making the country of the source
increasingly important. Research has suggested that the nationality of
human sources affects communication effects, often placing foreign
sources at a disadvantage compared to domestic ones (Dragojlovic,
2015). For example, American media are less credible in the Arab region
due to religious reasons (Golan & Kiousis, 2010). Another study found
that the greater the number of opposing views expressed by foreign
sources, the more support there was for military action among highly
educated Democrats in the United States during the Iraq War [Lermann
et al.,, 2025, p.843]. Thus, a national perspective remains in global
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communication. One possible explanation could be the “rally-r-
ound-the-flag” phenomenon, whereby the public tends to be more
receptive to patriotic discourse during political conflicts, leading to
increased trust in their own country’s government and media (Bryanov
et al., 2023).

Social identity theory explains the effect of the source’s nationality
on credibility at the individual psychological level. It suggests that
certain social group factors, such as sex, age, and nationality, can help
individuals build a sense of self-identity by relating themselves to these
factors. Individuals often identify with the groups they belong to and
may prefer those within their own group (Tajfel & Turner, 2004). One
study found that attempts to change people’s preconceptions were often
ineffective when tied to their national identity (Mann & Schleifer,
2020). It was supported by various classic studies in political psychology
[e.g., Golan and Kiousis, 2010; Zhu et al., 2022]. People often lack full
information and do not rationally analyze complex political and social
issues. Instead, they rely on the psychological shortcut of identification
to form political preferences and trust. Through the identification
mechanism, people are more likely to perceive higher levels of credi-
bility in internal group members, while exhibiting motivated skepticism
toward external group members (Brewer & Chen, 2007). Thus, in the
case of political information, people will have less trust in foreign
sources.

The computers are social actors (CASA) paradigm and media equa-
tion theory suggest that people tend to mindlessly treat new media like
real people and apply a range of social norms and scripts from inter-
personal interactions (Reeves & Nass, 1996). Past research has shown
that people project human traits and stereotypes onto machines. For
example, robots with female characteristics are seen as more suitable for
care work than male robots (Tay et al., 2014), and Al algorithms labeled
younger are seen as more competent (Luther, Duzel, et al., 2024).
Likewise, foreign Al sources may maintain a lower level of trustwor-
thiness when people realize that the machines are from other competing
countries, similar to their attitudes toward people from those countries.
The concept of nationalism also helps to provide an explanation.
Scholars have introduced novel concepts such as vaccine nationalism
(Barcelo et al., 2022), digital nationalism (Lu, 2024), and space
nationalism (Molle, 2023) to describe public attitudes that favor do-
mestic technologies. One study involving over 15,000 participants
across 14 countries revealed that domestically developed vaccines were
more popular than American ones, even in countries like France,
Singapore, and South Korea that cannot produce high-quality vaccines
(Barcelo et al., 2022). Moreover, as a highly politicized technology, Al,
5G and other information technologies are seen as highly politicized and
contribute to international competition, fostering strategic mistrust of
China globally (Kim et al., 2020; Zhang, 2024). This evidence also
suggests that the public may be more inclined to accept political mes-
sages created by domestic AI. However, the machine heuristic provides
an alternative explanation: since the audience tends to believe that Al is
objective and unbiased, they may not engage in motivated reasoning,
even if the Al source comes from an external group.

In this study, we define AI's nationality as the country in which its
parent company is based. For example, although China and India are
major manufacturing hubs for iPhones, people tend to perceive iPhones
as American technology. This is because its company, Apple, is head-
quartered in the United States, whose technology products are shaped by
the American culture (Campbell & La Pastina, 2010). As a result, in this
study, AI's nationality is based on the country of origin of its parent
company, consistent with the most straightforward public perception of
AT’s nationality.

In light of this discussion, H3 and RQ2 are proposed:

H3. a) Domestic human sources and b) domestic Al sources are
perceived as more credible than foreign sources as the source of political
information.

RQ2. Is there an interaction effect of source type (human vs. Al vs.
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human-AI hybrid) and source’s nationality (domestic vs. foreign) on
perceived credibility?

2.3. National origins of Human-AI hybrid sources

While the United States currently leads in Al technology, other
countries or regions——such as China, the European Union, South
Korea, Japan, Russia, and India——are also actively advancing their
technology. This has sparked a global technological race (Feijoo et al.,
2020). Along with AI products being applied transnationally, commu-
nicators will likely generate information with the help of AI technologies
from various countries. In other words, when humans and AI act
collaboratively as a hybrid source, the countries of humans and Al may
be inconsistent. What influence do the nationalities of humans and Al
have in a hybrid source?

