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Abstract
As generative AI becomes increasingly integrated into journalism, questions about 
its implications for journalistic practice grow more urgent. Despite the rise of AI 
systems, news organizations often lack an informed understanding of how these 
systems operate, potentially undermining journalists’ capacity to exercise agency in 
AI-assisted news production. This study explores how large language models (LLMs), 
such as ChatGPT, can reflect journalistic value systems. It does this by prompting the 
GPT-4o model to respond to survey items from the Worlds of Journalism Study that 
measure journalistic role perceptions, epistemologies, and ethics. These responses 
were compared to actual survey data from the US, UK, and Germany. Our findings 
suggest that GPT-4o’s outputs correspond most strongly to the survey responses 
of politically centrist, full-time journalists whose employers have a TV background, 
while showing less alignment with right-leaning, part-time, and non-degree-holding 
journalists. These propensities were most pronounced in the German dataset. 
While we do not assert that GPT-4o’s cultural orientation directly translates to its 
journalistic applications, the results reveal which groups of journalists’ perspectives 
the LLM is more—or less—likely to reflect. By mapping this alignment, the study 
offers an empirical point of departure for guiding how journalists can maintain agency 
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in their use of LLMs, and thereby contributes to ongoing discourse about the ethical, 
epistemological, and institutional dimensions of AI in journalism.

Keywords
large language models, journalistic culture, worlds of journalism study, algorithmic 
bias, transparency, field theory

Introduction

As attempts to integrate generative AI into newsrooms continue to grow (see Silver 
2025, May 7), concerns about its influence on journalism are intensifying (Beckett and 
Yaseen 2023; Thomson et al. 2025). While the use of generative AI tools has not yet 
become “taken-for-granted” in journalists’ day-to-day work, many journalists report 
that a limited understanding of how these systems operate is a key risk in journalism’s 
turn toward AI (Minnesota Journalism Center 2025, April 24). The concerns reflect 
epistemic constraints within the journalistic field, with anxieties about AI’s “potential 
impact on journalistic autonomy, such as algorithmic biases and the loss of editorial 
control” (Cools and De Vreese 2025: 1) persisting.

These “reasonably foreseeable risks” (Kieslich et  al. 2024: 2) have prompted a 
growing consensus around the need for ethical frameworks tailored to AI’s role in 
journalism. Scholars propose measures that range from the labeling of AI-generated 
content to more robust editorial guidelines for human–machine collaboration (Paik 
2023; Piasecki et al. 2024). However, beyond technical or regulatory fixes, the integra-
tion of generative AI, such as large language models (LLMs), raises deeper questions 
about journalistic culture.

Recent studies suggest that journalists perceive LLMs not only as a tool but as a 
force that challenges their occupational identity (Van Dalen 2024). In response, jour-
nalists’ interactions with generative AI often reflect what Wu (2024) calls a “value-
motivated use,” where adoption is guided by the perceived compatibility of AI outputs 
with journalistic values. Rather than striving to automate tasks, journalists tend to 
position AI as an assistant—one whose outputs must be verified, edited, and evaluated 
(Thäsler-Kordonouri and Koliska 2025; Van Dalen 2024). This reflects what field 
theory describes as boundary work (Bourdieu 2005): journalists seek to reassert their 
professional jurisdiction by maintaining control over AI-engaged practices (Carlson 
and Lewis 2019).

Such so-called “human-in-the-loop” approaches are, however, constrained by the 
platform nature of AI systems, which yield variable outputs depending on algorithmic 
architectures typically hidden from end users such as journalists (Ronanki et al. 2024). 
Although journalists engage in post hoc moderation to adjust AI outputs in line with 
journalistic standards (Wu 2024), the limited intelligibility of these systems continues 
to constrain journalists’ capacity to exercise power over the trajectories of AI integra-
tion (Jones et al. 2022).
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To safeguard journalistic agency amid the “institutionalization” of generative AI 
(Thäsler-Kordonouri and Koliska 2025), journalism must be equipped with domain-
specific knowledge of how these systems reflect journalistic culture (Hepp et al. 2023). 
Such knowledge may enable journalists to evaluate the representational tendencies 
embedded in algorithmic outputs during their interactions with AI. Although the 
sources of the sociocultural tendencies embedded in LLMs are inherently difficult to 
trace, users, such as journalists, can steer these tendencies based on systematic identi-
fication of them (Narayanan and Kapoor 2023; Santurkar et al. 2023); that is, such 
identification may allow the journalism field to navigate shifting boundaries and 
develop practices that maximize AI’s technological utility while safeguarding journal-
ists’ professional legitimacy (Arguedas and Simon 2023).

To this end, we analyzed how GPT-4o reflects the value systems of different jour-
nalistic groups. Using survey items from the Worlds of Journalism Study (WJS), we 
prompted the model to respond to items measuring three central dimensions of jour-
nalistic culture: role perceptions, epistemologies, and ethical orientations (Hanitzsch 
2007). We then compared these responses with surveys of actual journalists from the 
US, UK, and Germany. In other words, just as we previously asked journalists, we 
then asked ChatGPT and compared the answers.

Our findings reveal that responses generated by GPT-4o align1 more closely with 
journalists who identify as politically centrist, work full-time, and whose employers 
have a TV background. By contrast, the model exhibits weaker alignment with right-
leaning, part-time, and non-degree-holding journalists. Cross-country comparisons 
further suggest that GPT-4o’s responses are most closely aligned with the response 
distributions of German journalists overall. These findings suggest that the cultural 
representativeness of LLMs may not follow a singular tendency but instead varies 
depending on domain specificity and cultural contexts (Argyle et al. 2023).

However, we do not claim that GPT-4o’s representativeness of journalistic culture 
directly translates into its journalistic applications. Rather, our study aims to identify 
which journalistic value systems are more—or less—reflected in the model configura-
tion within the context of journalistic culture. By comparing latent patterns that exist 
between targeted algorithmic outputs and human responses, the study provides initial 
evidence for advancing the intelligibility of AI within the journalism field (Amigo and 
Porlezza 2025; Hepp et al. 2023; Jones et al. 2022; Van Dalen 2024).