People usually have certain expectations of communicators, and
their evaluations will vary depending on whether these expectations are
met, over-met (positive expectation violation), or not met (negative
expectation violation) (Burgoon, 2015). One qualitative study suggests
that it is a common strategy people use to assess the credibility of AIGC
(Ou et al., 2024). For example, people would expect machines to be less
biased than humans (Sundar, 2008). As a result, their source credibility
will decrease significantly due to negative expectation violation when
strong emotional (Tandoc et al., 2020) or evaluative (Henestrosa et al.,
2023) overtones are discovered in automated news.

However, researchers further found that this negative expectation
violation does not occur in news labeled as co-authored by humans and
machines, as no significant credibility difference existed regardless of
whether the hybrid sources provide objective facts or emotional opin-
ions. This result is consistent with human sources (Tandoc et al., 2020).
Therefore, it can be inferred that readers do not have machine-like ex-
pectations of objectivity in response to hybrid sources. Instead, people
may tolerate hybrid sources producing emotional content. Another
study also found that adopting machines as co-authors in credible
newsrooms, like the New York Times, further enhances source credi-
bility. However, the credibility will decrease with a less credible news-
room (Liu & Wei, 2019). This decline occurs because machines are
commonly assumed to be used in specific social scenarios. Therefore,
accountability for the content typically rests with humans rather than
AL It is inferred that users tend to have expectations based on humans
rather than Al

In times of political conflict, people may prefer their compatriots to
use domestically developed technology, while foreign technology may
be met with suspicion. For instance, China and the United States are
attempting to reduce their reliance on each other’s key technologies.
Americans are boycotting the use of Chinese-made Huawei mobile
phones, which are perceived as contributing to the “China threat theory”
(Tang, 2020). Meanwhile, China strives for a domestic large language
model to achieve “technological sovereignty” (Lian et al., 2023). There
may be an expectation of consistency between human’s nationality and
AT’s nationality in the hybrid sources. Once a human uses Al from
another country to publish a political message, it may trigger negative
expectation violations that result in decreased credibility. The evalua-
tion of the credibility of human-Al hybrid sources remains contingent
upon the social identity of the source in question. In addition, research
has shown that users prefer consistent sources over sources with
excessive disparities, as consistency generates less cognitive load (Jung
et al., 2015). For example, users report more credibility when interact-
ing with a single chatbot than with multiple chatbots (Tan & Liew,
2022). When humans and Al from different countries collaborate on
political messages, it may lead to excessive cognitive load. Therefore, we
propose H4 and RQ3 to investigate this issue:

H4. A domestic human-domestic Al hybrid source is perceived to be
more credible than a foreign human-foreign Al hybrid source for polit-
ical information.
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RQ3. In the case of human-AI hybrid sources, is there any interaction
effect between human’s nationality and AI’s nationality on their
perceived credibility?

3. Method
3.1. Procedure

Given the significant influence of US-Sino rivalry on current global
affairs, the Chinese public provides a suitable sample to explore the
credibility difference in political information generated by different
sources. An online experiment with 2 (source’s nationality: China vs.
USA) x 3 (source type: human vs. Al vs. human-Al hybrid) factorial
design was conducted after getting approval from the internal review
board of Shanghai Jiao Tong University (no. H20240469I). Two more
condition groups were added as the “nationalities” of human and Al may
be different in hybrid sources. Together, those eight groups comprised
four single sources (American Al, American human, Chinese Al, Chinese
human) and four hybrid sources (American human-American Al,
American human-Chinese AI, Chinese human-American AI, Chinese
human-Chinese AI). For the Chinese participants, American sources
were deemed foreign, whereas Chinese sources were considered
domestic.

After providing the demographic information, each participant
completed a pre-test to report their pre-existing views on the scenario
used in the stimuli. Participants were then randomly assigned to one of
the eight groups, completed a manipulation check, and filled out a post-
test questionnaire. The participants were debriefed and thanked after
they finished answering the questions.

3.2. Sample

A prior power analysis was performed using G*Power 3.1 (Faul et al.,
2009). We used the effect size d = 0.15 adopted from a meta-analytic
study on the impact of machine authorship on news audience percep-
tions (Wang & Huang, 2024). The results showed that a minimum
sample size of 343 was required for 80 % power.

A total of 903 participants were recruited from a large public uni-
versity in East China, and each received RMB five Yuan for their
participation. After we excluded samples that failed the manipulation
check and spent less than 60 s in our questionnaire, the final sample
totaled 544, with a recovery rate of 60.24 %. Previous research sug-
gested that participants often fail to recall the source of the information
they read (Cook et al., 2006; Tandoc et al., 2020), so a recovery rate of
around 60 % was acceptable.

The sample consisted of 60.85 % males (n = 331) and 39.15 % fe-
males (n = 213). 90.07 % of the sample fell within the age range of
18-30 years, with 33.27 % aged 18-25 years and 56.80 % aged 25-30
years. In terms of the education level, 63.05 % (n = 343) reported they
had a Bachelor’s degree, 14.71 % (n = 80) obtained a postgraduate
degree, and 22.24 % (n = 121) lower than a Bachelor’s Degree.

3.3. Stimulus

The experimental stimulus was fictitious. It presented a story about
American officials planning to block the export of Chinese quantum
computers, and they advocated for the trade ban because of the data
security threat to the United States. The selection of this topic as a
stimulus was based on several reasons. First, the topic was politically
contentious, reflecting the recently escalating confrontation between
the United States and China in the high-tech domain. Second, this topic
was timelier compared to some traditional China-US controversial is-
sues. Third, despite concerns about the validity of single experimental
material, previous studies on Al sources and credibility have found no
significant difference between multiple political topics [e.g., Gollwitzer
et al., 2020; Molle, 2023]. Several studies have opted to use a single
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experimental story and were considered acceptable (Cloudy et al., 2021;
Waddell, 2018). Each stimulus contains 550 words, a typical length for
an online news brief.

The human sources used in the experiment were identified by na-
tionality and labeled as “He Xiao” for domestic and “Alex Mitchell” for
foreign sources. These names were gender-neutral and common in their
respective cultures, to avoid gender bias interfering with the results of
the experiment. The human sources were authenticated by their real
names and Internet Protocol addresses, with the domestic source located
in Shanghai, China and the foreign source in California, the United
States. Real-name verification and address exposure are mandated by
recent Chinese online regulations for social media platforms (Ministry of
Justice of the, 2022). This practice served to authenticate the identity of
human authors without causing suspicion. The domestic and foreign Al
sources were signed as “Zhiwen 4.0” and “ThoughtFlow 4.0,” respec-
tively. The names of the two large language models were also fictitious
to avoid the participants’ preoccupation toward a real Al product. When
introducing the Al sources, a note was added to show that it was a
“Chinese Al large language model” or “GPT in California, USA.” The
human-ATI hybrid source combined information from both human and Al
sources, with a clear indication that the content was generated by the
human source using the large language model. Additionally, details
about the number of reads, likes, comments, and mobile phone brands
were concealed to avoid confounding effects.

3.4. Manipulation check

The manipulation check was conducted by asking participants to
recall the source they had just been exposed to. Participants were
required to make the correct choice out of the eight source options. A
total of 359 participants failed in the manipulation check and thus were
excluded from subsequent data analyses. No significant differences were
observed between these excluded individuals and the final sample
regarding the experimental conditions (X2 (7) = 11.099, p = .134), or
nationalism, our core control variable (t = 0.390, p = .700).

3.5. Measures

3.5.1. Dependent variables

Source credibility was measured by seven items from Meyer (Meyer,
1988). The participants were asked to indicate the extent they perceived
the source to be “fair and objective,” “unbiased/neutral,” “complete,”
“trustworthy,” “professional,” “accurate,” and ‘“generally credible.”
Participants rated these items on a 7-point Likert-type scale, ranging
from 1 (completely disagree) to 7 (completely agree) (M = 4.77, SD =
1.41, a = .96).

Message credibility was measured with three items (Appelman &
Sundar, 2016). Participants were asked to indicate the extent to which
the article they read was “accurate,” “authentic,” and “believable” on a
7-point Likert-type scale, ranging from 1 (completely disagree) to 7
(completely agree) (M = 4.83, SD = 1.47, a = .93).

3.5.2. Mediating and control variables

Machine heuristic was measured with a seven-item semantic differ-
ential scale. Respondents were asked to indicate the extent to which the
source they just encountered was objective, orderly, efficient, accurate,
unemotional, logical, and reliable (M = 4.84, SD = 1.38, @ = .95) (Banks
et al., 2021; Cloudy et al., 2021).

Relative advancement of Chinese Al relative to American Al refers to
the perceived difference in competence between Chinese and American
large language models, which may influence credibility. It was
measured using a single seven-point, Likert-style item: “In the field of
generative Al, compared to the United States, do you think that China is
behind or ahead?” (1 = completely behind to 7 = completely ahead) (M
= 3.80, SD = 1.35).

Pre-existing view in the selected topic was gauged by the pre-test
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question asking about participants’ attitudes toward the United States
frequently banning the import and export of Chinese high technology in
recent years, as their initial view could influence perceived credibility.
Responses were rated on a 7-point Likert-type scale ranging from 1
(completely disagree) to 7 (completely agree) (M = 2.18, SD = 1.45).