Theory and Literature Review

This study builds on a theorization of journalistic culture and probes the ability of AI 
systems to meaningfully represent journalistic culture. The study treats an LLM as a 
synthetic journalist and explores how this synthetic journalist aligns with and within 
journalism cultures in three countries—the US, UK, and Germany.

Journalistic Cultures across Media Systems

Hanitzsch (2007) theorizes journalistic culture “as a particular set of ideas and 
practices by which journalists, consciously and unconsciously, legitimate their role in 
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society and render their work meaningful for themselves and others” (p. 369). He 
suggests a conceptual structure that incorporates three major areas in which journal-
ism cultures are commonly articulated: journalism’s institutional roles; epistemolo-
gies; and ethical ideologies. The area of institutional roles relates to the normative 
and actual functions of journalism in society; epistemologies relate to the accessibil-
ity of reality and the nature of acceptable evidence; and ethical ideologies relate to 
journalists’ responses to ethical dilemmas. The theoretical dimensions of journalistic 
roles include interventionism (active-passive), power distance (adversarial-loyal), 
and market orientation (consumer-citizen). Journalistic epistemology includes objec-
tivism (correspondence-subjectivity) and empiricism (empirical-analytical) dimen-
sions, and ethical orientations vary along poles of idealism (means-outcomes) and 
relativism (contextual-universal). Differences among journalists on these dimen-
sions, then, represent differences in normative commitments about journalism’s place 
and practice in society.

Journalism cultures develop within local, regional, and national contexts, where 
they are responsive to unique social contexts and opportunity structures (Hanitzsch 
et al. 2011). Even so, evidence suggests journalism cultures around the world bear a 
resemblance to one another—valuing similar roles and ethical outlooks, for example 
(Hanitzsch et al. 2019). Variations among journalism cultures, however, are not incon-
sequential. Neither are variations within journalism cultures, where cross-cutting 
cleavages can form along demographic and medium differences. Thus, approaches to 
interventionism, objectivism, and idealism, for example, can and do vary within a 
journalism culture and across cultures.

Hanitzsch’s (2007) conceptualization has been widely applied in numerous empiri-
cal studies, serving as the conceptual backbone for the first wave of the WJS (e.g., 
Hanitzsch et al. 2011; Koroma 2023). This three-dimensional model was also employed 
in the most recent, third wave of the study, conducted between 2022 and 2024 in sev-
enty-five countries around the globe. This inquiry provides a nuanced perspective on 
the variations in journalism culture across diverse countries.

Relatedly, the sociology of news (e.g., Shoemaker and Reese 2014; Shoemaker and 
Vos 2009) points to the ways in which journalism cultures manifest in news content—
shaping what becomes news, how news stories are framed, and how prominently news 
is placed, distributed, and amplified. Different journalistic roles, epistemologies, and 
ethics lead to different kinds of news content—both within and between countries. For 
instance, US journalists who embrace a traditional monitorial role, rather than other 
roles, engage in “practices of relying on elite sources, limiting the diversity of political 
perspectives, and showing deference and trust for certain authoritative institutions,” 
often to the detriment of citizen and non-elite sources and perspectives (Wolfgang 
et al. 2021: 1353).

Enter LLMs. Much attention has been focused on their ability—or inability—to 
shape news content in ways that reflect journalistic judgments that would typically 
flow from journalists embedded in the dominant journalistic culture—a culture that 
values autonomy and objectivism (Cools and De Vreese 2025; Wu 2024). What is 
heretofore largely unknown, however, is whether LLMs can produce an intelligible 
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picture of journalism. That is, can LLMs describe the nuances of journalism culture—
including journalistic roles, epistemologies, and ethics—in ways that comport with 
journalists’ own understandings of journalism culture? Before pursuing this question, 
we turn to what research to date has been able to tell us about AI as synthetic 
journalists.

AI Intelligibility in Journalism

We define generative AI as algorithmic systems that simulate and scale human intel-
lectual capabilities (Hancock et  al. 2020; Mitchell 2019; see also Simon 2024). A 
prominent example is LLMs, which process natural language stochastically and dem-
onstrate the ability to generate text that is linguistically comparable to human-written 
content in literacy-driven tasks (Kroon et al. 2024).

Due to these capacities, LLMs are increasingly being deployed in knowledge pro-
duction domains such as journalism (e.g., Beckett and Yaseen 2023; Thomson et al. 
2025). However, the growing exploration of LLMs’ journalistic utility raises concerns 
about potential perils (Cools and Diakopoulos 2024; Møller et al. 2024). Studies high-
light multiple discourses within journalism communities about AI’s possible risks 
throughout the journalistic value chain—encompassing news gathering, production, 
and distribution (BBC 2024; EBU 2024a). A common thread among the discourses is 
journalists’ loss of control and autonomy (Cools and De Vreese 2025; Van Dalen 
2024).

As algorithmic systems become a foundational infrastructure of public information 
technologies (Thurman et al. 2019), platform companies are emerging as central play-
ers in the news industry. This shift in status has widened the structural gap between 
platform companies and news organizations in terms of control over AI systems. In 
Simon’s (2024) interview study of news workers in the US, UK, and Germany, this 
situation is attributed to the benefits of AI technologies, including “efficiency, ease of 
use, stability, scalability, and longevity” (p. 159). While these benefits come with the 
“hidden costs of platform partnerships” (Paik 2023), journalists lack viable alterna-
tives to counter the structural advantages held by platform companies.

Jones et al. (2022) frame this asymmetric power dynamic as the intelligibility issue 
of AI in journalism: that is, “journalists’ ability to understand and engage with AI in 
ways that do not compromise journalistic norms and values” (p. 1731). The limited AI 
intelligibility restricts journalists in their critical assessments of AI outputs, thereby 
undermining their ability to control their own AI applications.

Epistemic Challenges for Journalism in the Era of Generative AI

In pursuit of economic benefits, the journalism field continues to explore whether 
professional tasks—such as news judgment or creative writing—can be automated by 
LLMs (Thomson et al. 2025). For instance, Diakopoulos (2023, Mar 6) demonstrates 
that in evaluating the newsworthiness of scientific abstracts published on a pre-print 
server, ChatGPT exhibited a high correlation with human expert judgments, 
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suggesting its utility in news discovery. Similarly, Spencer (2025, Mar 20) addresses 
the capacity of LLMs to unearth overlooked health scandal cases from vast collections 
of medical documents. Such cases challenge the long-held belief that journalism is 
insulated from automation and have prompted journalists to state that their “sense of 
security has disappeared” (Van Dalen 2024: 8).

Developments such as these have led the journalism field to articulate a defensive 
discourse that questions the feasibility of automating news production (Amigo and 
Porlezza 2025; Wu 2024). Two primary rationales underlie this view. First, LLMs 
function as stochastic simulators of human communicative practices rather than auton-
omous agents (Kok et al. 2021; see Messeri and Crockett 2024), rendering them inca-
pable of fulfilling journalism’s normative commitments (Porlezza and Ferri 2022). 
Second, the presence of latent algorithmic biases and the error of hallucination risk 
undermining the transparency and factual reliability essential to journalistic integrity 
(Lin 2022). In turn, these two positions question the legitimacy of the algorithmic 
systems as journalistic actors (Dörr and Hollnbuchner 2017).

Journalistic Agency and the Human-in-the-Loop Principle

This skepticism about LLMs serves to reaffirm journalists’ status as the “story’s 
authoritative agent” (Carlson 2017) while acknowledging the pragmatic imperative to 
harness the benefits of AI systems (Thäsler-Kordonouri and Koliska 2025). Central to 
this position is the assertion that human oversight must be preserved within journalist–
AI collaboration to uphold the principles of “good journalism” (Wu 2024; see Kovach 
and Rosentiel 2021). As professional journalism continues to constitute the gold stan-
dard for news quality, the utility of generative AI outputs is rendered contingent upon 
human editorial judgment (Ulken 2022).

As such, studies observe that human-in-the-loop practices are emerging as ideal 
principles in the face of the institutionalization of AI journalism. For instance, Wu 
(2024) describes journalists’ use of generative AI as “value-motivated use,” a term that 
encapsulates how the human-oversight principles are performed in the field. This 
involves three key strategies: (1) refraining from taking AI output at face value, (2) 
consistently verifying and editing AI-generated content, and (3) thereby upholding 
core journalistic values. These resonate with what Thäsler-Kordonouri and Koliska 
(2025) conceptualize as the “hybrid scenario” of AI implementation: human actors 
and AI systems engage in a collaborative relationship that is marked by mutual influ-
ence yet remains under persistent supervision by human judgment.

However, this normative demand for human supervision acknowledges that AI sys-
tems can function as a synthetic actor (or a supervisee) within the journalistic field. 
While AI lacks autonomous agency, it comes to share in human agency through inter-
action (Johnson and Verdicchio 2019; Latour 2005); that is, humans tend to project 
agency onto AI systems, thereby experiencing them as a collective actor. Hepp et al. 
(2023) explain that this “hybrid agency” gives rise to communicative practices that are 
distinct from those in newsrooms that have not adopted AI systems (p. 51).
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While LLMs do not autonomously possess journalistic sociocultural orientations, 
collaborating with these models compels journalists to evaluate the values projected 
onto the models’ outputs. How such evaluations are carried out, in turn, can shape the 
dynamics of the news ecosystem (Simon and Isaza-Ibarra 2023). Accordingly, if jour-
nalists are not “capable of assuming agency” in evaluating LLM outputs, then it is 
hard to guarantee the responsible use of journalistic AI, placing structural constraints 
on journalists’ ability to delineate their own professional domain (Helberger et  al. 
2022: 1615).

Power Dynamics within AI Journalism

If AI journalism is understood as a relationship between human journalists as inherent 
actors and AI systems as technological actants (Latour 2005), then the social construc-
tion of this practice is contingent upon the power dynamics embedded within that 
relationship (van Rooyen 2013). As Lewis and Westlund (2015) note, the diffusion of 
power between human and technological agents is manifested in how their respective 
contributions shape the collaboration’s outcome. One expression of these power 
dynamics is the structural gap between platform companies and news organizations 
(Jones et al. 2022; Simon 2024). As LLM outputs vary depending on training data, 
user prompts, and model architecture—which vectorizes the data and user queries in 
different ways—journalists’ limited understanding of such systems further exacer-
bates the unpredictability of human–AI collaboration (Ronanki et al. 2024).

Research indicates that journalistic AI outputs are neither value-neutral nor guaran-
teed to be accurate (e.g., Breazu and Katsos 2024; Kuai et al. 2025; Vijay et al. 2024). 
In turn, if journalists lack prior awareness of which voices may be over- or under-
represented at the generative stage, it becomes difficult to assume that post moderation 
alone can comprehensively redress such imbalances (Li and Sinnamon 2024). If jour-
nalists lack awareness of AI’s relative representativeness, it becomes difficult to claim 
that they will adequately address the biases allegedly embedded in the AI systems that 
they seek to control.

Journalists’ Normative Understanding of LLMs and AI Practices

Studies report that journalists project both their understanding and personal experi-
ences onto their use of LLMs, particularly the perception that LLM outputs do not 
reflect journalistic values by default (Thomson et al. 2025). They often presume that 
generative AI systems are inherently biased and, as such, fail to reflect core journalis-
tic values. The studies suggest that while the cultural outlook embedded in an LLM 
may not directly translate into its journalistic application, user perception of the model 
can nonetheless shape the user’s communicative practices—that is, how they interact 
with AI systems (Hepp et al. 2023).

The issue here, however, is that these understandings of AI systems primarily rely 
on knowledge produced outside the journalism field. Despite discourses on the effec-
tive adoption of responsible AI in journalism (e.g., Dodds et  al. 2024) and the 
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formation of AI-related actor networks (e.g., Nordics AI Journalism Network), there is 
still a need for a systematic establishment of empirical benchmarks within the journal-
ism context; that is, algorithmic biases identified in other domains should not be auto-
matically presumed to represent those present in journalistic applications (see Messari 
and Crockett 2024 for a conceptual review).

Furthermore, when journalists for whom AI have limited intelligibility attempt to 
exercise oversight over LLM operations, they may have a false sense of how much 
agency they have, engendered by an “overconfidence in their expectations of the tech-
nology” (Van Dalen 2024: 14). At the organizational level as well, when newsroom AI 
policies lack an evidence-based foundation, they may produce unintended adverse 
effects by hindering the effective calibration of bias (Bommasani et al. 2025). These 
possibilities further underscore the need for systematic investigation into LLM algo-
rithmic biases within journalism contexts.