Nationalism includes a sense of national superiority towards their
ethnic group and the devaluation of other ethnic groups, which is often
considered to contain a motive for rejecting foreign countries
(Mummendey et al., 2001). Individuals’ nationalism can impact atti-
tudes towards foreign Al In this study, Chinese nationalism was
measured using five items: “When China has a serious conflict of interest
with other nations, we can use any means to defend its own interests,”
“Chinese people are one of the smartest and most diligent peoples in the
world,” “Chinese culture/traditional value is superior to other cultur-
es/civilizations in the world,” “Generally, the more influence China has
on other nations, the better off they are,” and “The world would be
better off if China had greater control over world affairs.” (Hyun & Kim,
2015). Responses were rated on 7-point Likert-type scales, ranging from
1 (strongly disagree) to 7 (strongly agree), and then aggregated into a
nationalism scale (M = 5.29, SD = 1.25, a = .89).

Demographic variables, including participants’ sex, age, and
educational level were gauged using conventional measurement.

4. Results
4.1. Descriptive results

We first conducted a series of one-way ANOVA to provide an overall
description of the eight groups (see Table 1). The results showed that
Chinese AI had the highest level of source credibility (M = 5.43, SD =
0.95), while American humans were least credible (M = 3.91, SD =
1.48). No differences were found in terms of nationalism and all other
control variables across those eight condition groups. However, there
was a significant difference in source credibility (F (7,536) = 10.66,
partial 42 = 0.12, p < .001), and message credibility (F (7,536) = 9.42,
partial 2 = 0.11, p < .001) among them.

Table 1
Demographics and control variables in eight condition groups.
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4.2. Hypothesis testing

To test H1-2 and to answer RQl, we conducted the multiple
regression analysis for six condition groups (n = 417), including four
types of a solo source (domestic human, domestic Al, foreign human,
foreign AI) and two groups of a hybrid source with consistent nationality
(domestic human-domestic Al foreign human-foreign Al) (see Table 2).
With the non-significant effects of sex, education, pre-existing view and
perceived relative advancement between Chinese AI and American Al,
the results of Column (2) indicated that labeling Al (B = 0.695, SE =
0.154, p < .001) and hybrid source with human and AI from the same
nation (B = 0.453, SE = 0.155, p < .001) can significantly increase
source credibility. Additionally, AI (B = 0.396, SE = 0.152, p < .01) and
hybrid sources (B = 0.388, SE = 0.153, p < .05) could arouse machine
heuristic, which further enhanced source credibility significantly (B =
0.750, SE = 0.034, p < .001) (Columns (1) and (3)). Reported in Col-
umns (3) of Table 2, only the AI source still directly boosted source
credibility (B =0.398, SE = 0.105, p < .001) after the mediation effect of
the machine heuristic. Similar results were also observed in message
credibility in Columns (4) and (5). Thus, H1 and H2 were confirmed.

H3-4 and RQ2 aimed to investigate the credibility differences be-
tween source type (human vs. Al vs. hybrid) and source’s nationality
(domestic vs. foreign). The findings revealed a foreign source’s nation-
ality significantly predicted lower levels of source credibility (B =
—1.224, SE = 0.197, p < .001). But AI (B = 0.725, SE = 0.294, p < .05)
and hybrid sources (B = 0.714, SE = 0.296, p < .05) narrowed the
downward trend caused by source’s nationality (Fig. 1). Simple slopes
analysis supported it: human source was mostly affected by nationality
(B = —-1.192, SE = 0.217, p < .001). In contrast, the decline in source
credibility of foreign AI (B = —0.530, SE = 0.188, p < .01) or hybrid
sources (B = —0.524, SE = 0.224, p < .05) was moderate. Notably, this
interaction effect rendered the main effect of source type on source
credibility insignificant. Similar interaction effects of nationality and Al
(B = 0.866, SE = 0.311, p < .01) or hybrid source (B = 0.740, SE =
0.313, p < .05) were found in message credibility. In terms of message
credibility, human (B = —1.299, SE = 0.228, p < .001) was likewise
more affected by its nationality than AI (B = —0.471, SE = 0.203, p <