Algorithmic Bias, Fidelity, and Journalistic Value Systems

Bias is broadly defined as “a systematic error in judgments” (Mayson 2018). 
Operationally, this definition allows social biases in algorithmic outputs to be mea-
sured as the degree to which a model’s predictions about specific opinions or attitudes 
diverge from actual targets. In LLMs—and especially in modeling the cognitive and 
behavioral mechanisms of social groups—bias emerges when systems “are more rep-
resentative of one class than the other” (Glickman and Sharot 2025: 345). This sug-
gests that algorithmic bias is not limited to overt prejudice (e.g., structural racism) but 
also encompasses how LLMs’ representational stance toward social constructs aligns 
with or departs from specific group-level opinion distributions.

Argyle et al. (2023) thus define algorithmic bias as “a complex reflection of the 
many various patterns of association between ideas, attitudes, and contexts present 
among humans.” This definition contrasts with perspectives that treat bias as “a singu-
lar, macro-level feature of the model” that generates normatively or ethically wrongful 
outputs (pp. 337–338). Indeed, a growing body of research demonstrates that LLMs 
reflect multiple interwoven sociocultural predispositions rather than a single, unified 
bias (see Kuai et al. 2025).

For an overview, Santurkar et  al. (2023) investigate the extent to which LLM 
responses align with public opinion distributions from Pew Research Center’s 
American Trends Panel (ATP). Their findings indicate that OpenAI’s language models 
tend to more closely mirror the views of liberals (see also Hartmann et al. 2023; Perez 
et al. 2022). Notably, the level of alignment differs by topic: although liberal perspec-
tives are prevalent, the models sometimes reflect conservative views, particularly on 
issues such as religion. The studies illustrate that algorithmic bias in LLMs is deeply 
embedded in sociocultural context and varies depending on the intersection of topical 
domains and task-specific prompts.

However, computational analyses of how these context-sensitive dynamics mani-
fest within the journalism context require further exploration. Although studies report 
that LLMs may exhibit cultural variation in how they assess newsworthiness 
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(Diakopoulos 2023), as well as demonstrating ideological biases in news summari-
zation (Vijay et al. 2024), headline generation (Breazu and Katsos 2024), and fact-
checking (Kuznetsova et al. 2025) (see also Bang et al. 2024; Fang et al. 2024; Trhlik 
and Stenetorp 2024), evaluating such biases in AI applications does not equate to 
assessing a model’s representations of journalistic value systems.

In particular, the validity of using LLMs to simulate a social group’s ideas, atti-
tudes, or behaviors hinges on users’ ability to control for the model’s algorithmic 
biases (Argyle et al. 2023). Understanding how an LLM reflects the values of particu-
lar journalistic cohorts is therefore pivotal to prompting it in ways that more effec-
tively uphold professional norms.

AI and Journalistic Cultures

The literature on LLMs as synthetic journalists points to several considerations rele-
vant to their ability and desirability to represent journalistic cultures and how they 
might align with national journalism cultures or cultures built around cross-cutting 
cleavages. First, the intelligibility issue highlights the centrality of “norms and values” 
(Jones et al. 2022: 1731) in assessing the efficacy of AI. Second, as stochastic simula-
tors, LLMs present epistemic shortcomings, such that normative commitments may go 
unrealized (Porlezza and Ferri 2022). Third, the responsible use of LLMs must reflect 
journalists’ awareness of, and control of, their institutional autonomy (Helberger et al. 
2022). Fourth, journalists’ limited insight into AI’s representational tendencies may 
cause their boundary work (intended to maintain initiative within power dynamics) to 
falter. Fifth, through the feedback loops of human–AI interaction, a misperception 
may allow users’ own biases to persist while reducing their ability to detect algorith-
mic biases (Glickman and Sharot 2025). Finally, what remains largely unknown is 
which journalistic groups’ cultural orientations are echoed most (or least) closely by 
an LLM’s representation of journalistic value systems.

In this paper, we operationalize the relative distance between an LLM’s representa-
tions and those of different journalist groups as the algorithmic bias of the LLM’s 
journalistic culture. Detecting such bias is critical, as recognizing representational ten-
dencies is essential for preserving human agency in interactions with technological 
actants. The limited awareness of the journalistic cultural orientations that are present 
in LLMs may restrict journalists’ ability to evaluate collaborative outputs in relation to 
journalistic values: At the input stage, such limitations in AI intelligibility can create 
uncertainty about how to design prompt engineering or model fine-tuning strategies to 
mitigate algorithmic bias; at the post hoc editorial stage, they may render the evalua-
tion of outputs overly reliant on journalists’ subjective value judgments, thereby hin-
dering the detection of bias (Glickman and Sharot 2025).

This dual constraint, operating both before and after model generation, undermines 
claims that journalists can secure outcomes aligned with their role perceptions, episte-
mologies, and ethical orientations. Being able to predict the nature of LLM outputs is, 
therefore, vital: it enables journalists to assert professional authority and exercise 
oversight over AI systems in ways that are grounded in their lived experience and 
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normative commitments. Simply put, such an agency allows journalists to guide the 
model in a “value-motivated” manner (Wu 2024). While tracing the sources of socio-
cultural orientations embedded in LLMs remains inherently challenging, systematic 
steering becomes more feasible once such model configurations are identified 
(Narayanan and Kapoor 2023; Santurkar et al. 2023). Accordingly, the identification 
of these configurations may serve as an empirical benchmark for human actors exer-
cising normative oversight over the models.

Representation of Surveys and Representativeness of LLM Outputs

Just as journalists tend to evaluate AI-generated news content using “upmarket publi-
cations as the gold standard” (Van Dalen 2024: 13), social science research that 
employs LLMs to simulate human cognition often relies on actual human perfor-
mance—such as expert text annotations—as the ground truth (Bail 2024; Karjus 2023; 
Moser et al. 2024; Ziems et al. 2024). Consistent with this approach, the degree to 
which AI-generated survey responses resemble those of actual humans often serves as 
an indicator of an LLM’s capacity to model social phenomena within a specific domain 
(Argyle et al. 2023). The present study adopts such a methodological framework for 
the first time in the journalism context. Specifically, we prompted an LLM to complete 
a survey battery derived from the WJS. We then assessed the extent to which the LLM 
responses aligned with the value orientations reported by actual journalists in the most 
recent wave of the WJS dataset (see Data and Methods).

Given that journalistic cultures vary both within and across national contexts 
(Shoemaker and Reese 2014), our analysis operates on two levels: within-country 
variation—based on demographic, professional, and ideological profiles—and 
cross-national variation among equivalent subgroups. To structure this inquiry, we 
adopted a Most Similar Systems Design (Przeworski and Teune 1970) and focused 
on three advanced democracies: Germany, the United Kingdom, and the United 
States. Although these countries differ in their media systems (Hallin and Mancini 
2004), they share key institutional features, including judicial systems, ideological 
diversity, public sphere configurations, and the level of economic development. 
These shared attributes provide a meaningful basis for cross-national and subgroup 
comparisons.

Moreover, Simon (2024) shows that journalists in these three countries have 
responded similarly to AI innovations, reflecting institutional isomorphism—the 
tendency for organizations in a field to converge over time by mimicking successful 
cases to navigate uncertainty (Caplan and Boyd 2018; Napoli 2014). However, such 
homogenization may obscure cultural specificities; that is, if algorithmic bias is not 
well contextualized, convergent AI adoption strategies may risk decontextualizing 
its journalistic applications—especially where culturally specific assumptions are 
embedded in practices (Hovy and Prabhumoye 2021; Kroon et al. 2024). These con-
cerns underscore the imperative of assessing LLM cultural representativeness both 
within and across national contexts. Accordingly, we pose the following research 
questions:
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RQ1. How does an LLM represent different groups of journalists in terms of their 
journalistic cultures—namely, role perceptions, ethics, and epistemologies?

RQ2. How does the LLM’s representation of journalistic cultures—based on the 
journalist subgroup profiles—vary across the US, UK, and Germany?

RQ3. Which country’s journalists—from the US, UK, or Germany—are most 
closely represented by the LLM in terms of their journalistic cultures?

Data and Methods

Survey Data

Data collection in the three countries followed a common methodological design 
within the context of the third wave of the WJS (2022–24). The survey was carried out 
between September 2022 and February 2023 in Germany, between June and November 
2023 in the US, and between September and November 2023 in the UK. Samples were 
of comparable size (Germany: N = 1,221; UK: N = 1,130; US: N = 1,326). Probability 
samples in the US and UK were drawn from lists of journalists, while the German 
team extracted a stratified proportional random sample of organizations from which 
they drew a quota-based random sample of journalists. Data collection was carried out 
through online surveys in the US and UK; Germany used a mix of telephone and 
online interviews. Response rates were highest in Germany (15.5%) and somewhat 
lower in the US (8.2%) and UK (9.0%).

Journalistic Culture Measures

The WJS survey includes blocks of question batteries that cover three dimensions of 
journalistic culture, all measured on five-point scales. The role perceptions battery 
consists of twenty-four items that measure how important journalists think it is to ful-
fill particular roles (such as educating the reader or scrutinizing political leaders). The 
ethical orientation battery consists of four items that measure journalists’ agreement 
with appropriate responses to ethical dilemmas. The epistemological beliefs battery 
consists of five global-mandatory and six country-optional questions that measure 
journalists’ levels of agreement with statements about the nature of reality and knowl-
edge. The US and German data include both epistemology batteries (global and 
optional), while the UK data includes only the mandatory global battery (Table S1).

Adapting the Survey to the LLM Prompt

Using the OpenAI API, we prompted OpenAI’s flagship model, gpt-4o-2024-08-06. A 
total of thirty-nine survey items were adapted into a standardized prompt format for 
LLM question-answering tasks. The prompt template replicated the exact original 
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wording of the WJS survey items, and each question was paired with its corresponding 
Likert-scale response options (see Hendrycks et al. 2020; Liang et al. 2022 for a meth-
odological overview).2 To preserve baseline accuracy in journalism contexts (Heseltine 
and Clemm von Hohenberg 2024), a universal context of WJS was provided once 
before the start of the template prompting: “Assume you are a journalist, and the sur-
vey was conducted in 2023.” No additional prompt was engineered that might sub-
stantially shift the context relative to human news workers’ responses in WJS surveys 
(Santurkar et al. 2023; see also Lee et al. 2024; Törnberg 2023).3

Furthermore, we conducted a series of additional simulations—varying the system 
prompt to include generic journalist roles, specific national contexts (US, UK, 
Germany), and no-context baselines—to confirm whether the findings were substan-
tially influenced by the specific wording of the universal context. These tests demon-
strate that the model’s representational patterns remain consistent across minor prompt 
variations and are not merely artifacts of specific contextual cues. This step ensures 
that the simulation maintains high fidelity to the intended setting while remaining 
robust to the nuances of prompt engineering.4

The temperature parameter, which determines the model’s randomness or creativ-
ity, was set to 0.7 in accordance with prior research (e.g., Argyle et al. 2023; Lee et al. 
2024). To handle transient errors, the max retries parameter was set to its default value 
of 3. Lastly, following Heseltine and Clemm von Hohenberg’s (2024) recommenda-
tion, we repeated the prompts to assess the inter-rater reliability of the model’s outputs 
(Krippendorff’s α = .92).

Evaluating LLM Representativeness

Following Santurkar et al. (2023), the degree to which LLM responses represented the 
actual survey responses of a group of journalists was assessed using the inverted 
Wasserstein distance (IWD). The Wasserstein distance offers a measure of how closely 
the model’s prediction aligns with the broader pattern of human responses, allowing 
for a nuanced understanding of how off the prediction is in a distributional sense 
(Peyré and Cuturi 2019). The IWD provides an optimal value—ranging from 0 to 
1—that is comparable across different distributions, quantifying the cost of transform-
ing one distribution into another (Villani 2009).