US Al US human CHN Al CHN US human - US US human - CHN CHN human - US CHN human - CHN
human AL Al Al Al
Sex (p = .376)
Male 34 (55.74 46 (56.1 %) 44 (63.77 54 (69.23 44 (64.71 %) 29 (50 %) 44 (63.77 %) 36 (61.02 %)
%) %) %)
Female 27 (44.26 36 (43.9 %) 25 (36.23 24 (30.77 24 (35.29 %) 29 (50 %) 25 (36.23 %) 23 (38.98 %)
%) %) %)
Age (p =.201)
<25 17 (27.87 23 (28.05 28 (40.58 23 (29.49 25 (36.76 %) 18 (31.09 %) 27 (39.13 %) 20 (33.9 %)
%) %) %) %)
25-30 33(54.1%) 50 (60.98 40 (57.97 45 (57.69 34 (50 %) 35 (60.34 %) 39 (56.52 %) 33(55.93 %)
%) %) %)
>30 11 (18.03 9 (10.98 %) 1 (1.45 %) 10 (12.82 9 (13.24 %) 5 (8.62 %) 3(4.35 %) 6 (10.17 %)
%) %)
Education (p = .924)
High school 14 (22.95 15 (18.29 11 (15.94 22 (28.21 18 (26.47 %) 15 (25.86 %) 14 (20.29 %) 12 (20.34 %)
%) %) %) %)
Bachelor 40 (65.57 54 (65.85 48 (69.57 47 (60.26 41 (60.29 %) 33 (56.9 %) 43 (62.32 %) 37 (62.71 %)
%) %) %) %)
Master and higher 7 (11.48%) 13 (15.85 10 (14.49 9(11.54%) 9(13.24 %) 10 (17.24 %) 12 (17.39 %) 10 (16.95 %)
%) %)
Nationalism (p = .581) 5.56 (1.14) 5.35 (1.25) 5.30 (1.13) 5.38 (1.39) 5.12 (1.34) 5.17 (1.30) 5.22 (1.21) 5.22 (1.18)
Pre-existing View (p = 1.92 (1.32) 2.18 (1.44) 2.33 (1.35) 2.31 (1.51) 2.22 (1.56) 1.97 (1.43) 2.22 (1.59) 2.24 (1.42)
.687)
Source Credibility (p < 4.97 (1.25) 3.91 (1.48) 5.43 (0.95) 5.16 (1.40) 4.65 (1.32) 4.27 (1.59) 4.67 (1.36) 5.20 (1.18)
.001)
Message Credibility (p < 5.01 (1.33) 4.02 (1.58) 5.41 (1.07) 5.34 (1.36) 4.67 (1.44) 4.33 (1.64) 4.67 (1.41) 5.27 (1.21)

.001)

Notes: 1) The numbers for demographics were frequencies; 2) The numbers for other variables were the means (SD in parentheses).
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Table 2
Results of mediation analyses (n = 417).
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Dependent variable:

Machine heuristic Source credibility

Message credibility

m (2) ®3) “@ %)
Reference: Source type = Human
Source type = Al 0.396%* 0.695%** 0.398%** 0.551%** 0.249*
(0.152) (0.154) (0.105) (0.163) (0.116)
Source type = Hybrid_same 0.388* 0.453%* 0.161 0.341* 0.046
(0.153) (0.155) (0.106) (0.164) (0.117)
Machine heuristic 0.750%** 0.760%***
(0.034) (0.037)
Nationalism 0.352%** 0.317%** 0.054 0.314%** 0.047
(0.055) (0.056) (0.040) (0.059) (0.044)
Other Controls Yes Yes Yes Yes Yes
R? 0.114 0.126 0.604 0.098 0.552
Adjusted R? 0.099 0.112 0.596 0.083 0.543

Residual Std. Error
F Statistic

1.285 (df = 409)
7.522%** (df = 7; 409)

1.304 (df = 409)
8.460*** (df = 7; 409)

0.879 (df = 408)
77.675%** (df = 8; 408)

1.377 (df = 409)
6.380%** (df = 7; 409)

0.972 (df = 408)
62.856*** (df = 8; 408)

Note: Hybrid_same means hybrid source with human and AI from the same nation. Other controls include sex, education, pre-existing view and perceived relative

advancement. *p < .05; **p < .01; ***p < .001.
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Fig. 1. Interaction effects of source type and source’s nationality.

.05) and hybrid sources (B = —0.576, SE = 0.236, p < .05). Thus, H3 and
H4 were supported.

To answer RQ3, we analyzed four groups of hybrid sources (foreign
human-foreign AI, domestic human-domestic Al, domestic human-
foreign Al, and foreign human-domestic AI) (n = 254). These four
groups can be viewed as consisting of two factors: human’s nationality
(domestic vs. foreign) and AI's nationality (domestic vs. foreign),
thereby investigating the impacts of both factors in the context of hybrid
sources. The results showed that in human-Al hybrid sources, both
human’s foreign nationality (B = —0.921, SE = 0.253, p < .001) and AI's
foreign nationality (B = —0.521, SE = 0.242, p < .05) had a significant
negative impact on source credibility. A significant interaction effect
was found between the AI's nationality and the human’s nationality (B
= 0.921, SE = 0.344, p < .01). As shown in Fig. 2, to ensure high
credibility, both domestic humans and foreign humans should

CHN Human "
+ CHN Al Al's Nationality
4= CHN
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Fig. 2. Interaction effects between human’s nationality and AI's nationality in
case of hybrid sources.

collaborate with AI from their respective countries. The same main ef-
fect of human’s nationality (B = —0.921, SE = 0.265, p < .001), main
effect of AI's nationality (B = —0.585, SE = 0.253, p < .05) and inter-
action effect (B = 0.920, SE = 0.360, p < .05) held true for message
credibility.