We first computed the Wasserstein distance between the GPT response and the 
response distribution of each subgroup for each question. The WJS’s original profiling 
items used to compute the subgroup distributions included political view, gender, 
employment status, main employer’s background, and highest education level (see 
Table S2 for measurement details). Additionally, individual datasets for the US, UK, 
and Germany were each profiled as separate subsamples, and the response distribu-
tions for each country were computed accordingly.

Subgroups with sample sizes of thirty or fewer were excluded from statistical com-
parisons. For cross-national comparisons, the following groups were excluded: 
“Other” gender, “Other” employment status, “Telecommunications” or “Other” back-
grounds, “Not completed high school,” “Completed high school,” and “Doctorate.” In 
within-country comparisons, exclusion groups varied by each nation’s sample 
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configuration. The “Other” gender category was excluded from the analyses for the 
UK and Germany, but was retained for the US (N = 35). Similarly, the “Completed 
high school” group was included in analyses for the UK (N = 56) and Germany 
(N = 238), while the doctorate group was included only in Germany’s analysis (N = 37).

We then operationalized representativeness by subtracting the normalized 
Wasserstein distance from 1 (i.e., IWD). For instance, a larger IWD for an item indi-
cates a smaller gap between the LLM response and the central tendency of a sub-
group’s response distribution, increasing the representativeness.

Results

We began by analyzing the representativeness of GPT-4o’s responses across all 
thirty-nine journalistic items. Next, we conducted a more detailed analysis of the ten 
items that showed the highest variabilities in the Wasserstein distance between the 
subgroup response distributions; the larger variability indicates a more pronounced 
algorithmic bias toward specific subgroups.5 Depending on the scope of analysis, 
the subgroups were extracted from either the combined sample of the three countries 
or individual country samples. All code for the analysis is available (Supplemental 
Materials).

RQ1: How Does GPT-4o Represent Different Groups of Journalists in 
Terms of Their Journalistic Culture?

Figure 1 illustrates substantial variation in the model’s representativeness across dif-
ferent subgroups. In the compound analysis across all three dimensions, GPT-4o’s 
responses aligned closely with the distributions of groups identifying as centrist, full-
time contract workers, employed by outlets with a TV background, and individuals 
holding a BA degree. In contrast, the model showed weaker alignment with responses 
from right-leaning individuals, part-time contract workers, those whose main employer 
has a news agency background, and individuals without a formal degree. No notable 
gender differences were observed.

A more detailed analysis of each dimension revealed additional differences. With 
regard to epistemological beliefs, GPT-4o’s responses most closely aligned with the 
distributions of journalists identifying as left-leaning, those with a female gender iden-
tity, and those whose main employer had an internet-native background. In the ethical 
orientation battery, the model’s centrist bias became more pronounced, and its 
responses aligned more closely with those of part-time workers than those of full-time 
workers. In the role perception dimension, the results were broadly consistent with 
those observed in the compound analysis (Figure 2).

Subsequently, we examined the Wasserstein distances across all items to identify 
the ten items with the highest coefficient of variation in representativeness between 
subgroups (Figure 3). The item with the highest variability was role_Q (“Convey a 
positive image of political leaders”). GPT-4o’s responses were mostly aligned with 
those of left-leaning and internet-native background groups, while showing greater 
distance from those of right-leaning and no formal degree groups. The second-highest 
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variability was observed for epist1_D (“Things are either true or false, there is no in-
between”), where GPT-4o’s responses aligned most closely with the centrist sub-
group’s distributions.

RQ2: How Does GPT-4o’s Representativeness Vary Across the US, UK, 
and Germany?

We conducted country-specific analyses and identified unique patterns that were not 
apparent in the combined dataset (Tables S4 and S5). With the US sample, a three-
dimensional compound analysis revealed that GPT-4o responses closely aligned with 
male journalists but poorly aligned with journalists identifying as “Other” gender. 
Unlike in the combined dataset, GPT-4o’s representativeness was higher for responses 
from journalists whose main employer had a news agency background than for those 
whose main employer had a magazine background. The centrist bias persisted in the 
dimension compound analysis, but for epistemological beliefs and ethical orientations, 
GPT-4o’s representativeness was higher for left-leaning groups than for centrist or 
right-leaning groups. In addition, variability in representativeness between groups was 
most pronounced for role_Q (“Convey a positive image of political leaders”; 
CV = 0.375). Notably, the top nine items with the highest variability were from the role 
perception battery.

With the UK sample, the compound analysis showed a pronounced left-leaning 
bias (IWD for left-leaning: 0.80, centrist: 0.77, right-leaning: 0.75) across all three 

Figure 1.  GPT-4o representativeness for subgroups within the combined dataset.
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Figure 2.  GPT-4o representativeness across belief dimensions within the combined dataset.
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batteries. In particular, high representativeness for the TV-background group was 
more evident than in the combined dataset. With regard to variability analysis, role_Q 
exhibited the highest variability in the UK sample, just as it did in the US sample. 
Another noteworthy item was role_P (“Support government policy”), which had the 
second-highest variability. GPT-4o’s responses aligned least with the distribution of 
right-leaning groups.

The analysis of the German sample showed the strongest centrist bias in GPT-4o’s 
responses among the three countries: In the ethics dimension, the representational gap 
between centrist and right-leaning groups exceeded 10.8% in IWD. Moreover, GPT 
representativeness for the TV-background group in Germany was less pronounced 
than in the UK and the US, while response distributions for MA degree holders showed 
notable alignment. In contrast to the three-country combined or US and UK analyses, 
the item with the highest variability for the German dataset was epist_D (“Things  
are either true or false, there is no in-between”). For this item, GPT-4o’s responses 
aligned least with the right-leaning group (IWD for left-leaning: 0.91, centrist: 0.93, 
right-leaning: 0.80). That is, GPT representation of epistemological perception on 
dichotomous fact-judgments was closest to that of left-leaning journalists in Germany.

Figure 3.  Top 10 high variability item comparisons within the combined dataset.
Note. CV = coefficient of variation.
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RQ3: Which Country’s Journalistic Cultures are Most Closely 
Represented by GPT-4o?

After conducting country-specific analyses, we returned to the combined dataset for a 
cross-country comparison. Using the country code as a grouping factor, we computed 
the IWDs to assess the alignment between GPT-4o responses and the country-aggre-
gated response distributions.