To provide a panoramic view, we finally examined the credibility of
the eight source types with the consideration of mediation and moder-
ation (See Table 3, Figs. 4 and 5). The results indicated that domestic
sources had higher source credibility (B = —0.848, SE =0.124,p < .001)
and message credibility (B = —0.922, SE = 0.141, p < .001) than those of
foreign sources (Columns (3) and (5) in Table 3). Al sources and hybrid
sources with human and Al from the same country could not affect the
credibility directly. But as mentioned earlier, two approaches existed:
the mediation of machine heuristic and the moderation of source’s na-
tionality. In contrast, hybrid source with different human and Al na-
tionalities demonstrated a specific way: it did not activate machine
heuristic. As shown in Fig. 4, hybrid sources of different human and Al
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Table 3
The mediation and moderation effects in eight groups (N = 544).
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Dependent variable:

Machine heuristic Source credibility

Message credibility

(€8] 2) 3) @ )
Reference: Source type = Human
Source type = Al 0.397* 0.296 0.128 0.085 —0.084
(0.157) (0.215) (0.129) (0.226) (0.146)
Source type = Hybrid_same 0.375% 0.090 -0.171 —0.035 —0.297
(0.159) (0.224) (0.134) (0.236) (0.153)
Source type = Hybrid_diff —0.023 —0.442* —0.341** —0.630** —0.529%**
(0.159) (0.215) (0.129) (0.226) (0.146)
Nationality = Foreign —1.229%=* —0.848%+* —1.305%** —0.922%%*
(0.206) (0.124) (0.217) (0.141)
Machine heuristic 0.785%** 0.787%%*
(0.025) (0.029)
Nationalism 0.283%** 0.274%%* 0.053 0.262%** 0.041
(0.050) (0.049) (0.030) (0.051) (0.034)
Al x Foreign 0.725* 0.458* 0.860%** 0.591**
(0.308) (0.184) (0.324) (0.209)
Hybrid_same x Foreign 0.713* 0.635%** 0.738* 0.659**
(0.310) (0.185) (0.326) (0.211)
Hybrid_diff x Foreign 0.864** 0.735%** 1.000%* 0.870%**
(0.310) (0.185) (0.326) (0.211)
Other controls Yes Yes Yes Yes Yes
R? 0.083 0.177 0.706 0.154 0.648
Adjusted R* 0.069 0.159 0.699 0.135 0.639

Residual Std. Error
F Statistic

1.332 (df = 535)
6.032*** (df = 8; 535)

1.296 (df = 531)
9.529*** (df = 12; 531)

0.775 (df = 530)
98.011*** (df = 13; 530)

1.364 (df = 531)
8.051*** (df = 12; 531)

0.881 (df = 530)
75.015*** (df = 13; 530)

Note: Hybrid_same means hybrid source with human and Al from the same nation. Hybrid_diff means hybrid source with human and AI from the different nations.

Other controls include sex, education, pre-existing view and perceived relative advancement. *p < .05; **p < .01;
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Fig. 3. Differences in source credibility of single sources and hybrid sources.

nationalities directly reduced source credibility (B = —0.341, SE =
0.129, p < .01) and message credibility (B = —0.529, SE = 0.146, p <
.001), even if the moderation effect implied that it could likewise
mitigate the influence of source’s nationality (see Fig. 3).

5. Discussion
5.1. Summary of findings

This study examined the perceived credibility shaped by different
authorship with different nationalities. The findings suggested that Al is
perceived as more credible than human source, mediated by machine
heuristic. For hybrid sources, users assessed credibility based on both
human’s and AI's nationality. Hybrid sources in which human and Al
were originated from the same country could receive more credibility,
also through the mediation of machine heuristic. But the credibility will
descend vertically when it came to hybrid sources with different
human’s and AI's nationalities. Furthermore, the interaction effect
indicated that the source’s nationality greatly influences the credibility
of solo human sources, but solo Al and hybrid sources are less affected.

No technology operates in vacuum, but prior studies largely ignore
this fact (Moon et al., 2023; Wang & Huang, 2024). This study highlights
the significance of those societal and political settings associated with
technology: Al from one’s own country is more credible than AI from
other countries, and users are more likely to trust AI from the same
country as humans in the case of hybrid sources. Previous research has
pointed out that modern communication technologies reshaped national
boundaries while removing them simultaneously (Siddiqi, 2010). Grand
national discourses and mass media actively develop nationalism and
construct people’s perceptions of the political dimensions of technology.
For instance, the media usually associates national scientists and tech-
nological inventions with national pride (Bucchi et al., 2012). When the
state introduces foreign technology, it needs to emphasize the economic
benefits to reshape political legitimacy (Dumitrica, 2015). Our study
provides empirical evidence from an individual’s perspective: Users
perceived Al made in their own country as somehow a better source of
political communication, which was expected to be used by domestic
humans. This suggests that individuals are also actively adapting to the
social construction of technology by associating Al sources with national
political identity.