As illustrated in Figure 4, GPT-4o’s responses showed the closest alignment with 
German journalists across dimensions. While the German sample exhibited narrow 
differences in IWDs when compared with the UK in the epistemology dimension and 
the US in the role perception dimension, it demonstrated substantially higher GPT-4o 
representativeness than both the UK and US data in the ethics dimension. Collectively, 
the three-dimensional compound analysis indicated that GPT-4o’s responses to the 
journalistic culture battery aligned most closely with the response distributions of 
German journalists (bottom pane).

Discussion

Recent scholarship has shown that journalists are constructing discourses to reassert 
their professional authority amid the rise of generative AI (Amigo and Porlezza 2025; 
Van Dalen 2024). Central to these discourses are concerns that, while generative AI 
might ostensibly perform conventional journalistic tasks, its outputs lack core journal-
istic values (Porlezza and Ferri 2022; Thomson et  al. 2025). These concerns have 
contributed to the growing emphasis on human-in-the-loop practices, which assert the 
necessity of human oversight over AI-generated content (Thäsler-Kordonouri and 
Koliska 2025; Wu 2024).

However, calls for human oversight also expose the fact that AI systems have lim-
ited intelligibility for journalists (Jones et al. 2022; Simon 2024); that is, journalistic 
engagement with AI often remains constrained to practices that rely on post hoc edits 
or prompts that fail to sufficiently reflect journalistic contexts (Nishal and Diakopoulos 
2024). Limited AI intelligibility, in turn, may constrain journalists’ capacity to criti-
cally assess LLM outputs. Such structural constraints on oversight capacities raise the 
possibility that if the institutionalization of AI journalism unfolds in a way that sees 
technological actants primarily shape initial outputs while human agents are relegated 
mainly to ex-post oversight roles, then asymmetries in human–AI power dynamics 
could persist (Latour 2005; Lewis and Westlund 2015). These power asymmetries can 
be particularly problematic, given it is still the journalist who bears the editorial 
responsibility for content produced with the support of AI tools.

This study addresses the challenge posed by these asymmetries by offering insight 
into how GPT-4o reflects journalistic culture. Using LLM simulations based on survey 
questions asked in the WJS, we measured GPT-4o’s alignment with journalist sub-
groups across three dimensions: role perceptions, epistemological beliefs, and ethical 
orientations (Hanitzsch 2007). Our analysis revealed consistent alignment with politi-
cally centrist, full-time, and TV-background journalists, with the strongest overall 
alignment found in the German dataset.
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These patterns suggest that GPT-4o does not represent a singular cultural orientation 
but rather reflects intertwined configurations of journalistic values in various contexts 
(Argyle et  al. 2023). This highlights the need for localized strategies in practicing 
value-motivated uses of AI (Wu 2024). While LLMs tend to go with the mainstream 
(Bender et al. 2021), the groups associated with those major views can vary across 
societies. Our findings show that centrist groups in Germany culturally align more 
closely with left-leaning groups in the US and UK. That is, a society’s journalistic 
cultural landscape must be considered when advocating for the integration of diverse 

Figure 4.  GPT-4o representativeness across belief dimensions in the three countries.
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perspectives into LLM uses, as such advocacy depends on which groups are posi-
tioned as “mainstream” within that specific media system. Despite the growing insti-
tutional isomorphism in journalists’ responses to AI across Germany, the UK, and the 
US (Simon 2024), this study illustrates that cultural nuances remain vital for assessing 
LLMs’ journalistic feasibility.

As such, these findings offer empirical evidence for concerns about potential algo-
rithmic biases embedded in AI—within journalistic contexts (Cools and De Vreese 
2025). Specifically, GPT-4o’s representational tendencies were in line with ideological 
skews observed not only in other domains but also in several journalistic applications 
(e.g., Bang et al. 2024; Fang et al. 2024; Trhlik and Stenetorp 2024). Moreover, the 
model’s closer alignment with majority groups—such as television journalists and 
full-time workers—points to the need for continued vigilance among human journal-
ists regarding the potential systematic omission of minority perspectives in LLM 
outputs.

Accordingly, this study emphasizes the importance of the journalism field recog-
nizing the cultural configurations embedded in LLMs as a means of ensuring ethical 
AI practices (Arguedas and Simon 2023). At the same time, it provides a rationale for 
human-in-the-loop approaches—from prompt design to post-editing.

The study also yields evidence-based policy implications (Bommasani et al. 2025). 
News organizations and journalism education institutions should incorporate AI liter-
acy—particularly with respect to the mainstream-driven orientations of LLMs—within 
both organizational policy frameworks and the design of training programs (Diakopoulos 
and Koliska 2017). Understanding which journalistic cultures are more—or less—
reflected in LLMs and how such algorithmic biases can be steered (Narayanan and 
Kapoor 2023) should be the basis for editorial guidelines and ethical standards.

Limitations and Conclusion

Several limitations must be acknowledged. First, the WJS data are based on quota or 
probability samples rather than on a full census. Although they offer rigorous approxi-
mations of national journalist populations (Wahl-Jorgensen and Hanitzsch 2019), the 
generalizability of subgroup-level findings should be interpreted with care due to 
small sample sizes for some groups (e.g., regarding education and employer back-
ground). Second, the analysis was based on an explorative implementation of a spe-
cific configuration of GPT-4o. Given that LLM output is contingent on fine-tuning and 
training data (Ouyang et  al. 2022), alignment levels with journalistic cultures may 
vary between model versions and types (Buyl et al. 2024). This calls for longitudinal 
tracking through repeated benchmarking (Messeri and Crockett 2024).

Relatedly, it is necessary to articulate the scholarly position of the analysis, given 
the inherent variability of LLM architectures and their outputs (Barrie et al. 2024). We 
recognize that the outputs of our LLM-driven survey simulation are subject to varia-
tion due to multiple technical factors (e.g., prompt engineering, parameter settings, 
model specification). Although significant inter-coder reliability between the outputs 
was observed across five additional simulation variants (see Notes 3 and 4), this does 
not indicate that variability in model reproduction can be fully controlled.
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However, it is equally important to recall that the validation of LLM-based research 
tools remains unconsolidated within broader social science scholarship (Peng and 
Yang 2025). In text annotation, for example, researchers have experimented with 
Monte Carlo techniques (Tolochko et  al. 2025), averaging multiple outputs (Zhao 
et al. 2025), and leveraging double execution (Heseltine and Clemm von Hohenberg 
2024) to validate the LLM coding outputs. Each of these approaches has distinct 
strengths and limitations, yet the field has not reached a consensus on establishing a 
common standard. Adjudicating among them lies beyond the scope of this study.