Human-AI hybrid sources have been less explored by previous
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Fig. 4. Mediation and moderation effects on source credibility. Notes: *p < .05; **p < .01;
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Fig. 5. Mediation and moderation effects on message credibility. Notes: *p <

research but may represent a future trend. Our findings suggested that
Al’s nationality matters, as it has a direct impact on credibility. Mean-
while, users will invest more trust in hybrid sources where the AI's
nationality matches the human’s nationality. When fellow citizens use
technologies from other countries, they may be perceived as “betraying
their own country” (Zhang, 2022).

Similar to the gendered division of labor in technology (e.g., mi-
crowave ovens are perceived as a female technology while computers
are a male technology (Rachel, 1995),), in our study, Al technologies are
categorized based on the user’s nationality: Chinese Al is seen as
belonging to Chinese people, while American Al belongs to Americans.
Contradicting this expectation of national categorization would trigger a
decline in credibility. This progress emphasizes the significance of pol-
itics behind new media and technology.

The perception of the political dimension of Al supports the CASA
paradigm and media equation theory. Users may mindlessly infer that AI
possesses the same political position as humans. It indicates a funda-
mental lack of trust in external groups as providers of political infor-
mation, which also extends to AI's credibility. Interestingly, previous
research indicated that the human element plays a decisive role in
affecting credibility in hybrid sources (Liu & Wei, 2019; Tandoc et al.,
2020). Our study not only confirms it, but also reveals the role of Al in
hybrid sources. Human-Al hybrid sources are less influenced by human’s
nationality, which is different from solo human sources. It indicates that
the mere presence of Al triggers audience expectations and can some-
what reduce the impact of national origin on credibility. This result
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0.785™""

Source
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*p < .001; the dash lines represent nonsignificant relationships.

Machine
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0.870"""

-0.922"

Source’s
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.05; **p < .01; ***p < .001; the dash lines represent nonsignificant relationships.

contradicts with prior findings by expanding to the presence of the
machine heuristic in hybrid sources, not just in pure machine sources
(Cloudy et al., 2022; Sundar & Kim, 2019). It indicates the belief of AI's
innate objectivity exists, even if Al is only part of a hybrid source.

The examination of the mediating effects of machine heuristic found
that hybrid sources with matching human-AI nationalities exhibit the
same mechanisms as solo Al sources. Their facilitating effect on credi-
bility was generated exclusively through the activation of machine
heuristics, but machine heuristics will not awaken if someone co-
operates with Al from a different country. One potential explanation is
that users are engaged in a confrontation between the machine heuristic,
which promotes trust in Al, and the political endorsement heuristic,
which fosters distrust in foreign sources (Metzger et al., 2010). If human
and Al nationalities differ, the user may experience cognitive dissonance
and focus more on the nationality issue when evaluating political in-
formation. They will access credibility based on the rule that ‘people I
like usually have correct opinions on issues’ [Byrne, 1997, p.4]. As a
result, the machine heuristic will be weaker than the political endorse-
ment heuristic under this circumstance. A human-Al hybrid with
different nationalities leads to a loss of credibility.

5.2. Theoretical and practical implications

This study expands the scope of research into the machine heuristic.
Despite the common perception of machines as objective entities, the
machine heuristic has been demonstrated to facilitate the reduction of
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motivated reasoning. Nevertheless, this is not a definitive conclusion.
The interaction of nationality cues with AI cues alters the impact of the
machine heuristic. Nationality cues can hinder Al-derived cues from
enhancing an entity’s perceived credibility. Although Al is used trans-
nationally, the technology can be recognized as having a nationality and
making a vital impact [e.g. Ministry of Justice of the, 2022; Waddell,
2018]. This also provides indirect support for the CASA paradigm and
media equation theory, which posit that people treat Als as if they were
human and that foreign Als are perceived as less credible than domestic
ones.

This study further explores the dynamics of human-AI hybrid sour-
ces. The credibility of a hybrid source has shown mixed results, as it may
incorporate both the strengths and weaknesses of both humans and
machines (Waddell, 2019). This study finds that the characteristics of Al
within hybrid sources also influence outcomes in political information.
When Al in a hybrid source shares nationality with the human, it acti-
vates machine heuristics and enhances credibility. Conversely, Al with a
different nationality from the human in a hybrid source directly reduces
credibility. Therefore, the AI's ability to leverage its strengths and
trigger machine heuristics to reduce perceived bias depends on its
identity cues. Different primary or secondary cues may elicit different
levels of social response (Lombard & Xu, 2021). Moreover, accompanied
by further integration of automated technology and human sources
rather than replacement (Van Dalen, 2012), hybrid sources are not
merely a simple combination of humans and Al; the consistency of their
identity cues is crucial.

The findings of this study can provide practical guidance for the
AIGC field, such as in the context of Al-generated news. On the one
hand, it can be observed Al sources have the potential to reduce political
bias more effectively than human sources. In the future, AIGC could be
introduced into political reporting to help reduce racial discrimination
and division, thereby promoting global peace. On the other hand, when
utilizing Al in isolation or in conjunction with human input for the
generation of content, it is advisable to employ local Al to gain more
trust from citizens. This approach is particularly suitable for interna-
tional organizations or companies seeking to build trust locally.
Furthermore, it also underscores the importance of national efforts to
achieve technological autonomy.

5.3. Limitations and future research

The findings of this study need to be considered with its limitations.
First, the experiments in this study were conducted in China, so repli-
cation in other societies needs to consider potential cultural differences.
Chinese people generally exhibit higher levels of nationalism, national
trust, satisfaction with the government and collectivism than those in
many other cultures (Campbell et al., 2021), and they tend to view AIGC
more positively than individuals from other cultures (Wu et al., 2020).
In particular, future studies should directly compare audiences from
different countries, such as China and the United States. A cross-cultural
comparative design could help reveal how national context moderates
the impact of source nationality, types and heuristic thinking on the
perceived credibility of AIGC.

Meanwhile, this study recruited participants from a university in East
China, which limits its external validity. A large-scale survey in 41
countries shows a strong correlation between education and a greater
cross-national appreciation of science (Noy & O’Brien, 2019).
Well-educated samples may have more advanced Internet skills (Wang
et al., 2018) and a better understanding of AI (Kim & Lee, 2024).
Additionally, past research indicates that college students, as a future
elite segment of society, may have lower trust in domestic media and a
more open attitude towards foreign sources (Xiang & Hmielowski, 2016;
Xu, 2013). Thus, a nationally representative sample is likely to exhibit
stronger nationalism, higher trust in domestic sources, a lower under-
standing of AlI, and stronger associations between technology and na-
tionality compared to this study’s participants. As a result, we believe
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that while sample bias is one of the limitations, it will not overturn the
study’s findings entirely. Further research can recruit more demo-
graphically and regionally diverse participants in China to improve
external validity and explore people’s political perceptions of AI's na-
tionality in other countries.

To capture the credibility differences brought about by the sources,
we selected the same textual story for our online experiment. However,
there are differences in the style and language of humans, machines, and
hybrid sources until now, because of the AI’s limited ability to reason
flexibly and understand context (Victor, 2024). In addition, our study
excluded samples that failed in the manipulation check. Although they
were not significantly different from those in the final sample in terms of
the level of nationalism and other control variables, it is a fact that
people are cognitive misers and tend to consume content simply without
focusing on the source (Fiske & Taylor, 1991). These factors indicate
that our experimental setting may not fully replicate real-world
scenarios.

In addition, this study was developed partly based on the concept of
machine heuristic. However, due to the lack of well-established mea-
surements, we followed a relatively common approach to operationalize
it. Research has argued that it is not robust to rely solely on self-
reporting to measure the heuristics used by participants (Bellur & Sun-
dar, 2014). This study also ignores some potential confounding vari-
ables, such as the context of use and specific biases inherent in the Al
models themselves. Although the randomization of the experiment
could potentially rule out their influence, the differences in individuals’
subjective perceptions may influence credibility. Future research could
further explore the operationalization of the machine heuristic and its
effect on credibility (Lee, 2023).

Finally, we acknowledge that one limitation of this study is the
absence of formal pre-registration. Pre-registration helps enhance the
transparency and credibility of scientific findings. Although we devel-
oped a detailed research plan in advance and adhered closely to it
throughout the study, we recognize that formally pre-registering the
study on a public platform would have provided a more standardized
and verifiable record of our research intentions and procedures.

6. Conclusion

Responding to the recent crisis of politicization within and beyond
science and technology (Druckman, 2017), this paper contributes
mainly in two ways. First, this study further explores the credibility of
hybrid sources, which is helpful in better grasping the future of
human-AlI collaboration. The credibility of the hybrid source depends on
the human’s nationality, the AI’s nationality, and the consistency be-
tween those two. This paper presents improved cross-national commu-
nication practices for content producers and journalists. Second, it
provides quantitative empirical evidence about the imagination of
socio-political dimensions of technology. Our findings suggested that
people’s perceptions of technology are not totally neutral. Technologies
cannot be understood in isolation from the realities of society. Their
perceptions are constructed by nation, society, media and other actors
(Taylor, 2004). In the future, Al will be further applied to automated
content generation and communication, and will likewise be embedded
in the global media landscape. The level of credibility in AI sources and
AIGC is not only about the technology itself, but also about the social
context in which AI and humans are embedded.
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