That said, this indeterminacy does not constitute a reason to avoid the scholarly use 
of LLMs in addressing our research questions. Rather, we contend that the value of 
this study lies in serving as a catalyst for academic discourse on algorithmic bias in 
journalistic applications. That is, we position our study as a demonstrative application 
of algorithmic bias identification rather than a confirmatory test. Our LLM survey 
simulation was deliberately designed to emulate journalist groups at large. The objec-
tive herein is not to consolidate GPT responses with a fixed standard, but to observe 
potential patterns in which journalist groups’ perspectives align more—or less—
closely with model outputs, under hypothetical conditions of integration into journal-
istic AI practice. The present analysis thus furnishes such “what if” scenarios and, in 
doing so, supports counterfactual reasoning about journalistic collaboration with 
LLMs.

Aligning with our position, scholars increasingly contend that in the scientific use 
of LLMs, these models should be viewed not only as methodological tools but also as 
conceptual resources for abductive theorization (Bail 2024). This perspective reso-
nates with Margolin’s (2019) argument that computational social science ought to 
privilege theoretical plausibility over generalizability to generate novel insights into 
established research programs, while strategically pursuing targeted analyses (see also 
Davidson and Karell 2025).

Likewise, the purpose of our analysis is not to produce universally replicable simu-
lations but to demonstrate possible model patterns when models are applied to inqui-
ries into journalistic culture. In doing so, the study highlights potential group-specific 
interactions that might emerge if LLMs were incorporated into newsroom practice. 
The theoretical proposition that we advance—that variation in model–user alignment 
may shape divergent news production outcomes—offers a basis for subsequent empir-
ical testing within established research traditions.

One promising future avenue would be to test whether journalists’ prompting strat-
egies change when they are informed about a model’s representational tendencies. 
Researchers could then measure how this awareness affects both prompting and post-
editing practices. Another extension involves panel designs using multiple LLMs 
(e.g., Mistral, based in Europe, and DeepSeek, based in China) to compare cross-
model representations. This is all the more important given that journalistic practice 
increasingly involves multiple model comparisons (EBU 2024b). Combined with 
WJS data, such an approach could become a powerful benchmarking tool for journal-
ism studies (see Buyl et al. 2024; Santurkar et al. 2023).

Ultimately, this study highlights the fact that effective AI integration in journalism 
requires more than technical safeguards. It demands a social understanding of how 
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journalistic cultures and practices are encoded, reproduced, and disrupted by genera-
tive systems. In this regard, it is worth referencing Messeri and Crockett (2024), who 
emphasize the need for cognitive and demographic diversity among those evaluating 
AI outputs, and warn against a monoculture that privileges a singular (major/main-
stream) perspective.

This principle is equally vital to journalism, which should serve as a pluralistic lens 
in democratic societies (Porto 2007). Therefore, assessment of AI’s role in journalism 
must move beyond the balancing of efficiency against risk. It requires a critical rethink-
ing of how journalistic authority and cultural plurality can be sustained amid algorithmic 
shifts. Key to this effort is evaluating the alignment between the perspectives that news-
rooms aim to present and those that AI systems are likely to represent. By mapping these 
socio-technical configurations, this study aims to inform journalistic communities as 
they navigate and shape the evolving landscape of AI-driven news ecosystems.
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Notes

1.	 Throughout this paper, the terms “align” or “alignment” refer specifically to the degree 
to which LLM survey simulations resemble the response distributions of given human 
participant groups. Specifying this terminological usage is essential given that in computer 
science—where the term “alignment” originates—the terms carry multiple connotations, 
ranging from output personalization to prompt responsiveness to simulation accuracy.

2.	 A common concern with the QA-template approach is that a language model may retrieve 
memorized information rather than process queries stochastically. This risk is minimal here. 
The WJS third-wave data remains under embargo and is not publicly available, making it 
highly unlikely that GPT-4o was trained on it. Even if earlier WJS waves or related studies 
had been included in training, any resemblance in output cannot be attributed directly to 
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such exposure. Our templates excluded WJS-specific keywords, further reducing this pos-
sibility. In short, the study relied on non-public data and an established API-based method 
designed to avoid methodological circularity and to elicit the model’s algorithmic propen-
sities rather than memory retrieval.

3.	 All prompt engineering was conducted in English, with no country-specific information 
included during response generation or analysis. This reflects English’s role as the “[g]
lobal lingua franca, the default language of the [GPT-4] model” (Kuai et  al. 2025: 9), 
and the model’s original training on corpora rooted in Anglophone socio-cultural contexts 
(Buyl et al. 2024). The study seeks to identify the journalistic cultural orientations repre-
sented by GPT-4o. Introducing other languages or country codes during prompting might 
obscure this baseline in the journalism contexts by adding additional linguistic variables. 
Nevertheless, such inputs are essential for assessing the model’s capacity to simulate 
journalistic values specific to different cultural or national contexts—particularly those 
expressed in non-English languages (Santurkar et al. 2023). In this study, German serves 
as such a case. We therefore conducted a supplementary survey simulation using German-
language prompts and performed a comparative analysis with the WJS German data. The 
results based on German prompting were overall highly similar to those from English 
prompting (Krippendorff’s α = .85). The pattern of GPT representativeness for German 
journalists likewise aligned with the main analysis, although subtle quantitative differ-
ences were observed for certain items. Detailed results are reported in the Supplemental 
Materials (S6).

4.	 Detailed descriptions of these five system prompt variations, the results of the addi-
tional simulations, and the corresponding inter-coder reliability scores are provided in 
Supplemental Materials (S7 and S8).

5.	 Variability was calculated using the coefficient of variation (CV), defined as the standard 
deviation divided by the mean, within the normalized Wasserstein metric (Reed et  al. 
2002).
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